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H I G H L I G H T S

• China TIMES 2.0 is extended to evaluate the SAEV system-wide effects.

• SAEVs can meet passenger mobility demand with far fewer vehicles.

• CN60-High cuts the passenger-LDV fleet by 80.5% by 2060.

• CN60-High reduces final energy use by 26.5% by 2060.

• SAEVs sharply reduce battery-metal demand and upstream emissions.

A R T I C L E  I N F O

Keywords:

Carbon neutrality

Transportation decarbonization

Shared autonomous electric vehicles

Material circularity

Integrated assessment modeling

A B S T R A C T

Electrification is central to decarbonizing passenger transport in China, but its system-level benefit is constrained 

if future mobility demand continues to be met by a large and underutilized private-vehicle fleet. This study 

uses the China TIMES 2.0 energy-system analysis model to assess shared autonomous electric vehicles (SAEVs) 

under two climate-policy pathways (NDC and CN60), with linked accounting for fleet turnover, material demand, 

recycling, and associated industrial emissions. Under CN60-High, the passenger light-duty vehicle (LDV) fleet is 

80.5% smaller and final energy use is 26.5% lower than in CN60-No by 2060. Under NDC-High, direct passenger-

LDV CO2 emissions are 80.4% lower than in NDC-No by 2060. By 2050 under CN60-High, gross demand for the 

four tracked critical battery metals is 77.6% lower than in CN60-No, while annual vehicle-material-production 

emissions are 23.9 Mt lower. Monte Carlo and rebound analyses show that material-demand results and the 

broader total-CO2 advantage become more robust once the transition advances, whereas final-energy outcomes 

are more sensitive to adverse SAEV operating assumptions and induced demand. The results indicate that the 

system-level benefit of SAEV deployment arises not only from cleaner vehicle operation, but also from meeting 

passenger mobility demand with fewer vehicles, lower battery deployment, and lower material throughput.

1 . Introduction

1.1 . General context and problem motivation

Addressing climate change in line with the Paris Agreement requires 

far-reaching transformation of energy systems worldwide. China has 

adopted ambitious national climate goals: peaking CO2 emissions be­

fore 2030 and achieving carbon neutrality by 2060. Meeting these goals 

will require broad restructuring across the national energy system.

Within this transition, the transport sector is a major focus. It ac­

counts for around one-tenth of China’s CO2 emissions and a substantial 

share of final energy demand [1,2], making it a major challenge for 

deep decarbonization. Both heavy-duty freight and passenger road mo­

bility matter in this regard, but this study focuses on passenger light-duty 

vehicles (LDVs) because shared autonomous electric vehicle (SAEV) 

deployment directly targets passenger mobility services, where low av­

erage utilization, extensive idle time, and a large privately owned fleet 

create considerable scope for service consolidation through sharing. By 

contrast, heavy-duty freight vehicles typically operate at higher uti­

lization, with longer annual mileage, payload-constrained logistics, and 

route-specific dispatch requirements. The passenger-style sharing mech­

anism examined here is therefore less directly transferable to heavy-duty 

freight.
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Table 1 

Overview of representative SAEV-related studies.

Year Study Focus Scope Methodology Long Term Integrated Modeling Whole System Material Circularity

2018 Transport-grid link Japan Modeling × ✓ × ×
2018 VKT & trip duration impacts Germany Modeling × × × ×
2019 Climate change mitigation USA Optimization ✓ ✓ ✓ ×
2020 Services & impacts review Global Review × ✓ ✓ ×
2021 AEV diffusion & urban impacts China Review × ✓ ✓ ×
2021 Air quality & health impacts USA Modeling ✓ ✓ × ×
2022 Emissions & air pollution USA Modeling ✓ ✓ ✓ ×
2022 Fleet emission benefits USA Modeling × ✓ ✓ ×
2022 Shared mobility study China Analysis × × × ×
2022 Energy & GHG implications Canada Optimization × ✓ × ×
2023 Environmental impacts USA Analysis ✓ × × ✓

2023 Environmental impacts China Modeling × ✓ ✓ ×
2023 AV adoption in mobility USA Optimization × ✓ ✓ ×
2023 Mobility demand modeling Global Review × × × ×
2024 Shared mobility China Analysis ✓ ✓ × ×
2024 Power-transport nexus Global Review × ✓ ✓ ×
2025 SAEV inter-city system China Optimization × ✓ ✓ ×
2025 Vehicle-to-grid (V2G) integration Asian Optimization × ✓ ✓ ×

Representative studies, in row order, correspond to Refs. [11,13,18,25,32–45].

Achieving deep emissions reductions in passenger transport is there­

fore important for meeting China’s broader carbon-neutrality goals. 

The pace and scale of decarbonization in this area will influence the 

feasibility and trajectory of the national transition.

1.2 . Existing research and remaining limitations

Vehicle electrification has emerged as the dominant strategy for 

reducing transport emissions, both globally and in China. Replacing 

conventional internal-combustion vehicles with electric drivetrains can 

reduce direct tailpipe emissions and dependence on petroleum, and 

China has consequently become a global leader in EV adoption. Recent 

pathway studies for China and other deep-decarbonization contexts 

nonetheless show that electrification is indispensable but not sufficient 

on its own unless it is coordinated with broader demand-side changes, 

infrastructure provision, and power-sector transition [1–4].

However, a simple one-for-one replacement of private internal com­

bustion engine vehicles with private electric vehicles (PEVs) also has 

limitations. Achieving carbon-neutrality targets through this route alone 

could require large EV fleet expansion, potentially stretching infrastruc­

ture capacity and deployment rates. The climate benefit of electrification 

also depends heavily on the pace and depth of power-sector decar­

bonization; with a carbon-intensive grid, part of the emissions burden 

is shifted upstream rather than eliminated [5,6]. In addition, rapid EV 

scale-up raises concerns over the supply security, geopolitical concen­

tration, and environmental footprint of critical battery materials such as 

lithium, cobalt, and nickel [7–9]. The conventional private-ownership 

model also leaves key structural inefficiencies largely unchanged, in­

cluding low average vehicle utilization and extensive land requirements 

for parking.

These limitations suggest that technological substitution, while es­

sential, should be complemented by strategies that improve transport-

system efficiency and reshape mobility demand patterns [10,11]. Large-

scale EV transitions not only depend on power-sector decarbonization, 

but also shift pressure upstream to vehicle manufacturing and mate­

rial supply chains. Meeting mobility demand through large privately 

owned fleets requires not only critical battery minerals such as lithium, 

cobalt, nickel, and manganese, but also large volumes of vehicle ma­

terials including steel, aluminum, copper, and glass. It also increases 

battery-manufacturing emissions, whose magnitude depends on both 

electricity decarbonization and the chemistry mix adopted over time, 

since lithium-ion chemistries such as nickel-cobalt-manganese (NCM), 

nickel-cobalt-aluminum (NCA), and lithium iron phosphate (LFP) differ 

in material composition and manufacturing emission intensity [7,8,12]. 

The interaction between fleet scale and per-vehicle material require­

ments is therefore important but still insufficiently understood. This 

motivates examining shared-mobility configurations that can provide 

the same service with lower energy and material requirements. In this 

context, SAEVs combine automation, electrification, and shared use 

and may improve system efficiency by raising vehicle utilization and 

reducing fleet requirements.

In this context, SAEVs have received growing attention as a form of 

shared mobility (see Table 1 for a comparative summary). Existing stud­

ies and reviews have examined several relevant dimensions, including 

fleet-replacement effects, operating costs, charging coordination, and 

environmental performance [13,14]. Representative work has quanti­

fied multi-vehicle replacement effects under shared autonomous service 

and evaluated the environmental implications of automated and shared 

mobility [15–18]. More recent operational studies have also extended 

this discussion to the transport–power interface: Ji et al. examined 

urban-scale rooftop-photovoltaic charging of electric vehicles, while Tu 

et al. analyzed photovoltaic-aware scheduling for shared autonomous 

ride-hailing fleets in intelligent microgrids [19,20]. Other studies and 

reviews have further clarified enabling conditions such as fleet man­

agement, ride pooling, smart charging, and grid integration, but they 

remain primarily focused on subsystem-level or near-term operational 

questions [11,21–23].

The literature nevertheless remains fragmented: many studies still 

address isolated subsystems, prevailing methods are better suited to 

short-run or local analysis than to multi-decadal national pathways, de­

tailed China-specific evidence remains limited, and few studies connect 

SAEV fleet turnover to long-run battery-metal demand, vehicle-material 

requirements, recycling, and power-sector decarbonization within one 

consistent national assessment [9,24–31].

1.3 . Research gaps and study objective

The literature above leaves four interconnected gaps that impede 

a comprehensive understanding of SAEV deployment within national 

decarbonization strategies:

1. Limited integrated system assessment: Existing studies still 

rarely evaluate SAEVs within a single framework that links trans­

port activity, energy supply, industrial production, and climate 

outcomes.

2. Limited long-term pathway representation: Prevailing micro-

simulation and static assessment approaches cannot repre­

sent multi-decadal interactions between SAEV deployment, 
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energy-system evolution, and climate-policy constraints at the 

national scale.

3. Insufficient China-specific analysis: Most detailed SAEV assess­

ments are grounded in North American or European settings and 

do not fully reflect China’s mobility market, policy environment, 

and power-sector transition.

4. Limited integration of materials and recycling: Few prior 

studies systematically link SAEV fleet dynamics to critical bat­

tery metal demand, vehicle-material requirements, recycling, and 

induced-demand uncertainty within a national energy-system 

analysis.

To address these gaps, this study develops a China-specific assess­

ment of SAEV deployment within the China TIMES 2.0 model. SAEVs are 

represented as passenger-LDV technology options with service-specific 

cost and operating assumptions, allowing the model to determine 

their implications for fleet size, energy use, and emissions within the 

2020–2060 model horizon.

The analysis combines this transport representation with scenario-

consistent material, recycling, and manufacturing-emission accounting, 

and evaluates three SAEV deployment cases—No-SAEV, Low-SAEV, and 

High-SAEV—under the NDC and CN60 climate-policy pathways. Monte 

Carlo analysis (MCA) is used to test uncertainty in key SAEV operating 

assumptions, while rebound effect stress testing is used to examine the 

induced-travel risk associated with SAEV deployment. Together, these 

elements allow us to assess how SAEV deployment reshapes transport 

energy use, vehicle stock requirements, industrial production needs, 

critical battery metal demand, and climate outcomes in China.

1.4 . Study design

The remainder of this paper is structured as follows. Section 2 

presents the research methodology, including model enhancements and 

scenario design. Section 3 presents the main research results across the 

assessed dimensions. Section 4 discusses the findings and their policy 

implications. Finally, Section 5 concludes the paper.

2 . Methodology

Fig. 1 summarizes the linked analysis used in this study. SAEV 

representation, transport energy use, material requirements, recycling 

assumptions, and associated industrial-emission implications are eval­

uated under shared scenario assumptions. The input data include so­

cioeconomic drivers, a detailed techno-economic database, resource 

potential assessments, and energy service demand forecasts. Scenario 

assumptions specify climate-policy targets, SAEV deployment pathways, 

and recycling conditions. The overall analysis additionally incorporates 

uncertainty quantification through LHS and Monte Carlo simulations.

2.1 . The China TIMES 2.0 energy-system analysis model

The analytical foundation of this research is the China TIMES 2.0 

model, built on The Integrated MARKAL-EFOM System (TIMES) frame­

work [46] and extended in prior China-focused transition analysis [47]. 

The model solves for the least-cost evolution of technologies and com­

modity flows over 2020–2060 with a real discount rate of 5%. In this 

study, China TIMES 2.0 is solved with annual resolution through 2025 

and at five-year intervals from 2030 onward. Within the transport sec­

tor, passenger-service demands are represented by service categories 

that can be met by multiple competing modes and technologies, allow­

ing the model to capture both substitution across passenger modes and 

competition within the same mode. For example, private cars, buses, 

and rail-based passenger modes can compete to meet different travel 

demands under one consistent optimization framework. For this study, 

the model explicitly represents passenger and freight transport, multiple 

road-transport powertrains, electricity and hydrogen supply, and indus­

trial material production, thereby providing the broader system context 

needed to evaluate SAEV deployment within the national transition.

2.2 . SAEV representation in the transport sector

To assess the system-level implications of SAEV deployment, SAEVs 

are represented in the transport sector of the China TIMES 2.0 model as 

distinct passenger-LDV technologies competing for passenger-kilometer 

(pkm) demand. In the Low-SAEV and High-SAEV scenarios, passenger-

LDV road-travel demand is further adjusted by a literature-informed 

rebound term linked to the scenario-specific SAEV service-share up­

per bound (Section 2.6); the No-SAEV scenarios retain the unadjusted 

base-demand trajectory.

Central to the methodology is the characterization of SAEVs using 

the parameters summarized in Table 2. Relative to PEVs, the SAEV as­

sumptions reflect much greater annual mileage, shorter effective lifetime 

Fig. 1. Integrated analytical structure used in this study, linking SAEV representation, transport energy use, material-demand tracking, recycling, and industrial-

emission implications within the China Times 2.0 model.
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Table 2 

Key operating parameters and reference cost levels for PEVs and SAEVs, with 

literature-informed ranges.

Parameter Unit PEV SAEV SAEV range Source

Reference investment cost kUSD/veh. 20.6 55.9 52.9–58.8 [17,48]

Annual mileage km/yr 15k 110k 100k–150k [49,50]

Operational lifetime yr 9 5 4–5 [50]

Energy efficiency kWh/100 km 15 15 12–18 [37,51]

Empty mileage rate % ∼0 45 → 20 35–50 → 15–25 [52,53]

Vehicle occupancy pax/trip 1.4 2.2 1.6–2.6 [54,55]

Replacement ratio — — 1 : 9 1:8–10 [14,15]

under high utilization, non-zero empty mileage, and higher passenger 

occupancy. Table 2 also reports a reference SAEV investment-cost level, 

while the scenario-specific cost trajectories used to distinguish the Low-

SAEV and High-SAEV pathways are reported in Table 3. The broader 

literature-informed ranges document empirical support and define the 

parameter ranges used in the MCA. Supporting details are summarized 

in the Supplementary Information.

Across the six deterministic scenarios, the operating and service 

parameters in Table 2 are held fixed. The Low-SAEV and High-SAEV sce­

narios are differentiated through the scenario-specific maximum SAEV 

passenger-kilometer shares reported in Table 3, the corresponding SAEV 

investment-cost trajectories, and the central rebound adjustment applied 

to passenger-LDV road-travel demand.

Available Chinese operating evidence provides empirical plausibil­

ity support for these parameter choices. Earlier Beijing-based evidence 

on shared transport provides a reference for whether the utilization and 

service assumptions employed here are broadly consistent with Chinese 

megacity conditions [27]. More recent official evidence from Wuhan re­

ports about 732,000 autonomous-travel service orders, around 900,000 

passenger trips, nearly 500 routinely operating autonomous vehicles, 

and more than 3378 km of open test roads [56], indicating that pub­

lic robotaxi deployment in China has already moved beyond isolated 

testing while still remaining closer to an early-stage, relatively low-

occupancy service model than to mature high-pooling operation. Early 

operator disclosures from Shenzhen likewise suggest vehicle activity lev­

els materially above those of privately owned cars. Taken together, these 

observations provide empirical support for the utilization and occupancy 

ranges examined here, although they do not constitute direct validation 

of the modeled national pathways.

2.3 . Material demand representation

To capture the upstream material implications of alternative fleet 

pathways, the analysis tracks vehicle additions, battery capacity require­

ments, and material intensities for four critical battery metals and four 

major vehicle materials. The critical battery metals are lithium (Li), 

cobalt (Co), nickel (Ni), and manganese (Mn), while the vehicle-material 

accounting covers steel, aluminum, copper, and glass. These require­

ments are evaluated consistently with the scenario outcomes generated 

by China TIMES 2.0 for each modeled period.

The annual primary demand for each critical metal 𝑚 in year 𝑡 is 
calculated as: 

𝐷𝑚(𝑡) =
∑

𝑣∈𝑉
𝑁new,𝑣(𝑡) × 𝐶𝑣(𝑡) × MI𝑚,𝑣(𝑡) (1)

where 𝑁new,𝑣(𝑡) is the number of new vehicles of type 𝑣 in year 𝑡, 𝐶𝑣(𝑡)
is the average battery capacity per vehicle (in kWh), and MI𝑚,𝑣(𝑡) is 

the metal intensity coefficient (in kg/kWh) for metal 𝑚 implied by the 

battery chemistry assigned to vehicle type 𝑣 in year 𝑡.
The battery metal-intensity coefficients follow the battery chemistry 

and life-cycle literature summarized in the Supplementary Information 

[12,29]. These coefficients are fixed by battery chemistry; variation 

over time arises from the assumed battery-chemistry mix and battery-

capacity trajectory. The representative battery-capacity trajectory and 

the supporting battery metal-content assumptions are reported in 

Tables S10 and S11 of the Supplementary Information.

For major vehicle materials—steel, aluminum, copper, and glass—

the analysis similarly tracks annual material demand using time-varying 

per-vehicle material intensity factors (in tonnes/vehicle). These coef­

ficients evolve by model year to reflect lightweighting and broader 

vehicle-design changes. The corresponding vehicle-material intensity 

assumptions are reported in Table S9 of the Supplementary Information.

The associated upstream industrial CO2 implications are evaluated 

using the material-production requirements and industrial emission 

conditions represented under each scenario. The corresponding vehicle-

material and battery requirements are linked to those pathway-specific 

conditions period by period. The resulting upstream industrial results 

therefore reflect both changes in physical production requirements and 

differences in industrial decarbonization across the alternative SAEV and 

climate-policy scenarios.

2.4 . Battery recycling representation

To assess the extent to which end-of-life batteries can offset primary 

material requirements, the analysis tracks the temporal availability of 

retired batteries and the quantity of secondary metals recoverable under 

different recycling assumptions.

The net primary demand for metal 𝑚 in year 𝑡 is computed as: 

𝐷net,𝑚(𝑡) = 𝐷𝑚(𝑡) −
∑

𝑣∈𝑉
𝑁ret,𝑣(𝑡) × 𝐶𝑣(𝑡0) × MI𝑚,𝑣(𝑡0) × RR𝑚 (2)

where 𝑁ret,𝑣(𝑡) is the number of retired vehicles of type 𝑣 in year 𝑡, 𝑡0 is 
the vehicle-addition year, and RR𝑚 is the effective recovery parameter 

for metal 𝑚, reflecting the scenario-level battery-recycling rate together 

with the metal-specific recovery efficiency.

Three battery-recycling rates are examined: Low (30%), Medium 

(60%), and High (90%), representing the share of end-of-life batter­

ies entering recycling. Conditional on recycling, metal-specific recovery 

efficiencies vary by metal and over time; the corresponding assump­

tions are reported in Table S13 of the Supplementary Information. For 

post-2030 five-year milestone periods, vehicle additions are annualized 

Table 3 

Scenario definitions for climate-policy pathways, SAEV deployment bounds, and representative SAEV cost trajectories.

Parameter NDC-No NDC-Low NDC-High CN60-No CN60-Low CN60-High

CO2 constraint Peak ∼2030, decline to ∼5.4 Gt by 2060 Net-zero by 2060

Maximum SAEV pkm share (2030) 0% 5% 12% 0% 5% 12%

Maximum SAEV pkm share (2040) 0% 12% 30% 0% 12% 30%

Maximum SAEV pkm share (2050) 0% 18% 45% 0% 18% 45%

Maximum SAEV pkm share (2060) 0% 20% 50% 0% 20% 50%

Representative SAEV investment cost (2030, kUSD/veh.) — 55.9 55.9 — 55.9 55.9

Representative SAEV investment cost (2040, kUSD/veh.) — 55.4 45.3 — 55.4 45.3

Representative SAEV investment cost (2050, kUSD/veh.) — 49.2 36.4 — 49.2 36.4

Representative SAEV investment cost (2060, kUSD/veh.) — 41.1 27.4 — 41.1 27.4
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across the represented interval when deriving retired-battery availability 

for the net-demand calculation.

The assumed battery chemistry composition evolves over the study 

horizon following a China-oriented pathway anchored in observed 

2023 passenger-vehicle battery deployment and the S2-B1 chemistry-

mix trajectory in the Automotive Material Tracker database, with 

LFP remaining dominant while higher-nickel chemistries continue to 

serve a smaller share of longer-range applications [57–59]. The de­

tailed chemistry-share assumptions are reported in Table S12 of the 

Supplementary Information.

2.5 . Scenario design

This study evaluates future SAEV pathways along two dimensions: 

climate-policy stringency and the pace of SAEV deployment, as summa­

rized in Table 3.

The NDC pathway represents the current-policy transition pathway 

in this study, with national CO2 emissions peaking around 2030 and de­

clining thereafter to about 5.4 Gt by 2060. The CN60 pathway represents 

a deeper decarbonization trajectory with a net-zero CO2 limit by 2060 

and a cumulative carbon budget constraint. Both pathways share the 

same base passenger-transport demand trajectory so that climate-policy 

stringency is compared against a common socio-economic basis. The re­

alized passenger-LDV road-travel demand can differ in the SAEV Low 

and High pathways because a scenario-specific central rebound adjust­

ment is applied to passenger-LDV road-travel demand, whereas No-SAEV 

retains the unadjusted demand series.

Within each climate-policy context, three SAEV deployment path­

ways are explored: No-SAEV (no SAEV deployment), Low-SAEV (grad­

ual adoption), and High-SAEV (rapid, widespread uptake). By combin­

ing these two dimensions, six deterministic scenarios are constructed: 

NDC-No, NDC-Low, NDC-High, CN60-No, CN60-Low, and CN60-High.

These SAEV passenger-kilometer shares are implemented as scenario-

specific upper bounds on the passenger-LDV service provided by SAEVs. 

The upper bounds represent differentiated deployment conditions under 

differing degrees of technology maturity, policy support, infrastructure 

readiness, and market acceptance. In parallel, the Low and High path­

ways use different SAEV investment-cost trajectories to represent slower 

versus faster capital-cost decline. Table 2 reports the corresponding ref­

erence cost level, whereas Table 3 reports the representative trajectory 

used to distinguish these pathways over time. Because SAEVs operate 

at much higher annual mileage and occupancy than privately owned 

vehicles, these service-share bounds do not imply the same share of 

the physical vehicle stock. Even when SAEVs provide a large share of 

passenger-LDV service, a substantial privately owned vehicle stock can 

still remain in coexistence.

2.6 . Rebound scenario design

A potential consequence of the increased convenience and reduced 

per-trip cost associated with SAEV services is induced travel demand 

(the “rebound effect”), whereby individuals travel more frequently or 

over longer distances than they would under private vehicle owner­

ship. Existing studies of automated and shared mobility indicate that 

this effect is directionally important but highly uncertain: published re­

views generally find additional travel demand when generalized travel 

cost falls, although the magnitude varies widely with assumptions about 

sharing, pooling, service price, and access for currently underserved user 

groups [51,60,61]. In the deterministic SAEV Low and High pathways, 

we therefore include a literature-informed central rebound adjustment 

linked to the scenario-specific maximum SAEV passenger-kilometer 

share: 

𝐷adj
𝑡 = 𝐷base

𝑡 ×
(

1 + 𝛼𝑠𝑡
)

, (3)

where 𝐷base
𝑡  is the base passenger-LDV road-travel demand, 𝑠𝑡 is the 

scenario-specific maximum SAEV passenger-kilometer share in year 𝑡, 
and 𝛼 is a proportional rebound coefficient. Following the empirical 

10–20% moderate rebound band reported in the literature, we set

𝛼 = 0.30 so that the resulting demand uplift under the High pathway 

reaches approximately 15% by 2060, within that empirical range.

The rebound treatment has three layers: a deterministic baseline 

rebound embedded in the Low-SAEV and High-SAEV pathways, an ad­

ditional rebound-uncertainty layer sampled in the MCA, and a separate 

deterministic stress-test envelope used to examine extreme induced-

demand shocks. The additional rebound increment is sampled around 

the deterministic baseline case, and the stress-test increments are ap­

plied to that same baseline case. The main text focuses on CN60-High 

stress-test scenarios in which passenger-LDV road-travel demand is 

increased by an additional + 10% to + 200% relative to the cor­

responding deterministic SAEV case that already includes the central 

baseline rebound adjustment, with the stress-test increment applied mul­

tiplicatively to that adjusted demand path; these cases are denoted as 

RB10 to RB200 in the figures and discussion. Within this range, the 

higher rebound cases are used to identify when the SAEV energy ad­

vantage is exhausted and whether the corresponding operational and 

total CO2 benefits are similarly reduced. Each rebound case is imple­

mented as a modified passenger-LDV demand case and re-solved within 

the model. The CN60 rebound results are reported in the main text, 

while the corresponding NDC summary is reported in Figure S1 of 

the Supplementary Information. In this study, operational CO2 includes 

direct tailpipe and power-side emissions, whereas total CO2 further in­

cludes production-phase contributions from vehicle-material production 

and battery manufacturing.

The rebound adjustment is phased in from 2030 onward in line with 

the timing of meaningful SAEV deployment. Comparison against the cor­

responding CN60-No reference and CN60-High then shows how induced 

demand reduces the energy, operational CO2, and total CO2 benefits of 

SAEV deployment under a deep-decarbonization pathway.

2.7 . Data and key assumptions

The analysis is based on sectoral energy-service demands and techno-

economic inputs specified in China TIMES 2.0. In the transport sector, 

passenger- and freight-service demands are projected using established 

demand-forecasting methods driven by GDP, population, urbanization, 

and time-varying demand elasticities. For the transport-demand compo­

nents most relevant to this study, the resulting pkm and tonne-kilometer 

assumptions were benchmarked against recent transport-demand and 

transport-decarbonization literature [62,63]. The detailed passenger-

demand assumptions are reported in the Supplementary Information 

(Tables S3 and S4).

Techno-economic parameters for conventional energy-supply, con­

version, and end-use technologies are specified in China TIMES 2.0 and 

calibrated against national energy statistics and sectoral activity data. 

The SAEV-specific parameters reported in Table 2 were compiled from 

recent academic literature and available SAEV deployment evidence, 

with the corresponding assumptions summarized in the Supplementary 

Information.

3 . Results

This section presents the main results on passenger-LDV fleet tran­

sition, energy use, emissions, critical material demand, and broader 

climate implications.

3.1 . National energy and emission pathways

Fig. 2 compares the evolution of China’s primary energy supply and 

the corresponding CO2 emission pathways under the two climate-policy 

reference pathways (NDC and CN60). Under the NDC pathway, the en­

ergy system follows a gradual decarbonization transition. By 2060, the 

total share of non-fossil energy sources in the primary energy supply 

is projected to exceed 50%. Coal’s share declines from approximately 

60.4% in 2020 to approximately 27.3% by 2060, while the combined 

share of renewable energy sources rises from approximately 9.7% to 
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Fig. 2. Primary energy supply and CO2 emission pathways under the NDC and CN60 climate-policy reference pathways (2020–2060).

approximately 48.4%. CO2 emissions are projected to peak around 2030 

and then decline to an estimated 5.4 Gt by 2060.

By contrast, the CN60 pathway represents a much deeper decar­

bonization transition. By 2060, coal accounts for about 11.9% of primary 

energy supply, while non-fossil energy sources rise to approximately 

75.8%. Negative-emission technologies, especially bioenergy with car­

bon capture and storage (BECCS), become increasingly important in the 

later stages of the transition. Under CN60, emissions decline much more 

rapidly after 2030 and reach net-zero by 2060. Detailed data underly­

ing the NDC and CN60 pathways are reported in Tables S5 and S6 of the 

Supplementary Information.

These contrasting system contexts shape the interpretation of the 

SAEV results reported below. The same SAEV deployment shift is eval­

uated against a less deeply decarbonized energy system under NDC and 

a more deeply decarbonized system under CN60, leading to different 

energy and emissions outcomes across the two pathways.

3.2 . Fleet transition and operational outcomes

SAEV deployment changes not only the powertrain mix but also 

the scale of the passenger-LDV fleet. In the No-SAEV scenarios, rising 

incomes and continued mobility growth keep the fleet on an expansion­

ary path through mid-century, while the powertrain mix shifts steadily 

away from liquid-fuel vehicles. Under High-SAEV deployment, the fleet 

contracts sharply despite the rebound-induced increase in passenger 

travel demand, because higher utilization reduces the number of vehi­

cles needed to provide that mobility service. By 2060, total fleet stock 

falls from about 446.4 to 104.3 million vehicles in NDC-High and to 

87.1 million in CN60-High, corresponding to reductions of about 76.6% 

and 80.5%, respectively, relative to the corresponding No-SAEV cases. 

No-SAEV decarbonization is therefore driven mainly by powertrain sub­

stitution, whereas High-SAEV combines powertrain change with a much 

smaller fleet.

These fleet changes are mirrored in final energy use, but not in 

electricity demand alone (Fig. 3b). By 2060, total LDV final energy con­

sumption falls from 4464.3 to 2307.0 PJ in NDC and from 3108.0 to 

2283.4 PJ in CN60 under High-SAEV deployment, equivalent to reduc­

tions of 48.3% and 26.5%, respectively. Electricity demand, however, 

first rises and then falls as the balance shifts from faster electrification to 

fleet contraction. In 2040, passenger-LDV electricity demand increases 

from 1207.9 to 1592.1 PJ in NDC and from 1371.2 to 1652.9 PJ in 

CN60 under High-SAEV, whereas by 2050–2060 CN60-High electricity 

demand is about 31% lower than CN60-No.

Operational emissions show a similarly differentiated pattern across 

pathways. Under NDC, direct passenger-LDV CO2 emissions fall from 

166.0 Mt in NDC-No to 32.6 Mt in NDC-High by 2060, a reduction of 

about 80.4%. Under CN60, the more informative contrast lies in oper­

ational CO2 rather than tailpipe emissions alone. By 2040, CN60-High 

still lowers operational CO2 substantially (247.2 vs. 383.8 Mt), but this 

gap narrows sharply by 2050 (46.4 vs. 49.6 Mt) and reverses slightly 

by 2060 (−3.8 vs. −19.6 Mt), as the power sector approaches very low 

or net-negative carbon intensity. Under deep decarbonization, opera­

tional metrics therefore become increasingly compressed and cannot by 

themselves capture the full system value of SAEV deployment.

3.3 . Material demand and upstream industrial emissions

The large-scale electrification of passenger transport drives a large 

demand for critical battery metals (Fig. 4). In the No-SAEV scenar­

ios, annual demand for lithium, cobalt, nickel, and manganese all rises 

strongly toward mid-century, illustrating the substantial material re­

quirements of a passenger-LDV transition dominated by private EV

replacement.

The deployment of SAEVs reduces this demand (Fig. 4a). Under the 

CN60 pathway, gross annual demand for the four tracked battery metals 

falls from about 1.13 Mt in CN60-No to about 0.25 Mt in CN60-High by 

2050, a reduction of about 77.6%. Under the adopted chemistry path­

way, the remaining gross demand is concentrated in lithium and nickel 

(about 98 and 110 kt in 2050), while cobalt and manganese fall to much 

smaller levels (about 23 and 22 kt). SAEV deployment therefore eases 

mid-century battery-metal pressure primarily through lower fleet and 

battery requirements, while the chemistry pathway shapes which metals 

remain most exposed.

When combined with battery recycling (Fig. 4b), these benefits are 

amplified, but the net-primary-demand pattern becomes more metal-

specific. Under CN60-High with 90% recycling, net primary demand 

falls by 2050 to about 39 kt Li, 7 kt Co, 34 kt Ni, and 7 kt Mn, compared 

with about 109, 11, 53, and 11 kt under CN60-No. By 2060, lithium 

remains much lower under CN60-High (about 27 vs. 60 kt), whereas 

the differences for cobalt, nickel, and manganese narrow markedly 

or reverse because the larger No-SAEV battery stock also yields a 

larger retired-battery pool under high recycling. Gross demand there­

fore captures the fleet- and battery-reduction effect directly, whereas net 

demand additionally reflects the timing and scale of secondary material 

supply.

Upstream industrial CO2 emissions from vehicle material produc­

tion also decline (Fig. 5). Under CN60-High, emissions from steel, 

aluminum, copper, and glass production for the vehicle fleet are about 

34.5 Mt CO2 lower per year in 2040, 23.9 Mt lower in 2050, and 

14.5 Mt lower in 2060 than in CN60-No. Aluminum contributes the 
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Fig. 3. Passenger-LDV fleet transformation, final energy use, and operational emissions across all six scenarios (2020–2060). (a) Passenger-LDV fleet stock by vehicle 

category, with SAEVs shown separately from privately owned battery-electric vehicles. (b) Passenger-LDV final energy consumption, direct CO2 (black line), and 

operational CO2 including power-side emissions (red line).

Fig. 4. Critical battery metal demand across scenarios. (a) Annual gross primary demand for Li, Co, Ni, and Mn across the six scenarios (2030–2060). (b) Net demand 

for critical battery metals under different battery-recycling rates (30%, 60%, 90%) and SAEV scenarios (CN60 pathway).

largest share throughout, followed by steel, reflecting both the material 

composition of vehicles and the relatively high carbon intensity of alu­

minum production. This material ranking is not driven by physical 

demand alone: aluminum combines relatively high per-vehicle use with 

by far the highest emission intensity among the four tracked materials, 

while steel remains the second-largest contributor and copper and glass 

contribute much smaller reductions throughout the horizon. Fig. 5(a) 

also shows that the cross-pathway gap in emission intensity is especially 

pronounced for aluminum and steel: by 2050, aluminum production 

intensity falls to 3.528 t CO2/t under NDC and 1.128 t CO2/t under 
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Fig. 5. Emission reductions from key industrial products used in vehicle manufacturing. (a) Emission intensity of steel, aluminum, copper, and glass under the NDC 

and CN60 pathways. (b) Annual emission reductions from these materials under Low-SAEV and High-SAEV relative to the corresponding No-SAEV case.

CN60, while steel falls to 1.074 and 0.298 t CO2/t, respectively. This 

helps explain the composition of the annual reductions in Fig. 5(b), 

where aluminum accounts for roughly 60–67% of the total industrial-

emission reduction under High-SAEV across the reported years, while 

steel contributes about 30–36%. The timing pattern differs across path­

ways: under NDC, the annual reduction rises to about 72.4 Mt in 2050 

before moderating to about 52.5 Mt by 2060, whereas under CN60 the 

reduction peaks earlier and then declines more quickly as industrial de­

carbonization lowers the remaining emissions associated with each unit 

of material.

Beyond major vehicle materials, battery manufacturing is also asso­

ciated with upstream CO2 emissions, and those emissions vary across 

lithium-ion battery chemistries and climate pathways [7,12]. Fig. 6(a) 

shows the corresponding battery-manufacturing emission intensities by 

chemistry. Under both NDC and CN60, per-kWh battery-manufacturing 

intensity declines over time as the power sector decarbonizes, with 

CN60 consistently below NDC. Across chemistries, LFP remains the 

lowest-emission option, whereas higher-nickel chemistries are more 

emission-intensive throughout the horizon. Chemistry-specific differ­

ences also remain notable: by 2050, battery-manufacturing intensity 

is 10.71 vs. 16.84 kg CO2/kWh for LFP and NCM811 under NDC, 

and 7.16 vs. 11.58 under CN60, indicating a persistent manufacturing-

emission gap of roughly 50–60% between these two representative

chemistries.

Fig. 6(b) presents total battery-manufacturing emissions aggregated 

across the adopted chemistry mix. Under NDC-No and CN60-No, annual 

battery-manufacturing emissions reach about 37.2 and 33.1 Mt CO2 in 

2040, respectively. High-SAEV deployment reduces these totals to about 

20.4 Mt under NDC-High and 18.9 Mt under CN60-High in 2040, and 

further to about 11.6 and 7.0 Mt by 2050. These totals also reflect the 

larger LFP share in the adopted chemistry mix. SAEV benefits therefore 

extend beyond vehicle operation to the manufacturing stage by lowering 

both the scale of battery deployment and the associated upstream CO2

burden during the transition.

3.4 . Cross-scenario comparison and monte carlo analysis

Across the main energy, material-demand, and combined indicators 

considered here, the scenario comparison remains broadly favorable to 

High-SAEV, although direct-emission comparisons become much more 

compressed under the binding CN60 carbon constraint and can reverse 

relative to the No-SAEV reference in later periods.

Monte Carlo uncertainty analysis. One unified MCA design is 

implemented using Latin Hypercube Sampling (LHS). For each of the 

four SAEV scenarios (NDC-Low, NDC-High, CN60-Low, CN60-High), 100 

independent model solves are performed, producing 400 scenario eval­

uations in total. The same sampled solve set is then used to extract 

both the energy-and-emissions outcomes reported in Fig. 7 and the gross 

battery-metal-demand outcomes reported in Fig. 8.

The unified MCA samples SAEV occupancy, vehicle energy effi­

ciency, annual mileage, and an additional rebound increment beyond 

the deterministic baseline case, which already includes the central 

share-linked rebound adjustment described in Section 2.6. These same 

sampled runs are then used to report gross battery-metal demand for 

Li, Co, Ni, and Mn under the fixed battery-chemistry pathway. Detailed 

perturbation ranges, distributions, and implementation settings are re­

ported in the Supplementary Information. In Fig. 7, the direct-CO2

panel reports only direct passenger-LDV emissions, whereas the total 

CO2 panel additionally reflects production-phase contributions from 

vehicle-material production and battery manufacturing together with 

power-side emissions.

Under the NDC pathway, the sampled direct-CO2 distributions move 

more clearly below the NDC-No reference after the initial transition pe­

riod, while the 2030 comparison remains more compressed. The energy 

outcome is less uniformly favorable: the NDC cases also move below 

the reference more clearly in the later periods, but the sampled energy 

distribution can still overlap or slightly exceed NDC-No under adverse 

assumptions at the beginning of the transition. By 2060, the NDC-High 

median final energy is about 2354 PJ with an interquartile range of 

2223–2491 PJ, compared with 4464 PJ in NDC-No, while the median 
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Fig. 6. Battery manufacturing emissions. (a) Battery-manufacturing emission intensity (kg CO2/kWh) for six lithium-ion battery chemistries under the NDC and 

CN60 pathways (radar charts). These chemistry-specific intensities are literature-anchored values aligned with the electricity conditions used in this study. (b) Total 

battery-manufacturing emissions (Mt CO2) under different SAEV scenarios and climate pathways (stacked bar charts).

Fig. 7. MCA results for LDV final energy consumption, direct passenger-LDV CO2 emissions, and total CO2 impacts. Violin plots show 100 LHS-sampled realizations 

per scenario; white dots mark medians and thick bars denote the interquartile range. Dashed lines indicate the deterministic No-SAEV references. Sampled inputs 

and uncertainty settings are reported in Table S2 of the Supplementary Information.

direct passenger-LDV CO2 falls to about 33.9 Mt. The total CO2 panel 

nevertheless indicates that the broader climate effect becomes more fa­

vorable once the transition advances, because lower production-phase 

emissions offset part of the adverse operational cases. The CN60 path­

way shows a different pattern: the sampled final-energy distributions lie 

close to the CN60-No reference in 2040 and move more clearly below 

it by 2050 and 2060, while direct CO2 becomes tightly clustered once 

the stringent system-wide carbon constraint becomes binding. Under 

CN60-High, the median direct passenger-LDV CO2 remains slightly be­

low CN60-No in 2050 (54.6 vs. 58.8 Mt), but rises slightly above the 

reference by 2060 (24.6 vs. 19.8 Mt) even though median final energy re­

mains lower (2318 vs. 3108 PJ). The total CO2 comparison remains more 

favorable than the direct-CO2 comparison because production-phase re­

ductions are still material. Under a binding carbon cap, uncertainty in 
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Fig. 8. MCA results for gross critical metal demand (Li, Co, Ni, Mn) for passenger-LDV batteries. Violin plots show 100 LHS-sampled realizations per scenario for 

2030–2060; white dots mark medians. Dashed lines indicate the deterministic No-SAEV references. The sampled inputs include SAEV occupancy, energy efficiency, 

annual mileage, and an additional rebound increment as reported in Table S2 of the Supplementary Information.

Fig. 9. Waterfall decomposition of annual SAEV-related CO2 change at 2040 relative to the corresponding No-SAEV case. Sequential bars show four components 

under High-SAEV: tailpipe direct emissions, power-side emissions, vehicle material production, and battery manufacturing, followed by the resulting net annual 

change. Negative values indicate lower annual CO2 impacts under High-SAEV. These bars are annual component-specific differences rather than the scenario-level 

totals shown in Fig. 3. Battery manufacturing follows the scenario-specific CO2 intensity assumptions used in Fig. 6.

SAEV occupancy, utilization, and moderate induced demand therefore 

affects energy use more strongly than direct passenger-LDV emissions.

The gross battery-metal results extracted from the same unified MCA 

solve set remain consistent with the main critical-metal findings (Fig. 8). 

Across the four scenario combinations, the High-SAEV distributions re­

main centered well below the corresponding No-SAEV references for 

Li, Co, Ni, and Mn in the later periods, indicating that lower fleet and 

battery requirements continue to dominate the sampled outcomes over­

all even after allowing rebound to expand travel demand, although 

some early-period outcomes still reflect the transition in the composi­

tion of new battery-vehicle additions. By 2050 under CN60-High, the 

median gross demand falls to about 98.7 kt Li, 23.5 kt Co, 110.9 kt 

Ni, and 21.9 kt Mn, compared with 437.4, 104.0, 491.3, and 97.0 kt 

in CN60-No. The remaining spread is largest for lithium and nickel, 

reflecting how the fixed chemistry pathway concentrates the resid­

ual battery demand across metals once the total battery requirement

changes.

Fig. 9 decomposes the 2040 annual CO2 change from the No-SAEV 

case to High-SAEV into four components: tailpipe direct emissions, 

power-side emissions, vehicle material production, and battery manu­

facturing. The figure focuses on 2040 because this is the first period in 

which the operational and manufacturing components are all simultane­

ously large and clearly distinguishable, whereas later CN60 differences 

are increasingly compressed by deep power-sector decarbonization. 

Under the NDC pathway, three components contribute strongly to mit­

igation, while power-side emissions offset part of that gain because 
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higher electrification draws more grid electricity under the less deeply 

decarbonized NDC pathway. Tailpipe direct emissions, avoided vehicle 

material production, and lower battery manufacturing change annual 

CO2 by about −164.7, −59.3, and −16.8 Mt CO2, respectively, while 

power-side emissions add about +33.9 Mt CO2. The resulting net an­

nual reduction is about 206.9 Mt CO2 in 2040. This decomposition 

complements the scenario-level totals reported in Fig. 3.

Under the CN60 pathway, tailpipe direct emissions remain the largest 

mitigation channel in 2040, while lower vehicle material production 

and battery manufacturing provide additional production-phase reduc­

tions and higher power-side emissions offset part of the gain. Tailpipe 

direct emissions, vehicle material production, and battery manufactur­

ing change annual CO2 by about −155.3, −34.5, and −14.3 Mt CO2, 

respectively, while power-side emissions add about +18.7 Mt CO2. The 

resulting net annual reduction is about 185.4 Mt CO2. On this annual 

accounting basis, the two production-phase channels together account 

for about 26.3% of the net annual CO2 reduction under CN60, com­

pared with about 36.8% under NDC. Operational and production-phase 

channels therefore remain complementary under CN60: the former still 

delivers the larger mid-century reduction, but the latter provides an ad­

ditional reduction that would be missed if attention were limited to 

operational emissions alone. As power-sector decarbonization deepens 

further after 2040, operational comparisons become increasingly com­

pressed, which is why total CO2 provides a more complete basis for 

interpretation in the later periods.

3.5 . Rebound-effect results

The CN60 rebound stress test shows that final energy, operational 

CO2, and total CO2 differ in their sensitivity to rebound (Fig. 10). 

Final-energy benefits remain substantial but can be eroded under strong 

induced demand; operational CO2 is more sensitive in the late tran­

sition; and total CO2 remains comparatively robust because lower 

vehicle-material production and battery manufacturing continue to 

offset part of the rebound-induced operational increase.

Final energy. Under CN60, High-SAEV lowers passenger-LDV final 

energy use in every modeled year from 2030 to 2060. The corresponding 

rebound threshold is about +9.6% in 2030, then rises to approximately

+79.4% in 2040, +53.1% in 2050, and +53.4% in 2060. This pat­

tern indicates that the energy advantage is relatively easy to offset at 

the beginning of the transition, but becomes harder to offset once the 

smaller-fleet effect starts to dominate the additional travel demand.

Operational CO2. Operational CO2 shows a different pattern. In 

2030, CN60-High retains only a small operational advantage over CN60-

No (448.3 vs. 457.2 Mt), so the threshold is reached at about +4.7%

induced demand. In 2040, that margin becomes much larger (247.2 

vs. 383.8 Mt), pushing the threshold out to approximately +90.3%. 

By 2050, however, the operational advantage narrows again (46.4 vs. 

49.6 Mt) and the threshold falls back to about +11.0%. By 2060, CN60-

High is already slightly above CN60-No at RB0 (−3.8 vs. −19.6 Mt), so 

the operational breakeven is RB0. This late-horizon reversal does not 

imply weaker overall climate performance of SAEVs. Once the power 

system is deeply decarbonized, operational differences become highly 

compressed, and the lower electricity demand under CN60-High also 

means that less net-negative electricity is attributed to LDV operation. 

Operational CO2 is therefore more sensitive under deep decarbonization.

Total CO2 impacts. The picture changes once vehicle-material pro­

duction and battery manufacturing are included. CN60-High maintains 

a total-CO2 advantage over CN60-No throughout the modeled hori­

zon, with total CO2 remaining lower in 2030 (527.7 vs. 610.0 Mt), 

2040 (323.2 vs. 508.5 Mt), 2050 (64.2 vs. 115.7 Mt), and 2060 (7.6 

vs. 29.3 Mt). The corresponding rebound threshold therefore shifts 

much farther outward: approximately +14.0% in 2030, +108.4%

in 2040, and +141.4% in 2050, while no crossing is reached by 

RB200 in 2060. This pattern reflects the persistence of production-phase 

co-benefits: even when induced demand substantially weakens the 

Fig. 10. CN60 rebound stress-test summary for High-SAEV relative to CN60-No. Top row: breakeven thresholds for (a) LDV final energy, (b) operational CO2, and (c) 

total passenger-LDV-related CO2 in 2030, 2040, 2050, and 2060. Green indicates retained benefits, red indicates exhausted benefits, and markers denote interpolated 

breakeven thresholds. RB0–RB200 denote additional induced-demand increments of 0–200%, and the gray band marks the empirically informed 10–20% range. 

Bottom row: corresponding metric values for selected rebound cases together with the CN60-No benchmark.
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operational advantage, lower vehicle-material production and lower 

battery-manufacturing requirements continue to keep total CO2 below 

the CN60-No benchmark, although cleaner battery manufacturing and 

vehicle-material production slightly narrow that margin at later dates.

Overall, the CN60 stress test shows that rebound has different impli­

cations across metrics: operational CO2 can lose its advantage relatively 

quickly in a deeply decarbonized system, whereas total CO2 remains 

more robust because production-phase reductions persist even under 

strong induced demand.

4 . Discussion

4.1 . System value of SAEVs

In this analysis, the value of SAEV deployment arises not only from 

powertrain change, but also from a structural shift in how passenger-LDV 

mobility is provided. The climate benefit therefore combines operational 

channels and production-phase channels, and their relative importance 

changes across pathways and over time.

Under less stringent decarbonization, operational reductions remain 

the largest visible contributor. Under deeper decarbonization, however, 

power-side differences become increasingly compressed, while lower 

vehicle-material production and lower battery-manufacturing require­

ments remain important for interpreting the total climate benefit. The 

system implication is therefore not simply cleaner driving, but lower 

fleet and battery throughput in providing the same mobility service, 

which is consistent with recent evidence that the electricity-system ef­

fect of ride-hailing electrification depends strongly on the underlying 

energy structure [64].

This shift is most visible around mid-century, when SAEV deploy­

ment has already reduced vehicle additions and battery demand sub­

stantially while industrial emission intensities are still high enough for 

those reductions to be expressed clearly in annual terms. By the late hori­

zon, annual production-phase gains are moderated by broader industrial 

decarbonization, but they remain important for interpreting total cli­

mate benefit. The uncertainty results point in the same direction: adverse 

operating assumptions and stronger rebound weaken the energy and op­

erational advantages more quickly, whereas the material-demand results 

and the broader total-CO2 comparison remain more persistent beyond 

the initial transition period.

4.2 . Policy relevance

The results suggest a complementary rather than substitutive role for 

SAEV deployment in broader transport decarbonization. For policymak­

ers, these findings point to four practical priorities: establishing a clear 

regulatory pathway for autonomous mobility services, aligning safety 

certification and operational rules with staged deployment, coordinat­

ing shared electric mobility with charging and power-system planning, 

and strengthening battery traceability, recycling governance, and data-

management safeguards. These requirements are institutional as well as 

technical. In China’s context, recent policy experimentation, demonstra­

tion activity, and ongoing standard-setting efforts indicate improving 

regulatory readiness, but robust safety governance, privacy protec­

tion, cybersecurity, and operational accountability remain necessary 

conditions for large-scale deployment.

The electricity implications also point to the need for a coordi­

nated transition strategy. Under CN60, annual passenger-LDV electricity 

demand is not uniformly lower under High-SAEV: it remains above 

CN60-No in 2040, but becomes about 31% lower by 2050–2060 once 

the long-run service-efficiency effect dominates. This pattern suggests 

that the electricity implications of SAEV deployment should not be inter­

preted as a one-directional consequence of electrification alone. Rather, 

it reflects a net balance between service-efficiency gains, which reduce 

the electricity required per unit of passenger mobility service, and off­

setting burdens such as deadheading and rebound travel. At the level 

of the present analysis, the most direct planning implication therefore 

concerns annual system-scale effects rather than dispatch-level charging 

timing.

The broader transport-policy role of SAEVs should likewise be in­

terpreted through complementarity rather than simple substitution. 

From a transport-system perspective, metro, bus rapid transit (BRT), 

and high-speed rail (HSR) are generally better aligned with concen­

trated passenger flows and corridor-based fixed infrastructure, whereas 

SAEVs in this study are introduced only for passenger-LDV road mobility 

and primarily improve the efficiency and material intensity of flexi­

ble road-based passenger service [65–67]. Public-transit upgrades and 

HSR therefore remain better aligned with high-capacity corridors, while 

demand-management measures operate by reducing travel demand it­

self. SAEVs, by contrast, primarily affect the utilization, occupancy, and 

fleet size of passenger-LDV service. Within this boundary, the present 

results suggest that SAEVs are best interpreted as a complementary de­

carbonization lever for flexible passenger-road mobility rather than as a 

substitute for high-capacity corridor modes.

These gains may also be accompanied by adjustment pressures. 

Meeting the same mobility-service demand with fewer vehicles and 

lower material throughput could improve service accessibility for some 

user groups, but it could also create transition pressure for driver-

dependent mobility services, parts of the vehicle maintenance and 

aftermarket ecosystem, and regions more exposed to vehicle and bat­

tery manufacturing activity. This issue is not trivial in China’s current 

mobility market: by the end of June 2024, 7.126 million ride-hailing 

driver permits and 3.015 million vehicle permits had already been issued 

nationally [68]. For industry and fleet operators, the same mechanism 

implies fewer vehicles and batteries, greater importance of centralized 

charging and asset management, and a gradual shift in value creation 

away from unit sales toward fleet services and closed-loop battery 

management [43,69]. Because employment and regional distribution 

are not modeled endogenously here, these socio-economic implications 

should be interpreted as grounded qualitative consequences of the fleet-

contraction and material-throughput results rather than as quantified 

welfare outcomes. Labor-transition support, battery-recycling gover­

nance, and region-specific adjustment measures would therefore remain 

important complements to any rapid SAEV transition [70,71].

4.3 . Limitations and scope

The present framework captures long-run national system outcomes 

under exogenously bounded SAEV deployment conditions. The anal­

ysis is implemented in a national energy-system optimization frame­

work, with SAEV deployment represented through scenario-specific 

service-share ceilings, cost trajectories, and rebound-adjusted passenger-

LDV demand instead of explicit consumer-choice dynamics. The re­

ported pathways therefore clarify the system-wide implications of these 

SAEV conditions. Realized deployment will still depend on trust in 

autonomous-driving safety, willingness to use pooled services, and rel­

ative generalized travel cost. In practice, these behavioral factors also 

condition rebound: if shared autonomous mobility becomes both trusted 

and highly convenient, part of the realized service benefit may appear 

as additional travel demand rather than only as lower vehicle ownership 

[51,60,61,72,73].

Second, the present paper focuses on long-run national system 

outcomes and therefore reports electricity implications at annual reso­

lution. Questions such as charging timing, peak-load effects, renewable-

curtailment interactions, and vehicle-to-grid (V2G) value are important 

for understanding how SAEV deployment may interact with a decar­

bonizing power system, but they are not directly quantified here. Related 

studies suggest that centrally managed shared electric fleets may ex­

hibit more schedulable charging behavior and greater flexibility for 

coordinated grid interaction than dispersed private charging [74]. The 

electricity-system implications reported in this paper should therefore be 

interpreted as annual-system evidence on the net electricity burden of 

SAEV deployment, rather than as dispatch-level estimates of charging 
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operations. Higher-temporal-resolution coupling would be a valuable 

next step.

Third, long-run results remain sensitive to battery chemistry evolu­

tion, material intensities, vehicle lifetimes, and recycling performance. 

These assumptions affect not only the absolute level of critical-metal 

demand and battery-manufacturing emissions, but also the relative 

importance of production-phase reductions within the total CO2 ben­

efit of SAEV deployment. Lower long-run annual vehicle and battery 

production also does not preclude temporary transition-phase pro­

duction pressure or short-lived emissions spikes, because accelerated 

turnover can temporarily raise manufacturing requirements before the 

fleet-contraction benefit fully materializes. Second-hand vehicle market 

dynamics and residual-value effects are likewise not quantified explic­

itly, and long-run reductions in gross and net metal demand do not 

eliminate supply-chain risk if mineral bottlenecks, recovery shortfalls, 

or chemistry shifts emerge [12,31,39,75,76].

Direct validation against observed national outcomes is not yet possi­

ble, because no national-scale SAEV system yet exists in China. Available 

empirical evidence therefore supports the plausibility of the operating 

assumptions and near-term deployment conditions adopted in this study, 

but does not provide direct validation of the modeled national pathways.

The scope of the findings is also context-dependent. China’s dense 

urban demand, existing mobility-as-a-service ecosystems, centralized 

regulatory capacity, large EV and battery manufacturing base, and 

rapidly decarbonizing power sector all strengthen the conditions under 

which SAEV deployment could deliver large system-level effects. The 

broader mechanisms identified here—fleet contraction, lower material 

demand, and stronger interaction with electricity decarbonization—may 

also remain relevant for other rapidly motorizing economies. However, 

the exact quantitative magnitudes should not be transferred directly 

across contexts. Their external relevance will depend on urban den­

sity, electricity carbon intensity, digital-regulatory capacity, liability 

and data-governance arrangements, and the structure of the domestic 

automotive industry.

4.4 . Future research

Three directions appear particularly important for future research. 

First, linking national energy-system analysis with richer behavioral 

and diffusion modeling would help assess how consumer acceptance, 

service quality, and induced demand shape achievable SAEV deploy­

ment. Second, extending the transport-energy analysis toward higher-

temporal-resolution power-system coordination would help clarify how 

renewable-output timing, managed charging, and the flexibility value of 

centrally coordinated fleets interact in practice, including possible V2G-

related system benefits [74]. Third, broader sustainability assessment 

should examine alternative battery-chemistry pathways, recycling per­

formance, labor-market transitions, and regional distributional effects in 

greater detail.

5 . Conclusions

This study shows how SAEV deployment could reshape China’s 

passenger-LDV transition under the NDC and CN60 pathways, with 

particular attention to energy use, climate impacts, and material require­

ments. The main conclusions are as follows.

1. The system value of SAEV deployment lies primarily in ser­

vice efficiency rather than electrification alone: By enabling 

much higher vehicle utilization, SAEVs allow passenger-LDV mo­

bility demand to be met with a fundamentally smaller fleet. Under 

the deep-decarbonization pathway, this smaller-fleet effect be­

comes a central driver of lower long-run energy use and resource 

requirements.

2. SAEV climate benefits arise through both operational and 

production-phase channels: SAEV deployment reduces di­

rect passenger-LDV CO2 emissions, while lower vehicle-material 

production and reduced battery-manufacturing requirements 

strengthen the total climate benefit. As power-sector decar­

bonization deepens, these production-phase channels become 

increasingly important for interpreting total climate impacts.

3. Higher utilization and battery recycling can substantially 

ease long-run critical-metal pressure: Under rapid SAEV de­

ployment, gross demand for critical battery metals falls markedly, 

and high recycling further lowers mid-century net primary de­

mand. Over time, however, the recycling-adjusted advantage be­

comes increasingly metal-specific because larger No-SAEV fleets 

also generate larger end-of-life battery flows.

4. Uncertainty mainly affects the timing and magnitude of 

SAEV benefits: The MCA and rebound analyses show that final-

energy and operational-CO2 outcomes are more sensitive to 

adverse assumptions, whereas the material-demand advantage 

and the broader total-CO2 comparison become more consistently 

favorable beyond the initial transition period.

Overall, the findings suggest that the main value of SAEVs lies in 

providing passenger-LDV mobility with fewer vehicles, lower battery de­

ployment, and lower material throughput, rather than in cleaner vehicle 

operation alone. Realizing this value in practice will depend on whether 

automation, electrification, and shared mobility can be translated into 

sustained efficiency gains while limiting rebound effects and aligning 

deployment with charging, recycling, and governance conditions.

CRediT authorship contribution statement

Qi Ding: Writing – original draft, Visualization, Software, 

Methodology, Investigation, Formal analysis, Data curation, 

Conceptualization. Jinhui Ren: Writing – review & editing, Validation, 

Methodology, Investigation, Conceptualization. Shu Zhang: Writing 

– review & editing, Validation, Supervision, Software, Methodology, 

Conceptualization. Wenying Chen: Writing – review & editing, 

Validation, Supervision, Resources, Methodology, Funding acquisition, 

Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial 

interests or personal relationships that could have appeared to influence 

the work reported in this paper.

Acknowledgements

This study was supported by the Ministry of Science and Technology 

of the People’s Republic of China (2024ZD1406606) and the Ministry of 

Education Project of the Key Research Institute of Humanities and Social 

Sciences at Universities (22JJD480001).

Appendix A . Supplementary data

Supplementary data for this article can be found online at doi:10.

1016/j.apenergy.2026.128259. 

Data availability

Data will be made available upon request.

References

[1] Wang H, Ou X, Zhang X. Mode, technology, energy consumption, and resulting CO2

emissions in China’s transport sector up to 2050. Energy Policy 2017;109:719–33. 

https://doi.org/10.1016/j.enpol.2017.07.010

[2] Zhang R, Hanaoka T. Cross-cutting scenarios and strategies for designing decar­

bonization pathways in the transport sector toward carbon neutrality. Nat Commun 

2022;13:3629. https://doi.org/10.1038/s41467-022-31354-9

[3] Lefèvre J, Briand Y, Pye S, Tovilla J, Li F, Oshiro K, Waisman H, Cayla J-M, Zhang 

R. A pathway design framework for sectoral deep decarbonization: the case of pas­

senger transportation. Clim Policy 2021;21(1):93–106. https://doi.org/10.1080/

14693062.2020.1804817

Applied Energy 422 (2026) 128259 

13 

https://doi.org/10.13039/501100002855
https://doi.org/10.13039/501100002855
https://doi.org/10.13039/100009122
https://doi.org/10.13039/100009122
https://doi.org/10.1016/j.apenergy.2026.128259
https://doi.org/10.1016/j.apenergy.2026.128259
https://doi.org/10.1016/j.enpol.2017.07.010
https://doi.org/10.1038/s41467-022-31354-9
https://doi.org/10.1080/14693062.2020.1804817
https://doi.org/10.1080/14693062.2020.1804817


Q. Ding, J. Ren, S. Zhang et al.

[4] Chen W, Sun X, Liu L, Liu X, Zhang R, Zhang S, Xue J, Sun Q, Wang M, Li X, Yang J, 

Hertwich E, Ge Q, Liu G. Carbon neutrality of China’s passenger car sector requires 

coordinated short-term behavioral changes and long-term technological solutions. 

One Earth 2022;5(8):875–91. https://doi.org/10.1016/j.oneear.2022.07.005

[5] Peng L, Liu F, Zhou M, Li M, Zhang Q, Mauzerall DL. Alternative-energy-vehicles 

deployment delivers climate, air quality, and health co-benefits when coupled with 

decarbonizing power generation in China. One Earth 2021;4(8):1127–40. https:

//doi.org/10.1016/j.oneear.2021.07.007

[6] Milovanoff A, Posen ID, MacLean HL. Electrification of light-duty vehicle 

fleet alone will not meet mitigation targets. Nat Clim Change 2020;10:1102–7. 

https://doi.org/10.1038/s41558-020-00921-7

[7] Habib K, Hansdóttir ST, Habib H. Critical metals for electromobility: global 

demand scenarios for passenger vehicles, 2015–2050. Resour Conserv Recycl 

2020;154:104603. https://doi.org/10.1016/j.resconrec.2019.104603

[8] Zhang C, Zhao X, Sacchi R, You F. Trade-off between critical metal requirement 

and transportation decarbonization in automotive electrification. Nat Commun 

2023;14:1616. https://doi.org/10.1038/s41467-023-37373-4

[9] Liu B, Zhang Q, Liu J, Hao Y, Tang Y, Li Y. The impacts of critical metal shortage on 

China’s electric vehicle industry development and countermeasure policies. Energy 

2022;248:123646. https://doi.org/10.1016/j.energy.2022.123646

[10] Yi W, Yan J. Energy consumption and emission influences from shared mobility 

in China: a national level annual data analysis. Appl Energy 2020;277:115549. 

https://doi.org/10.1016/j.apenergy.2020.115549

[11] Hu J, Ayaragarnchanakul E, Yang Z, Creutzig F. Shared pooled mobility essen­

tial complement to decarbonize China’s transport sector until 2060. Mitig Adapt 

Strateg Glob Change 2024;29:37. https://doi.org/10.1007/s11027-024-10135-3

[12] Zeng A, Chen W, Rasmussen KD, Zhu X, Lundhaug M, Müller DB, Tan J, Keiding 

JK, Liu L, Dai T, Wang A, Liu G. Battery technology and recycling alone will not 

save the electric mobility transition from future cobalt shortages. Nat Commun 

2022;13:1341. https://doi.org/10.1038/s41467-022-29022-z

[13] Narayanan S, Chaniotakis E, Antoniou C. Shared autonomous vehicle services: a 

comprehensive review. Transp Res C Emerg Technol 2020;111:255–93. https://

doi.org/10.1016/j.trc.2019.12.008

[14] Karolemeas C, Tsigdinos S, Moschou E, Kepaptsoglou K. Shared autonomous ve­

hicles and agent based models: a review of methods and impacts. Eur Transp Res 

Rev 2024;16(1):25. https://doi.org/10.1186/s12544-024-00644-2

[15] Fagnant DJ, Kockelman KM. Preparing a nation for autonomous vehicles: op­

portunities, barriers and policy recommendations. Transp Res a Policy Pract 

2015;77:167–81. https://doi.org/10.1016/j.tra.2015.04.003

[16] Greenblatt JB, Shaheen S. Automated vehicles, on-demand mobility, and environ­

mental impacts. Curr Sustain Renew Energy Rep 2015;2(3):74–81. https://doi.org/

10.1007/s40518-015-0038-5

[17] Bösch PM, Becker F, Becker H, Axhausen KW. Cost-based analysis of au­

tonomous mobility services. Transp Policy 2018;64:76–91. https://doi.org/10.

1016/j.tranpol.2017.09.005

[18] Iacobucci R, McLellan B, Tezuka T. Modeling shared autonomous electric vehicles: 

potential for transport and power grid integration. Energy 2018;158:148–63. https:

//doi.org/10.1016/j.energy.2018.06.024

[19] Ji N, Zhu R, Huang Z, You L. An urban-scale spatiotemporal optimization of rooftop 

photovoltaic charging of electric vehicles. Urban Inform 2024;3:4. https://doi.org/

10.1007/s44212-023-00031-7

[20] Tu M, Chu X, Shi T, Gruyer D, Li Y. Potential of scheduling shared autonomous 

ride-hailing in intelligent photovoltaic microgrids. Transp Res D Transp Environ 

2025;145:104822. https://doi.org/10.1016/j.trd.2025.104822

[21] Liu C, Wang Z, Liu Z, Huang K. Multi-agent reinforcement learning framework 

for addressing demand-supply imbalance of shared autonomous electric vehicle. 

Transp Res E Logist Transp Rev 2025;197:104062. https://doi.org/10.1016/j.tre.

2025.104062

[22] Satpathy PR, Ramachandaramurthy VK, Krishnan TRR, Padmanaban S. 

Technological innovations and sustainable strategies for advancing electric vehi­

cle performance and market integration. Energy Strategy Rev 2025;60:101790. 

https://doi.org/10.1016/j.esr.2025.101790

[23] International Energy Agency. Facilitating decarbonisation in emerging economies 

through smart charging, discusses how smart charging can support grid se­

curity and decarbonisation under growing renewable deployment; 2023. 

URL:https://www.iea.org/reports/facilitating-decarbonisation-in-emerging-

economies-through-smart-charging. 

[24] Gawron JH, Keoleian GA, De Kleine RD, Wallington TJ, Kim HC. Life cycle assess­

ment of connected and automated vehicles: sensing and computing subsystem and 

vehicle level effects. Environ Sci Technol 2018;52(5):3249–56. https://doi.org/10.

1021/acs.est.7b04576

[25] Moreno AT, Michalski A, Llorca C, Moeckel R. Shared autonomous vehi­

cles effect on vehicle-km traveled and average trip duration. J Adv Transp 

2018;2018:8969353. https://doi.org/10.1155/2018/8969353

[26] de Almeida Correia GH, van Arem B. Solving the user optimum privately owned 

automated vehicles assignment problem (UO-POAVAP): a model to explore the 

impacts of self-driving vehicles on urban mobility. Transp Res B Methodol 

2016;87:64–88. https://doi.org/10.1016/j.trb.2016.03.002

[27] Sun L, Wang S, Liu S, Yao L, Luo W, Shukla A. A completive research on the 

feasibility and adaptation of shared transportation in mega-cities – a case study 

in Beijing. Appl Energy 2018;230:1014–33. https://doi.org/10.1016/j.apenergy.

2018.09.080

[28] Olivetti EA, Ceder G, Gaustad GG, Fu X. Lithium-ion battery supply chain consider­

ations: analysis of potential bottlenecks in critical metals. Joule 2017;1(2):229–43. 

https://doi.org/10.1016/j.joule.2017.08.019

[29] Dai Q, Kelly JC, Gaines L, Wang M. Life cycle analysis of Lithium-ion batter­

ies for automotive applications. Batteries 2019;5(2):48. https://doi.org/10.3390/

batteries5020048

[30] Harper G, Sommerville R, Kendrick E, Driscoll L, Slater P, Stolkin R, Walton 

A, Christensen P, Heidrich O, Lambert S, Abbott A, Ryder K, Gaines L, 

Anderson P. Recycling Lithium-ion batteries from electric vehicles. Nature 

2019;575(7781):75–86. https://doi.org/10.1038/s41586-019-1682-5

[31] Baars J, Domenech T, Bleischwitz R, Melin HE, Heidrich O. Circular economy 

strategies for electric vehicle batteries reduce reliance on raw materials. Nat Sustain 

2021;4:71–9. https://doi.org/10.1038/s41893-020-00607-0

[32] Jones EC, Leibowicz BD. Contributions of shared autonomous vehicles to climate 

change mitigation. Transp Res D Transp Environ 2019;72:279–98. https://doi.org/

10.1016/j.trd.2019.05.005

[33] Zhuge C, Wang C. Integrated modelling of autonomous electric vehicle diffusion: 

from review to conceptual design. Transp Res D Transp Environ 2021;91:102679. 

https://doi.org/10.1016/j.trd.2020.102679

[34] Pan S, Fulton LM, Roy A, Jung J, Choi Y, Gao HO. Shared use of electric au­

tonomous vehicles: air quality and health impacts of future mobility in the United 

States. Renew Sustain Energy Rev 2021;149:111380. https://doi.org/10.1016/j.

rser.2021.111380

[35] Ercan T, Onat NC, Keya N, Tatari O, Eluru N, Kucukvar M. Autonomous electric ve­

hicles can reduce carbon emissions and air pollution in cities. Transp Res D Transp 

Environ 2022;112:103472. https://doi.org/10.1016/j.trd.2022.103472

[36] Li Y, Li X, Jenn A. Evaluating the emission benefits of shared autonomous electric 

vehicle fleets: a case study in California. Appl Energy 2022;323:119638. https:

//doi.org/10.1016/j.apenergy.2022.119638

[37] Dai R, Ding C, Gao J, Wu X, Yu B. Optimization and evaluation for autonomous taxi 

ride-sharing schedule and depot location from the perspective of energy consump­

tion. Appl Energy 2022;308:118388. https://doi.org/10.1016/j.apenergy.2021.

118388

[38] Saleh M, Milovanoff A, Posen ID, MacLean HL, Hatzopoulou M. Energy and green­

house gas implications of shared automated electric vehicles. Transp Res D Transp 

Environ 2022;105:103233. https://doi.org/10.1016/j.trd.2022.103233

[39] Ahmed AA, Nazzal MA, Darras BM, Deiab IM. Global warming potential, water 

footprint, and energy demand of shared autonomous electric vehicles incorpo­

rating circular economy practices. Sustain Prod Consum 2023;36:449–62. https:

//doi.org/10.1016/j.spc.2023.02.001

[40] Zhong S, Liu A, Jiang Y, Hu S, Xiao F, Huang H-J, Song Y. Energy and environmen­

tal impacts of shared autonomous vehicles under different pricing strategies. NPJ 

Urban Sustain 2023;3:8. https://doi.org/10.1038/s42949-023-00092-2

[41] Singh H, Kavianipour M, Ghamami M, Zockaie A. Adoption of autonomous and 

electric vehicles in private and shared mobility systems. Transp Res D Transp 

Environ 2023;115:103561. https://doi.org/10.1016/j.trd.2022.103561

[42] Wang J, Yang H. Low carbon future of vehicle sharing, automation, and electrifica­

tion: a review of modeling mobility behavior and demand. Renew Sustain Energy 

Rev 2023;177:113212. https://doi.org/10.1016/j.rser.2023.113212

[43] Sumitkumar R, Al-Sumaiti AS. Shared autonomous electric vehicle: towards so­

cial economy of energy and mobility from power-transportation nexus perspec­

tive. Renew Sustain Energy Rev 2024;197:114381. https://doi.org/10.1016/j.rser.

2024.114381

[44] Wang P, Jiang H, Cui Y, Zhao M, Ren Y, Xu L. Analysis of the inter-city 

shared mobility system based on autonomous electric vehicles. Renew Energy 

2025;239:122025. https://doi.org/10.1016/j.renene.2024.122025

[45] Krishnan TRR, Satpathy PR, Ramachandaramurthy VK, Dollah Z, Pulenthirarasa 

S, Ramasamy A. Optimizing vehicle-to-grid systems: smart integration of shared 

autonomous and conventional electric vehicles. eTransportation 2025;24:100401. 

https://doi.org/10.1016/j.etran.2025.100401

[46] Loulou R, Labriet M. Etsap-tiam: the times integrated assessment model Part I: 

Model structure. Comput Manag Sci 2008;5(1–2):7–40. https://doi.org/10.1007/

s10287-007-0046-z

[47] Zhang S, Chen W. China’s energy transition pathway in a carbon neutral vision. 

Engineering 2022;14:64–76. https://doi.org/10.1016/j.eng.2021.09.004

[48] Loeb B, Kockelman KM, Liu J. Shared autonomous electric vehicle (SAEV) oper­

ations across the Austin, Texas, network with charging infrastructure decisions. 

Transp Res C Emerg Technol 2018;89:222–33. https://doi.org/10.1016/j.trc.2018.

01.019

[49] Fagnant DJ, Kockelman KM. Dynamic ride-sharing and fleet sizing for a system of 

shared autonomous vehicles in Austin, Texas. Transportation 2018;45(1):143–58. 

https://doi.org/10.1007/s11116-016-9729-z

[50] Morfeldt J, Johansson DJA. Impacts of shared mobility on vehicle lifetimes and 

on the carbon footprint of electric vehicles. Nat Commun 2022;13:6400. https:

//doi.org/10.1038/s41467-022-33666-2

[51] Wadud Z, MacKenzie D, Leiby P. Help or hindrance? The travel, energy and carbon 

impacts of highly automated vehicles. Transp Res a Policy Pract 2016;86:1–18. 

https://doi.org/10.1016/j.tra.2015.12.001

[52] Henao A, Marshall WE. The impact of ride-hailing on vehicle miles

traveled. Transportation 2019;46(6):2173–94. https://doi.org/10.1007/s11116-

018-9923-2

[53] Cramer J, Krueger AB. Disruptive change in the taxi business: the case of uber. Am 

Econ Rev 2016;106(5):177–82. https://doi.org/10.1257/aer.p20161002

[54] Alonso-Mora J, Samaranayake S, Wallar A, Frazzoli E, Rus D. On-demand high-

capacity ride-sharing via dynamic trip-vehicle assignment. Proc Natl Acad Sci 

2017;114(3):462–7. https://doi.org/10.1073/pnas.1611675114

[55] Tachet R, Sagarra O, Santi P, Resta G, Szell M, Strogatz SH, Ratti C. Scaling law of 

urban ride sharing. Sci Rep 2017;7(1):42868. https://doi.org/10.1038/srep42868

Applied Energy 422 (2026) 128259 

14 

https://doi.org/10.1016/j.oneear.2022.07.005
https://doi.org/10.1016/j.oneear.2021.07.007
https://doi.org/10.1016/j.oneear.2021.07.007
https://doi.org/10.1038/s41558-020-00921-7
https://doi.org/10.1016/j.resconrec.2019.104603
https://doi.org/10.1038/s41467-023-37373-4
https://doi.org/10.1016/j.energy.2022.123646
https://doi.org/10.1016/j.apenergy.2020.115549
https://doi.org/10.1007/s11027-024-10135-3
https://doi.org/10.1038/s41467-022-29022-z
https://doi.org/10.1016/j.trc.2019.12.008
https://doi.org/10.1016/j.trc.2019.12.008
https://doi.org/10.1186/s12544-024-00644-2
https://doi.org/10.1016/j.tra.2015.04.003
https://doi.org/10.1007/s40518-015-0038-5
https://doi.org/10.1007/s40518-015-0038-5
https://doi.org/10.1016/j.tranpol.2017.09.005
https://doi.org/10.1016/j.tranpol.2017.09.005
https://doi.org/10.1016/j.energy.2018.06.024
https://doi.org/10.1016/j.energy.2018.06.024
https://doi.org/10.1007/s44212-023-00031-7
https://doi.org/10.1007/s44212-023-00031-7
https://doi.org/10.1016/j.trd.2025.104822
https://doi.org/10.1016/j.tre.2025.104062
https://doi.org/10.1016/j.tre.2025.104062
https://doi.org/10.1016/j.esr.2025.101790
URL:https://www.iea.org/reports/facilitating-decarbonisation-in-emerging-economies-through-smart-charging
URL:https://www.iea.org/reports/facilitating-decarbonisation-in-emerging-economies-through-smart-charging
https://doi.org/10.1021/acs.est.7b04576
https://doi.org/10.1021/acs.est.7b04576
https://doi.org/10.1155/2018/8969353
https://doi.org/10.1016/j.trb.2016.03.002
https://doi.org/10.1016/j.apenergy.2018.09.080
https://doi.org/10.1016/j.apenergy.2018.09.080
https://doi.org/10.1016/j.joule.2017.08.019
https://doi.org/10.3390/batteries5020048
https://doi.org/10.3390/batteries5020048
https://doi.org/10.1038/s41586-019-1682-5
https://doi.org/10.1038/s41893-020-00607-0
https://doi.org/10.1016/j.trd.2019.05.005
https://doi.org/10.1016/j.trd.2019.05.005
https://doi.org/10.1016/j.trd.2020.102679
https://doi.org/10.1016/j.rser.2021.111380
https://doi.org/10.1016/j.rser.2021.111380
https://doi.org/10.1016/j.trd.2022.103472
https://doi.org/10.1016/j.apenergy.2022.119638
https://doi.org/10.1016/j.apenergy.2022.119638
https://doi.org/10.1016/j.apenergy.2021.118388
https://doi.org/10.1016/j.apenergy.2021.118388
https://doi.org/10.1016/j.trd.2022.103233
https://doi.org/10.1016/j.spc.2023.02.001
https://doi.org/10.1016/j.spc.2023.02.001
https://doi.org/10.1038/s42949-023-00092-2
https://doi.org/10.1016/j.trd.2022.103561
https://doi.org/10.1016/j.rser.2023.113212
https://doi.org/10.1016/j.rser.2024.114381
https://doi.org/10.1016/j.rser.2024.114381
https://doi.org/10.1016/j.renene.2024.122025
https://doi.org/10.1016/j.etran.2025.100401
https://doi.org/10.1007/s10287-007-0046-z
https://doi.org/10.1007/s10287-007-0046-z
https://doi.org/10.1016/j.eng.2021.09.004
https://doi.org/10.1016/j.trc.2018.01.019
https://doi.org/10.1016/j.trc.2018.01.019
https://doi.org/10.1007/s11116-016-9729-z
https://doi.org/10.1038/s41467-022-33666-2
https://doi.org/10.1038/s41467-022-33666-2
https://doi.org/10.1016/j.tra.2015.12.001
https://doi.org/10.1007/s11116-018-9923-2
https://doi.org/10.1007/s11116-018-9923-2
https://doi.org/10.1257/aer.p20161002
https://doi.org/10.1073/pnas.1611675114
https://doi.org/10.1038/srep42868


Q. Ding, J. Ren, S. Zhang et al.

[56] Wuhan Municipal Bureau of Commerce. Wuhan has become the world’s 

largest autonomous-driving operation service area, reports nearly 500 rou­

tinely operating autonomous vehicles, 732,000 autonomous-travel service orders, 

900,000 passenger-trips in 2023, and more than 3,378 KM of open test roads 

in Wuhan; 2024. URL:https://sw.wuhan.gov.cn/xwdt/gzdt/202401/t20240112_

2340782.shtml. 

[57] Sustainable Transportation Research Group of Tsinghua University. Automotive 

material tracker (amt); 2026. URL:https://www.star-amt.com. 

[58] Mai L, Liu M, Hao H, Sun X, Meng F, Geng Y, Wadud Z, Tate JE, Dong Z, Li H, 

Geng J, Dou H, Deng Y, Bai F, Liu Z, Zhao F. A high-resolution dataset on elec­

tric passenger vehicle characteristics in China and the European Union. Sci Data 

2025;12:1449.

[59] International Energy Agency. Global EV outlook 2025: electric vehicle batteries; 

2025. URL:https://www.iea.org/reports/global-ev-outlook-2025/electric-vehicle-

batteries. 

[60] Milakis D, van Arem B, van Wee B. Policy and society related implications of 

automated driving: a review of literature and directions for future research. J 

Intell Transp Syst 2017;21(4):324–48. https://doi.org/10.1080/15472450.2017.

1291351

[61] Soteropoulos A, Berger M, Ciari F. Impacts of automated vehicles on travel be­

haviour and land use: an international review of modelling studies. Transp Rev 

2019;39(1):29–49. https://doi.org/10.1080/01441647.2018.1523253

[62] Bu C, Cui X, Li R, Li J, Zhang Y, Wang C, Cai W. Achieving net-zero emissions in 

China’s passenger transport sector through regionally tailored mitigation strate­

gies. Appl Energy 2021;284:116265. https://doi.org/10.1016/j.apenergy.2020.

116265

[63] Tjandra S, Kraus S, Ishmam S, Grube T, Linßen J, May J, Stolten D. Model-

based analysis of future global transport demand. Transp Res Interdiscip Perspect 

2024;23:101016. https://doi.org/10.1016/j.trip.2024.101016

[64] Zhang Z, Yu Q, Gao K, He H-D, Liu Y, Huang H. Carbon emission reduction benefits 

of ride-hailing vehicle electrification considering energy structure. Appl Energy 

2025;377:124548. https://doi.org/10.1016/j.apenergy.2024.124548

[65] Huang X, Cao XJ, Yin J, Cao X. Can metro transit reduce driving? Evidence from 

xi’an, China. Transp Policy 2019;81:350–9. https://doi.org/10.1016/j.tranpol.

2018.03.006

[66] Wang Y, Wang Z, Li Z, Staley SR, Moore AT, Gao Y. Study of modal shifts to bus 

rapid transit in Chinese cities. J Transp Eng 2013;139(5):515–23. https://doi.org/

10.1061/(ASCE)TE.1943-5436.0000523

[67] Huang Y, Kockelman K, Garikapati VM. Shared automated vehicle fleet opera­

tions for first-mile last-mile transit connections with dynamic pooling. Comput 

Environ Urban Syst 2022;92:101730. https://doi.org/10.1016/j.compenvurbsys.

2021.101730

[68] Ministry of Transport of the People’s Republic of China. Data portal of the ministry 

of transport of the people’s Republic of China (ride-hailing regulatory informa­

tion exchange bulletins), the data portal hosts the monthly bulletins from the 

ride-hailing regulatory information exchange system; the July 2024 bulletin re­

ported that by the end of June 2024, 7.126 million ride-hailing driver permits 

and 3.015 million vehicle permits had been issued nationally; 2024. URL:https:

//www.mot.gov.cn/shuju/. 

[69] Pérez-Moure H, Lampón JF, Cabanelas P. Mobility business models toward a digital 

tomorrow: challenges for automotive manufacturers. Futures 2024;156:103309. 

https://doi.org/10.1016/j.futures.2023.103309

[70] Liang N, Krishna A, Pitts BJ, Connaughton S, Kozak K, Gkritza K. Understanding 

older adults’ needs for and perceptions of shared autonomous vehicle interior fea­

tures: a focus group and user enactment study. Appl Ergon 2025;123:104408. 

https://doi.org/10.1016/j.apergo.2024.104408

[71] Ehsani JP, Michael JP, Igusa T, Mueller J, Chang C-H, Yenokyan G. Advancing 

transportation equity and safety through autonomous vehicles. Health Equity 

2024;8(1):143–6. https://doi.org/10.1089/heq.2023.0107

[72] Wu J, Liao H, Wang J-W, Chen T. The role of environmental concern in the 

public acceptance of autonomous electric vehicles: a survey from China. Transp

Res F Traffic Psychol Behav 2019;60:37–46. https://doi.org/10.1016/j.trf.2018.

09.029

[73] Xu X, Fan C-K. Autonomous vehicles, risk perceptions and insurance demand: an 

individual survey in China. Transp Res a Policy Pract 2019;124:549–56. https://

doi.org/10.1016/j.tra.2018.04.009

[74] Liao Z, Taiebat M, Xu M. Shared autonomous electric vehicle fleets with vehicle-

to-grid capability: economic viability and environmental co-benefits. Appl Energy 

2021;302:117500. https://doi.org/10.1016/j.apenergy.2021.117500

[75] Guo Z, Zhou Y. Residual value analysis of plug-in vehicles in the United

States. Energy Policy 2019;125:445–55. https://doi.org/10.1016/j.enpol.2018.10.

023

[76] Diouf B. The second-hand market in the electric vehicle transition. World Electr 

Veh J 2025;16(7):397. https://doi.org/10.3390/wevj16070397

Applied Energy 422 (2026) 128259 

15 

URL:https://sw.wuhan.gov.cn/xwdt/gzdt/202401/t20240112_2340782.shtml
URL:https://sw.wuhan.gov.cn/xwdt/gzdt/202401/t20240112_2340782.shtml
URL:https://www.star-amt.com
http://refhub.elsevier.com/S0306-2619(26)00913-X/sbr0290
http://refhub.elsevier.com/S0306-2619(26)00913-X/sbr0290
http://refhub.elsevier.com/S0306-2619(26)00913-X/sbr0290
http://refhub.elsevier.com/S0306-2619(26)00913-X/sbr0290
URL:https://www.iea.org/reports/global-ev-outlook-2025/electric-vehicle-batteries
URL:https://www.iea.org/reports/global-ev-outlook-2025/electric-vehicle-batteries
https://doi.org/10.1080/15472450.2017.1291351
https://doi.org/10.1080/15472450.2017.1291351
https://doi.org/10.1080/01441647.2018.1523253
https://doi.org/10.1016/j.apenergy.2020.116265
https://doi.org/10.1016/j.apenergy.2020.116265
https://doi.org/10.1016/j.trip.2024.101016
https://doi.org/10.1016/j.apenergy.2024.124548
https://doi.org/10.1016/j.tranpol.2018.03.006
https://doi.org/10.1016/j.tranpol.2018.03.006
https://doi.org/10.1061/(ASCE)TE.1943-5436.0000523
https://doi.org/10.1061/(ASCE)TE.1943-5436.0000523
https://doi.org/10.1016/j.compenvurbsys.2021.101730
https://doi.org/10.1016/j.compenvurbsys.2021.101730
URL:https://www.mot.gov.cn/shuju/
URL:https://www.mot.gov.cn/shuju/
https://doi.org/10.1016/j.futures.2023.103309
https://doi.org/10.1016/j.apergo.2024.104408
https://doi.org/10.1089/heq.2023.0107
https://doi.org/10.1016/j.trf.2018.09.029
https://doi.org/10.1016/j.trf.2018.09.029
https://doi.org/10.1016/j.tra.2018.04.009
https://doi.org/10.1016/j.tra.2018.04.009
https://doi.org/10.1016/j.apenergy.2021.117500
https://doi.org/10.1016/j.enpol.2018.10.023
https://doi.org/10.1016/j.enpol.2018.10.023
https://doi.org/10.3390/wevj16070397

	The role of shared autonomous electric vehicles in decarbonizing China's passenger transport sector
	1 Introduction
	1.1 General context and problem motivation
	1.2 Existing research and remaining limitations
	1.3 Research gaps and study objective
	1.4 Study design

	2 Methodology
	2.1 The China TIMES 2.0 energy-system analysis model
	2.2 SAEV representation in the transport sector
	2.3 Material demand representation
	2.4 Battery recycling representation
	2.5 Scenario design
	2.6 Rebound scenario design
	2.7 Data and key assumptions

	3 Results
	3.1 National energy and emission pathways
	3.2 Fleet transition and operational outcomes
	3.3 Material demand and upstream industrial emissions
	3.4 Cross-scenario comparison and monte carlo analysis
	3.5 Rebound-effect results

	4 Discussion
	4.1 System value of SAEVs
	4.2 Policy relevance
	4.3 Limitations and scope
	4.4 Future research

	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A. Supplementary data
	Data availability
	References




