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End-of-life (EOL) battery recycling is crucial for sustainable energy
transition, yet existing systems often suffer from spatial, technological

and policy mismatches that limit environmental benefits. Here we present
amulti-scale analytical framework that integrates machine learning,
life-cycle assessment and spatial integrated scenario modelling to evaluate
the environmental footprint and resource recovery potential of battery
recycling systems. This framework enables high-resolution projections

of battery retirement trends, assessment of recycling technologies and
optimization of supply-demand strategies. Using China as a case study,
we analysed EOL battery flows across 364 cities and over 300 recycling
projectsinvolving 24 battery chemistries. The results reveal that, during
2020-2030, total EOL battery volumes amount t0 16.67-19.99 Mt,

with anortheast-southwest-northwest hotspot migration pattern.

Interprovincial coordination canincrease treatment capacity utilization by
67.12% but cannot eliminate spatial mismatches between EOL battery supply
and available treatment capacity. Our optimization scenarios show that
supply-demand planning could reduce emissions by up to 44% and increase

lithium recovery by 53%. This work provides ascalable tool for designing
low-carbon, high-efficiency battery recycling systems, contributing to the
circular economy and energy transitions.

Electric vehicles (EVs) have emerged as an essential component of
carbon neutrality strategies globally amid the energy transition?.
The International Energy Agency projects that the global EV fleet
will reach 230 million units by 2030°. China has maintained its posi-
tion as the world’s largest EV producer and consumer for a decade*’,
with lithium-ion battery production capacity reaching 732.5 GWh®,
accounting for over 70% of global production. However, the industry
faces a wave of battery retirements owing to capacity degradation
(below 70-80% of initial capacity)’. The recovery of end-of-life (EOL)
power batteries is crucial for mitigating supply risks associated with

key materials®, such as lithium, cobalt and nickel, for which China’s
import dependence exceeds 85%, 95% and 90%, respectively’. The
chemical constituents of lithium-ion batteries are not readily degra-
dableinnatural environments and can contaminate drinking water and
soils'®", These spent batteries areinherently unstable and flammable, as
exemplified by the 2022 explosion at Critical Mineral Recovery, one of
the world’s largest lithium-ion battery recycling facilities””. Therefore,
battery recycling not only addresses resource scarcity but also serves
asacritical pathway for achieving synergistic pollution reduction and
carbon mitigation.
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Fig. 1| Spatial framework for sustainable battery recycling. EV sales data were
sourced from Compulsory Traffic Accident Liability Insurance records. The BAU
represents current conditions as of 2024. ANN, artificial neural network; CBEV,

commercial battery EVs; CHEV, commercial plug-in hybrid EVs; Mn, manganese;
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Step 4: Spatially
integrated scenario modelling
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PBEV, passenger battery EVs; PHEV, passenger plug-in hybrid EVs; NCA, nickel-
cobalt-aluminium; RF, random forest; SVM, support vector machines; XGBoost,
eXtreme Gradient Boosting. Basemaps from ref. 66; map data are based on
standard map data approved under GS(2023)276773.

China’s Ministry of Industry and Information Technology has
officially recognized 156 qualified battery recycling enterprises, yet
industry reports indicate over 50,000 active operators in this sector
(https://www.qcc.com). Currently, only approximately 40% of EOL
batteries are processed by qualified recycling enterprises”, while
the remainder flow into informal channels with limited technologi-
cal capacity and insufficient environmental safeguards'. Informal
recyclers typically consume larger amounts of acids, reductants and
other chemicals, as well as higher levels of energy during processing™'.

Thisresultsin frequently overlooked upstream resource consumption
and emission burdens'®. Furthermore, according to the Greenhouse
Gas Protocol” and ISO 14064, electricity- and heat-related burdens
are directly proportional to the structure of the local grid and the
associated fuel supply?-*%. Thus, under identical energy consumption,
provinces dominated by coal exhibit grid emission factors several times
higher than those dominated by hydropower, leading to environmental
outcomes that differ by orders of magnitude for the same recycling
process®. Macro-scale management frameworks demonstrate limited
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adaptability to municipal-level dynamic characteristics. Achieving
localized ‘proximity-based recycling and disposal’ of EOL power bat-
teries?* requires systematic consideration of regional disparities in
industrialinfrastructure, technological capacity and resource endow-
ments. Consequently, granular regional analyses of recycling potential
and environmental differentials become imperative.

Existing studies have employed the Stanford model*, material
flow analysis®**” and Weibull lifetime distribution models*?* to forecast
EOL power battery volumes. However, these approaches oftenrely on
asingle type of dataset, such as historical sales?, installed capacity® or
average battery lifetime. Their spatial resolution s typically limited to
national or provincial averages®®, overlooking heterogeneity at the city
level. Moreover, their temporal resolutionis restricted to annual incre-
ments, missing short-term fluctuations. As aresult, these models are
constrained in their ability to capture nonlinear systemic effects arising
fromtheinteraction of economic development, policy shifts, popula-
tionstructure and residents’ attention. Accurate quantification of EOL
power battery volumes and region-specific emission factors proves
essential for reliable carbon emission inventories™*. However, exist-
ing methodologies predominantly employ national-average values for
project-specific emission accounting® or extrapolate single-process
conditions to estimate nationwide carbon footprints®. Informal recy-
clingenterprises demonstrate emission intensities several-fold higher
than certified entities in China’®. Previous studies have focused on
industry leaders® or examined technological evolution in isolation,
neglecting spatial disparities in technical capabilities and resource
allocations?, thereby systematically underestimating aggregate
environmental burdens. Therefore, accurately quantifying pollu-
tion reduction potentials and informing region-specific governance
strategies poses challenges that require granular analyses of hetero-
geneity in regional recycling-system configurations and variation in
technological portfolios.

Inresponse to these challenges, amulti-scale coupled framework
is developed to integrate city-level battery retirement forecasting,
cross-regional flow simulation, provincial life-cycle assessment (LCA)
and spatially integrated scenario modelling (Fig.1). Using EVinsurance
records from 364 Chinese cities (Supplementary Note 1), we project the
retirement of 24 battery chemistries from 2020 to 2030 and map their
spatial evolution. We then link alternative routing scenarios with a pro-
vincial database covering nearly 300 recycling projects, including tech-
nology portfolios, electricity mixes and treatment capacities. Overall,
this framework shows how spatial and technological mismatches shape
recycling performance, and helpsidentify optimized pathways towards
lower-emission, higher-efficiency battery recycling systems.

Results

Spatiotemporal pattern of EOL batteries

Avariety of cities are distinguished by a set of characteristics, includ-
ing population size, gross domestic product (GDP), urbanization
rate, local EV promotion subsidies and the Baidu search index for
EVs. After embedding city-level features of passenger EVs (PEVs) and

commercial EVs (CEVs) using principal component analysis, k-means
clustering automatically determined the optimal number of clus-
ters, resulting in three stable groups. The parameters of the optimal
model for each cluster are shownin Supplementary Note 11. Based on
the coefficient of determination (R*) and normalized mean square
error (NMSE) metrics of the optimal models, the extreme gradient
boosting algorithm was found to be more suitable for predicting
CEVs, whereas the artificial neural network model performed bet-
ter in forecasting PEVs (Supplementary Table 5). Model predictions
indicate that PEV sales are projected to reach a cumulative total of
155.93 million between 2025 and 2030, exhibiting a gradient diffu-
sion pattern from eastern coastal regions to central and western areas
(Supplementary Fig.1). By contrast, the distribution of CEVs gradually
evolved over time, exhibiting a pronounced disparity between the
densely concentrated southeast and the sparsely populated northwest
(Supplementary Fig.2). Marked divergence is observed between these
two distribution evolution trajectories.

We analysed the volume of EOL EV batteries across national, vehi-
cle type, battery chemistry and regional dimensions. As illustrated
in Fig. 2a-d, at the national level, EOL battery mass increased from
98,901t in 2020 to a projected range of 5.48-7.07 Mt by 2030, with a
compound annual growth rate of 50.59%. Over the period 2020-2030,
the cumulative volume of EOL batteries is projected to reach 16.67-
19.99 Mt. Retirement patterns exhibit phased characteristics: CEV
batteries dominated retirements before 2024, while PEV retirements
surged post-2024, accounting for 65.90% of total retired mass by 2030.
This shift originated with the Chinese government’s 2009 launch of the
‘Ten Cities and One Thousand Vehicles’ EV demonstration project™,
which covered public transit, taxis, government fleets, municipal ser-
vices and postal logistics in major cities; it prioritized the deployment
of electriccommercial vehicles, whose higher utilization rates acceler-
ated retirement. In battery chemistry terms, lithium iron phosphate
(LFP) batteries remain dominant under the baseline scenario (BAU),
comprising 60.10% of retired mass by 2030. If LFP installations fall to
zero by 2030 and nickel-cobalt-manganese (NCM) batteries gradu-
ally become dominant (type proportion (TP) scenario, refers to the
situation where nickel-cobalt-manganese (NCM) batteries gradually
become dominant)), the retired volume of NCM batteries peaks at
4.04 Mt. In addition, using a stochastic capacity decay model for 24
battery types combined with a weighted retirement mass algorithm,
EOL capacities were calculated across scenarios. Battery energy density
enhancement (ED) yielded the highest EOL capacity (783.18 GWh by
2030), whereas battery lifespan extension (LE) reduced capacity to
498.56 GWh by delaying retirements, underscoring the pivotal role of
technology in regulating resource metabolism.

As shown in Fig. 2e-g, EOL traction battery volumes are highly
spatially aggregated. This clustering is associated with regional eco-
nomic developmentlevels and the distribution of the EVindustry. For
example, Guangdong Province accounted for the largest share of EOL
power batteries during 2020-2030, at 14.19%, while its GDP ranked first
nationwide in 2024 (Supplementary Table 2). In the three provinces

Fig. 2| Predicted EOL power battery volumes in China and spatiotemporal
distribution patterns of EOL power batteries from 2020 to 2030. a, Predicted
EOL power battery volumes and capacity in China from 2020 to 2030, compared
with predictions from other studies. b, Predicted EOL volumes of LFP and NCM
batteriesin China from 2020 to 2030. Shaded bands indicate the projected range
across the four scenario pathways (BAU, ED, TP and LE) and do not represent
statistical confidence intervals. ¢, EOL battery volumes for PEVs and CEVs under
the BAU, ED, TP and LE scenarios, respectively. d, Province-level total EOL battery
volumes and capacities for PEVs and CEVs during 2020-2030. For each province,
the left box shows the distribution of total volume (Mt) across the BAU, ED, TP
and LE scenarios, and the right box shows the corresponding distribution of
battery capacity (GWh). Dots indicate individual scenario values (n = 4 scenarios
per province), centre lines indicate medians, blue boxes indicate interquartile

ranges for Mt, red boxes indicate interquartile ranges for GWh and whiskers
indicate minimum and maximum values. e, Urban-level distribution of EOL power
batteries in 2030. f, Standard deviation ellipse represents the spatial dispersion
characteristics of EOL power batteries. The long half-axis of the ellipse represents
the direction of the data distribution and the short half-axis represents the range
ofthe datadistribution. g, Geographic centroid migration of EOL batteries

from 2020 t0 2030. The green arrows denote gravity centres, while green lines
illustrate the temporal trajectory of centroid movement. The arrowed path starts
atthe 2020 centroid and ends at the projected centroid for 2030, indicating the
dynamic flow of EOL battery generation over the decade. Numerical values can
be found in the Source Data for Fig. 2. Basemapsin e-g fromref. 66; map dataare
based on standard map data approved under GS(2023)276773.
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Fig. 3 | Flow diagram of cross-regional transport for EOL power batteriesin
China and distribution of treatment capacity among formal enterprises.
a-d, Spatial flows of EOL power batteries under four scenarios: baseline
(in-province recycling) (a), recycling within a fixed 300 km radius (b), recycling
within urban agglomerations (c) and cross-border recycling to neighbouring
provinces (d). Inset maps show the national map of China, including the South
ChinaSeaislands, for geographic reference. e, Provincial formal processing
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capacities from 2020 to 2030, with darker blue shading and larger bubbles
indicating higher capacities. f-i, Capacity utilization rates and informal recycling
volumes under the four scenarios defined in a-d, respectively. Darker green
shading represents higher utilization rates, while larger pink bubbles indicate
greater informal recycling volumes. Detailed results are provided in Source Data
Fig. 3. Basemapsina-d fromref. 66; map data are based on standard map data
approved under GS(2023)276773.
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following Guangdong in GDP ranking—Jiangsu, Shandong and Zheji-
ang—the volumes of EOL power batteries were also among the highest.
The standard deviation ellipse indicates that the distribution of early
EOL power batteries was more clustered, but with the expansion of EV
and the expiration of battery lifespans, the distribution began to extend
along asoutheast-northwest axis. Spatial trajectory analysis via ArcGIS
furtherrevealsadistinct progression pattern in battery retirement dis-
tribution:initially fromthe northeast to the southwest, and beginning
in 2026, shifting from the southeast to the northwest. This migration
pattern implies that future recycling systems should not be planned
solely around the current geography of battery manufacturing, but
should anticipate the temporal relocation of EOL battery supply.

Cross-regional transportation and capacity distribution

This study analyses the spatiotemporal mismatch between battery
formal treatment capacity allocation and retired battery distribution,
along with its environmental impacts, using LCA based on data from
about300 battery recycling projects, provincial electricity consump-
tion profiles and eight recycling technologies. Here formal treatment
capacity refersto the treatment capacity of licensed facilities to handle
EOL batteries through second-use and material-recovery pathways.
Information on recycling projects was collected, including project
initiation data, process-level energy consumption, technology types,
equipmentdetails, and the volumes and types of recovered materials.
The licensed formal treatment capacity for EOL batteries increased
from 0.13 Mt yr'1in 2020 to 7.40 Mt yr by 2030 (Fig. 3e). In line with
the Ministry of Ecology and Environment’s emphasis on encouraging
local recycling and utilization of EOL power batteries*, the BAU in this
study assumes that retired batteries are recycled within the province
of origin. However, in reality, numerous small and micro enterprises
are also competing for discarded batteries.

In the presence of competition from informal collectors, spatial
coordinationis pivotal to raising the utilization of licensed treatment
capacity. Under the baseline, whereinterprovincial routingis restricted,
national-average capacity utilizationin2024 was only 39.3%, reflecting
adual constraint of distance and limited receiving options. This mani-
fests heterogeneously—provinces such as Guangdong host substantial
licensed capacity yet face intense competition from informal opera-
tors, while Zhejiang and Jiangsu exhibit high EOL battery generation
but comparatively sparse licensed recycling enterprises, producing the
combination of elevated formal capacity utilization and persistently
high informal recovery. Allowing cross-regional transport mitigates
these spatial mismatches (Fig. 3f-i). Under neighbouring-province
coordination (Fig. 3d), the 2024 national-average utilization rises to
65.68%—an absolute gain of 26.38% over baseline (a 67.12% relative
increase). A city-cluster scheme (Fig. 3¢), leveraging networked consoli-
dation within metropolitan systems, achieves 58.22%, materially above
baselineyet below neighbouring-province performance. By contrast,
asimple 300 kmradius (Fig. 3b) constraint expands reach but remains
less targeted to structural spatial imbalances than province-based or
cluster-based coordination. However, in provinces such as Jiangxi,
Hunanand Hubei, volumes of EOL power batteries are smaller, whereas
formal treatment capacity is substantial; even with cross-provincial
transport, capacity utilization remains well below 50%. In addition,
transportation-related emissions are estimated to account for less than

1% of process-wide emissions from battery recycling. These results indi-
cate that the main constraint on system performance is not transport
itself, but the spatial mismatch between licensed capacity and waste
generation, suggesting that coordinated routing canbe environmen-
tally justified when recycling burdens dominate transport emissions.

Provincial environmental effects and metal recovery

Fig. 4a-iillustrates the environmental impacts per recycled battery
unit based on 2023 electricity consumption patterns. The disparity
in provincial electricity structures directly causes variations in envi-
ronmental footprints under identical technological conditions. Envi-
ronmentalimpact assessments for recycling1t of EOL power batteries
reveal Inner Mongolia, Heilongjiang, Jilin, Shanxi and Hainan as the
top five provinces with the highest global warming potential (GWP).
These findings highlight theimportance of optimizing recycling facil-
ity siting strategies and accelerating grid decarbonization to mitigate
regional environmental burdens. For example, the GWP generated by
low-emission hydrometallurgical recycling of 1t of LFP batteries in
Shanxi Province is equivalent to that from recycling 3.35 t of LFP bat-
teries via the same process in Hubei Province. The maximum provincial
divergence in GWP for low-emission hydrometallurgical recycling
of 1t of NCM batteries exceeds 3.61tCO,e. Furthermore, GWP from
smallinformal enterprises is 2.12-8.40 times higher than that from
certified hydrometallurgical processes, and 3-9 times greater than
pyro-hydrometallurgy technology, whereas the human toxicity poten-
tial (HTP) ismore than 15 times higher. These disparities underscore the
urgency of phasing out outdated capacities and advancing standard-
ized management practices. However, for low-emission hydrometal-
lurgical NCM recovery processes, their lower GWP is accompanied by
ahigher acidification potential (AP).

The provincial proportions of recycling technologies were quan-
tified using battery production capacity data and enterprise-type
distributions (Supplementary Notes 14 and 18). As shown in Fig. 4j,k,
the five provinces with the highest total recycling-related emissions
during 2020-2030 are Guangdong, Jiangsu, Shandong, Shanghai
and Zhejiang. Although GDP in these provinces is among the high-
est nationwide, deficiencies in standardized recycling technologies
among formal-sector enterprises are observed in Jiangsu and Shan-
dong, whereas Shanghai’s higher emissions are associated with its
coal-dominated electricity mix. The top five lithium recovery prov-
inces, Guangdong, Zhejiang, Shandong, Jiangsu and Henan, collectively
contribute 42.6% of national lithium recovery volumes. High volumes
of EOL power batteries are also generated in these provinces. Notably,
these five most polluting provinces also account for 40.83% of lithium
recovery output, indicating that China’s EOL power battery recycling
industry remains dependent oninefficient recycling practices charac-
terized by numerous small, low-tech operations.

China’s power battery recyclingindustry exhibits regional dispari-
ties, with provinces facing distinct challenges in capacity matching,
energy structure cleanliness and technological advancement. This
under-utilization is not uniform across provinces: Guangdong has a
high concentration of licensed recycling capacity but faces intense
informal competition at the point of collection; Zhejiang and Jiangsu
generate large EOL volumes yet host comparatively sparse licensed
projects, resulting inacombination of localized capacity pressure and

Fig. 4| Environmental impacts and metal recovery from China’s power battery
recycling industry by province. a-i, Provincial GWP (tCO,e) (a,b,c), AP (tSO,e)
(d,e,f) and EP (tPO,*¢e) (g h,i) per 1 t of lithium-ion batteries recycled using high-
emission (a,d,g), low-emission (b,e,g) and medium-emission (c,f,i) processes.

Jj, Provincial total emissions for GWP (MtCO,e), AP (MtSO,e), HTP (Mt1,4-DCBe)
and EP (MtPO,*"e) from 2020 t0 2030. k, Provincial metal recovery volumes (t)
for lithium, cobalt, nickel and manganese from 2020 to 2030. The concentric
scalelabels indicate the magnitude of each environmental indicator. Values
arelog-transformed and represented by radial lengths, uniformly scaled to

one-thousandth of their original values. Labels are shown only on the outer and
middle rings. Results for environmental impact indicators are provided in Source
DataFig. 4. AH, Anhui; BJ, Beijing; CQ, Chongqing; FJ, Fujian; GD, Guangdong; GS,
Gansu; GX, Guangxi; GZ, Guizhou; HA, Henan; HB, Hubei; HE, Hebei; HI, Hainan;
HL, Heilongjiang; HN, Hunan;JL, Jilin; JS, Jiangsu; JX, Jiangxi; LN, Liaoning;

NM, Inner Mongolia; NX, Ningxia; QH, Qinghai; SC, Sichuan; SD, Shandong;

SH, Shanghai; SN, Shaanxi; SX, Shanxi; TJ, Tianjin; XJ, Xinjiang; XZ, Xizang; YN,
Yunnan; ZJ, Zhejiang.
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elevated informal recovery. Interior provinces Jiangxi, Anhui, Hunan
andSichuan are characterized by relatively small city-level volumes of
EOL power batteries but a concentration of formal-sector treatment
capacity. Consequently, a pronounced disparity emerges between
available resources and inflows from neighbouring cities, resultingin
under-utilized facilities while other provinces encounter shortages.
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Regions with cleaner electricity structures, such as Yunnan, Sichuan
and Qinghai, demonstrate lower emissions, while northern provinces
like Inner Mongolia, Shanxiand]Jilin, heavily reliant on coal-fired power
(>70%), maintain high carbonintensities of 3.30 tCO,e t ' battery, even
with low-emission technologies, urgently requiring clean energy tran-
sitions. Technologically, low-emission hydrometallurgical processes
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Fig. 5| Potential for pollution reduction and metal recovery from2020 to
2030 under 52 scenarios considering battery supply and recycling industry
demand. a, Impact of 52 scenarios on GWP (MtCO,e). b, Impact of 52 scenarios on
AP (MtSO,e). ¢, Impact of 52 scenarios on HTP (Mt1,4-DCBe). Black text denotes
the proportion of emission reductions in aggressive scenarios, whereas red

textindicates the proportion of emission increases. d,e, Recoverable volumes
of lithium (d) and cobalt (e) for the 52 scenarios (Mt). The numerals 1,2 and
3are used to denote the conservative, moderate and aggressive scenarios,
respectively. Other environmental impact and metals recovery results can be
foundin Source DataFig. 5.

dominate (>50%) inJiangxi, Hunan and Ningxia, but face high costs for
acid wastewater treatment. Conversely, Shaanxi, Hebei, Tianjin and
remote areas still predominantly use high-emission methods (>60%)
and formal recycling rates below 50%.

Future waste, emissions and metal recovery

A scenario-based framework was formulated across supply-demand
dimensions to analyse 52 scenarios (Extended Data Table 1), aggres-
sive, moderate or conservative levels of technological optimiza-
tion (TO), energy structure adjustment (ES), enhanced authorized
recycling (AR) and secondary utilization (SU) under evolving bat-
tery chemistries, quantifying their pollution-carbon reduction and
resource recovery implications. Under baseline conditions, cumula-
tive national environmental burdens for 2020-2030 were quantified
as158.97 MtCO,e for GWP, 132.32 Mt 1,4-dichlorobenzene-equivalent
(DCBe) for HTP, 0.89 MtSO,e for AP and 0.24 MtPO,* e for eutrophica-
tion potential (EP). Inaddition, the recoverable metal quantities of the
projects were 0.13 Mt of lithium, 0.17 Mt of cobalt, 0.43 Mt of nickel
and 0.17 Mt of manganese. In 2030, environmental impacts and metal

recovery volumes accounted for more than 30% of the 2020-2030
cumulative totals.

Asshownin Fig. 5a-c, the supply-side scenario dominated by NCM
batteries (TP) exhibits the most substantial environmental impacts;
per-unit burdens (GWP, AP, EP, HTP) exceed the baseline by 6%, 10%,
8%and 10%, with corresponding cumulative burdens of 168.67 MtCO,e,
0.98 MtS0O,e, 0.26 MtPO,> e and 145.36 Mt1,4-DCBe. The results indi-
cate that, when NCM batteries dominate vehicle installations, the
system-wide environmental benefits of recycling are diminished. As
showninFig.5d,e, the combined ED and TO achieves maximum cobalt,
nickel and manganese recovery at 0.26 Mt, 0.65 Mt and 0.26 Mt, respec-
tively. The combined ED and increased SU yields the highest lithium
recovery at 0.21 Mt. LE scenarios maintain lower environmentalimpacts
but concurrently yield the lowest metal recovery volumes.

Under the demand-side scenario, the greatest reduction in GWP
isachieved by directing batteriesto AR, followed by recycling technol-
ogy optimization, broader adoption of SU and, lastly, ES. The com-
bined ED and a 60% increase in the formal recycling rate (ED + AR3)
achievesreductions of 44%in GWP,40%in AP,47%inEPand 49%in HTP.
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Fig. 6 | Pollution reduction, carbon mitigation potential and metal

recovery across Chinese provinces under 52 scenarios. a-f, The six provinces
(Guangdong (a), Jiangsu (b), Henan (c), Shanghai (d), Zhejiang (e), Shandong
(f)) with the largest absolute reductions in GWP across 52 scenarios. Provincial
emissions are specified as annual values for each year from 2020 to 2030, rather
than cumulative totals. The inset plots highlight scenario-based emission
reductionsin cities from 2026 to 2030. Therefore, the y-axis scale adjusts
according to each city’s emission values. g, Percentage reduction in GWP in the
31 provinces of mainland China under the integrated scenarios compared with
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m

the BAU. h, Provincial recoverable lithium, 2020-2030 (10°t). i, Provincial
recoverable cobalt, 2020-2030 (10°t). Darker map shading denotes larger
recoverable metal volumes. Inset maps show the national map of China,
including the South China Seaislands, for geographic reference. The numerals1,
2and 3 are used to denote the conservative, moderate and aggressive scenarios,
respectively. Detailed environmental impact and metal recovery data are
providedin Source Data Fig. 6. Basemaps in handifromref. 66; map dataare
based on standard map data approved under GS(2023)276773.

The supply-side LE scenario with 60% market-end technological
advancement (LE + TO3) limits GWP to 34% of the baseline upper bound
andreduces HTP by 41% relative to the baseline. Here TO3 denotes the
most ambitious process-improvement pathway, in which energy use,
reagent consumption and metal recovery rates areimproved towards
their thermodynamic minima. Across the energy-mix pathway, froma
conventional structure (ES1) to a 2.0-compliant sustainable develop-
ment pathway (ES2) and to a 1.5 °C-compliant pathway (ES3), GWP
reductions range from2.30% to 27%relative to the baseline, indicating
that power-system decarbonization alone delivers limited mitigation
in this context. At a SU rate of 0.60, GWP reductions range from 20%
to 34%. SU is functionally equivalent, in material terms, to directing
the lithium content of LFP batteries into new service applications,
increasing lithium recovery by 55% (0.07 Mt) relative to the baseline.
As shown in Fig. 6a-g, regional pollution and carbon reduction
strategies reveal spatial heterogeneity. For provinces such as Hubei,
Hunan, Jiangxiand Chongqing, where formal-sector treatment capacity
isconcentrated, the largest reductions in GWP are achieved under TO
(TO3), with an average reduction of 47%. For Guizhou and Jilin, which
have coal-dominated power mixes, ES is most effective, with GWP
reduced by 43%. For Anhui, Fujian, Zhejiang, Liaoning and several more

remote provinces, the greatest mitigation effect is obtained by increas-
ing the throughput of authorized recyclers. For Beijing, Hainan and
Tibet, increasing the throughput of authorized recyclersraises lithium
recovery by more than 58% and increases cobalt, nickel and manganese
recovery by up to 58%. For Guangdong, Guangxi, Inner Mongolia, Shan-
dongand Shanxi, cobalt, nickeland manganese recovery are increased,
onaverage, by 53% through upgrades torecycling-process technology.
The results represent the maximum benefits attainable under ideal
implementation conditions, and their interpretation should account
for the underlying assumptions.

Given the pronounced provincial differences in electricity struc-
ture and recycling performance, we further examined how simplify-
ing these dimensions would affect the estimated emissions. To do
so, we compared the BAU used in this study with two simplified cases
that remove one source of heterogeneity at a time. A scenario that
excludes provincial heterogeneity in electricity mixes, by adopting
the national-average electricity dataset from ecoinvent 3.9.1, leads to
an overestimation of total GWP by approximately 80%. By contrast, a
scenario that excludes technological heterogeneity in recycling pro-
cesses resultsin anunderestimation of emissions by 66.08%. Together,
these results show that both spatial and technological resolution are
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crucial for robust emission assessment. The provincial-level results
for the three scenarios are reported in Supplementary Table 23, with
avisual comparison provided in Supplementary Fig. 9.

Discussion

This study identifies three systemic challenges in China’s power battery
recycling sector: (1) aspatial mismatch between provincial treatment
capacity and the distribution of retired batteries, whichis exacerbated
by competition between formal and informal recyclers; (2) spatially het-
erogeneous environmental burdens, as identical recycling processes
generate several-fold differencesin emissions across provinces due to
divergent electricity mixes; and (3) technological-portfolio misalign-
ment, as provincial reliance on different tiers of hydrometallurgical
and pyrometallurgical routes introduces distinct constraints. For the
relevant research community>*¢, the main contribution of our frame-
work is that it links city-level retirement forecasting, cross-regional
routing, provincial LCA and integrated scenario analysis within asingle
spatially explicit framework, thereby enabling a more policy-relevant
assessment of where and how recycling should occur.

Notably, the observed migration of EOL battery hotspots, ini-
tially from the northeast to the southwest, and then shifting from the
southeastto the northwest, highlights systemic mismatches between
planned battery resource utilization capacity and projected supply.
This study characterizes the transport dynamics under competition
frominformal recyclers. Within-province recycling leaves many formal
facilities under-utilized, whereas in provinces with high retirement
volumes, informal channels capture a larger share. Interprovincial
coordination mitigates but does not eliminate these mismatches,
particularly where formal capacity is overly concentrated and large
relative to local inflows. To secure a stable supply of waste materials,
some recycling facilities have been sited adjacent to battery manu-
facturinglines to collect and process production scrap. This practice
supported the utilization of Chinese recycling facilities in the early
stage”. However, with the impending large-scale retirement of trac-
tion batteries, the sector’s focus is shifting towards the closed-loop
recycling of EOL batteries. Transport-related emissions are less than
1% relative to processing, indicating that, under China’s current geo-
graphic pattern, the environmental cost of interprovincial realloca-
tion is minimal®®. Therefore, the overall net benefit depends largely
on whether high-emission processes and carbon-intensive regional
electricity grids are effectively displaced.

The findings align with literature emphasizing spatial het-
erogeneity in recycling efficiencies®*, and are of the same order
of magnitude as estimates based on a national-average electric-
ity mix'®*° (Supplementary Table 31). Comparisons presented in
Supplementary Table 23 show that assuming a national-average
electricity mix obscures substantial interprovincial variation in
grid carbon intensity, while neglecting process heterogeneity over-
looks differences in energy use, recovery efficiency and operational
practices. These biases are sufficiently large to affect not only the
absolute magnitude of environmental impacts but also the relative
ranking of regions*°. Together, these results underscore the need for
high-resolution, spatially explicit and technology-resolved inventory
data*’. This work highlights theimportance of regionally differentiated
LCA frameworks, particularly inlarge and heterogeneous economies,
where spatial and technological variability fundamentally shapes
environmental outcomes. Therefore, province-level intervention pri-
orities cannot be determined by recycling volume alone, but must also
accountforlocal grid carbonintensity and the composition of regional
process portfolios.

Based on these patterns, we derive the following regionally dif-
ferentiated strategy framework that can also be interpreted as a gen-
eral typology of intervention priorities for heterogeneous recycling
systems: (1) pre-emptive infrastructure deployment in emerging
retirement hotspots to match projected growth in EOL batteries, as

illustrated by the Yangtze River Midstream and Chengdu-Chongging
clusters; (2) in manufacturing-oriented regions with high retirement
volumes and intense informal competition, illustrated here by parts of
coastal China, prioritize formal-sector routing, enable cross-regional
matching and procure renewable electricity to reduce unit environ-
mental burdens; (3) in regions with high formal capacity but relatively
lowlocal retirement volumes, such as several central provinces, devel-
oping consolidation hubs andintroducing process upgradesto absorb
supplementary inflows; (4) in coal-intensive regions, link any new
formal-sector capacity expansions to low-carbonelectricity until reli-
ableaccessto clean power is secured, discourage new energy-intensive
pyrometallurgical stages and focus on the dismantling and transfer of
intermediate products to certified refiners; and (5) strengthen formali-
zation mechanisms by enforcing registration, penalties and incentives
tointegrate informal recyclersinto regulated systems, making techni-
cal compliance a prerequisite.

Although Chinaserves as the empirical case, the analytical logicis
transferable to other rapidly electrifying economies and to emerging
recycling chains characterized by spatially uneven waste generation,
heterogeneous treatment technologies and differentiated electricity
systems. Under such conditions, integrating high-resolution retire-
ment forecasting with routing simulation and localized environ-
mental assessment can provide a robust basis for siting decisions,
technology upgrading and differentiated policy design. Through
strategic planning, innovation and stringent governance, China can
pioneer a globally leading, environmentally sustainable recycling
system, accelerating progress towards circular economy and carbon
neutrality goals.

Owing to data constraints, this study has three key limitations: (1)
the data from informal recyclers are represented using the highest-
emission hydrometallurgical and pyrometallurgical processes, as
precise process-level data are unavailable; (2) this study assumes no
imports of overseas spent batteries. Given that Chinese recycling
enterprises currently process primarily domestically retired bat-
teries and that cross-border transportation of waste batteries is
restricted by regulation, this assumption is considered reasonable
for the study period. However, if imports of waste batteries increase
in the future, they should be incorporated into the model; and (3) in
the simulated cross-regional transport scenarios, only transport dis-
tance and associated emissions are considered, while the economic
costs of the long-distance shipment of EOL batteries are not evaluated.
Future work should incorporate economic feasibility constraints on
interprovincial transportation.

Methods

This study develops a multi-scale analytical framework to evaluate
the environmental impacts and resource recovery potential of bat-
tery recycling systems. The framework consists of four linked com-
ponents. First, city-level retirement of EOL batteries is forecast from
2020 t02030 using machine learning based on EV insurance records
and urban socio-economicindicators. Second, cross-regional battery
flows are simulated under alternative routing rules to assess how spa-
tial mismatch between retirement hotspots and licensed treatment
capacity shapes formal recycling pathways. Third, a provincial LCA
database covering nearly 300 recycling projectsis constructed to cap-
ture regional technology portfolios, electricity mixes and treatment
capacities. Fourth, these components are integrated into scenario
modelling to evaluate how spatial allocation, technological upgrad-
ing and market evolution jointly affect environmental burdens and
metal recovery.

City-level prediction of EOL batteries

To address the challenge of predicting battery retirements with lim-
ited historical data, we constructed a high-resolution forecasting
framework thatintegrates machine learning with multifactorial urban
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characteristics. Our approach considers spatial heterogeneity by clus-
tering cities with similar socio-economic and policy conditions, thereby
improving predictive robustness for small samples.

First, we compile monthly datasets encompassing PEV and CEV
insuranceregistrations across 364 Chinese cities, alongside five cate-
gories of urbanindicators: (1) population size and GDP to capture mar-
ket scale; (2) urbanization rates to reflect demographic dynamics; (3)
local subsidies to account for policy incentives; and (4) Baidu Search
Index to represent consumer awareness and adoption intent—an
importantbehavioural signalin the Chinese context (Supplementary
Note 4). Baiduis widely regarded as the Chinese analogue to Google
andisawidely used search engine in China. Baidu’s search query vol-
umes arereleased to the public asaweighted indicator knownas the
Baidu Index (https://index.baidu.com). This index has been applied
to forecasting transit ridership***?>, modelling infectious-disease
transmission** and predicting EV sales*. Together, these indicators
capture demographic, economic, policy and behavioural dimensions
thatjointly shape EV uptake and battery retirements. We model pas-
senger and commercial vehicles separately because these vehicle
classes differ in usage scenarios, battery lifespan, retirement pat-
terns and metal recovery potential. PEVs, primarily used for private
short-distance commuting, have lower annual mileage and slower
battery capacity degradation, with retirement cycles typically lasting
8-10years. By contrast, CEVs (for example, logistics trucks and buses)
operate under high-frequency, high-load conditions, accumulating
annual mileages of 50,000-80,000 km, leading to faster capacity
degradationand shorter retirement cycles (5-7 years). Additionally,
battery installation ratios differ between the two vehicle types. By
conductingindependent modelling, this study can precisely capture
the retirement dynamics of both vehicle categories and avoid predic-
tion biases caused by mixed data. Data curation steps are detailed in
Supplementary Note 6.

Second, given the systematic variations in characteristics across
cities, we first embed and cluster cities using training-period statis-
tics, obtaining a few internally homogeneous clusters. Models are
then trained within each cluster, which improves data efficiency and
reduces nationwide misspecification. Third, we compare four regres-
sors within each cluster: support vector machines (Supplementary
Note 7), random forests (Supplementary Note 8), extreme gradient
boosting (Supplementary Note 9) and artificial neural networks (Sup-
plementary Note 10). Two lightweight ensembles are added: (1) stack-
ing uses time-ordered out-of-fold predictions from asingle base learner
asinputtoalinear meta-learner, improving stability while preventing
leakage; and (2) BlendTop2 is a lightweight blending ensemble that
combines the predictions of the two best-performing single models
using fixed linear weights, thereby balancing bias and variance in small
samples. The full workflow and parameter settings are provided in the
Supplementary Information.

Toevaluate the predictive performance of each machine learning
model within clustered passenger and commercial vehicle groups, we
adopted R? and NMSE as the primary evaluation metrics. R? provides
an intuitive measure of explanatory power and goodness-of-fit, and
enables a straightforward comparison across different model struc-
tures. By normalizing the mean square error, NMSE penalizes large
deviations more heavily and, thus, captures occasional extreme errors,
while also allowing error magnitudes to be compared across datasets
of different scales.

n a2
R2_1_ Zin:l@i —J’i)z M
Zi:l(yi _.)7)
Iy i)
NMSE = 2=~ (0)
;Zi=1 (yi _.)_))

where n denotes the sample size, y; represents the observed value of
theisample, y,indicates the predicted value for the isample from the
model, y signifies the mean of all observed values, E;;l(yi -y calcu-
lates the residual sum of squares and ZLl(yl -y computes the total
sum of squares.

Furthermore, to assess robustness and generalizability, we com-
plemented these metrics with out-of-sample and time-series extrapola-
tion tests. Specifically, we performed rolling-origin cross-validation,
training models on earlier years and testing them on later periods,
thereby mimicking the temporal nature of forecasting. This proce-
dureensured that our reported model performance is not only reflec-
tive of in-sample fit but also indicative of predictive reliability under
real-world forecasting conditions.

Based on the predicted registration volume of EVs, this study
forecasts the city-level volumes of EOL power batteries by integrating
battery-type proportions, battery characteristics and the Weibull sur-
vival distribution. The battery types considered include 24 categories
derived from combinations of six battery chemistries (LFP, NCM111,
NCM523, NCM622, NCM811 and nickel-cobalt-aluminium) and four
vehicle categories (passenger plug-in hybrid EVs, passenger battery
EVs, commercial plug-in hybrid EVs and commercial battery EVs). This
results in six battery types and four vehicle categories, producing 24
combinations. The data on the installed capacity share of 24 types of
batteriesin Chinafrom 2016 to 2024 are shownin Supplementary Fig. 4.
Owing to constraintsin technological limitations, funding constraints
and supply chain challenges, it remains challenging to achieve
large-scale commercial adoption of new battery technologies such as
solid-state and semi-solid-state batteries in the short term*®. Therefore,
given the timeframe of this study, the impact of these new battery
installation volumes has not been considered.

The two-parameter Weibull distribution model, which best
approximates thereal-world operational conditions of power batteries,
was employed for estimation. For battery chemistry type m, the Weibull
distribution function canbe expressed as f,, (t), where ¢ denotes time.
The probability density function of the Weibull distribution is
formulated as*:

k=1 / ( \km
fu (K A) = %(ﬁ) i) 3)
where k,,is the shape parameter for battery chemistry type m, govern-
ing the distribution’s curvature and retirement patterns. We adopt a
shape factor k,, of 3.50 for all battery types, consistent with values
reported in previous studies®**. The corresponding scale parameter
A Whichrepresents the characteristic lifetime of the battery type m,
isshowninSupplementary Table 8 and Supplementary Fig. 6 (ref. 49).

In the BAU, dynamic lifetime trajectories were assumed for EVs.
The parameter values for passenger and commercial vehicles during
2020-2030 are reported in Supplementary Table 24. Assumptions
regarding battery replacement are adopted from the 2024 GREET
model*°. For battery-electric and hybrid-electric passenger vehi-
cles, as well as CEVs, one replacement is assumed—the original pack
isreplaced once over the vehicle’s lifetime, consistent with studies
showing that vehicle lifetimes exceed battery lifetimes®”. Accordingly,
three retirement events were considered (only a single replacement
event was permitted):

() Norig,,,, (@, m)is the number of original batteries retiring with the
vehicle at vehicle age a:

Norig,,, (@,m) = N X [F(@) — Fy(a = D] x [1 = Fy(a)] 4)
(ii) Niepi (@, m) is the number of early battery failures and replace-
ments at vehicle age a:

Nrepi (@,m) = N X [Fp (@) — Fp (a - D] x [1 - F, (@)] (5
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(iii) Nrep,,, (@, m) is the number of replacement packs retired with
thevehicle at vehicle age a. First, an original battery fails and is replaced
atage r (1< r<a).Second, the vehicle, now equipped with the replace-
ment battery, is retired at age a. The replacement battery’s age at this
pointisa-—r.

Nrepi,, (@,m) is determined by summing overall possible replace-
mentages r

a-1

F,(@) - F(a—1
Nreply, (@) = 3 Nogpi(r,m) x [1 = Fy(a — ry] x 2@ =Fo@=D)
r=1

1=F,(0 ©

Neotal (@, m) denotes total retired batteries for the cohort at age:

Neoral(a, m) = NorigEOL (a,m) + Nrep] (a,m) + Nrepl (a,m) @

EOL

where ¢, denotes the year of vehicle registration, ¢ is the calculation
year, N, represents the number of EVs registered in city c during year
t,, F,(a) is the cumulative distribution function for vehicles after
a = t - t;years, F, (a)isthe cumulative distribution function for batter-
iesafter ayears, w,,is the battery weight, C,,is the battery capacity for
vehicle type mand N, represents vehicles of type msold in year ¢,
with the number of retired units at age a.

Theretired battery weight W, ,, for city c, year ¢t and vehicle type
mis calculated as:

Weim = (Z NC,tSym X Protal (t - ts,m)) X W ¢ (8)

&

where w,,, uses the battery weight specifications of the retirement
year, Pui(@, m) = Nega(@, m)/N,._, is the total retirement probability at
ageaand N, ,representstheinitialnumber of type mvehiclessoldin
thecity cduringtheyear ¢,.

Ec,t,m = EtSNc,t,,m X (PorigmL (aJn)(CM,tS X dpy + Prepl(a’ m)
9

a-1
XCppe X dpy + Zr:l Prepl, (@.m) XCyz,y X dp)

where d,, denotes the attenuation coefficient of the battery, Pog  (a,m),
Prepi (@,m) and Preplyo,, (@.m) denote the respective probabilities of the
three retirement scenarios, C,,, is the capacity from the sales year ¢;,
Cn, is the capacity from the current year ¢ and C,,, ,, is the capacity
from the year of replacement ¢, +r.

After forecasting the volumes of EOL power batteries across 364
citiesfrom 202002030, we analysed their spatiotemporal distribution
patterns. A gravity analysis method was applied to calculate the geo-
graphic centroid of battery retirement for each year during 2020-2030
using a weighted averaging approach. This method helps identify
mobility trends and shifts in concentration areas of retired batteries.
Collected data were input into an ArcGIS system and converted into
formats suitable for spatial analysis, with each point representing the
geographiclocation of retired batteries. For each time point, equations
(10) and (11) were applied to quantify spatial dynamics™:

)—(: Z,zln(xlwl) (10)
Zi:l w;

)—/ - zizln(yiwi) (11)
Ei=1 w;

where X; and Y; denote the geospatial coordinates of geographic
elements, X and Y are the coordinates of the weighted average
centre of gravity and w; represents the weighting factor for retired
power batteries.

Cross-regional transportation simulation

We model battery flows among 364 Chinese cities for 2020-2030 by
linking our city-level EV retirement framework and city-level recycling
projects. City—-city road distances are queried via the Gaode (Amap)
API (https://Ibs.amap.com) and adjusted by a detour factor (multiply
by 1.30) to approximate actual haulage routes. City clusters follow
national urban agglomerations and provincial adjacency is taken from
administrative maps. For each origin city and year, the predicted EOL
battery volume was first divided into formal and informal streams
according to the calibrated formal collection share used in the BAU.
Informal recycling was assumed to remain local, reflecting limited
transport capacity and regulatory constraints, whereas formal recy-
cling was allowed to access licensed facilities across administrative
boundaries depending on the scenario design.

We simulated the following three cross-regional allocation sce-
narios for formal recyclers in addition to the baseline in-province case:
(1) local radius recycling: batteries are transported within a 300 km
radius to the nearest facility; (2) urban cluster collaboration: coordi-
nated recycling across key city clusters (for example, Yangtze River
Delta and Pearl River Delta); and (3) adjacent province allocation: bat-
teries can be transferred to facilities in neighbouring provinces. Within
eachscenario, candidate destinations were screened according to the
relevant spatial rule, and batteries were then assigned sequentially to
the nearest eligible licensed city with available remaining capacity.
This procedure generates city-to-city flow matrices and transport
ton-kilometres, which were subsequently used to evaluate capac-
ity matching and transport-related environmental burdens. Further
implementation details are provided in Supplementary Notes17 and 18.

Metal stock and environmental impact assessment

This LCA follows the principle of ISO14040°, including four steps: goal
and scope definition, life-cycle inventory, life-cycle impact assessment
and interpretation. The recycling processes were categorized based
on actual treatment targets of lithium-ion battery chemistries—NCM
and LFP batteries. Regional technology portfolio distributions were
determined through analysis of environmental impact assessment
reports frombattery recycling projects. The recycling projectsidenti-
fied in our database exclusively treat retired EV batteries, and manu-
facturing offcuts or defective batteries from the production stage
were excluded. Recyclers were classified into three emission tiers (low,
medium and high) using publicly available specifications for equip-
ment and process characteristics, together with national regulatory
compliance thresholds. Recovery technologies were categorized into
the following eight representative categories according to process
route, feedstock chemistry and emission magnitude (Supplemen-
tary Note 20): (1) low-emission pyro-hydrometallurgy for NCM*; (2)
low-emission hydrometallurgy for NCM**; (3) low-emission hydromet-
allurgy for LFP**; (4) medium-emission hydrometallurgy for NCM>’;
(5) medium-emission pyrometallurgy for LFP*°; (6) high-emission
hydrometallurgy for NCM?’; (7) high-emission hydrometallurgy for
LFP%%; and (8) high-emission pyrometallurgy for NCM*’.

LCA is amethod used to evaluate the environmental impacts of
products, processes or services throughout their life cycles®. This
study conducts a life-cycle analysis of power battery recycling stages
based on the ISO 14044 standard®. The system boundary primarily
encompasses battery transport, pre-processing and disassembly dur-
ingthe treatment stage, energy and material inputs, metal recovery and
EOL waste management. The system-boundary diagramis provided in
Supplementary Fig. 5.

Thisstudy integrates geospatial data, installed recycling capacities
and enterprise-type counts to quantify temporal changesin city-level
recycling-process shares, simulate metal recovery efficiency and esti-
mate environmental impacts. The frequent neglect of regional hetero-
geneity in prior LCA studiesisaddressed. Background dataare sourced
fromthe ecoinvent 3.9.1 database, which provides life-cycle inventory
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data for chemicals, electricity generation and auxiliary inputs. In
addition, provincial emission factors for electricity generation are
derived from a literature-based, province-specific electricity-mix
configuration®. Process-level life-cycle inventories are provided in
Supplementary Tables 12-22.

This study employs the CML-IA methodology implemented
through openLCA software® to evaluate eight recycling processes,
selecting the following ten environmental impact indicators for
assessment (Supplementary Table 25): abiotic resource depletion—
elements, abioticresource depletion—fossil fuels, GWP over a100-year
timeframe, AP, EP, HTP, photochemical oxidation potential, ozone
layer depletion potential, terrestrial ecotoxicity potential and marine
aquatic ecotoxicity potential. GWP, AP, EPand HTP are used as the pri-
mary indicators, and the remaining indicator datasets are archived in
the Supplementary Information. Inaddition, to assess the consistency
between the IPCC AR6 characterization of GWP (100a) and the CML
method, results from both methods are compared, and only minor
differences are observed (Supplementary Table 27).

Spatially integrated scenario modelling

This study formulates scenarios encompassing supply-side battery
technology evolution pathways and demand-side market dynamics.
The supply-side framework incorporates four nationallyimplemented
battery technology transformation scenarios: (1) BAU: maintaining
current technological trajectories; (2) TP: prioritizing NCM battery
dominance; (3) ED: improving battery energy capacity; and (4) LE:
prolonging battery service cycles.

The demand-side framework comprises five regionally differenti-
ated core scenarios: (1) BAU: continuing existing market patterns; (2)
ES:energy structure adjustment aligned with national decarbonization
targets®’; (3) AR: channelling batteries to certified recyclers’®; (4) TO:
consideration of thermodynamic limits®* (Supplementary Note 19),
optimization of energy use across processes and increases in metal
recovery rates (Supplementary Table 29); and (5) SU: implementing cas-
caded battery applications®. For the fourthscenario, TO, three intensi-
tiesare considered—100%, 60% and 30%—for the thermodynamic-limit
adjustment. At 100%, all foreground life-cycle inventory entries are
replaced by their thermodynamic minima, and at both 60% and 30%,
eachentryisreduced by 60% or30% of the difference between the base-
line value and its thermodynamic minimum. The AR and SU scenarios
implement threeintensity levels (20%,40% and 60%), while the ES sce-
nario stratifiesinto the following scenarios: high-carbon scenario (tra-
ditional fossil fuel reliance without climate targets), medium-carbon
scenario (2 °C-aligned transitional pathway) and low-carbon scenario
(1.5 °C-compliant sustainable development pathway). This generates 52
combinatorial scenarios (detailed in Extended Data Table1). The BAU
extrapolates 2024 battery market conditions, while TP emphasizes
NCMbattery proliferation. AR incentivizes formal recycling networks,
TOincorporates advanced metallurgical processes and SU promotes
extended battery value chains through repurposing applications.

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

Data availability

The dataset necessary to interpret, verify and reproduce the main
findings of this study is available in the Supplementary Information
and the public sources listed below. Publicly accessible input data
were obtained from the Baidu Index platform, the Ministry of Industry
and Information Technology of China and city-level statistical bul-
letins on national economic and social development. Information on
municipal recycling technologies and city-level treatment capacities
was compiled fromthe ChinaProject Development Network (accessed
in December 2024), and enterprise classification data were obtained

from the TianYanCha business registry. Background life-cycle inven-
tory data were obtained from ecoinvent v.3.9.1 and TianGong LCA,
subject to the access conditions of the respective databases. Data
originating from third-party platforms that cannot be redistributed
directly should be obtained from the original providers. Source data
are provided with this paper.

Code availability

The Python code used for machine learning prediction, cross-regional
flow simulation, scenario analysis and figure generation in this study
is publicly available via GitHub at https://github.com/Miffyfei/
EOL-Power-Battery-Recycling-Industry.git.
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Extended Data Table 1| Battery supply-side and corporate demand-side scenario settings

Category Scenario Name Abb. Scenario Description and Key Parameters
Base Scenario BAU  Maintains 2024 battery characteristics (battery types, capacity, weight, metal content, etc.)
Battery Type Proportion TP Starting in 2024, gradually increase the annual installed capacity share of NCM batteries until 2030,
Adjustment®’ when the battery installation will be entirely NCM.
Supply-Side
Energy Density Improvement ED Starting in 2024, it enhances energy density across 24 battery types, increasing it by 3.6% each year®.
Lifespan Extension LE This extends the lifespan of 24 battery types. Starting in 2024, the battery life will increase by 10% each
year. The maximum limit is set at 15 years by 2030°.
Base Scenario BAU  Preserves 2023 market conditions (energy mix ratios, implemented technologies, recycling methods,
enterprise quantities, recovery rates)
ES3: Low-Carbon Scenario (1.5 °C-compliant sustainable development pathway)
E\iﬁm%%ftmcmre ES ES2: Medium-Carbon Scenario (2°C-aligned transitional pathway)
ES1: High-Carbon Scenario (Traditional fossil fuel reliance without climate targets)
AR3: Annual 60% reduction in informal workshop recycling
Authorized recycling'® AR AR2: Annual 40% reduction in informal workshop recycling
AR1T: Annual 20% reduction in informal workshop recycling
Demand-Side . . . . . .
TO3:100% thermodynamic-limit scenario: All foreground life-cycle inventory entries are directly
replaced by their thermodynamic minimum values.
. 10 il K e H - H H H i O,
eslineles teall e T0 TO2: 60% thermodynamic _l|m|t scenario: Each life-cycle myent_ory entry is adjusted by moving 60% of
the gap between the baseline value and the thermodynamic minimum value.
TO1: 30% thermodynamic-limit scenario: Each life-cycle inventory entry is adjusted by moving 30% of
the gap between the baseline value and the thermodynamic minimum value.
SU3: 60% annual cascade utilization rate
SEan ey ST e Ssu SU2: 40% annual cascade utilization rate

LFP25,69

SU1: 20% annual cascade utilization rate

The numerals 1, 2, and 3 are used to denote the Conservative, Moderate, and Aggressive scenarios, respectively. The scenario analysis excluded commercial-scale production of emerging

battery technologies as the research timeframe (2016-2030) predates the projected 2025 commencement of next-generation battery commercialization

46 while solid-state batteries’

operational lifespans (substantially exceeding five years) would extend beyond the study’s temporal scope. The Technical Specifications for Comprehensive Utilization of Retired Power
Batteries from New Energy Vehicles (2024 Revision) mandates that annual cascade utilization volumes must account for 260% of total retired battery collections’.
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Sampling strategy We have developed 52 simulated scenarios across three levels, aggressive, moderate, and conservative, by integrating battery
technology development on the supply side with recycling market demand scenarios.

Data collection The detailed information were included in the Manuscript and Supplementary information.

Timing and spatial scale  The time span is from 2016 to 2030, and the spatial scale is 364 cities in Chinese mainland. Due to the difficulty in obtaining data
from Hong Kong, Macao and Taiwan of China, they were not taken into consideration.

Data exclusions No data were excluded from the analyses.
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Randomization This study does not involve random selection. To ensure transparency and reproducibility of results, all methods and calculation
processes are fixed.

Blinding Blinding was not relevant to our study, and all the detests analyzed in this study are publicly available as referenced within the article.

Did the study involve field work? |:| Yes |Z| No

S
D
—
c
D

O
(@)
=
o
=
®

O
(@)
=
S

(e}
wv
c
3
3
D

2




Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study

Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry

Palaeontology and archaeology |Z |:| MRI-based neuroimaging
Animals and other organisms

Clinical data

S
Q
@)
C
=
)

O
(@]
=
=t
o
=
—
)

O
O
=
S

Q
wm
C
3
3
o
=

<

Dual use research of concern

XXNXXNXNXX s
OoOoooogd

Plants

Plants

Seed stocks This job does not include this aspect.

Novel plant genotypes  This job does not include this aspect.

Authentication This job does not include this aspect.




	Sustainable battery recycling through spatial and technological alignment

	Results

	Spatiotemporal pattern of EOL batteries

	Cross-regional transportation and capacity distribution

	Provincial environmental effects and metal recovery

	Future waste, emissions and metal recovery


	Discussion

	Methods

	City-level prediction of EOL batteries

	Cross-regional transportation simulation

	Metal stock and environmental impact assessment

	Spatially integrated scenario modelling

	Reporting summary


	Acknowledgements

	Fig. 1 Spatial framework for sustainable battery recycling.
	Fig. 2 Predicted EOL power battery volumes in China and spatiotemporal distribution patterns of EOL power batteries from 2020 to 2030.
	Fig. 3 Flow diagram of cross-regional transport for EOL power batteries in China and distribution of treatment capacity among formal enterprises.
	Fig. 4 Environmental impacts and metal recovery from China’s power battery recycling industry by province.
	Fig. 5 Potential for pollution reduction and metal recovery from 2020 to 2030 under 52 scenarios considering battery supply and recycling industry demand.
	Fig. 6 Pollution reduction, carbon mitigation potential and metal recovery across Chinese provinces under 52 scenarios.
	Extended Data Table 1 Battery supply-side and corporate demand-side scenario settings.


