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IN BRIEF

This study addresses the critical gap in electric vehicle charging station (EVCS) planning concerning accessibility 
and renewable energy equality. We first develop a novel framework to evaluate EVCS accessibility, introducing an 
index that accounts for climate’s impact on electric vehicle (EV) range. We then propose an innovative planning 
strategy that links surplus renewable energy with EV adoption to improve both accessibility and equality. Using 
data from 31 Chinese provincial capitals, we assess spatial disparities and quantify the carbon abatement 
potential of our strategy. The findings provide scientific support for policymakers to deploy equitable EVCS 
infrastructure and accelerate a just carbon-neutral transition.
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ABSTRACT
E-mobility accelerates carbon neutrality, with electric vehicle charging stations (EVCSs) crucial for reducing range anxiety and supporting adop-
tion. Yet, limited research on EVCS accessibility and renewable energy equity under diverse climates constrains carbon abatement potential. This 
study proposes an integrative framework that connects two climate-sensitive dimensions: EVCS accessibility, affected by driving range under 
varying conditions, and renewable energy distribution, shaped by climate variability. Using data from 31 provincial capitals in China, we evaluate 
disparities in accessibility and equity and introduce an innovative EVCS planning strategy. Results show accessibility can rise from 0.7 to 47.3 to 
1.7–49.5 kW/10,000 m 2 , while the Gini coefficient falls to 0.3, indicating enhanced equity. The strategy enables annual carbon mitigation of 
1.4 × 10 6 –8.3 × 10 8 kg in the near term. Policy implications include targeted subsidies, optimized deployment in underserved areas, and 
integration of EVCS with renewable energy systems to enhance accessibility, equity, and emission reduction.

INTRODUCTION
The global transition to carbon neutrality hinges on the rapid 
electrification of transport, yet the success of this shift is 
constrained by two critical challenges: ensuring equitable access 
to electric vehicle charging stations (EVCSs) 1 and powering 
them with clean, renewable energy (RE). 2 Insufficient or 
inequitably distributed charging infrastructure can create 
“charging deserts,” leading to range anxiety 3 and hindering 
electric vehicle (EV) adoption. 4 Simultaneously, relying on carbon-
intensive grids for charging negates the environmental benefits 
of e-mobility, particularly in regions with high grid emission 
factors. 5 These challenges are acutely magnified in China, where 
vast climatic, urban, and energy landscapes require a highly 
integrated planning approach. 6 Consequently, a framework 
that co-optimizes both climate-sensitive accessibility and RE 
integration is essential to unlock the full decarbonization potential 
of electric transport.

The electrification of energy systems fundamentally reshapes de-
mand-side dynamics, with transportation electrification creating

massive, spatially concentrated new loads on the power grid. 7 A 
primary challenge for urban planners is to manage the deployment 
of the requisite infrastructure, namely EVCSs, in a manner that is 
both efficient and socially equitable. A significant body of research 
has addressed this from a socio-spatial perspective, focusing on 
accessibility and planning. 8 These studies often leverage urban 
data to model charging demand, 9 optimize station locations, 10 and 
assess economic co-benefits, such as property values, 11 business 
activity, 12 and local economic development. 13 Crucially, a growing 
sub-field addresses “energy justice” within this transition, 14 using 
metrics like the Gini coefficient 15 to quantify and mitigate 
disparities in EVCS access across different socio-economic groups 
and communities. 16 This research is vital for preventing the 
emergence of “charging deserts” and ensuring an inclusive energy 
transition. 17 However, while excelling at socio-economic analysis, 
this research stream suffers from a critical engineering blind spot: 
it largely overlooks how climate-dependent variations in EV driving 
range dynamically alter the true service radius of charging stations. 
Consequently, most large-scale accessibility studies fail to account 
for climatic diversity.

BROADER CONTEXT
Transition toward electric vehicles (EVs) is a critical step in low-carbon transition and adapting to climate change, while cruise anxiety be-
comes the main concern for widespread acceptance among EV owners. Electric vehicle charging station (EVCS) deployment is important to 
ensure end-users’ accessibility and energy equity with carbon abatement potentials.
Our research offers a blueprint for cities to build smarter charging networks. We created a new way to pinpoint “charging deserts,” even 
accounting for local climate impact on EV cruise range. We show that by deploying new chargers in areas with surplus solar or wind power, 
cities can slash carbon emissions while encouraging EV owners to widely accept EVs with EVCS accessibility. This provides a scalable 
model for policymakers worldwide to accelerate just energy transition toward zero-carbon future through EV charging infrastructure deploy-
ment, EVCS accessibility, and equity.
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A core tenet of energy systems electrification is the “sector coupling” 
of transport and power, 18 where EVs are envisioned not just as loads 
but as active grid participants. 19 The literature on this topic is vast, 
primarily focusing on micro-level energy management and control. 20 

This includes sophisticated algorithms for smart charging, 21 demand 
response, 22 and bidirectional power flow via vehicle-to-grid (V2G), 23 

building-to-vehicle (B2V) technologies, 24 or coordinated charging 
strategies. 25 These studies convincingly demonstrate how intelligent 
control can transform millions of EVs into a virtual power plant for 
grid balancing 26 and absorbing intermittent renewables. 27 However, 
this research is overwhelmingly temporally focused and spatially 
abstracted. While adept at solving the temporal challenge of “when” 
to charge, it largely ignores the geographical challenge of “where” 
charging infrastructure must be located to enable these interactions 
at scale. Consequently, a disconnect persists between spatially blind 
energy optimization algorithms and the practical realities of urban 
infrastructure planning.

The ultimate metric for the success of energy system electrification is 
its quantifiable contribution to decarbonization. The literature ad-
dresses this from several perspectives. A foundational stream uses 
life cycle assessment (LCA) 28 to rigorously compare the carbon 
footprints of EVs and internal combustion engine vehicles (ICEVs) 29 

during vehicle manufacturing, 30 energy use during operation, 31 and 
in some cases, end-of-life processes, 32 establishing that an EV’s 
environmental benefit is critically contingent on the cleanliness of its 
electricity source. 33 Building on this, energy system models explore 
macro-scale decarbonization pathways, 7 assessing the impact of 
broad policy levers like RE targets 34 or carbon pricing 35 on overall 
grid emissions. A third, more granular area focuses on the 
synergistic operation of coupled sectors, 36 particularly the building-
transport nexus, 37 by modeling how integrated systems can enhance 
local RE use and resilience. 38 However, these diverse research 
streams share a common limitation: they tend to operate at the 
extremes of the analytical scale. Research is often either hyper-
specific, focusing on the technical potential of a single technology or 
vehicle, or highly aggregated, analyzing macro-level energy systems 
without granular geospatial detail. Consequently, the critical role of 
data-driven, meso-scale EVCS infrastructure planning in bridging 
these scales and actively shaping decarbonization outcomes 
remains a significant analytical blind spot.

Based on the literature review, we identify three critical research gaps 
that prevent a holistic approach to EVCS planning within the broader 
context of energy system electrification.

(1) The lack of a climate-sensitive framework for accessibility 
assessment. Existing studies often overlook the quantifiable 
impact of varying climate on EV driving ranges, a critical engi-
neering factor that alters the true service coverage of EVCS. 
Consequently, robust cross-city comparisons of accessibility 
and equity remain limited.

(2) The absence of an integrated planning strategy bridging social 
needs and energy system constraints. There is a lack of inte-
grated planning strategies that comprehensively co-optimize 
for both social equity (addressing accessibility gaps) and engi-
neering feasibility (aligning with the spatial distribution of sur-
plus RE). Furthermore, the consequential impact of such strate-
gies on stimulating EV adoption has not been clearly quantified.

(3) The unquantified system-wide decarbonization impact of 
spatially aware EVCS deployment. Previous research has not 
adequately studied how the strategic, meso-scale spatial 
deployment of EVCS infrastructure actively reshapes urban en-
ergy flows. Consequently, the aggregated, city-wide carbon 
abatement potential that emerges directly from an optimized 
planning strategy remains critically under-explored, particularly 
across multiple cities and diverse energy transition scenarios.

To address these gaps, this study proposes an integrative framework 
that connects two climate-sensitive dimensions: EVCS accessibility, 
which is influenced by EV driving range under different climate condi-
tions, and the spatial distribution of surplus RE, which is affected by 
climate-dependent building energy demand and climate-dependent 
renewable generation potential. By linking these two aspects, the

framework enables a unified evaluation of EVCS deployment strategies 
and their carbon abatement potential across diverse climate zones. 
Specifically, this research makes three major contributions.

(1) To assess the disparities in EVCS distribution, an EVCS acces-
sibility evaluation framework focusing on the spatial distribu-
tion of charging supply and demand has been developed, 
comprehensively considering climate impacts on EV driving 
range across 31 provincial capital cities in China. This frame-
work is used to evaluate the level of EVCS infrastructure across 
these cities with real-world data, providing a foundation for sub-
sequent planning and optimization.

(2) Building on the accessibility evaluation and the spatial distribu-
tion of surplus RE, an innovative EVCS planning strategy has 
been proposed and used to enhance EVCS accessibility and 
RE penetration across the 31 provincial capital cities, thereby 
increasing EV adoption (including the number of EVs and 
annual EV mileage), and amplifying carbon abatement po-
tential.

(3) Focusing on the coordination of RE flows, the study examines 
the role of EVCS in the electrified energy network. Through 
the strategic deployment of EVCS and power flow dispatch, car-
bon abatement potentials across 31 provincial capital cities in 
China have been predicted and estimated, considering different 
levels in net-zero energy transitions and varying climatic condi-
tions in five climate zones in China.

Building on the previously outlined innovations, this study develops an 
optimized EVCS deployment strategy across 31 provincial capitals. 
The strategy is informed by two critical, climate-sensitive factors: the 
spatial distribution of EVCS accessibility and the availability of surplus 
RE. Therefore, the study provides a novel, interdisciplinary framework 
that combines engineering and social science perspectives to offer 
actionable insights for EVCS planning, energy transition, and carbon 
mitigation strategies in urban contexts, which provides actionable in-
sights for urban planners, policymakers, and EVCS operators to guide 
effective energy transition and carbon abatement strategies.

RESULTS
This study aims to enhance EVCS infrastructure in areas with low 
accessibility yet high RE potential, in order to boost EV adoption and 
maximize carbon abatement. Our analytical framework (Figure 1) 
proceeds in three stages, detailed in the subsequent sections: (1) 
EVCS accessibility assessment for 31 cities across different climatic 
zones (Figure 2), (2) EVCS expansion planning based on accessibility 
distribution gaps and RE distribution (Figures 3 and 4), and (3) 
Carbon abatement potential of optimized EVCS deployment across 
China’s climate zones (Figure 5).

EVCS accessibility assessment for 31 cities across 
different climatic zones
To assess the adequacy of charging infrastructure, this study pro-
poses a climate-sensitive EVCS accessibility metric. This approach is 
critical as temperature variations across climates impact EV battery 
performance and driver behavior, thus altering the effective service 
range of an EVCS. 39 Accessibility is defined as the ratio of available 
charging supply to potential charging demand within discrete urban 
community cells (Figure 2A). Specifically, it is calculated as the total 
charging power of accessible EVCSs (supply) divided by the total build-
ing area (demand proxy) within each grid community, with details pro-
vided in the methods section: sample selection and accessibility 
metrics for EVCS accessibility analysis.

A key feature of our methodology is the use of building area as a proxy 
for potential charging demand. This is justified because buildings are 
the primary destinations of most EV trips and serve as a robust indica-
tor of human activity density. Furthermore, Chinese urban planning 
standards link building area directly to parking provisions, reinforcing 
its validity as a proxy for potential vehicle and charging demand. 40 A 
detailed rationale for this approach is provided in Note S1. 38 This 
framework considers current EV ownership as a dependent variable 
spurred by infrastructure improvements, rather than a direct input for
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accessibility calculation, aligning with the study’s goal of stimulating 
EV adoption.

Applying this method to Guangzhou (Figure 2B) reveals distinct spatial 
patterns. It can be observed that in areas with high building density, 
such as the city center, the EVCS accessibility distribution aligns 
closely with the distribution of total EVCS charging station power. In 
contrast, some grid communities in suburban areas have higher 
EVCS accessibility due to lower charging demands. Beyond 
Guangzhou, our analysis of representative cities across other climate 
zones—from cold Beijing to temperate Kunming—reveals a 
consistent spatial pattern (Figure 2C). EVCS accessibility is typically 
highest in urban cores but remains unevenly distributed, with 
significant portions of cities like Shenyang (39% of communities) 
having no EVCS coverage at all. (The complete EVCS power and

accessibility distributions for all 31 provincial capital cities are 
provided in Figures S1 and S2).

To quantify these city-wide characteristics, we assessed all 31 provin-
cial capitals using two key metrics. The average EVCS accessibility 
evaluates the overall sufficiency of charging infrastructure across 
the city. And the Gini coefficient, which is a well-established measure 
of inequality, 41 evaluates the spatial disparity in accessibility within 
each city (see the methods section: sample selection and 
accessibility metrics for EVCS accessibility analysis for details). The 
results, summarized in Figure 2D, highlight significant disparities. 
Haikou demonstrates the best performance with the highest average 
accessibility (47.3 kW/10,000 m 2 ) and the most equitable 
distribution (Gini = 0.35). A clear trend emerges where cities in 
colder northern climates (e.g., Harbin, Urumqi) exhibit the lowest

Figure 1. Overall process flowchart
The main process is to enhance the EVCS infrastructure in communities with poor EVCS accessibility and sufficient surplus renewable energy. This is expected to 
increase EV adoption and improve renewable energy penetration, ultimately increasing the carbon abatement potential of electric vehicles (EVs).
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Figure 2. Methodology and results of EVCS accessibility evaluation
(A) Illustration of EVCS accessibility calculation.
(B) EVCS accessibility distribution in Guangzhou.
(C) EVCS accessibility distribution of typical provincial capital cities.
(D) Average EVCS accessibility results and disparities in EVCS accessibility (Gini coefficient) of the 31 provincial capital cities.
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Figure 3. Overview of the integrative energy system and building energy simulation results in Guangzhou
(A) Illustration of integrative energy systems.
(B) Annual total BIPV and rooftop PV generation.
(C) Annual total building energy consumption.
(D) Annual total energy shortage before adding PV farms.
(E) Annual total energy shortage after adding PV farms.

(legend continued on next page)
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accessibility levels. Across all 31 cities, the median accessibility is a 
modest 11.8 kW/10,000 m 2 , with a high median Gini coefficient of 
0.62, indicating that inequitable access to public charging is a 
widespread issue in urban China (see Table S1 for detailed data). 
The robustness of our accessibility metric was validated through 
sensitivity analyses of grid community sizes and outlier handling, 
which confirmed the stability of our findings (see Tables S2–S4 for 
details).

This analysis centers on climate-modulated EVCS accessibility. While 
it identifies spatial gaps for initial planning, maximizing carbon mitiga-
tion also requires considering the distribution of surplus RE. Therefore, 
the following section integrates these accessibility gaps with surplus 
RE distribution to inform a comprehensive deployment strategy.

(Note: EVCS accessibility refers to how much EV charging power is 
available from EVCS per building area of building users. The Gini coef-
ficient refers to the level of inequality in the distribution of EVCS acces-
sibility among different communities within a city, with higher values 
indicating greater disparities. Gray areas represent non-urban regions 
outside the scope of this study (e.g., Figure 2B). The specific method 
for delineating these regions is detailed in the methods section: 
sample selection and accessibility metrics for EVCS accessibility 
analysis).

EVCS expansion planning based on accessibility 
distribution gaps and renewable energy distribution
EVCS can work as an intermediary bridge to associate buildings, the 
e-mobility EVs, and the power grid. 42 To align EVCS deployment with 
clean energy availability, we simulated the surplus RE within urban 
communities. Our model (Figure 3A) integrates building-integrated 
photovoltaics (BIPV) and rooftop PV with four types of urban 
buildings to estimate local RE generation and consumption. To 
achieve a net-zero energy balance for buildings, the model also 
incorporates supplemental PV farms in suburban areas to offset 
energy deficits. 43 The detailed energy modeling, including building 
profiles, the feasibility of PV farms, and the rationale for focusing on 
solar PV, is provided in the methods section: surplus renewable 
energy simulation for buildings and communities, Notes S2 and S3, 44 

and Table S5.

Our simulations in Guangzhou reveal the city’s energy landscape. 
While areas with high building density generate substantial RE 
(Figure 3B) and exhibit high energy consumption (Figure 3C), local 
PV generation is insufficient to meet demand, resulting in significant 
annual energy shortages across most communities (Figure 3D). 
However, by incorporating PV farms, an annual net-zero energy 
balance can be achieved city-wide (Figure 3E). Beyond the annual 
balance, hourly dynamic simulations highlight a crucial temporal 
mismatch. Even after achieving net-zero on an annual basis with PV 
farms, significant hourly surpluses of RE are still generated, 
particularly during midday solar peaks (compare Figures 3F and 3G). 
This surplus RE, which exists even when building demand is met, 
provides a critical opportunity for clean EV charging.

Expanding this analysis to all 31 provincial capitals (Figure 3H), we 
observe diverse energy profiles. Cities like Shanghai exhibit the 
largest energy deficits, requiring extensive PV farm capacity. 
Conversely, cities such as Kunming and Lhasa can achieve a net-
zero building energy transition primarily through BIPV and rooftop 
PV. These results map the spatial and temporal availability of 
surplus RE across China, forming the second critical input alongside 
accessibility gaps for our subsequent EVCS expansion planning. 
(Detailed city-level data are available in Figures S3–S6; Table S1).

Our EVCS expansion strategy integrates accessibility gaps with sur-
plus RE availability to guide new infrastructure deployment

(Figure 4A). The core principle is to prioritize new EVCSs in commu-
nities with the lowest accessibility, while constraining the new capac-
ity by the local surplus RE supply. The primary planning objective is to 
enhance charging equity, aiming to reduce each city’s EVCS accessi-
bility Gini coefficient to below 0.3, a threshold representing a state of 
relative equality. 45,46 (The detailed methodology and rationale for 
focusing on the Gini coefficient are described in the methods 
section: EVCS planning method considering both accessibility gaps 
and surplus renewable energy distribution and Note S4).

Applying this strategy to Guangzhou (Figure 4B), new charging piles 
are strategically placed in underserved areas. This significantly 
improves both the overall level and the fairness of EVCS provision, 
as shown by the city-wide accessibility maps before and after 
planning (Figures 4C and 4D). The average accessibility increases 
from 36.2 to 44.9 kW/10,000 m 2 , while the Gini coefficient drops 
from a highly unequal 0.52 to the target of 0.30.

These infrastructure improvements are projected to stimulate signifi-
cant growth in EV adoption. As illustrated in Figure 4E, our empirical 
analysis confirms a strong positive relationship: enhanced EVCS 
infrastructure leads to both a higher number of EVs and increased 
annual mileage per vehicle. Specifically, the model indicates that the 
addition of one public charging pile is associated with an increase of 
approximately 2.4 EVs. As a result of this increased adoption and 
mileage, the total annual EV charging energy in Guangzhou also 
rises substantially, a trend visible in the spatial distribution maps 
before and after planning (Figures 4F and 4G). (The detailed 
regression models, including robustness checks, are provided in the 
methods section: relationship between EVCS and EV adoption and 
Tables S6–S8).

The nationwide impact of this planning strategy is summarized in 
Figures 4H–4K. Across all 31 cities, the plan leads to significant 
improvements in four key areas: EVCS accessibility (H), EV 
ownership (I), annual mileage (J), and total charging energy demand 
(K). Notably, the strategy successfully enhances both the level and 
equity of charging access; city-level average accessibility is lifted
from a range of 0.7–47.3 kW/10,000 m 2 to 1.7–49.5 kW/10,000 m 2 ,
while the Gini coefficient in each city is reduced to the target of 0.3 
(Figure 4H). This tailored approach is exemplified by the varied scale 
of intervention: Shanghai requires 3.0 × 10 4 new piles to achieve this 
goal, whereas Haikou requires only 200. The resulting growth in EV 
adoption and usage significantly boosts the overall electricity 
demand for charging. By directing this new demand to communities 
with identified RE surpluses, the strategy creates a critical 
opportunity to enhance renewable energy penetration and maximize 
carbon abatement potential, which will be quantified in the following 
section. (City-specific planning results are available in Figures S7– 
S10; Table S9).

(Note: EVCS accessibility refers to how much EV charging power is 
available from EVCS per building area of building users; the Gini coef-
ficient refers to the level of inequality in the distribution of EVCS acces-
sibility among different communities within a city, with higher values 
indicating greater disparities).

Carbon abatement potential of optimized EVCS 
deployment across China’s climate zones
This section quantifies the carbon abatement potential unlocked by 
our integrated EVCS planning and RE deployment strategy. We first 
analyzed how increasing levels of distributed RE affect the cleanliness 
of EV charging. We considered three configurations: no RE, adding 
BIPV/rooftop PV, and achieving a full net-zero building paradigm 
with PV farms. As shown in Figures 5A–5C, progressively adding RE 
dramatically reduces reliance on grid electricity for EV charging and 
increases the direct use of clean energy via B2V. This directly

(F) Dynamic building energy simulation results (energy demand, RE generation, and surplus curves) before adding PV farms over 3 days near the spring equinox (from 
March 19 th to March 21 st ).
(G) Dynamic building energy simulation results after adding PV farms over 3 days near the spring equinox.
(H) Total BIPVs and rooftop PV production, total building consumption, total shortage without PV farm, and total PV farm area for zero-energy buildings of the 31 
provincial capital cities.

Research article

6 Nexus 3, 100113, March 17, 2026 ll



Figure 4. Impact of EVCS planning on EVCS accessibility, total EV number, and total annual charging energy
(A) EVCS planning method flowchart.
(B) Planning of new EVCS piles for Guangzhou.
(C) EVCS accessibility distribution in Guangzhou before adopting the EVCS planning method.
(D) EVCS accessibility distribution in Guangzhou after adopting the EVCS planning method.
(E) Impact of EVCS planning method on EV adoption.
(F) EV charging energy distribution in Guangzhou before adopting the EVCS planning method.
(G) EV charging energy distribution in Guangzhou after adopting the EVCS planning method.

(legend continued on next page)
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translates to lower life cycle carbon emissions per kilometer for EVs, 
significantly widening their advantage over traditional ICEVs across 
all cities (Figure 5D). (See methods section: annualized carbon 
emissions from EV and ICEV manufacturing and operation).

Building on this, we evaluated the total urban-scale carbon abatement 
across four scenarios: a baseline (Scenario 1: before planning, no RE), 
planning only (Scenario 2: after planning, no RE), and two integrated 
scenarios (Scenario 3: planning + BIPV/rooftop PV; Scenario 4: 
planning + net-zero buildings). This comparative analysis is conducted 
within a short-term framework to isolate the direct impact of our pro-
posed interventions, assuming other long-term drivers remain con-
stant (see Note S5 for rationale). The baseline carbon emissions are 
substantial, particularly in large cities like Shanghai (Figure 5E).

Our results demonstrate that simply optimizing EVCS placement (Sce-
nario 2) yields only modest carbon reductions, as the benefits are con-
strained by the grid’s carbon intensity (Figure 5F). The true potential is 
unlocked when EVCS planning is coupled with RE deployment. In 
Scenario 3, the availability of surplus RE significantly boosts carbon 
abatement, with cities like Guangzhou showing a total mitigation of 
7.4 × 10 8 kg (Figure 5G). The maximum potential is realized in 
Scenario 4, where the annual carbon abatement spans a wide range. 
It reaches as high as 8.3 × 10 8 kg in Guangzhou, while a city like 
Lhasa shows the lowest mitigation at 1.4 × 10 6 kg (Figure 5H). A 
clear pattern emerges: the most significant carbon reductions occur 
in cities that combine aggressive EVCS expansion with abundant 
local RE, whereas cities in colder regions with carbon-intensive grids 
show more limited gains.

Finally, we assessed the economic feasibility of this strategy under 
Scenario 4 by analyzing the required EVCS investment and the result-
ing levelized carbon cost (LCC), which represents the cost per kilogram 
of CO 2 abated. While cities with the highest abatement potential like 
Shanghai require the largest investment (4.6 × 10 8 RMB), they do 
not necessarily have the lowest LCC (Figure 5I). The LCC varies 
significantly, ranging from a highly efficient 0.05 RMB/kg CO 2 in Haikou 
to over 1.3 RMB/kg CO 2 in northern cities, reflecting regional differ-
ences in climate, grid carbon intensity, and RE availability 
(Figure 5J). These findings underscore that an integrated planning 
approach is crucial for achieving cost-effective decarbonization in 
the transport sector. (Detailed city-level data related to carbon 
emission abatement are available in Tables S10–S12).

DISCUSSION
In the global transition to carbon neutrality, EVCSs are critical nodes 
for integrating e-mobility with RE and building electrification, and this 
study pioneers an integrated planning framework to maximize their 
synergistic potential. Specifically, we first develop a climate-sensitive 
framework to evaluate EVCS accessibility across 31 Chinese cities, 
then propose an innovative planning strategy targeting accessibility 
gaps while leveraging local RE surpluses, and finally quantify the re-
sulting carbon abatement potential under various net-zero energy sce-
narios. The findings provide a scientific basis for guiding government 
policy and commercial strategy in the e-mobility sector. The key con-
clusions of this study are as follows.

(1) Significant disparities in climate-adjusted EVCS accessibility 
exist across Chinese cities. Our quantitative assessment re-
veals that average accessibility ranges from 0.7 to 47.3 kW/ 
10,000 m 2 , with Gini coefficients from 0.35 to 0.89, highlighting 
widespread inequity in charging infrastructure. This under-
scores the urgent need for targeted, data-driven planning.

(2) An integrated planning strategy effectively improves both 
accessibility and equity. By prioritizing underserved commu-
nities and constraining new capacity by local RE surplus, our 
strategy elevates average accessibility by a range of 1.0–

13.8 kW/10,000 m 2 and reduces the Gini coefficient to a more 
equitable 0.3 across all cities. This infrastructure enhancement 
is projected to increase EV ownership by 477–72,419 vehicles 
and annual mileage by 488–8,219 km per city.

(3) Coupling EVCS planning with distributed RE is essential to 
maximize carbon abatement. While improved infrastructure 
alone provides modest benefits (1.3 × 10 6 –6.5 × 10 8 kg annual 
abatement), integrating it with building-level PV systems (Sce-
nario 3) and net-zero energy paradigms (Scenario 4) unlocks 
the full potential, boosting the annual carbon mitigation to a 
range of 1.4 × 10 6 –8.3 × 10 8 kg. This demonstrates that stra-
tegic EVCS deployment serves as a crucial bridge for chan-
neling surplus RE into the transport sector.

These findings lead to several policy recommendations. First, policy-
makers should implement differentiated, needs-based subsidies to 
address inter-city accessibility disparities, supporting less developed 
regions. Second, urban planners should adopt a spatially targeted, 
intra-city optimization strategy, focusing on high-demand areas to 
improve equity and cost-effectiveness. Third, integrated incentive 
structures are needed to co-promote EVCS and distributed RE projects, 
such as building-integrated PV, to form unified net-zero energy 
systems.

While this study provides a robust framework, we acknowledge 
several limitations that open avenues for future research. Future 
work should aim to do the following: (1) refine charging demand 
models by incorporating spatiotemporal data for different building 
types, moving beyond the building area proxy; (2) deepen the empir-
ical analysis of how local socio-economic factors influence the 
EVCS-EV adoption relationship; (3) conduct detailed feasibility 
studies on urban RE integration to validate the surplus energy as-
sumptions; and (4) develop dynamic, long-term models that account 
for technological evolution and socio-economic shifts, extending 
beyond our short-term, static analysis.

METHODS
Sample selection and accessibility metrics for EVCS 
accessibility analysis
This section outlines the methodology used to calculate the accessi-
bility of EVCS across different cities in China, with a focus on identi-
fying areas with limited charging infrastructure.

This study selected 31 provincial capital cities as its research sample 
to ensure broad representation of China’s diverse economic land-
scapes and climatic conditions while maintaining methodological con-
sistency (see Note S6 for a detailed rationale on sample selection and 
study area delineation).

EVCS data for each of the 31 cities were compiled from publicly avail-
able map-based mobile applications (e.g., Baidu Maps, Huolala). 47–50 

Key attributes, including geographic coordinates, number of piles, 
and power capacity for each station, were extracted through 
automated queries. To ensure data quality, we cross-validated a 
subset of locations with other digital map platforms and conducted 
physical site visits. The dataset was then filtered using 
administrative boundaries to assign each station to its respective 
city. As this study exclusively used publicly accessible infrastructure 
data, no personal or sensitive user information was involved. The 
final processed dataset is summarized in Table S13, and the original 
data are available upon request to ensure replicability.

To calculate the accessibility of EVCS, each sample city was divided 
into square grids with a side length of d city (Figure 1A). Each grid 
represents a community, and the accessibility of each community 
was calculated using Equation 1, an indicator based on the supply 
and demand of EVCS.

(H) EVCS accessibility before and after adopting the EVCS planning method.
(I) Number of total EVs before and after adopting the EVCS planning method.
(J) EV average annual mileage before and after adopting the EVCS planning method.
(K) EV total annual charging energy before and after adopting the EVCS planning method.
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Figure 5. Comparison of renewable penetration of EV charging and carbon abatement potential from EVCS planning and renew-
able installation
(A) Energy of EV charging from the power grid under different RE configurations.
(B) Energy of EV charging from renewable systems under different renewable configurations.
(C) Renewable penetration ratio of EV charging under different renewable configurations.
(D) Life cycle carbon emission per kilometer for an EV under different renewable configurations.

(legend continued on next page)
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Accessibility i = 
Charging Supply i
Charging Demandi 

; (Equation 1)

where Accessibility i , Charging Supply i and Charging Demand i represent 
the accessibility, supply of EVCS and charging demand of community 
i in each provincial capital city.
The city’s overall EVCS accessibility level is described using the 
average accessibility (Equation 2) and the Gini coefficient 
(Equation 3) across all communities in the city.

Average =

∑ n

i = 1
Accessibility i

n
(Equation 2)

Gini =

∑ n

i = 1

∑ n

j = 1

⃒
⃒ Accessibility i -Accessibility j

⃒
⃒

2n 2 × Average
(Equation 3)

Here, Average is the average EVCS accessibility for each provincial cap-
ital city, n is the number of community in that city, and Gini is the EVCS 
accessibility Gini coefficient for that city.
The supply of EVCS within a community i is represented by the total po-
wer of EVCS piles in the community i (Equation 4), which accounts for 
the substantial difference in practical use between slow chargers (e.g., 
7-kW piles) and fast chargers (e.g., 60-kW piles). Compared to previous 
studies that used the number of EVCS or piles, using power provides a 
more accurate measure of EVCS supply.

Charging Supply i = 
∑N i 

j = 1 
Power of Pile j ; (Equation 4)

where Charging Supply i is the total charging supply in community i, N i 
denotes the number of charging piles in community i, and Power of Pile j 
is the power of the j-th charging pile in the community i.
The demand for EVCS is represented by the total building floor area 
within the community (Equation 5) (see Note S1 for more rationale). 
Building location, height, and floor area data were obtained from the 
dataset of Building height of Asia in 3D-GloBFP. 51,52

Charging Demand i = 
∑N i 

j = 1 
Floor area of building j ; (Equation 5)

where Charging Demand i is the total charging demand in community i, 
N i denotes the number of buildings in community i, and Floor area of-
building j is the floor area of the j-th building in the community i. To 
simplify calculations and exclude the impact of auxiliary structures 
(e.g., restrooms, greenhouses, and guardhouses), all single-story 
buildings and buildings with rooftop areas less than 300 m 2 were 
excluded.
The service diameter d was adjusted by Consumption ratio city according 
to the average EV driving range and energy consumption per range un-
der different climates to calculate the size of a community d city 
(Equation 6).

d city =
d

Consumption ratio city 
; (Equation 6) 

where d city is the length of the grid community in each city, and d is the 
initial service diameter of EVCS. According to the Guidelines for Layout 
Planning of Electric Vehicle Charging Infrastructure, 53 the service radius 
of an EVCS should be no less than 2 km, so the initial service diameter 
(2× service radius) is set to 5 km. Consumption ratio city is the ratio of the 
average energy consumption of an EV under the temperature 
conditions of a specific city to the optimal energy consumption of 
the EV(see the Note S7 39 ). The study area was restricted to the built-
up regions of the city 54 (see Note S6 for more details).
The resulting accessibility values are then used as a foundation for 
subsequent EVCS planning.

Surplus renewable energy simulation for buildings and 
communities
To quantify the surplus RE within each community, we modeled each 
community as a microgrid capable of centrally managing and dis-
patching energy (Figure 3A). The simulation is based on four 
standardized building archetypes (residential, commercial, school, 
and office), each with a unique, climate-specific energy consumption 
and RE generation profile (from BIPV and rooftop PV). For each city, 
these archetype profiles were generated at an hourly time step for an 
entire year (8,760 h) using detailed building energy simulations. (See 
Note S3 44,55 ; Tables S14–S16 56 for more details.) Each building 
archetype in every city is simulated with an hourly time step, 
generating 8,760-h electricity consumption profile curves and 
production curves for BIPV and rooftop PV systems over a year.

The hourly profiles from the archetypes were then scaled up to the 
community level. For each community i, the total energy consumption 
and RE generation at each hour t were calculated by aggregating the 
contributions of all individual buildings within it (Equations 7 and 8). 
The energy profile of each individual building was scaled from its 
corresponding archetype based on its actual floor area (for 
consumption), facade area (for BIPV generation), and rooftop area 
(for rooftop PV generation), using data from the dataset Building 
height of Asia in 3D-GloBFP. 51,52 Once the aggregated hourly energy 
consumption and RE production were determined, the net energy 
balance for each community was calculated. A positive balance 
indicates a surplus, while a negative balance signifies a shortage 
(Equations 9 and 10). This process yields an 8,760-h surplus/ 
shortage profile for each community under the baseline BIPV and 
rooftop PV scenario.

Energy Consumption i;t = 
∑ 

Building Consumption i;t (Equation 7)

RE Production i;t = 
∑ 

Building RE Production i;t (Equation 8)

Energy Shortage i;t = Building Energy Consumption i;t − RE production i;t 
(Equation 9)

Surplus Energy i;t = RE production i;t − Building Energy Consumption i;t 
(Equation 10) 

To model a city-wide net-zero energy building scenario, we calcu-
lated the supplemental PV farm area required to offset the city’s total 
annual energy deficit. The energy generated by these farms was then 
allocated back to each community proportional to its shortage, 
creating an updated hourly surplus/shortage profile for this advanced 
scenario (Equation 11).

Farm Area city = 
Total Shortage city
PV Production city

; (Equation 11)

where the Total Shortage city represents the total annual energy shortage 
across all communities in the city, PV Production city denotes the annual 
energy generation per unit area of PV under the city’s climatic condi-
tions, and Farm Area city refers to the total PV farm area required for 
the city. The feasibility of installing these PV farms, based on available 
land area, is supported by our analysis detailed in Table S5.
The results from the surplus energy simulation in this section will be 
used to guide the EVCS expansion planning and simulate the EV 
charging process in the following section.

EV charging simulation and energy allocation method
To simulate the hourly EV charging energy demand for each commu-
nity, we developed a top-down aggregate model. Consistent with our

(E) Total annual vehicle carbon emission in scenario 1 (before EVCS planning and without renewables).
(F) Total annual vehicle carbon abatement in scenario 2 (after EVCS planning and without renewables).
(G) Total annual vehicle carbon abatement in scenario 3 (after EVCS planning and with BIPV and rooftop PV).
(H) Total annual vehicle carbon abatement in scenario 4 (after EVCS planning and with BIPV, rooftop PV, and PV farm).
(I) Total EVCS investment for 31 provincial capital cities.
(J) Levelized carbon cost (LCC) for 31 provincial capital cities.
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accessibility framework, the spatial distribution of charging demand is 
assumed to be proportional to the building area within each commu-
nity (see Note S1 for rationale). This approach uses the national 
average temporal distribution of charging sessions 57 to remain 
computationally feasible for a 31-city analysis, avoiding complex 
agent-based simulations. The simulation follows a four-step process: 

Step 1 calculates total city-level demand: first, the total daily charging 
energy demand for each city was calculated by multiplying its average 
annual EV mileage (data from China Automotive Technology and 
Research Center Co. 58 ) with its climate-specific energy consumption 
per kilometer (see Note S7 39,59 ; Figures S11 and S12). The annual 
mileage was averaged to a daily value. For Xining, however, the 
mileage data showed abnormally high values due to the influence of 
the New Energy Rally. To address this, the mileage data for Xining 
was replaced with vehicle travel data sourced from Yiche. 60

Step 2 determines hourly charging sessions: using the average 
charging power of EVCSs in each city and the total daily EV energy con-
sumption, the number of charging sessions per day is calculated 
(Equation 12, one charging session is assumed to last 1 h). Then, 
based on the distribution of charging times across 24 h (Ratio t , 
Annual Report on the Big Data of New Energy Vehicle in China, 2023 57 ), 
the number of EVs charging in each hour is determined (Equation 13).

Daily Number of Charging EV = 
Daily EV Energy Consumption
Average Charging Power 

(Equation 12)

Hourly Number of Charging EV t = Daily Number of Charging EV × Ratio t 
(Equation 13) 

Step 3 allocates demand to communities: since the study assumes 
that charging demand is proportional to building area, the number of 
charging EVs per hour is allocated to each community based on its 
building area ratio. If the number of charging EVs in a community ex-
ceeds the available charging stations during a given time, the excess 
EVs are allocated to the nearest community with available charging 
stations.

Step 4 derives final community energy profiles: finally, the hourly 
charging energy for each community was calculated by multiplying 
the number of allocated charging EVs by the community’s average 
charging pile power. The resulting annual total was cross-checked 
and scaled against the city-level total from Step 1 to ensure 
consistency.

EV charging from renewable energy (B2V) simulation
To determine the source of EV charging energy, the simulated hourly 
charging demand for each community (EV charging Energy i,t ) was 
compared against its available hourly surplus RE (Suprlus Energy i,t ). 
The amount of energy drawn from local RE (B2V) is the minimum of 
these two values, with any remaining demand met by the power grid. 
An energy conversion efficiency of 0.9 was applied to the RE supplied 
to the charging stations. 37

Energy from RE i;t = min 
( 
EV charging Energy i;t ; Suprlus Energy i;t 

) 

(Equation 14)

Energy from Grid i;t = EV charging Energy i;t − Energy from RE i;t 
(Equation 15) 

Here, Energy from RE i,t is the energy that EVs charge from RE at time t in 
community i, Energy from Grid i,t is the energy that EVs charge from po-
wer grid, EV charging Energy i,t is the total energy EVs charge, and Supr-
lus Energy i,t is the surplus energy at time t in community i.

Relationship between EVCS and EV adoption
To estimate the impact of infrastructure improvements, we developed 
two separate empirical regression models due to data availability 
constraints.

First, a two-way fixed-effects panel data model was used to quantify 
the relationship between the number of EVCS piles and EV ownership

at the provincial level. It is assumed that the ratio between EV numbers 
and EVCS piles is consistent across provinces and cities.

EV Number i;t = β 1 × EVCS Piles i;t + Controls + ϵ; (Equation 16) 

where EV Number i,t is the number of EV for province i in year t, EVCS Pi-
les i,t is the number of EVCS piles for province i in year t, β 1 is the coef-
ficient, Controls is the control variable-the number of vehicles, and ϵ is 
the error term.
Second, a cross-sectional model was developed to analyze the rela-
tionship between city-level EVCS accessibility and the average annual 
EV mileage. Due to the availability of only one year’s provincial EV 
mileage data, the annual average EV mileage of provincial capital cities 
is substituted with provincial data as the dependent variable.

EV Mileage i
CityArea0:5

i
= β 2 × EVCS Accessibility i + Controls + ϵ; (Equation 17)

where EV Mileage i is the annual average EV mileage for city i, CityArea i 
is the area of city i, EVCS Accessibility i is the EVCS accessibility for city 
i, β 2 is the coefficient, Controls is the control variable, and ϵ is the error 
term. To account for the potential increase in EV mileage due to larger 
city sizes, EV mileage is adjusted and made dimensionless by dividing
by CityArea0:5

i , the square root of the city area. Control variables include
the city area and the energy ratio of city i, which represents the factor 
by which EV energy consumption per unit distance exceeds the stan-
dard consumption due to climate influences in that city.
Data on EV and vehicle numbers and brands from 2016 to the end of 
the first half of 2024 are sourced from the Website Dasouchezhiyun. 61 

EVCS pile counts are obtained from the China Electric Vehicle 
Charging Infrastructure Promotion Alliance. 62 The average EVCS 
accessibility is derived from calculations in this study. EV mileage 
data comes from China Automotive Technology and Research Center 
Co. 58 City area refers to the built-up area of each city in the process 
of calculating metrics of EVCS accessibility. The energy ratio reflects 
the actual energy consumption multiple of EVs in each city (detailed 
in Note S7 and Figures S11 and S12). The mileage data for Xining 
was replaced with vehicle travel data sourced from Yiche. 60 Details 
of regression results and robustness checks, including the use of 
additional control variables (GDP) and a lagged-variable approach to 
address potential endogeneity, are detailed in Tables S6–S8 and 
Note S8.

EVCS planning method considering both accessibility 
gaps and surplus renewable energy distribution
To enhance EVCS accessibility while leveraging local RE, we developed 
an iterative optimization algorithm that strategically adds new 
charging capacity. The algorithm is guided by the primary objective 
of reducing the city-wide Gini coefficient of accessibility to a target 
value of 0.3. The process, illustrated in Figure 4A, unfolds as follows: 

Step 1 identifies the target community: in each iteration, the commu-
nity i with the lowest current EVCS accessibility is identified as the 
candidate for new infrastructure.

Step 2 adds and constrains new stations: a standard charging station, 
assumed to consist of five 60-kW fast chargers, is notionally added to 
the target community. This addition is subject to a critical constraint: 
the new total charging power in the community must not exceed half of 
its average hourly surplus RE, ensuring that new demand aligns with 
local clean energy supply (Equation 18).

Total charging poweri ≤ 

∑ 
Hourly Surplus i
2 × Hours i

; (Equation 18)

where Total charging power i is the total power of charging piles for 
community i after planning, Hourly Surplus i is the hourly surplus energy 
for community i when surplus energy is positive, and Hours i is the num-
ber of hours when surplus energy is positive.
Step 3 evaluates termination condition: after adding the new station, 
the city-wide Gini coefficient is recalculated. If the new Gini is less 
than or equal to 0.3, the algorithm terminates. Otherwise, it returns 
to Step 1 to identify the next target community.
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Upon termination, the algorithm outputs the final number and spatial 
distribution of new EVCS piles. This output is then used to project 
the resulting increase in EV ownership and annual mileage 
(Equations 19 and 20), based on the coefficients (β 1 ,β 2 ) from our 
empirical models:

ΔEV Number city = ΔEVCS Piles city × β 1 (Equation 19)

ΔEV Mileage city = ΔEVCS Accessibility city × β 2 × CityArea 0:5city
(Equation 20) 

Here, ΔEV Number city is the increase in the number of EVs in the city, 
ΔEVCS Piles city is the increase in the number of EVCS piles in the 
city, ΔEV Mileage city is the increase in the EV annual mileage in the 
city, and ΔEVCS Accessibility city is the increase in the average EVCS 
accessibility of the city. To avoid the interference of residuals ϵ in 
the regression model, the increase in the dependent variable (EV Num-
ber city , EV Mileage city ) is calculated by multiplying the changes in inde-
pendent variables (ΔEVCS Piles city , ΔEVCS Acessibility city ) by their corre-
sponding coefficients (β 1 ,β 2 ), thereby obtaining the updated dependent 
variable.
These updated EV population and mileage figures serve as inputs for 
the post-planning charging energy simulation.

Annualized carbon emissions from EV and ICEV 
manufacturing and operation
The annualized carbon emissions calculations in this study focus 
exclusively on vehicle-side emissions, with the following system 
boundaries:

Scope: The analysis is confined to vehicle-side emissions, including 
the manufacturing (vehicle body and battery) and operational phases 
for both EVs and ICEVs.

Zero-Carbon Charging: Emissions from distributed RE installations are 
allocated to the building sector. Consequently, EV charging powered by 
surplus local RE is considered to have zero operational emissions. 

Based on the energy charged from RE and from the grid during EV oper-
ation, as well as the grid’s carbon emission factor and the carbon emis-
sions from EV manufacturing, the annual life cycle carbon emissions 
for EVs can be calculated (Equations 21, 22, 23, 24, and 25).

CE EV = CE EVopertion + CE EVproduction + CE EVbattery (Equation 21)

CE EVoperation = Energy grid × CE grid (Equation 22)

CE EVproduction = 
Mass EV × CE production

Service Life
(Equation 23)

CE EVbattery = 
Capacity battery × CE battery × Number battery

Service Life
(Equation 24)

CE EVtotal = CE EV × Num EV (Equation 25)
Here, CE EV is the annual carbon emissions per EV, CE EVoperation is the
annual carbon emissions from operation, CE EVproduction is the annual
carbon emissions from production, and CE EVbattery is the annual carbon
emissions from battery degradation. CE EVtotal is the annual total EV car-
bon emissions for each city, which is calculated by the carbon 
emissions per EV multiplied by the number of EV for each city. 
Energy grid is the energy charging from the power grid per year per EV, 
and CE grid is the carbon emission factor of the power grid for each 
city. Mass ev is the average mass per EV for each city, and CE production 
is the carbon emission factor of production per kilogram. “Service 
Life” refers to the number of years a vehicle can be used. Capacity battery 
is the average EV battery capacity for each city. CE battery is the carbon 
emission factor of EV battery production. Number battery refers to the 
number of batteries each EV will use over its service life.
Similarly, the carbon emissions of ICEVs can be determined by consid-
ering the emissions from both their operation and manufacturing 
(Equations 26, 27, 28, and 29).

CE ICEV = CE ICEVopertion + CE ICEVproduction (Equation 26)

CE ICEVopertion = Energy gas × CE gas (Equation 27)

CE ICEVproduction = 
Mass ICEV × CE production

Service Life
(Equation 28)

CE ICEVtotal = CE ICEV × Num ICEV (Equation 29) 
Since the overall travel demand in a city remains constant when 

other conditions are unchanged, an increase in the number and annual 
mileage of EVs will result in a decrease in the mileage and number of 
ICEVs. Therefore, the number and mileage of ICEVs can be calculated 
based on the planned number and mileage of EVs (Equations 30 
and 31).

Num V = Num EV + Num ICEV (Equation 30)

Num V × Milage V = Num EV × Milage EV + Num ICEV × Milage ICEV 
(Equation 31) 

Here, Num V , Num EV , and Num ICEV are the number of vehicles, EVs, and 
ICEVs for each city, respectively. Milage V , Milage EV , and Milage ICEV are 
the annual mileage of vehicles, 60 EVs, and ICEVs for each city respec-
tively. Num V and Num V ×Milage V indicate the total demand for vehicle 
and travel, which remains the same for each individual city before 
and after EVCS planning.
The total carbon emissions for all vehicles in each city are the sum of 
the carbon emissions of EVs and ICEVs, which is calculated in different 
scenarios.

CE Vtotal = CE ICEVtotal + CE EVtotal (Equation 32)
Detailed data related to carbon emissions calculations can be found

in Table S17 58,59,61,63–65 and Note S9. 58,59,61,63–65

EVCS construction investment and levelized carbon cost
The economic analysis focuses on the upfront capital investment 
required for the new EVCS infrastructure. Operational costs and reve-
nues are excluded, assuming a break-even operational phase. The total 
investment is calculated based on the number of new 60-kW piles 
installed, at an estimated cost of 15,000 RMB per pile, based on 
EVCS dealer LV C-CHONG. 66 The LCC, a metric for the cost-
effectiveness of carbon mitigation, is then calculated as the total 
investment divided by the total annual carbon abatement achieved in 
Scenario 4.

Comparison of methodology with existing literature
A detailed comparison of our methodological contributions against ex-
isting literature is provided in Note S10, 15,67,68 further highlighting the 
novelty of this work.

DATA AND CODE AVAILABILITY
Data and code used to generate the results reported in this study are available 
from the corresponding author upon request.
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