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Facilitating megacity electricity
decarbonization via grid-interactive
demand-side resource management

Kaisan Li 1, Shengyu Tao 1,2, Zuxun Xiong3, Ruojun Ren1, Yuhang Zhang1,
Rui Miao 1, He Qi4,5, Borong Lin 6, Jian Kang 7, Yi Jiang 1,6 & Yi Zhang 1

City power systems face intensified mismatches between generation and
dynamic demand under rising zero-carbon energy penetration levels. Although
demand-side resource management offers mismatch mitigation potential by
regulating load patterns, its city-level capability remains unclear. This study
develops a community-to-grid framework to assess how demand-side resour-
ces could mitigate generation-demand mismatches at the megacity scale. A
case study is performed in Shenzhen, China, covering 4,549 community units
with energy profiles and rooftop photovoltaics of 479,259 buildings, and travel-
charge profiles of 1,080,000 private plug-in electric vehicles. Under an
assumed 80% zero-carbon electricity penetration level, the proposed frame-
work could reduce weekly power supply deficits by 54.5%, or 266.2 gigawatt-
hours, corresponding to an estimated reduction of 83.6 kilotonnes of carbon
dioxide. Different governing paradigms may affect grid infrastructure upgrade
paths: prioritizing administrative equity supports temporally consistent plan-
ning, whereas prioritizing mismatch-mitigation efficiency promotes spatially
clustered retrofitting. This study may inform city-specific demand-side
resource excavation under national electricity decarbonization planning.

China’s macro policies for electricity decarbonization1,2 are accelerat-
ing the phase-down of fossil-based generation and the deployment of
zero-carbon electricity, primarily wind, solar, and nuclear3,4. As the
primary administrative entity for this policy implementation at meso-
scale, cities increasingly find themselves at the interface between
planned zero-carbon deployment on the generation side and dynamic
loads on the demand side. The resulting generation-demand
mismatch5 manifests as curtailment (excess generation) and short-
age (insufficient generation), with the latter often necessitating fossil-
based backup generation such as gas power5,6 and thus yielding
unplanned carbon emissions that impair the realized benefits of elec-
tricity decarbonization. Demand-side resource management (DSRM),

which coordinates distributed assets such as rooftop photovoltaic
(RPV), battery energy storage systems (BESSs), electric vehicles (EVs)
and smart appliances7,8 to reshape load patterns, offers an effective
pathway for mitigating this mismatch. To translate national dec-
arbonization targets into actionable community-level operations,
cities therefore need a systematic understanding of both the achiev-
able potential of DSRM and the implementation pathways required to
progressively activate demand-side resources across diverse urban
communities.

Research on electricity decarbonization exhibits distinct focuses
across spatial scales. Macro-scale studies provide broad insights into
renewable integration and demand-side resource deployment across
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countries, provinces and cities. Global power-system analyses show
that wind-solar variability can intensify hourly generation-demand
mismatches, requiring flexibility measures such as demand response
(DR) and storage to control system costs3. Grid-coordination studies
further show that expanded transmission and coordinated planning
can reduce renewable curtailment, capacity overbuilding, and dec-
arbonization costs9,10. China-focused studies quantify the large
renewable, storage, flexible-generation, and transmission investments
needed for carbon-neutral electricity supply11, and reveal hetero-
geneous cost andemission effects of provincial BESS siting strategies12.
Demand-side studies show household-level solar-battery economic
and resilience benefits across the United States13, while sector-
electrification research highlights the need for flexible load design to
avoid shifting emissions and security burdens to power grids14. City-
comparative rooftop studies reveal strong spatial and building-type
heterogeneity in urban rooftop production and deployable RPV
potential15,16. However, these assessments rely mainly on highly
aggregated and coarse-grained data, leaving unclear how hetero-
geneous RPV, BESSs, EVs, and building loads can be jointly scheduled
within urban communities to mitigate city-level generation-demand
mismatches under operational constraints.

Meso-scale studies have advanced city-level modeling of single
demand-side resource. Real-world mobility and charging data have
been used to quantify megacity-scale vehicle-to-grid (V2G) perfor-
mance of private plug-in electric vehicles (P-PEVs), showing their
substantial potential of city load shifting17. City-scale solar studies
evaluate RPV, photovoltaic-thermal, and solar thermal potential under
dense urban morphology and shading, but mainly address generation
potential rather than coordinated DSRM operations18. Other studies
quantify heating, ventilation and air conditioning flexibility across
China’s city clusters under climate diversity19, or optimize BESS siting
and sizing for urban energy resilience under extreme events20. In
parallel, building-scale carbon attribution studies reveal strong spatial
heterogeneity in operational emissions and propose urban dec-
arbonization pathways, yet focus on carbon accounting and retrofit
strategies rather than operational dispatch21,22. Therefore, existing
meso-scale work remains largely single-resource or carbon-pathway
oriented, leaving multi-resource DSRM potential for city-level mis-
match mitigation insufficiently discussed.

Micro-scale studies provide detailed operational insights for
neighborhoods, district-level integrated energy systems, and multi-
microgrids. Neighborhood-scale demand-supply optimization shows
that combining local PV, BESSs, and grid exchange can reduce
building-related emissions with moderate cost increases23. District-
level energy-hub dispatch studies incorporate carbon trading, privacy
protection, and DR to improve low-carbon economic operation24.
Multi-microgrid studies further show that peer-to-peer trading among
heterogeneous building communities with EVs can improve self-con-
sumption, autonomy, and economic performance25. However, their
small-system perspectives do not directly support municipal assess-
ment of city-wide, multi-resource DSRM potential.

Overall, existing studies have left insufficiently connected
national decarbonization planning of generation mix, city-level gen-
eration-demand mismatch mitigation, and community-scale multi-
resource DSRMoperations within a unified framework, which impedes
cities’ downward translation of national policies into actionable local
solutions. A summary table of existing studies is provided in Supple-
mentary Tables 27–29.

In this study, a community-to-grid (C2G) framework is developed
for fine-grained DSRM potential analysis at the city level. The frame-
work uses community unit (CU), a functional living neighborhood
aligned with urban transportation networks26, as the basic scheduling
unit. Each CU contains tens to hundreds of buildings, thousands of
P-PEV visits, and 20,000m2 RPV area on average, which mitigates
P-PEV positioning uncertainty while enabling the integration of user-

centric P-PEV travel-charge predictions17 into community-level sche-
duling. The framework is evaluated in Shenzhen, China, by decoupling
the city into 4549 CUs and integrating hourly energy profiles of
479,259 non-industrial buildings, travel-charge patterns of 1.08million
P-PEVs, and up to 95.6 km2 of available RPV area. Three zero-carbon
penetration scenarios, ZC 30, ZC 50 and ZC 80, are designed to
represent different stages of city decarbonization. Results show that
scheduling Shenzhen’s demand-side resources reduces amount of
curtailment (AOC) by 95.5–231.1 GWh (47.3–65.7% of business-as-usual
curtailments) and amount of shortage (AOS) by 57.4–266.2 GWh
(39.5–54.5% of business-as-usual shortages), avoiding 21.1–83.6 kt CO2

emissions. Implications of how city distribution grids should be pro-
gressively upgraded to accommodate DSRM are discussed, showing
that effective decarbonization emerges mainly in mid-to-late upgrade
stages. Distinct governing paradigms for allocating operational targets
among communities, i.e., administrative equity versus mismatch-
mitigation efficiency, creates trade-offs between temporal and spatial
consistency of grid infrastructure upgrades. Figure 1 shows an illus-
tration of the study. Table 1 summarizes the various domain models
utilized in this study, along with their respective spatial and temporal
resolutions.

Results
Demand-side resource endowments of Shenzhen’s energy
communities
The demand-side resource endowments of Shenzhen’s CUs are shown
in Fig. 2. The distributions of available RPV area, peak uncontrollable
device (UD) load, peak SC load are aggregated from building-level
profiles (see Methods), and the distribution of weekly P-PEV visits is
identified from stay points of P-PEVs within a CU, as simulated by the
P-PEV mobility model (see Methods). The maximum installable capa-
city of distributed BESS is assumed to be proportional to the number
of buildings within a CU (see Methods), original distributions of the
above assets are provided in Supplementary Fig. 8.

Figure 2a–d shows a spatial heterogeneity among different
demand-side resources and the loads. The High-High (H-H) clusters of
available RPV area (Fig. 2a) exhibit a peripheral-zonal pattern. The
hotspots appear as large, continuous blocks primarily located in
northwestern and southeastern Shenzhen, aligning with the char-
acteristics of low-density districts. In contrast, peak UD load (Fig. 2c)
and peak SC load (Fig. 2d) share a similar central-network pattern, with
H-H clusters densely distributed along the urban core and major
development spaces, reflecting the city’s residential and commercial
intensity. Notably, theH-H clusters ofweekly P-PEVvisits (Fig. 2b) show
a hyper-centralized pattern, with the hotspots highly concentrated in
the primary business districts (Nanshan, Futian, Luohu), indicating
heavy traffic flows. This resource separation aligns with Ji et al.27, who
reported mismatched solar-potential and EV-demand distributions.
The results of Global Moran’s Indices28 support the observations with
the P-PEV visits exhibiting the strongest spatial autocorrelation
(0.3178), the loads falling into an intermediate range (~0.09) and the
RPV area showing the weakest clustering effect (0.0604). Detailed
inner-district distributions of the above attributes are shown in
Fig. 2e–h.

Allocating city mismatch across energy communities with dis-
tinct governing paradigms
To explore the city-level potential in reshaping load patterns via
DSRM, the community-to-grid (C2G) framework is applied to com-
munity units (CUs). Given the heterogeneous resource endowments
illustrated above, each CU schedules its internal demand-side
resources including RPV, P-PEVs, BESSs, and SC DR (excluding win-
ter) to align with allocated scheduling tasks. While C2G enables
bidirectional power exchange, the maximum net feed-in power of a
CU is constrained to not exceed its peak base load16. Notably, to
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ensure fairness and energy stability of the collective P-PEV fleet
across the city grid, the framework enforces that should not absorb
net energy from the passing P-PEV population to facilitate its own
scheduling, as presented in Methods, Eq. (22). The mechanism
ensures that the total energy level of the city’s P-PEV fleet remains
stable over the optimization horizon.

Three scenarios are designed to represent different zero-carbon
penetration levels: ZC 30, ZC 50, and ZC 80, where zero-carbon
generation meets 30%, 50% and 80% of the city’s total load, respec-
tively. Before full zero-carbon generation is achieved, the planned
generationmix includes coal power as base-load supply. The focus of
this study is therefore not the planned emissions from coal

Fig. 1 | Scheduling demand-side resources in CUs for city electricity dec-
arbonization. a The developing zero-carbon penetration intensifies the
generation-demand mismatch. The mismatch is decomposed into amount of cur-
tailment (AOC) and amount of shortage (AOS), and the latter requires being sup-
plied by carbon-intensive backup power, yielding additional carbon emission.
b City mismatch is distributed to CUs according to different allocation strategies
(see Methods). In our C2G framework, CUs may bidirectionally exchange power
with the grid under proper constraints. Each CU schedules the demand-side
resources within to contribute to mismatch mitigation more or less. c After C2G,
the city’s generation-demand mismatch is effectively reduced compared with the

BAU scenario. d Spatial illustration of C2G. Traveling trajectories of P-PEVs are
decomposed into CUs. The staydurationof P-PEVs is scheduled for V2G indifferent
CUs (see Supplementary Fig. 6). The Shenzhen administrative-boundary geometry
wasobtained from theArcGISOnline feature layer “PopulationDensity in Shenzhen
Districts”. The ArcGIS-derivedmap content is used herein under license. Copyright
© 2026 Esri and its licensors. All rights reserved. The road-network shapefile was
obtained from Geofabrik and is based on data © OpenStreetMap contributors,
licensed under the Open Database License. Icons were adapted from resources
available at Flaticon.com.
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generation, but the mismatch between the planned generation pro-
file and the city load curve. This mismatch is decomposed in to the
amount of curtailment (AOC), representing excess generation, and
the amount of shortage (AOS), representing insufficient generation
(see Fig. 1). AOS is assumed to be supplied by regulating gas power or
external transmission5, both of which introduce additional, unplan-
ned carbon emissions to varying degrees (see Methods). To make a
fair comparison across scenarios, an identical city load curve is
maintained as the baseline.

Two strategies are developed to allocate the city-level mismatch
among CUs, representing opposing governing paradigms. Flexibility
quota allocation (FQA) simulates a resource-based policy prioritizing
administrative equity. It assigns tasks to CUs proportional to their
shares of available flexible resources. This strategy serves as a static
baseline that assumes regulation capability is linearly equivalent to
resource endowments. Potential-based allocation (PBA) represents an
efficiency-driven paradigm. It distributes heavier burdens to CUs with
superior regulation capabilities. By prioritizing system performance
over simple proportional fairness, PBA aims to further unlock the city’s
potential of mismatch mitigation. By comparing these strategies, this
study aims to quantify the value of exploiting resource heterogeneity
versus adhering to rigid fairness. Detailed formulations are provided in
Methods.

Baseline decarbonization performance under resource-
based quotas
As the static baseline strategy, flexibility quota allocation (FQA)
prioritizes administrative equity by assigning tasks based on pre-
defined resource weights. Five FQA plans, P1-P5, are designed to
represent different weighting preferences between the two primary
flexibility sources: BESS and P-PEVs (see Eq. (45) in Methods). P1
represents a BESS-only policy, P5 represents an EV-only policy, and P2-
P4 describe mixed BESS-EV allocations with gradually increasing EV
weights. Seasonal operations are simulated to capture the effects of
different load patterns and weather-dependent outputs of wind
and solar.

Figure 3a–b shows that FQA reduces both the amount of curtail-
ment (AOC) and the amount of shortage (AOS). As the zero-carbon
penetration deepens, the business-as-usual (BAU) mismatch volume
expands. Specifically, the summer BAU AOC/AOS increases from 145.4
GWh to 488.3 GWh. The winter BAU AOC surges from 137.7 GWh to
477.7 GWh, and BAU AOS rises from 137.7 GWh to 274.5 GWh. The
discrepancy between the two metrics in winter ZC 80 stems from
abundant zero-carbon generation. In summer, the best-performing
FQA plans reduce AOC to 49.4–274.8 GWh and AOS to 88.0–262.9
GWh across zero-carbon penetration levels, corresponding to a CO2

reduction of 21.1–70.7 kt through AOS mitigation (see Methods). In
winter, FQA reduces AOC to 31.8–262.0 GWh and AOS to 71.9–124.1
GWh, corresponding to a CO2 reduction of 24.2–47.2 kt. Prior
studies29,30 similarly show that coordinated flexible loads and V2G
alleviate grid stress. Economic efficiency also improves as zero-carbon
penetration increases. The reduction of curtailment/shortage cost

(ROX cost), defined as the ratio of total DSRM cost to total mismatch
reduction, decreases from 0.259–0.318 to 0.188–0.209 RMB per kWh
in summer and from 0.243–0.355 to 0.226–0.292 RMB per kWh in
winter. Based on reduction rates and ROX costs, P2 is selected as the
representative FQA plan for subsequent comparisons. The results of
transition-seasons (spring, fall) provided in Supplementary Table 30
show that FQA performance is robust across seasons, while the nar-
rower adjustable range of SC DR makes its contribution season-
specific.

The scheduled city load curves given by P2 are shown in Fig. 3c, d.
The load curves of other plans are given in Supplementary Figs. 10–11.
Regarding economic metrics, this study calculates two types of DSRM
costs. Investment cost refers to the capital expenditure for deploying
BESSs in buildings, converted into an equivalent weekly cost using an
annual discount rate. Scheduling cost refers to operation-dependent
subsidies paid to incentivize user participation in V2G and SC DR, with
total costs varying according to subsidy levels and dispatched flex-
ibility. The results given in Fig. 3 and Fig. 4 apply the highest subsidy
(Sub4) tomap the full extent of DSRMpotential. The decomposition of
investment or scheduling costs is given in Fig. 3e, revealing notable
heterogeneity. Building-dense districts like Pingshan, Baon’an and
Longgang incur the highest BESS investment costs, reaching ameanof
14,567–22,204 RMB ( ~ 2081–3172 USD) in summer and 17,913–22,684
RMB ( ~ 2559–3241 USD) in winter under ZC 80. In contrast, commer-
cial hubs like Futian, Luohu and Nanshan dominate in V2G scheduling,
spending on average 5453–15,207 RMB ( ~ 779–2172 USD) in summer
and 8186–19,600 RMB ( ~ 1169–2800 USD) in winter. SC DR costs
remain comparatively low, ranging between 29 and 1051 RMB
( ~ 4–150 USD).

Further excavating electricity decarbonization potential via
efficiency-driven allocation
While FQA offers a conceptually intuitive policy framework, larger
resource endowments do not necessarily translate into stronger reg-
ulation capability. This discrepancy stems from the complex interac-
tion between CUs’ heterogeneous internal resource constraints. To
further unlock city-level mismatch mitigation, potential-based alloca-
tion (PBA) is developed as an efficiency-driven strategy. PBA uses
dynamic programming to allocate larger scheduling tasks to CUs with
stronger regulation potential, thereby prioritizing system perfor-
mance over proportional resource fairness (see Methods).

Figure 4a compares PBAwith FQA, P2 in terms of relative changes
in maximum and mean district-level total costs. PBA requires higher
costs in the early transition stage due to the deep excavation of reg-
ulation capabilities. Under ZC 30, mean district costs increase by
74.9–332.1% in summer and 20.6–39.2% in winter, while maximum
costs change by −9.4% to 151.1% and 0.3–67.7%, respectively. As zero-
carbon penetration increases, this cost premium narrows. Under ZC
80, mean cost changes fall to −30.6% to 48.5% in summer and −6.5 to
17.3% in winter, withmaximumcost changes of −23.8 to 63.7% and −3.3
to 13.5%. These results indicate that PBA becomes more economically
competitive under high zero-carbon penetration.

Table 1 | Spatial and temporal resolutions of different domain models used in this study

Domain model Target asset Spatial resolution Temporal resolution

Building energy consumption 479,259 non-industrial buildings Building-level, aggregated to CU 1 h

RPV generation Deployable rooftop area 0.15m pixel, aggregated to CU 1 h

RPV generation Solar radiation and ambient temperature City-level, Shenzhen 1 h

SC DR Building thermal mass and adjustable load range Building-level, aggregated to CU 1 h

P-PEV mobility and V2G activities 1.08 million P-PEVs Individual stay segments, mapped to CU 1 h

C2G framework Integrated demand-side resources CU 1 h

CU community unit, RPV rooftop photovoltaic, SC space cooling, DR demand response, P-PEV private plug-in electric vehicle, V2G vehicle-to-grid, C2G community-to-grid.
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Figure 4b compares the performance of the two strategies. The
higher expenditures observed in Fig. 4a translate into deeper dec-
arbonization, yielding notably lower AOS across all scenarios. Specifi-
cally, compared with FQA, P2, PBA lowers the metrics to 16.4 GWh
(−83.1%), 73.3 GWh (−50.0%), 222.1 GWh (−15.5%) in summer, and to
49.1 GWh (−32.9%), 101.7 GWh (−9.9%), 114.3 GWh (−11.3%) in winter. In
terms of decarbonization, PBA achieves a CO2 reduction of
47.4–83.6 kt and 32.5–50.3 kt in both seasons, respectively. This

performance gap quantifies the value of exploiting resource hetero-
geneity of CUs. The spring and fall experiments in Supplementary
Table 31 show the same direction, with PBA further reducing AOS by
6.9–68.7% in spring and 5.6–56.4% in fall relative to FQA. Load curves
and cost distributions of PBA are provided in Supplementary
Figs. 12–13.

While PBA contributesmarginally or negatively to AOCmitigation
(altering metrics by −9.4% to +12.5%), its primary advantage lies in

RPV: Rooftop Photovoltaic

e
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Fig. 2 | Demand-side resource endowments of Shenzhen’s CUs. a–d Local Mor-
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load, respectively. Global Moran’s I values28 are calculated using a k-nearest-
neighbor spatial weight matrix (k = 5). Statistical significance of Global and Local
Moran’s I statistics is evaluated using two-sided permutation tests with 999

randomizations. No correction for multiple comparisons is applied. Exact permu-
tation P values are reported. Although the maps render all 4549 CUs, some smaller
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Fig. 9. e–h district-level aggregated box plots of available RPV area, weekly P-PEV
visits, peak UD load and peak SC load, respectively.
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shortage mitigation. Additionally, the gap in average ROX cost
between PBA and FQA narrows as zero-carbon increases, reaching
+41.4% (ZC 30), +18.6% (ZC 50), +0.5% (ZC 80) in summer, while
shifting to +11.0% (ZC 30), +1.6% (ZC 50) and +1.4% (ZC 80) in winter,
which is consistent with the trend observed in Fig. 4a.

Finally, the distributional equity of system costs is evaluated using
the Gini coefficient, as shown in Fig. 4c. Although FQA is designed as a
uniform resource-based rule to prioritize administrative equity, it does
not necessarily produce a more balanced economic burden. In the

summer ZC 30 scenario, FQA reaches a Gini coefficient of 0.702, sig-
nificantly higher than the 0.598 of PBA. Under deeper ZC penetrations,
the differences remainmarginal ormixed. The results of spring and fall
provided in Supplementary Table 31 show that the phenomenon is
robust across seasons. Themechanism is that a fixed proportional rule
may assign tasks to communities where the low-cost resources such as
V2G and SC DR are insufficient, forcing greater reliance on high-cost
BESS investment and concentrating costs. By contrast, PBA can shift
part of the burden toward communities with stronger low-cost

c

d

e
City Generation City Load (BAU) City Load (Scheduled)

C
ost (R

M
B)

re
m

muS
ret ni

W

BE
SS

V2
G

BE
SS

V2
G

SC
D

R

n=275 1,066 203 1,073 551 272 423 114 494 78
P2

P2

P2

P2

P2

Allocation Plan
P1: 100%BESS + 0% P-PEV
P2: 70%  BESS + 30% P-PEV
P3: 50%  BESS + 50% P-PEV
P4: 30%  BESS + 70% P-PEV
P5: 0%  BESS + 100%P-PEV

AOC: Amount of curtailment
AOS: Amount of shortage
ROX: Reduction of curtailment/shortage
ZC: Zero carbon
BAU: Business as usual
BESS: Battery energy storage system
V2G: Vehicle-to-grid
SC: Space cooling
DR: Demand response
P-PEV: Private plug-in electric vehicle

ZC 30 ZC 50 ZC 80

a b
tso

C
X

O
R.gvA

h
Wk·B

M
R(

-1
)

BAU AOC/AOS

BAU AOC/AOS

BAU AOC/AOS

AO
C

/A
O

S
am

ou
nt

(G
W

h)

AO
C

/A
O

S
am

ou
nt

(G
W

h)

Av
g.

R
O

X
C

os
t (

R
M

B·
kW

h-
1 )

BAU AOC/AOS
BAU AOC/AOS

BAU AOC

BAU AOS

Q3
Minima

Q1

Centre

Mean

Maxima

Whisker

Bounds of box

Fig. 3 | Decarbonization potential under flexibility quota allocation.
a, b Comparison of seasonal AOC, AOS and average ROX Cost among the BAU
scenario and different allocation plans. c, d Seasonal power curves of city

generation, city load (BAU) and city load (Scheduled). e Seasonal inner-district
distribution of economic costs paid for investing or scheduling BESS, V2G
and SC DR.

Article https://doi.org/10.1038/s41467-026-76799-4

Nature Communications |         (2026) 17:9842 6

www.nature.com/naturecommunications


flexibility, although this redistribution effect weakens when high zero-
carbon penetration makes the tasks generally more difficult. This
finding is consistent with prior energy-justice studies31,32, which show
that uniformpolicy treatment does not automatically lead to equitable
outcomes when initial resource conditions differ across communities.
A detailed mechanism analysis is provided in Supplementary Note 1,
Supplementary Tables 1–4.

Economic trade-offs for demand-side resource management
Subsidy levels determine the unit cost paid to P-PEV users or buildings
for participating in V2G or SC DR17,33 (see Methods). A higher subsidy
amplifies the price signal to incentivize a broader population of P-PEVs
and buildings. While previous analysis in Fig. 3 and Fig. 4 use the
highest tier (Sub4) to map the full extent of city community-to-grid
(C2G) potential, this section investigates the practical trade-offs
between regulation performance and economic efficiency, using the
ZC 80 scenario as an example.

For the FQA case in Fig. 5a, higher subsidy levelsmobilize broader
flexibility resources, making the amount of shortage (AOS) mono-
tonically decrease from 369.3 GWh to 262.9 GWh in summer, and from
185.6 GWh to 128.9 GWh in winter. However, the average reduction of
curtailment/shortage cost (ROX cost) exhibits a U-shaped trajectory
under both seasons, indicating a threshold of diminishing returns

locating at Sub2 or Sub3. Similar trends are observed for the PBA case
in Fig. 5b. The total costs are decomposed in Fig. 5c, Fig. 5d. Compared
to themaximum intensity (Sub4), adopting Sub3 reduces total costs to
90.6–93.1% across all scenarios. Correspondingly, AOS increases by
4.0–9.2% and AOC increasing only by 0.1–2.1%. This indicates a prac-
tical threshold beyond which additional subsidies yield limited reg-
ulation gains. The spring and fall results in Supplementary
Tables 33–34 confirm that this intermediate-subsidy threshold is
robust across seasons, although the absolute SC DR subsidy costs
remain season-specific because cooling-related flexibility is weaker in
transition seasons than in summer. Similar diminishing returns have
been reported in V2G participation studies, where higher compensa-
tion attracts more participants but the marginal flexibility benefit
gradually declines34.

Spatiotemporal trade-offs in progressive grid infrastructure
upgrades
While the proposed community-to-grid (C2G) framework incorporates
the feed-in limits16 of community units (CUs), the scheduled load
profiles inevitably exhibit different dynamics with steeper ramp rates16

compared to the BAU loads, particularly under high zero-carbon
penetration scenarios where rapid regulation is required. Therefore,
the city distribution grids still require infrastructure upgrades to
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accommodate the intensified fluctuations. This section correlates the
calculated ramp rate escalation with each CU’s contribution to mis-
match mitigation, proposing a referenced, progressive upgrade path
for the city.

The results underZC80 are shown inFig. 6. The city’s reductionof
amount of curtailment (AOC), amount of shortage (AOS) is attributed
to each CU to quantify its contribution to mitigating generation-
demand mismatches. Detailed attribution mechanisms and results are
introduced in Supplementary Note 2, Supplementary Tables 5–6,
Supplementary Figs. 1–4. Meanwhile, the grid impact is evaluated
using the increase of ramp rate, defined as the multiple of the C2G-
involved ramp rate relative to the BAU baseline. By dividing the two
metrics into quartiles, a bivariate framework is constructed tomap the
trade-off between upgrade difficulty (increase of ramp rate) and sys-
tem rewards (reduction of mismatch), as shown in Fig. 6b, e, h, k. A
“low-hanging fruit” strategy is adopted to prioritize upgrades that are
easier to implement yet offer higher returns, according to four pro-
gressive stages defined based on the quartiles of ramp rate increase.
Within each stage, priority is further assigned to CUs with larger con-
tributions to mismatch reduction. The corresponding spatial dis-
tributions are visualized in Fig. 6a, d, g, j.

The stepwise breakdown in Fig. 6c, f, i, l shows that the initial
upgrade stage contributes the weakest mitigation effect for both AOS
and AOC. Across the four seasonal-allocation cases, Stage 1 reduces
AOS by only 26.4–41.8 GWh and AOC by 14.4–40.6 GWh, whereas
larger reduction generally emerge after Stage 2 and Stage 3 commu-
nities are included. This pattern suggests that the easiest communities
to upgrade froma ramp rate perspective are not necessarily thosewith
the strongest dispatchable flexibility. Detailed analysis in Supplemen-
taryNote 3, Supplementary Tables 7–9 and Supplementary Fig. 5 show

that Stage 1 communities often retain high baseline loads but have
limited P-PEV and BESS resources, so the ability to regulate their own
load curves remains constrained. In addition, their received signals of
upward and downward adjustments from the assigned tasks are often
imbalanced, which restricts charge-discharge cycling of P-PEVs and
BESSs. Although this imbalance is less strongly associated with Stage 1
performance than resource endowment, it still helps explain the lim-
ited early-stage mitigation effect, as shown in Supplementary
Tables 10–12. Mid-to-late stages involve deeper flexibility activation,
allowing stronger load shifting and larger mismatch mitigation. A not
fully equivalent comparison can be drawn from a V2G-grid upgrade
study35, which also suggests that early or incremental actions alone
may be insufficient.

To validate the spatial characteristics presented in Fig. 6a, d, g, j,
the Global Moran’s Indices28 are compared across different scenarios
in Table 2. The reduction of mismatch exhibits consistently significant
positive spatial autocorrelation regardless of the allocation strategy
(I � 0:16� 0:20,P <0:001Þ. Regarding the increase of ramp rate,
however, FQA results in a spatially random distribution (lower or non-
significant indices in summer), while PBA induces a significant spatial
clustering of the metric across all four seasons, combining the spring
and fall results in Supplementary Table 35. The magnitude of this
clustering is season-specific, e.g., spring has higher Moran’s Indices
than summer under PBA. Since it serves as an indicator for upgrade
difficulty, PBA may facilitate a more spatially unified policy imple-
mentation at contiguous zones rather than scattered randomly.

While PBA offers better spatial consistency in single-season
upgrade paths, FQA outperforms in cross-season continuity, namely
temporal consistency. The metric is quantified by calculating the
number of CUs that remain in the same upgrade stage across all
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seasons. Here, since FQA allocates tasks based on static resource
capacities, it yields a more stable upgrade path, making 840, 369, 317,
754 CUs (out of ~1137 per stage) retain their respective classifications
(Stage 1–4) across seasons. Conversely, PBA, being sensitive to the
dynamic variations in seasonal generation-demand profiles, results in
greater temporalfluctuation. The number of overlappingCUs drops to
461, 168, 176, and 484, respectively. This reveals a spatiotemporal

trade-off where PBA is better for zonal construction and FQA outper-
forms in long-term planning stability. Policymakers should therefore
balance the need for spatially concentrated engineering works against
seasonally robust upgrade plans.

To make these upgrade stages more interpretable for municipal
planning, this study further links ramp-rate-based stages to possible
transformer capacity upgrades, which are estimated from changes in
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peak active power under a standard safety margin and power factor
assumption. Detailed assumptions and results are provided in Sup-
plementary Note 4, Supplementary Table 13. In summer, when com-
munity loads approach their annual peaks, the estimated total
transformer upgrade capacity reaches approximately 4500–4725
MVA, and mid-to-late stages generally involve broader or larger-
capacity upgrades than the initial stage. Regarding other practical
measures, potential feeder-level measures may include main-line
capacity expansion, terminal-voltage monitoring, and protection
devices compatible with bidirectional power flows; voltage-control
solutionsmay include software optimization and static var generators.

Temporal data alignment and system robustness to load
variation
The datasets employed in this study do not strictly alignwithin a single
calendar year. In long-term urban energy-system planning, strict
calendar-year consistency across multi-source datasets is difficult to
achieve, especially when fine-grained building, mobility, photovoltaic,
and city-load data are collected through different channels. This study
therefore prioritizes the granularity of the load profile, following
commonpractice in scenario-based energy systemanalyses35,36. To test
whether this choice affects the main findings, sensitivity analyses are
conducted under both uniform and sector-differentiated load varia-
tion assumptions. The uniform cases cover load decrease and increase
levels from 92% to 125% of the baseline, while the non-uniform cases
distinguish faster growth in building and non-building demand. Across
these scenarios, the reduction ratios of the amount of shortage (AOS)
and the amount of curtailment (AOC) remain stable, confirming the
robustness of the conclusions. Sensitivity results are provided in
Supplementary Note 5, Supplementary Tables 14–21.

Seasonal stability assumption of private plug-in electric vehicle
mobility patterns
The P-PEV trajectory dataset used to parameterize the mobility and
V2G coupled framework (MOVC)17 covers October to December,
representing a single-season observation of vehicle mobility. Accord-
ingly, this study assumes that the general mobility characteristics of P-
PEVs, including stay intervals and inter-community travel patterns,
remain broadly stable across seasons. Similar assumptions have been
adopted in EV operation and infrastructure-planning studies that infer
long-term scenarios from limited mobility records37,38.

If seasonal mobility variations occur, the results wouldmainly be
affected through two aspects. First, changes in stay duration and
arrival-departure timing would alter V2G availability. Longer stays

during mismatch-critical hours could strengthen AOC/AOS mitiga-
tion, whereas shorter or more fragmented stays would reduce flex-
ibility. Second, seasonal spatial redistribution of trips would
shift P-PEV flexibility among community units (CUs), potentially
changing local performance and the priority of grid infrastructure
upgrades.

Annual robustness considering transition-season scenarios
To consider seasonal variations more comprehensively, the analysis is
extended to transition-season weeks in spring and fall, in addition to
summer and winter cases. These additional scenarios capture inter-
mediate climate conditions, under which SC DR remains available but
its adjustable range is narrower than in summer. Consequently, SC DR
contributes less in transition seasons than during summer periods,
with correspondingly lower SC DR subsidy costs. The broader con-
clusions remain stable after introducing these annual considerations.
Specifically, potential-based allocation (PBA) continues to provide
stronger generation-demand mismatch mitigation than flexibility
quota allocation (FQA), themost cost-effective subsidy settings remain
at intermediate levels, and the grid infrastructure results preserve the
same policy interpretation, with PBA showing stronger spatial clus-
tering and FQA yielding more temporally stable upgrade paths.
Detailed quantitative results are provided in Supplementary
Figs. 14–18, Supplementary Tables 30–35.

Participation levels and scope of demand-side resource man-
agement engagement
The main experiments assume citywide participation of all CUs in
DSRM,while theuser participationmechanism regulatesflexible assets
within each CU. Specifically, subsidy levels determine the participation
of P-PEV users in V2G scheduling and buildings in SC DR, as illustrated
in Supplementary Figs. 6–7. A supplementary sensitivity analysis fur-
ther examines partial CU participation by randomly selecting 20% and
60% of CUs. The results show that reduced CU participation does not
always weaken performance under ZC 30 and ZC 50, because fewer
participating CUs receive larger mismatch-allocation tasks and there-
fore activate stronger local flexibility responses. However, under ZC
80, partial participation generally performs worse than the full-
participation baseline, as the limited resource endowment con-
straints the upper bound of achievable flexibility. More realistic partial
participation would require explicit modeling of CU selection order
and fairness implications, which lies beyond the present scope.
Detailed results are provided in SupplementaryNote 6, Supplementary
Data 1–3, Supplementary Tables 22–26.

Table 2 | Global Moran’s I statistics29 of increase of ramp rate and reduction of mismatch across all scenarios. k denotes the
number of neighbors in k-nearest-neighbor (kNN) algorithm

Global Moran’s Indices29 of the increase of ramp rate

Scenario 3 nearest neighbors 5 nearest neighbors 7 nearest neighbors

FQA P2, ZC 80, Summer 0.0087, P = 0.060 0.0110, P = 0.046 0.0086, P = 0.049

PBA, ZC 80, Summer 0.0780, P = 0.004 0.0702, P = 0.003 0.0587, P = 0.001

FQA P2, ZC 80, Winter 0.0134, P = 0.025 0.0113, P = 0.049 0.0086, P = 0.052

PBA, ZC 80, Winter 0.0475, P = 0.003 0.0474, P = 0.002 0.0446, P = 0.001

Global Moran’s Indices29 of the reduction of mismatch

Scenario 3 nearest neighbors 5 nearest neighbors 7 nearest neighbors

FQA P2, ZC 80, Summer 0.1968, P = 0.001 0.1852, P = 0.001 0.1740, P = 0.001

PBA, ZC 80, Summer 0.1685, P = 0.001 0.1675, P = 0.001 0.1629, P = 0.001

FQA P2, ZC 80, Winter 0.1945, P = 0.001 0.1990, P = 0.001 0.1967, P = 0.001

PBA, ZC 80, Winter 0.1730, P = 0.001 0.1800, P = 0.001 0.1797, P = 0.001

Statistical significance ofGlobalMoran’s I is assessedusing two-sided permutation testswith999 randomizations. Exact permutation P values are reported. Nocorrection formultiple comparisons is
applied. The results demonstrate robustness across varying k-nearest-neighbor parameters (k =3,5,7).
FQA flexibility quota allocation, PBA potential-based allocation, ZC Zero carbon.
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Implications of broader demand-sidemanagement and demand
response strategies
The DSRM concept in this study is closely related to but more specifi-
cally configured than the demand-sidemanagement (DSM) and demand
response (DR) concepts discussed in existing literature39,40. While DSM
broadly covers reserve provision, strategic load planning, energy effi-
ciency, and DR programs, DR usually refers to specific operational
mechanisms, namely incentive-based and price-based load adjustment.
The subsidy modeled in this study is regarded as incentive-based.

SeveralDSMstrategies are not explicitly investigated in this study.
Their application may influence system performance in the following
ways. Reserving part of BESS or P-PEV capacity for ancillary services
would reduce the flexibility available for AOC/AOS mitigation,
although it could improve system reliability. Price-basedDRmay lower
direct incentive payments, but it would introduce greater behavioral
uncertainty and weaker controllability than the incentive-based
mechanism modeled here. Energy-efficiency improvements, an
example of which is given in Supplementary Table 36, would reduce
baseline uncontrollable loads and SC demand, thereby lowering total
costs and V2G/SC DR subsidy costs while slightly increasing the
reduction of curtailment/shortage costs (ROX costs).

Key policy messages
This study offers several policy implications for municipal planners. If
allocation strategies are adjusted during the zero-carbon transition,
PBA may preferable at earlier stages because of its stronger mismatch
mitigation performance and greater economic equity, whereas FQA
allocation may be more suitable at higher zero-carbon penetration
levels because of its transparent decision rules and greater seasonal
stability in grid upgrade planning. Subsidy design should also be
phased rather than uniformly maximized, as intermediate subsidy
levelsmay preservemostmismatchmitigation benefits while reducing
total costs. To improve economic equity, more targeted subsidiesmay
be needed to support resource-poor communities in financing high-
cost BESS investments. Before policy implementation, municipal
planners should also evaluate operational synergies across commu-
nities, which are not considered in this study. Inter-community energy
sharing mechanisms should be established to encourage active
resource sharing among neighboring CUs, particularly for commu-
nities at early upgrade stages, since their local flexibility is insufficient.

Discussion
This study proposes a community-to-grid (C2G) framework for gran-
ular assessment of DSRM potential in city electricity decarbonization.
Using Shenzhen as a case study, the framework captures the spatial
heterogeneity of demand-side resources across community units
(CUs) and evaluates two governing paradigms: flexibility quota allo-
cation (FQA), which emphasizes administrative equity, and potential-
based allocation (PBA) which prioritizes mismatch mitigation effi-
ciency. The results reveal substantial city-scale decarbonization
potential from coordinated demand-side resources. Under FQA, the
amount of curtailment (AOC) is reduced by 95.5–225.4 GWh and the
amount of shortage (AOS) by 57.4–213.5 GWh, corresponding to
21.1–70.8 kt of CO2 reduction. By further exploiting heterogeneous
resource endowments, PBA increases projected emission reductions
to 32.5–83.6 kt while maintaining comparable economic equity. The
most cost-effective subsidy can reduce total costs to 90.6–93.1%, with
AOS increases of 4.0–9.2% and AOC increases of 0.1–2.1%. For grid
infrastructure upgrades, results show that the easiest upgrades have
limited effects of mismatch mitigation, whereas larger reductions
generally emerge in the mid-to-late upgrade stages. A spatiotemporal
trade-off is observed in policy implementation: while PBAoffers better
spatial consistency for targeted zonal upgrades, FQA provides better
temporal stability across seasons.

The main contribution of this study lies in connecting fine-
grained demand-side resource modeling with city electricity dec-
arbonization policy analysis. Compared with prior work17 focusing on
V2G, the C2G framework co-optimizes multiple heterogeneous
demand-side resources considering local operational constraints. A
noteworthy feature is the decoupling of P-PEV travel-charge patterns
into CUs, which embeds user-centric mobility predictions17 into
community-centric scheduling. This design avoids reliance on pre-
defined probability distributions for simplifying P-PEV behavior41,
ensures that incentive-driven V2G participation is consistently
represented across all CUs, and enables parallel computation for
scheduling more than one million vehicles. Beyond quantifying
DSRM potential, this study links operational scheduling outcomes to
policy-relevant dimensions, including administrative equity, mis-
match mitigation efficiency, economic burden, subsidy design, and
progressive grid infrastructure upgrade paths. These extensions help
translate fine-grained analysis into practical guidance for municipal
decision-makers facing both decarbonization targets and
distribution-grid constraints.

It must be acknowledged that several limitations exist in the
study. First, each CU is modeled as an independent unit interacting
with the grid, without operational coupling among neighboring
CUs. This decoupled design supports parallel city-scale optimiza-
tion but overlooks cross-CU synergies, such as local energy
exchange or surplus resource sharing between adjacent commu-
nities. It also does not jointly optimize P-PEV mobility and avail-
ability across CUs. Therefore, the results should not be interpreted
as an absolute citywide optimum. Incorporating cross-CU
exchange and coupled heating/cooling networks may alter local
regulation actions, overall DSRM potential, and grid upgrade tra-
jectories. Second, both FQA and PBA allocate city-level mismatch
to CUs through linear weights, which may assign regulation targets
that are poorly aligned with a CU’s load shape, creating imbal-
anced opportunities for upward and downward adjustment and
limiting the activation of P-PEVs and BESSs, as illustrated in Sup-
plementary Fig. 5 and Supplementary Tables 9–12. Non-linear or
network-constrained allocation could offer regulation targets with
better load alignment, further activating the resources within
communities, especially the ones with inferior performance in
early upgrade stages. However, the interpretability of such mea-
sures requires further investigation.

Other limitations are summarized as follows. First, this study uses
hypothetical generationmix due to the lackof data, and the estimation
of carbon reduction from AOS relies on simplified assumptions. A
precise quantification requires detailed data on urban thermal units
and external power transmission. Second, the proposed scenarios do
not account for extreme weather events or natural disasters, which
provide insights for grid resilience42. Third, the community-centric
perspective is difficult to track certain user-centric information, such
as individual battery degradation17. Finally, this study does not discuss
the detailed impact ofmarketmechanisms on economic costs, such as
profits of RPV feed-in, since C2G would significantly alter the
generation-demand economics.

Future research can be extended in several directions. First, syn-
thesizing the single-scenario, single-season upgrade paths into amulti-
scenario, all-season analysis would create a roadmap consistent in
decades, offering robust long-term guidance for specific cities. Sec-
ond, futurework could shift focus from systempotential excavation to
economic profitability, analyzing the profit margins of CUs to inform
market mechanism design. Third, as this study focuses on generation-
demand mismatch mitigation rather than the maximization of RPV
self-consumption, future works could discuss the synergies or trade-
offs between distributed PV absorption and the broader goal of city
electricity decarbonization.
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Methods
Datasets
In this study, the geometric data of 577,480 individual buildings in
Shenzhen is collected from Amap43,44. Warehouse buildings are exclu-
ded, leaving 479,259 buildings for further analysis.Weather data for the
EnergyPlus simulations are derived from Climate.Onebuilding44,45.
Building types are identified from the land planning information pro-
vided by the Shenzhen Municipal Bureau of Planning and Natural
Resources44,46.

The 2022 Shenzhen P-PEV Trajectories Dataset17 provided by the
Shenzhen Municipal Transport Bureau is used to model P-PEV mobi-
lity. The dataset collects 9,108,081 location records via Bluetooth
devices from 36,932 P-PEV users primarily active in Shenzhen. The
dates start from October 1, 2022 and end in December 31, 2022. Each
record contains the information of anonymous user ID, timestamp,
duration, latitude and longitude. The data is used to extract stay/
movement information and to generate user-specific behavior para-
meters for the Timegeo47-based mobility model.

The assumptions of city electricity generationprofiles are sourced
from the power development reports published by China Southern
Power Grid48,49. The share of (Nuclear, PV, Wind) power under ZC30,
ZC50, ZC80 is set as (10%, 10%, 10%), (18%, 22%, 10%) and (33%, 37%,
10%), respectively. Due to the limited accessibility of detailed capacity
and operational data for individual generation units in Shenzhen, the
unit commitment in this study is constructed from an energy-balance
perspective. Nuclear and planned coal generation are modeled as
constant base-load supply, whereas wind and PV generation are
modeled as variable supply. Their combined output is constructed to
meet total daily demand. Any hourly amount of shortage (AOS) caused
by temporal mismatch is assumed to be supplied by gas power or
external transmission, both of which introduce additional unplanned
emissions. The calculation method for PV power will be introduced in
the following section. The calculation for wind power generation uti-
lizes results from an open-source platform50.

Thermal simulation parameters are extracted from Design Stan-
dard for Energy Efficiencyof Public Buildings51 andDesign Standard for
Energy Efficiencyof Residential Buildings52, publishedby the Shenzhen
Housing andConstructionBureau. Theparameters includewindow-to-
wall ratio, heat transfer coefficient, solar heat gain coefficient, power
density of different devices, per capita floor area, and operation
schedule. The details of the above parameters and other necessary
assumptions are listed in Supplementary Tables 37–43.

The 2021 Shenzhen electricity load profile provided by China
Southern Power Grid is used to obtain the city’s original overall load.
Thedata contains hourly load values for Shenzhenover the entire year.
A week’s values of load data is selected for each season.

The RPV area in Shenzhen is extracted from the high-resolution
imagery of Google Earth Satellite53,54. The spatial resolution is set
as 0.15m.

The geometric data of community units (CUs) is provided byWei
et al.26. 4549 CUs are identified, each of which contains at least one of
the 479,259 individual buildings extracted above. After combining the
mobility patterns of P-PEVs, there are 4134CUswith at least one record
of P-PEV visit and 415 CUs without one.

Building energy consumption simulation
Building materials are modeled according to the ASHRAE
198.1–2020 standard, which provides material libraries specific to
different climate zones44,55. The height of each floor is assumed to be
3m according to the AMap data43. This study uses Ladybug Tools56 to
generate building energy consumptionprofiles by embeddingphysical
parameters and various operation schedules into the buildingmodels.
EnergyPlus57 is used to output hourly building energy consumption
profiles44,58.

RPV generation modeling
The extraction of available RPV area follows the settings of Zhu et al.44

andWei et al.26. The overall available area is identified as 95.6 km2, with
the distribution shown in Supplementary Fig. 8. The calculation of RPV
generation is given in Eq. (1) 26,59:

PRPV =ηRPVSRPVIRð1� 0:005ðTout � 25ÞÞ ð1Þ

where ηRPV is the conversion efficiency set as 0.157, SRPV is the
panel area (m2), IR is the solar radiation (kW �m�2) and Tout is the
outdoor air temperature (°C). The data of IR and Tout are sourced
from EnergyPlus57. To ensure the consistency of PV generation
patterns, the centralized PV generation is computed identically as
described in Eq. (1). It is assumed that 30%, 50%, 80% of RPV area
is deployed with PV panels under ZC 30, ZC 50, ZC 80,
respectively.

Space cooling demand response modeling
It is assumed that the SC load PSCðtÞ of a building is determined by the
building’s thermal dynamics andmainly by the indoor air temperature
T inðtÞ, which is updated based on the net heat gain and the building’s
thermal capacity.

The total heat gain rate QgainðtÞ (in Watts) is the sum of four
components as Eq. (2):

QgainðtÞ=QcondðtÞ+QsolarðtÞ+QintðtÞ+QventðtÞ ð2Þ

where QcondðtÞ is the heat gain from thermal conduction through the
building envelope, QsolarðtÞ is the solar heat gain through windows
considering both direct heating and delayed release from thermal
mass, QintðtÞ is the internal heat gain from occupants, lighting and
equipment, and QventðtÞ is the heat gain from ventilation and
infiltration.

QcondðtÞ is computed as Eq. (3):

QcondðtÞ= ðUwallAwall +UroofAroof +UwinAwinÞðToutðtÞ � T inðt � 1ÞÞ ð3Þ

where U represents the thermal transmittance (W � ðm2 � KÞ�1
) for the

wall, roof, and window components, A is the surface area (m2) of each
component, Tout is the outdoor air temperature and T in is the indoor
air temperature.

Solar radiation contributes to the heat load in twoways: a fraction
αs!a directly heats the indoor air, while the remainder (1� αs!a) is
absorbed by the building’s thermal mass and released later, as given in
Eq. (4).

QsolarðtÞ=αs!a � ItotalðtÞ � Awin � SHGC+QreleaseðtÞ ð4Þ

where QreleaseðtÞ denotes the energy released from the thermal mass,
depending on the energy stored fromprevious hours Estoredðt � 1Þ and
a release fraction βm!a, as Eq. (5):

QreleaseðtÞ=
Estoredðt � 1Þ � βm!a

Δt
ð5Þ

The stored energy is updated as Eq. (6):

EstoredðtÞ= Estoredðt � 1Þð1� βm!aÞ+ ð1� αs!aÞ � ItotalðtÞ � Awin � SHGC � Δt
ð6Þ

where ItotalðtÞ is the total solar radiation incident on the windows
(W �m�2), SHGC is the solar heat gain coefficient of the windows,
Awin is the window area (m2) and Δt is the time step dura-
tion (3600 s).
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QventðtÞ is computed as Eq. (7):

QventðtÞ=V ventðtÞ � ρair � cp, air � ðToutðtÞ � T inðt � 1ÞÞ ð7Þ

where V ventðtÞ is the ventilation rate (m3 � s�1) varying based on the
scheduled number of occupants, ρair is the density of air (kg �m�3),
and cp, air is the specific heat capacity of air (J � ðkg � KÞ�1).

To update the indoor temperature and compute the cooling load
(Lcool), an intermediate indoor temperature T 0

inðtÞ is determined as
Eq. (8):

T 0
inðtÞ=T inðt � 1Þ+ QgainðtÞ � Δt

Cth
ð8Þ

where Cth is the building’s thermal capacity (J � K�1). If T 0
inðtÞ exceeds

the thermostat setpoint T set, SC activates to remove the heat Lcool and
brings the temperature back to Tset. The power of SC is calculated by
PSCðtÞ= LcoolðtÞ

COP , where COP denotes the system’s coefficient of perfor-
mance set as 3. The involved parameters of Eqs. (3)–(8) are listed in
Supplementary Tables 37–43.

Integration of the mobility and vehicle-to-grid coupled
framework
This study integrates the mobility and V2G coupled framework
(MOVC)17 to provide travel-charge profiles of P-PEVs for the sub-
sequent optimization. For the traveling patterns, MOVC uses the
Timegeo47-based method to simulate the spatial and temporal deci-
sions of users. For the charging patterns, MOVC uses a utility-based
model60 to generate probabilistic choices of charging. This study fol-
lows thebasic paradigmofMOVC, except that the time interval is set as
1 h and the P-PEV population is set as 1,080,000. The V2G mode con-
sidered in this study is V2Gwhen staying (VWS)17. The data of all P-PEVs
are provided in the CodeOcean repository, including stay duration,
stay location and BAU state of charge (SOC) of each vehicle. The
transition from user-centric predictions to community-centric sche-
duling is illustrated in Supplementary Fig. 6.

Community-unit-based optimization formulation
The optimization framework considers the operation of multiple
demand-side resources (P-PEVs, BESS, SC DR and RPV) within a CU
indexed with cu. For the sake of clarity, the index of CU is omitted in
Eqs. (9)–(44). P-PEVs and timesteps are indexed with
i2I,I= f1, :::,NEVg and t 2 T , T = f0, :::,T � 1g, respectively. The
objective is to minimize the total economic costs of CUs, as given in
Eq. (9):

min CostV2G +CostBESS +CostSC +CostPenalty
� �

ð9Þ

where CostV2G =αcost � CV2G �Pt2T
P

i2IV2G Pdis
i, t denotes to the sub-

sidies paid to users for the discharged energy, CostBESS =CBESS �
CapBESS � rBESS52 denotes the equivalent weekly investment cost of BESS,
CostSC =αcost � CSC �Pt2T ΔPSC

t denotes the DR cost of SC, and
CostPenalty =Cpenalty � V slack is the virtual penalty term to minimize the
possible deviation from the allocated task. αcost is a coefficient corre-
sponding to different subsidy levels, which will be introduced in the
following section. CV2G and CSC refer to the unit subsidy costs, set as
0.15 RMB (around 0.021 USD)17 and 0.043 RMB (around 0.006 USD)61

per kWh, respectively. CapBESS is the invested capacity of BESS, CBESS

refers to the unit investment cost set as 1200 RMB (around 171.43
USD)58 per kWh, and rBESS is a coefficient considering annual discount
set as 0.13. Cpenalty is the penalty coefficient set as 100.

This study assumes that all CUs have sufficient bidirectional
chargers to support all possible V2G activities. However, the for-
mulation supports the cases where bidirectional chargers are not fully

available and the affected vehicles can only perform scheduled char-
ging, as illustrated in Eqs. (10)–(13).

From the P-PEV stay segments of a CU, the hourly stay con-
currency is computed as Eq. (10):

nstay
t =

X
i2I

1ft 2 T stay
i g,8t 2 T ð10Þ

The peak stay concurrency in the CU over T is given as Eq. (11):

Mstay = max
t2T

nstay
t ð11Þ

The peak concurrency is then mapped into the CU-level upper
bound of simultaneously available V2G slots, as Eq. (12):

NV2G = ρinfraMstay
j k

ð12Þ

where ρinfra 2 ½0, 1� is the assumed share of parking positions equipped
with bidirectional chargers. Subsequently, stay segments are selected
as V2G-eligible by random assignment, while enforcing Eq. (13):

X
i2IV2G

1ft 2 T stay
i g≤NV2G, 8t 2 T ð13Þ

Equation (13) yields two disjoint sets, namely IV2G (V2G-valid
segments) and Isch (scheduled-charging-only segments). Another set
Idc denotes the P-PEVs that reject the given subsidy andoperate under
disordered charging. The three sets satisfy I=IV2G ∪Isch ∪Idc.

The constraints of P-PEVs belonging to the set IV2G are given as
Eqs. (14)–(22):

if t 2 T stay
i :

0≤Pch
i, t ≤ �Pi ð14Þ

0≤Pdis
i, t ≤ �Pi ð15Þ

if t=2T stay
i :

Pch
i, t =0 ð16Þ

Pdis
i, t =0 ð17Þ

�Ei � Si ≤ Ei, t ≤ �Ei � �Si ð18Þ

Ei, t + 1 = Ei, t + P
ch
i, t � ηEV � Pdis

i, t =η
EV ð19Þ

Ei, tarr = �Ei � Si, tarr ð20Þ

Ei, tdep ≥ E
need
i, tdep ð21Þ

X
i2I

X
t2T

Pch
i, t � ηEV ≥

X
i2I

X
t2T

Pdis
i, t =η

EV ð22Þ

For P-PEVs belonging to the set Isch, Eq. (15) turns to
Pdis
i, t =0, i 2 Isch, t 2 T . For P-PEVs belonging to the set Idc, their

charging profiles are preprocessed rather than being determined
through optimization. The main experiments conducted in this study
uses ρinfra = 1, thus Isch becomes an empty set.

Following the settings of Li et al.17, it is assumed that all stays may
be scheduled by V2G as shown in Eqs. (14), (15), where Pch

i, t ,P
dis
i, t refer to

the charging and discharging power of P-PEVs and �Pi is the maximum
(dis)charging power. Traveling P-PEVs will not be scheduled as
described in Eqs. (16), (17). Ei, t refers to the energy of P-PEV i at time t,
constrained by Eq. (18), where �Ei is the maximum capacity and Si, Si
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represent the lower bound and the upper bound of the state of charge
(SOC), respectively. Equation (19) describes the energy transition
process of P-PEV i, where the efficiency ηEV is set as 0.9. Notably, since
CostV2G only applies to Pdis

i, t , Eq. (19) can be relaxed to a linear format
without binary variables62–64. Equation (20) denotes the initial SOC
Si, tarr at the arrival time tarr. Equation (21) defines the minimum
departure energy as Eneed

i, tdep , which supports the user to travel either for
the next 24h or to the next charging session17. Equation (22) requires a
power balance of all P-PEVs ever visiting a specific CU. It ensures that
every CU keeps the collective energy of P-PEVs relatively stable,
regardless of their activities at other CUs. �Ei, �Pi of different P-PEV
models are given in Supplementary Table 4417.

The constraints of SC are given as Eqs. (23)–(25):

PSC
t ≤PSC

t ≤ �P
SC
t ð23Þ

ΔPSC
t ≥PSC

t � PSC, base
t ð24Þ

ΔPSC
t ≥PSC, base

t � PSC
t ð25Þ

PSC
t is the SC load of a CU aggregated from the buildings within. To

ensure thermal comfort of CUs, the SC load is limited between PSC
t and

�P
SC
t . The thresholds are determined following Eqs. (2)–(8), setting the

setpoint as Tset + 1 and T set, respectively. The default setpoints Tset for
different categories of buildings are listed in Supplementary Table 43.
Equations (24), (25) give the linearized format of load deviation ΔPSC

t .
PSC, base
t is the base load set identical to �P

SC
t . In winter, PSC

t and PSC, base
t

are set as 0.
The constraints of BESS are given as Eqs. (26)–(31):

CapBESS ≤ 50 � Nbd ð26Þ

PBESS, ch
t ≤ �Crate � CapBESS � zBESSt ð27Þ

PBESS, dis
t ≤ �Crate � CapBESS � ð1� zBESSt Þ ð28Þ

EBESS
t + 1 = EBESS

t + PBESS, ch
t � ηBESS � PBESS, dis

t =ηBESS ð29Þ

EBESS
0 = EBESS

T�1 = 0:5 � CapBESS ð30Þ

EBESS
t ≤CapBESS ð31Þ

Equation (26) limits the maximum BESS capacity of a building as
50 kWh. Equations (27), (28) define the range of (dis)charging power,
where �Crate � CapBESS refers to the maximum (dis)charging power of
BESS correlated to the invested capacity CapBESS with �Crate set as 0.2,
and zBESSt is the binary variable. Equation (29) describes the energy
transition process of BESS, with the efficiency ηBESS set as 0.953
according to Ref. 59. Equation (30) requires the initial and final energy
levels of the BESS remain identical.

The power flows within a CU are defined as Eqs. (32)–(38):

PRPV, EV
t +PRPV, SC

t + PRPV,UC
t +PRPV,Grid

t + PRPV, BESS
t + PRPV, curtail

t =PRPV
t

ð32Þ

PRPV, SC
t +PEV, SC

t +PGrid, SC
t + PBESS, SC

t =PSC
t ð33Þ

PRPV,UC
t + PEV,UC

t + PGrid, UC
t +PBESS, UC

t =PUC
t ð34Þ

PEV, SC
t +PEV, UC

t +PEV, Grid
t + PEV, BESS

t =
X

i2IV2G

Pdis
i, t ð35Þ

PRPV, EV
t +PGrid, EV

t +PBESS, EV
t =

X
i2ðIV2G ∪Isch ∪IdcÞP

ch
i, t ð36Þ

PBESS, SC
t +PBESS,UC

t +PBESS, EV
t + PBESS,Grid

t =PBESS, dis
t ð37Þ

PGrid, BESS
t +PRPV, BESS

t +PEV, BESS
t =PBESS, ch

t ð38Þ

Equations (32), (33), (34), (35), (36), (37), (38) define the power
flows of RPV, SC, uncontrollable devices (UC), P-PEVs and BESS,
respectively.

The constraints of grid interaction are given as Eqs. (39)–(43):

Pbuy
t =PGrid, EV

t +PGrid, SC
t +PGrid, UC

t + PGrid, BESS
t ð39Þ

Psell
t = PEV,Grid

t +PRPV,Grid
t + PBESS,Grid

t ð40Þ

Pbuy
t � Psell

t ≥ � �P
peak ð41Þ

ðPbuy
t � Psell

t Þ � ðδ +
t � δ�

t Þ=Ptarget
t ð42Þ

X
t2T

δ +
t ≤V slack ð43Þ

Equations (39), (40) define the imported load and the exported
load of a CU, respectively. Equation (41) requires that the maximum
feed-in power of a CU should not exceed its BAU load peak16. Equation
(42) describes the deviation between the net load Pbuy

t � Psell
t and the

allocated task Ptarget
t , where δ +

t ,δ
�
t denote the upward and downward

deviation, respectively. δ +
t represents the AOS generatedwhen the net

load exceeds Ptarget
t , and δ�

t represents the AOC generated conversely.
Since AOS is related to the carbon emission, this study uses Eq. (43) to
link δ +

t with the term CostPenalty in Eq. (9). All decision variables are
non-negative. Ptarget

t is the allocated generation-demand mismatch for
a single CU indexed with cu, given as Eq. (44):

Ptarget
t = λcu � PGen

t � PCons
t +

X
bd

Pbd
t

 !
ð44Þ

where PGen
t and PCons

t are the generation and consumption load of the
city, and

P
bd Pbd

t is the aggregated load of all considered buildings in
the city. Two allocation methods are designed to determine λcu,
namely FQA and PBA, which will be introduced in the following sec-
tions. More details about computing the city-level generation-demand
mismatch are given in Supplementary Note 7.

FQA is designed to simulate a unified policy, allocating tasks for
each CU according to its weighted proportion of flexibility resources
(P-PEVs and BESS). λcu is given as Eq. (45):

λcu = λBESS �
Nbd, cuP
cu Nbd, cu

+ λEV � VisitEV, cuP
cu V isitEV, cu

ð45Þ

where Nbd, cu is the number of buildings in cu, and VisitEV, cu is the
number of P-PEV visits of cu. According to Eq. (26), Nbd, cu is
proportional to the maximum BESS capacity of cu. As shown in Fig. 3,
five FQA plans are compared, setting
λEV, λBESS
� �

= 0, 1ð Þ, 0:3, 0:7ð Þ, 0:5, 0:5ð Þ, 0:7, 0:3ð Þ, ð1, 0Þ, respectively.
PBA is designed to further uncover the potential of CUs which

have abundant flexibility resources, since the unified tasks given by

FQA may limit these CUs to operate all-out. An upper bound �λcu is

calculated such that the corresponding �P
target, cu

given by Eq. (44)
yields identical upward and downward deviation compared with the

BAU building load
P

bd P
bd, cu. Due to the load shifting nature of flex-

ibility resources, �P
target, cu

is appropriate for cu assuming that cu has
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sufficient resources. In practice,
P

cu
�λcu is larger than 1. The lower

bound is thus set as λcu =
�λcu*0:05. Each cuwill operatemultiple times k

with uniformly sampled weight λcu, k 2 ½λcu, �λcu� to obtain a collection

of choices fKcug= fðλcu, k ,V slack
cu, k Þg. This study utilizes dynamic pro-

gramming (DP) to derive an optimal decision such that
P

cu λ
*
cu, k = 1

and
P

cu V
*slack
cu, k reaches a minimum. It is assumed that all CUs must be

selected. Considering the computational costs, this study sets k ≤ 20

and the minimum step length of DP as 10�5. Details of the DP process
are introduced in Supplementary Note 8.

User participation mechanism
It is assumed that a single P-PEV user (or a building) requires a specific
subsidy to participate in V2G (or SC DR). The subsidy costs follow the
normal distribution17,33 as given in Eq. (46):

ξ i � Nðμc,δcÞ ð46Þ

Policy makers determine the subsidy level γSub to adjust the scale
of participation. A user (or building) indexed with i will accept to be
scheduled if Eq. (47)

ξ i ≤ γSub � μc ð47Þ

This study sets μV2G
c ,δV2G

c =0:15, 0:075 RMB (around 0.02, 0.01
USD) per kWh, and sets μSC

c , δSC
c =0:022, 0:011 RMB (around 0.003,

0.001 USD) per kWh. Subsidy level Sub= 1, 2, 3, 4 corresponds to
γSub =0:5, 1, 1:5, 2:α

cost for calculating CostV2G, CostSC in Eq. (9) is equal
to γSub � μc. For results given in Figs. 3, 4, 6, this study sets γSub = 2.

Carbon emission estimation
In this study, it is assumed that AOS is supplied by 70% of local gas
power and 30% of external power transmission. Referring to the study
of Jia et al.65, the carbon emission factors of the former under ZC30,
ZC50, ZC80 are set as 0.380, 0.367, 0.363 kg CO2 per kWh, and the
values of the latter are 0.338, 0.277, 0.200 kg CO2 per kWh.

Summary of model assumptions
This study assumes that all CUs participate in DSRM. Under ZC30,
ZC50 and ZC80, the respective shares of nuclear, PV and wind power
are assumed to be 10%, 10% and 10%; 18%, 22% and 10%; and 33%, 37%
and 10%. AOS is assumed to be supplied through gas power or external
power transmission, accounting for 70% and 30% of the shortage,
respectively. The general mobility patterns of P-PEVs are assumed to
remain consistent across seasons. The proportions of available RPV
area deployed with PV panels are assumed to be 30%, 50% and 80%
under the three corresponding zero-carbon penetration scenarios. For
each building, the SC load is determined by its thermal dynamics,
primarily indoor air temperature. Participation in V2G operation or SC
DR is assumed to require a user- or building-specific subsidy. For
participating P-PEVs, all stay segments are assumed to be available for
V2G scheduling, and each CU is assumed to have sufficient bidirec-
tional charging infrastructure to support all possible V2G activities.

Data requirements, computational burden, and transferability
From coarse to fine in terms of data granularity, the framework
requires city-level load profiles, solar radiation, temperature, geo-
graphic outlines of CUs, building energy consumption, deployable
rooftop PV areas, and P-PEV stay segments (arrival/departure times
and arrival stage of charge). Detailed dataset descriptions are provided
in subsection Datasets in Methods. For computational reference, on a
PC with an Intel i9-14900K CPU and 128 GB RAM using the Gurobi
solver with 8 parallel processes under subsidy level 4, solving an FQA
instance takes 3–4 h, while a PBA instance requires approximately 14 h.

For cities lacking granular data, simplified methods ensure
transferability. CU boundaries can be determined via public street
outlines and road networks. Building energy use can be estimated
through typical community archetypes instead of individual simula-
tions. RPV areas can be estimated via kilometer-level grid-based
extraction with assumed deployment ratios. If individual P-PEV tra-
jectories are unavailable, localized traffic densities can be estimated,
with arrival/departure times and arrival state of charge modeled using
probabilistic distributions aligned with community functionalities
(residential, commercial, office).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data generated in this study have been deposited at the CodeO-
cean repository here66. Source data for reproducing the figures are
available at Figshare repository here67. Source data are provided as a
Source Data file. Source data are provided with this paper.

Code availability
The Python scripts developed for data analysis have been deposited at
the CodeOcean repository here66.
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