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Key Points: 14 

1. Data scarcity and data heterogeneity across battery material types, format designs, operation profiles, 15 
environmental conditions, and ownership change can limit effective battery diagnostics, prognostics, and 16 
lifecycle-aware decision-making. 17 
2. AI supports battery lifecycle safety, efficiency, economic feasibility, and environmental friendliness by 18 
informing decisions across manufacturing, first-life service, second-life repurposing, raw material recov-19 
ery, and system-level remanufacturing. 20 
3. AI model development and deployment must adapt to diverse data availability, specifically, physics-21 
based modeling when data is absent, field testing when data is limited, and federated learning when data 22 
sharing is restricted. 23 
4. Emerging solutions such privacy-protected data sharing, data sufficiency evaluation, data-efficient 24 
field diagnostics, automated disassembly, and battery passports address multi-layered challenges in data 25 
curation, model development, model deployment, battery management practice, and policy engagement. 26 
5. Physics knowledge integration and data sufficiency evaluation improve AI model in accuracy, stability, 27 
generalizability, interpretability, and cost-effectiveness. 28 
6. Standardized performance evaluation from multi-perspectives such as battery data, models, systems, 29 
practices to policies are critical for both industrial-scale practice and cross-institutional academic research 30 
outcome benchmarking of AI-powered battery reusing, recycling, and remanufacturing. 31 

Abstract: 32 

Lithium-ion batteries are often retired while still retaining 70–80% of their rated capacity, creating eco-33 
nomic and environmental challenges across their supply chain. Although reuse, recycling and remanu-34 
facturing offer alternatives to recover this otherwise under-utilized value, their implementation is hin-35 
dered by the lack of reliable data on battery condition at retirement, making it difficult to determine 36 
whether, when and how these alternatives should be applied. In this Perspective, we discuss how artificial 37 
intelligence (AI) can help to overcome data barriers by enabling adaptive, data-informed decision-mak-38 
ing throughout the battery life cycle. AI tools can be tailored to battery data scarcity and heterogeneity 39 
contexts, and integrated with data curation, model establishment and model deployment. For example, 40 
physics-based modelling can be used when data are unavailable, field-sensing when data are limited and 41 
federated AI when data sharing is restricted. Management of retired batteries can benefit from AI tools 42 
that are adequately accurate, stable, interpretable, transferable and deployable under these data uncer-43 
tainties. Further adoption of AI into retired battery condition inspection, pretreatment, reutilization and 44 
governance could offer a framework towards safe and efficient battery life-cycle management at scale. 45 

  46 



 2/34 

Glossary  47 
Reusing 48 
The process of cell, module, pack-level repurposing used or end-of-life batteries from their original ap-49 
plications, such as electric vehicles, to generally less-demanding secondary application scenarios, such 50 
as stationary energy storage, household energy storage and low speed vehicles.  51 
Recycling 52 
Recycling is the process of material-level recovering valuable materials, such as lithium, nickel, cobalt, 53 
and copper, from used batteries through mechanical, thermal, or chemical treatment, so that these mate-54 
rials can be reintegrated into new battery production and primary resource extraction and environmen-55 
tal impact can be reduced. 56 
Remanufacturing 57 
The process of electrode and cell-level restoring used or end-of-life batteries to a like-new condition 58 
through disassembly, replacement of degraded components, reassembly, and quality verification to ex-59 
tend product life and recover functional value as newly produced module or pack-level batteries. 60 
State of charge (SOC):  61 
The ratio of the battery’s currently available electrical energy to its maximum available electrical en-62 
ergy under the current state of health and a specified temperature, typically expressed as a percentage. 63 
State of health (SOH):  64 
The ratio of a battery’s available full-charge capacity to its original full-charge capacity, indicating the 65 
degree of aging or degradation. 66 
State of power:  67 
The maximum power output a battery can deliver under current operating conditions, considering its 68 
thermal and electrical limitations. 69 
State of temperature:  70 
The internal or surface temperature of a battery, which influences its efficiency, safety, and degradation 71 
behavior. 72 
Remaining useful life (RUL):  73 
The estimated duration or number of charge-discharge cycles over which a battery is expected to oper-74 
ate reliably within predefined performance thresholds. 75 
Degradation trajectory:  76 
The temporal evolution of performance indicators, such as capacity, internal resistance, or efficiency, 77 
which characterizes how a battery degrades under specific operating conditions. 78 
Material type:  79 
The specific composition and formulation of materials used in battery electrodes and electrolytes, in-80 
cluding both the class of active materials and their internal proportions or doping configurations. 81 
Degradation mechanism:  82 
The underlying physical and chemical processes that lead to battery aging and performance decline. 83 
Common examples include loss of lithium inventory, loss of active materials, and growth of solid–elec-84 
trolyte interphase. 85 
Consistency:  86 
The degree of uniformity in performance metrics such as voltage, capacity, or thermal behavior among 87 
individual cells within a battery module or pack. 88 
Knee point:  89 
A critical inflection point in a battery’s aging curve at which the rate of degradation increases notably. 90 
Thermal runaway:  91 
A critical failure mode in which elevated temperatures initiate self-sustaining exothermic reactions 92 
within battery components, potentially resulting in thermal instability, fire, or explosion. 93 
Charging behavior:  94 
The electrical and thermal response of a battery during charging, including voltage profile, current ac-95 
ceptance rates, and heat generation. 96 
Disassembly:  97 
The use of robotic or mechanical systems to separate battery components without manual intervention, 98 
aiming to improve safety, efficiency, and material recovery in recycling or remanufacturing processes. 99 
Data augmentation:  100 
A technique for expanding datasets by generating additional samples or applying transformations, used 101 
to improve the robustness and generalizability of AI models under data scarcity and heterogeneity. 102 

 103 

  104 
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1 Introduction 105 

Lithium-ion batteries (LIBs) are widely used in electric vehicles and energy storage systems, sup-106 

porting the integration of intermittent renewable energy sources such as wind and solar into smart grids1-107 
3. However, LIBs are typically retired from electric vehicles while still retaining up to 70-80% of their 108 

initial capacity, due to concerns about safety, driving range, and performance under cold-start conditions4. 109 

This underutilization poses economic and environmental difficulties to materials suppliers, battery man-110 

ufacturers, electric vehicles companies, and end users5-9.  111 

[G] Reusing, [G] recycling, and [G] remanufacturing represent three complementary approaches 112 

for extending the value of retired batteries. Reusing refers to repurpose batteries with sufficient remaining 113 

capacity for less-demanding applications such as stationary or household energy storage10. Recycling 114 

recovers valuable materials including lithium, nickel, cobalt, and copper via mechanical, thermal, hydro 115 

or chemical treatments, reducing raw-material demand and associated environmental impact11. Reman-116 

ufacturing restores used batteries to near-new performance via [G] disassembly, component replacement, 117 

and reassembly, achieving high functional recovery12. However, key questions, such as whether, when, 118 

and how these processes should be carried out to ensure reliable and efficient battery lifecycle-aware 119 

decision-making, have not yet received definitive answers13. This uncertainty largely stems from the lack 120 

of reliable field data on battery states at the point of retirement, which is crucial for data-informed lifecy-121 

cle decision-making13. However, critical information, such as state of charge14, remaining capacity15, 122 

remaining energy, [G] material types16, and [G] degradation mechanisms17, is usually not readily acces-123 

sible at test sites.  124 

The EU Battery Directive, effective from July 2023, aims to promote sustainability through battery 125 

lifecycle management, and the Battery Passport is envisioned as a digital record of battery attributes to 126 

secure information traceability and data integrity18-20. However, the data recorded in the Battery Passport 127 

is static and does not accommodate the frequent changes in battery ownership and usage post-retirement. 128 

This limitation underscores an urgent need for dynamic methods to acquire and make available such 129 

battery information21. Artificial intelligence (AI) has demonstrated potential for assessing field states of 130 

batteries at retirement, leveraging available existing data and affordable to-be-curated data. Compared to 131 

their first life, retired batteries face unique challenges because of data scarcity and data heterogeneity. 132 

Data scarcity often arises due to restrictions on battery management system data usage or privacy con-133 

cerns related to historical battery usage information16,22-24. Data heterogeneity is another issue, as retired 134 

batteries are usually collected in batches, with each batch containing batteries of different material types, 135 

physical formats, capacity designs, and degradation mechanisms shaped by varying usage histories13,15,16. 136 

Finally, reselling retired batteries for second-life use will require warranties, with cost depends markedly 137 

on accurately predicting remaining residual values and failure distributions25,26.  138 

In this Perspective, we examine data challenges associated with battery reusing, recycling, and re-139 

manufacturing, focusing on data scarcity and data heterogeneity resulted from different battery chemis-140 

tries, formats, and usage conditions. We present an overview of how AI tasks, AI tools allocation can 141 

support battery lifecycle-aware decisions by enabling effective diagnostics and prognostics with limited 142 

or fragmented data access. We discuss key lifecycle stages and AI focuses, objectives, tools and limita-143 

tions, highlighting stage-specific opportunities in reusing, material recovery, and system-level remanu-144 

facturing. We also discuss remaining challenges and data-informed strategies matched to data availabil-145 

ities, and map these approaches to data curation, model development, battery management system inte-146 

gration, industrial implementation and policy implications of battery reusing, recycling, and remanufac-147 

turing.  148 
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2 Battery data constraints 149 

Across the lifecycle of LIBs, from research and development stage to primary-life, second-life and 150 

post-retirement processing for material recycling, effective decision-making regarding battery residual 151 

value and internal states depends critically on high-quality and standard battery data27-29. These data sup-152 

port key processes such as health estimation, residual value assessment, sorting decisions, and application 153 

matching. However, each stage faces distinct data limitations that collectively hinder the effective adop-154 

tion of advanced data-driven approaches (Figure 1).  155 

These data constraints emerge from four interrelated aspects. First, operational and management 156 

barriers restrict data flow across stakeholders, leading to fragmentation and traceability loss30. Second, 157 

the variability in material compositions, physical formats, and module or pack designs results in inevita-158 

ble inconsistencies that complicate the dataset comparability31,32. Third, real-world environmental and 159 

usage diversity introduces uncontrolled conditions and measurement noise that reduce data reliability33-160 
35. Finally, these factors culminate in a data scarcity and data heterogeneity, undermining the scalability 161 

and generalizability of battery management system design and deployment.  162 

Data scarcity refers to the lack of sufficient, high-quality, and context-rich battery data. While early-163 

stage testing in manufacturing can be data-rich, most of this information is proprietary and inaccessible. 164 

During field use, critical data are often withheld by manufacturers or fragmented across platforms due to 165 

privacy concerns36. In reusing and recycling stages, historical data are frequently missing or unusable, 166 

and testing is often constrained by resource limits and unknown battery states15,37,38. As a result, large-167 

scale datasets that cover diverse chemistries, formats, and aging conditions remain rare since publicly 168 

available datasets report around 7,000 cells, surprisingly only equivalent to the number of cells in a Tesla 169 

electric vehicle. Data heterogeneity arises from inconsistencies in materials, formats, applications, and 170 

user behaviors. Field-collected data vary in sampling frequency, feature definition, and quality, leading 171 

to considerable data distributional shifts that challenge model transferability39,40. Without unified labeling 172 

or testing standards, combining or comparing datasets across multiple sources remains difficult. In sum-173 

mary, data scarcity limits data coverage, while data heterogeneity undermines comparability. Their com-174 

bination hinders the development of generalizable algorithms for reliable battery diagnostics and prog-175 

nostics.  176 

2.1 Operation and management barriers 177 

Effective battery lifecycle management relies heavily on transparent, traceable, and continuous data 178 

access. Yet in practice, operational and institutional constraints create notable friction in achieving this 179 

goal (Figure 1). One major barrier stems from the proprietary nature of battery material formulations, 180 

which are treated as commercial secrets. Without disclosure of exact material compositions or design 181 

parameters, even well-instrumented algorithms remain opaque to downstream processing of these bat-182 

teries. Closely related is the restricted access to battery management system, where high-resolution and 183 

battery quality-relevant operational data, such as voltage, internal resistance, and fault logs, are stored 184 

but frequently locked by manufacturers due to commercial and cyber-security reasons41-43.  185 

Compounding these issues are concerns around battery data privacy and liability. In both consumer 186 

electronics and electric vehicles, usage patterns are coupled to personal or proprietary information such 187 

as driving behavior, [G] charging behavior, and origin-destination information, creating reluctance in 188 

sharing historical records even when batteries are decommissioned from their first-life use39,44-48. Batter-189 

ies can also experience uncontrolled processing post-retirement (for example, suboptimal test 190 
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parameters), causing secondary damage during disassembly or transport, which complicate the data cu-191 

ration49.  192 

 193 

Figure 1 Stage-specific data constraints hinder safe, economical, and environmental-friendly battery management 194 
decisions for reusing, recycling and remanufacturing, due to weak observability into battery states. Data constraints 195 
arising from multiple aspects such as data accessibilities, operation diversities, and measurement challenges, includ-196 
ing composition secrets, privacy use patterns, future use uncertainties, measurement noises, secondary destructions, 197 
no battery management system access. Each phase including manufacturing (remanufacturing), primary life, reusing 198 
for second life, recycling for materials and remanufacturing for near-new cells, modules and packs, faces distinct 199 
levels of data scarcity and data heterogeneity, highlighting systematic bottlenecks in value-aligned lifecycle decisions. 200 
Note that manufacturing and remanufacturing share a lifecycle stage due to their products are battery cells, modules, 201 
and packs, while taking different lifecycle functions, i.e., manufacturing refers to the process of fabricating batteries 202 
from materials or electrodes, and remanufacturing refers to the process of producing near-new cells, modules and 203 
packs from refurbished components. It is worth noting that the flow of life stages from left to right, i.e., remanufac-204 
turing, primary life, reusing, and recycling, is not unidirectional, as different life cycle stages can be directly con-205 
nected without the demonstrated sequential flow. For example, batteries undergoing remanufacturing may be sent 206 
directly to recycling due to defects, and batteries in their primary life stage may also be directly recycled without 207 
reusing if they have irreversible degradations. BMS: battery management system.  208 

Moreover, the lack of standardized end-of-life handling protocols and clearly defined second-life 209 

application scenarios makes it difficult to anticipate future operating conditions, such as current intensity, 210 

temperature range, and usage patterns. This uncertainty not only hinders direct prediction of battery states 211 

but can also complicate physics- and scenario- based simulations, as the absence of representative use 212 

scenarios limits the assumptions and inputs required for reliable modeling50.  213 

Lastly, standardized testing methods such as constant current constant voltage test are often applied 214 

without necessary knowledge of battery-specific parameters like cutoff voltages or C-rates. Given diverse 215 

material types, operation conditions and unknown states of batteries, such standardized protocols can 216 

lead to noisy measurements, reducing the data reliability51-53.  217 

2.2 Material and design variability 218 

Beyond operational and management factors, intrinsic diversities in material composition, physical 219 

formats and capacity designs also contributes notably to inconsistencies in battery data15,54. First, the 220 

differences in electrode chemistry, such as lithium iron phosphate (LFP), nickel cobalt manganese 221 

(NCM), or lithium nickel cobalt aluminum oxide (NCA), result in distinct voltage profiles and aging 222 
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behaviors55-57. These electrochemical and mechanical variabilities affect how voltage-based features are 223 

derived and interpreted58,59. As a result, algorithms trained on one chemistry consistently fail to generalize 224 

to others without sophisticated adaptation methods60.  225 

Second, even when materials are nominally the same, differences in physical structure, such as cy-226 

lindric, pouch, prismatic and blade formats affect mechanical stress distribution, thermal distribution, 227 

and current density, leading to varying internal states, and thus external signatures61-63.  228 

Third, batteries of the same chemistry and format factors often differ in nominal capacity designs, 229 

depending on their targeted application (for example, consumer electronics, electric vehicles, and grid 230 

storage). This system capacity difference impacts both inner- and inter-cell uniformity of electrochemical, 231 

thermal and electrical behaviors, with this difference even amplified with battery degradations64,65. Be-232 

sides, additional variability can also arise from factors such as tab configuration, separator type and 233 

thickness, electrolyte additive type and concentrations, type and amount of binder and carbon additives 234 

in the electrode, and pack-level thermal or [G] consistency management66-70.  235 

2.3 Environmental and usage variability 236 

Real-world environmental conditions and usage patterns introduce substantial variability in battery 237 

behavior and measurement outcomes. These uncontrolled factors, especially prevalent in primary- and 238 

second-life stages, often lead to deviations in expected degradation from manufacturing in a laboratory 239 

setting, complicating performance analysis and modeling. First, ambient and internal temperature play a 240 

pivotal role in battery performance and degradation behavior, while also mechanical conditions such as 241 

vibrations cause battery ageing. Elevated temperatures accelerate side reactions such as solid-electrolyte 242 

interphase and electrolyte decomposition, leading to capacity fade and shortened [G] thermal runaway 243 

time71. In contrast, low temperatures suppress lithium-ion diffusion and increase polarization, and thus 244 

increasing impedance and charging under low temperatures cause Li plating on the anode72. Moreover, 245 

temperature fluctuations introduce nonuniform aging across cells within the same module and pack (for 246 

example, thermal gradients causing accelerated degradation in edge-facing cells)73. These thermal effects 247 

are compounded by the absence of precise thermal control in second-life or off-grid environments, where 248 

passive cooling is common74. Second, current intensity and cycling profile have direct impacts on deg-249 

radation modes and estimation fidelity. High C-rate charging promotes lithium plating and mechanical 250 

stress accumulation at the anode, while low-rate partial cycling tends to amplify calendar aging53,75. Ir-251 

regular or user-specific charging behaviors, such as frequent fast-charging, shallow cycling, or prolonged 252 

idle storage, introduce distributional shift in voltage and current signatures75-77. Unfortunately, most pub-253 

lic datasets are generated under controlled laboratory cycling, and thus do not capture the diversity of 254 

real-world current profiles despite a few recent datasets that aim to characterize fluctuating loads in hy-255 

brid mobility systems or household energy storage78,79. Third, initial state uncertainties, such as unknown 256 

prior usage history, severely affect the interpretability of observed behaviors. For example, two batteries 257 

with similar open-circuit voltages can differ in capacity, yet such differences are hard to resolve without 258 

prior labels. In reusing and recycling scenarios, where batteries are collected from disparate sources with 259 

varying operational histories and initial states, the lack of initialization data becomes a bottleneck for 260 

accurate state reconstruction or performance forecasting37,80. 261 

3. AI’s role in sustainable battery lifecycle  262 

The circular utilization of LIBs hinges on the ability to make safety-, economy- and carbon-informed 263 

decisions at every stage of the lifecycle, from manufacturing and primary-life to second-life, recycling, 264 
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and remanufacturing, while being challenged by the aforementioned data constraints (i.e., data scarcity 265 

and data heterogeneity). A central problem of these challenges is a lack of visibility into the internal states 266 

of batteries given scarce and heterogeneous battery data. AI addresses these two challenges by analyzing 267 

external measurements with algorithmic inference to estimate key states thus guiding informed decisions. 268 

Importantly, the role of AI focus, objective, tools and limitation evolve across the lifecycle (Figure 3 and 269 

Table 1). In manufacturing, AI aims to support defect detection (quality inspection), early failure screen-270 

ing, consistency assessment, and manufacturing process optimization. In primary life, such as service in 271 

electric vehicles, AI aims to support degradation monitoring. risk early warning and fault (or anomaly) 272 

detection. In reusing, AI seeks to support residual evaluation, sorting and regrouping and risk-aware reuse 273 

decision. In recycling, AI can support material type identification, degradation mechanism inference, 274 

recycling process routing decision, optimal reaction agent and dose design, and recovered material qual-275 

ity prediction. In remanufacturing, AI can support automated disassembly and assembly, module or pack 276 

reconstruction, and high-demand consistency improvement. Such variation in AI task focuses necessi-277 

tates deliberate AI task allocation, where algorithms are aligned with lifecycle-specific goals, constraints, 278 

and available data. Matching AI tasks and available tools to stage-dependent challenges is key to realizing 279 

intelligent, circular, and high-value battery equipment and material flow management (Figure 2).  280 

3.1 Manufacturing 281 

As the industry and academia push for batteries with longer lifetimes, higher energy densities, faster 282 

charging capabilities, and lower carbon footprints, precision control and defect minimization in the man-283 

ufacturing process become imperative. For example, foreign matter defects in lithium-ion batteries can 284 

be effectively detected by combining random forest models with out-of-bag error analysis using data 285 

collected from pilot manufacturing lines81. Lithium-plating-type defects were further identified during 286 

battery manufacturing by analyzing formation and capacity grading data82. Electrode-level defects during 287 

manufacturing were successfully detected using computer vision-based deep learning approaches, par-288 

ticularly using convolutional neural networks83. Battery electrode heterogeneity assessment, manufactur-289 

ing process optimization, and multi-objective manufacturing optimization under data scarcity and heter-290 

ogeneity were achieved through a series of simulation- and AI-based methods, including Gaussian pro-291 

cess regression84,, Gaussian naive Bayes85, and Bayesian multi-objective optimization86, with synthetic 292 

data generated from physics-based simulations. In addition, data-efficient screening of promising charg-293 

ing protocol designs was enabled by physics-informed learning and generative models that integrate sim-294 

ulation outputs with limited experimental data, significantly reducing testing time and cost17. 295 

Following initial cell fabrication, early-stage fault detection has been enabled through charging be-296 

havior prediction based on voltage-time and differential capacity analyses, which reveal irreversible 297 

anomalies associated with lithium plating or loss of active materials, allowing defective cells to be re-298 

jected prior to system integration17,87. However, conventional quality inspection remains largely depend-299 

ent on post-production sampling, which is insufficient to capture localized or process-induced variability 300 

across large manufacturing volumes. AI provides a pathway toward inline quality monitoring, defect 301 

detection, and performance prediction during manufacturing. Microstructural defects can be identified 302 

from imaging data, such as CT, X-ray, or transformed time-series signals, enabling prediction of the [G] 303 

remaining useful life (RUL), degradation trajectories, and degradation mechanisms 88-90. Sudden perfor-304 

mance drops, including the emergence of the [G] knee point, have been inferred from early-cycle voltage 305 

and capacity evolution well before macroscopic degradation becomes observable 91. By learning nonlin-306 

ear mappings between subtle early-cycle signatures and long-term degradation outcomes, a range of AI 307 
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models, including random forest for feature importance extraction92, Gaussian process regression for 308 

uncertainty-aware trajectory prediction93, and support vector machines for early-stage anomaly separa-309 

tion, enabling proactive identification of cells prone to rapid aging or instability 94. 310 

Once individual cells pass quality screening, their assembly into modules and packs requires a high 311 

degree of performance consistency to prevent imbalance-induced degradation and localized thermal 312 

stress. To this end, AI-based clustering and hierarchical classification approaches have been used to group 313 

cells with similar capacity fade patterns and impedance growth, thereby reducing intra-pack heterogene-314 

ity and improving pack-level uniformity, safety, and operational lifetime95,96. 315 

3.2 Primary service life 316 

Unlike the controlled environment of manufacturing, the operating conditions during primary-life 317 

are highly dynamic and uncertain. Battery systems experience irregular load profiles, varying ambient 318 

temperatures, and user-specific behaviors97. Furthermore, as batteries are deployed at the module or pack 319 

level, internal inconsistencies, both within individual packs (cell-to-cell variability) and across systems, 320 

become more pronounced, increasing the complexity of AI tasks for monitoring and control98. In addition 321 

to the common quality-relevant tasks in manufacturing, the primary life focuses heavily on the estimation 322 

of internal battery states, such as [G] state of charge (SOC), [G] state of health (SOH), [G] state of power, 323 

and [G] state of temperature99-102. In contrast, advanced AI methods aim to infer internal battery states 324 

that cannot be directly measured by learning relationships between externally observable signals and 325 

latent electrochemical conditions. These approaches typically take time-resolved voltage, current, and 326 

temperature measurements from on-board battery management systems as inputs, and output continuous 327 

or probabilistic estimates of internal states, such as SOC, SOH, RUL, or risk indicators associated with 328 

abnormal operation103-107. The inferred states are used to support real-time monitoring, adaptive control, 329 

safety warning, and lifetime-aware decision-making under dynamic and uncertain operating conditions. 330 

However, purely data-driven models can suffer from reduced robustness and limited generalizability 331 

when operating conditions deviate from the training distribution, particularly under unseen tempera-332 

tures17, load profiles108, or aging modes109. To address this limitation, physics-informed neural networks 333 

and hybrid digital twins explicitly embed electrochemical degradations, such loss of active materials, 334 

loss of lithium inventory, or voltage-current derived indicators into AI architectures, thereby constraining 335 

model behavior to remain physically consistent while retaining the flexibility of AI models17,110-113. 336 

3.3 Reusing for secondary life  337 

The reusing of retired LIBs offers an economically and environmentally favorable path toward re-338 

source efficiency by deploying these batteries in less-demanding contexts, including grid-scale storage, 339 

residential energy systems, uninterruptible power supplies, and low-speed electric mobility18,114-116. Un-340 

like primary-life, second-life usage scenarios are highly heterogeneous and can involve sequential rede-341 

ployment across multiple application domains, a process often termed cascaded utilization or echelon 342 

utilization117. Before any reusing, decommissioned battery packs must undergo a controlled discharge to 343 

lower their energy content, ensuring safe transport and storage118,119. In this context, estimating the SOC 344 

becomes essential, while not to indicate range or availability as in electric vehicles, but to prevent exces-345 

sive deep discharge that could trigger secondary degradation or safety incident such as thermal runaway. 346 

This requires AI models capable of inferring SOC under unknown prior usage and incomplete monitoring 347 

data38,120. Another critical step before reusing is disassembly and performance evaluation such that cells 348 

with comparable performance are regrouped into new modules or packs, while underperforming ones are 349 
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directed to material recycling. AI-enabled battery sorting methods that leverage supervised classification, 350 

anomaly detection, or physics-informed clustering, have been shown to enhance grouping efficiency and 351 

pack reliability11,137-139. Currently, battery disassembly is predominantly with manual labor, which ex-352 

poses workers to electrical, chemical, and ergonomic hazards, thus automation via robotics and AI vision 353 

systems is gaining traction121. Emerging techniques including battery object detection, module edge im-354 

age separation, health-aware disassembly decision-making, learning-based robotics and non-destructive 355 

cell separation are attracting growing interests as these methods address core challenges of battery dis-356 

assembly with limited observability of internal structures and large variability in battery designs 122-126. 357 

Another particularly challenging issue in second-life is the unknown or mixed origin of battery materials. 358 

Specifically, unlike first-life systems where chemistry and design are standardized, reused batteries are 359 

sourced from varied manufacturers and chemistries. Accurate material type identification is critical for 360 

battery performance prediction, reusing decisions, and downstream material recycling16. Solutions under 361 

exploration include X-ray imaging, mass spectrometry, laser-induced breakdown spectroscopy, and elec-362 

trochemical signal decoding using federated learning, which preserve data privacy while enhancing clas-363 

sification accuracy across distributed sources16,127-129. 364 

3.4 Recycling for material  365 

Recycling refers to recovering valuable materials from spent batteries to minimize environmental 366 

harm and conserve critical resources119. In Figure 2, rather than landfilling or incinerating, batteries are 367 

processed through several key recycling techniques such as pyrometallurgy, hydrometallurgy, and direct 368 

recycling. Pyrometallurgy melts battery components at high temperatures to extract critical metals such 369 

as cobalt and nickel; however, it is energy-intensive and results in considerable emissions130,131. Hydro-370 

metallurgy, on the other hand, uses chemical solutions to leach metals in a controlled environment, which 371 

can achieve high recovery rates at lower temperatures but often produces secondary waste132,133. Direct 372 

recycling is gaining notable attention for its ability to lower energy consumption and reduce environ-373 

mental impact compared to traditional methods like pyrometallurgy and hydrometallurgy134-137. The di-374 

rect recycling reduces material degradation and maintains higher-value components, making it both cost-375 

effective and environmentally friendly138,139. Common direct recycling techniques include solid-phase 376 

regeneration and hydrothermal repair140,141, involving mixing spent cathode materials with a supplement 377 

lithium source and heating at high temperatures to restore their original structure. Hydrothermal repair, 378 

on the other hand, uses aqueous solutions under high pressure to replenish lithium and repair defects in 379 

the cathode material142,143.  380 

However, for recycling to be feasible, efficient, economical and profitable, it requires detailed infor-381 

mation about internal chemical compositions of the batteries16,135,144,145. Critical internal information in-382 

cludes material type, degree of material degradation and physicochemical properties such as phase tran-383 

sitions in the cathode, lithium depletion, crystal structure defects, the presence of Li plating, and the state 384 

of solid electrolyte interphase on the anode 138,146-149. Understanding these factors is crucial because they 385 

determine whether, and how electrode materials can be repaired or reused. Cathode material types of 386 

massive retired lithium-ion batteries were accurately identified using a federated and collaborative learn-387 

ing framework that supports both homogeneous and heterogeneous data access while preserving data 388 

privacy across collaborators 16. The discovery of deep eutectic solvents for lithium-ion battery cathode 389 

recycling was accelerated by applying conditional generative adversarial networks, effectively bypassing 390 

the conventional trial-and-error process in chemical agent optimization 150. Thermodynamic and kinetic 391 

losses within batteries were further identified using physics-integrated neural networks, enabling more 392 
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precise scrap material classification and targeted recycling prior to large-scale battery production 17. 393 

The quality of recycled materials can be enhanced by integrating artificial neural network models 394 

into the regeneration process of spent lithium iron phosphate cathodes, where optimal regeneration tem-395 

peratures were predicted to improve the long-term performance of regenerated batteries to lifetimes of 396 

up to 1100 cycles 151. In addition, the economic viability of material recycling was improved through 397 

generative data augmentation using variational autoencoder models, which enabled efficient health esti-398 

mation of massive retired batteries and reduced electricity consumption during battery deactivation by 399 

up to 50% prior to recycling 37. 400 

 401 

Figure 2 AI-enabled pathways routing for battery reusing, recycling, and remanufacturing. In battery manufacturing 402 
and remanufacturing loop, pristine batteries undergo quality verification to distinguish qualified products from de-403 
fective ones. Defective batteries with minor capacity loss can be remanufactured based on their health states to 404 
recover capacity and re-enter the application cycle (including primary life and reusing). Battery material recycling 405 
routes, such as direct regeneration, pyrometallurgical, and hydrometallurgical processes, include disassembly, sepa-406 
ration, leaching, reduction, and re-lithiation steps. In this way, AI can support battery diagnostics and prognostics, 407 
ensuring traceable battery information flow with material circulation. It is worth noting that this diagram does not 408 
emphasize general use case of AI in battery reusing, recycling, and remanufacturing, but rather emphasizes the role 409 
of AI in remanufacturing and recycling as details for primary life and reusing for other applications are not high-410 
lighted in this diagram. Together, these AI enabled processes establish a closed-loop framework that improves ma-411 
terial recovery efficiency, quality of recycled materials and extends application lifetime. AI: artificial intelligence; 412 
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SOH: state of health. 413 

 414 

3.5 Remanufacturing for modules and packs 415 

Remanufacturing can take two principal forms, each entailing distinct AI requirements. When re-416 

manufacturing starts from recycled materials, the process closely mirrors traditional manufacturing152. In 417 

this case, AI tasks resemble those described in Table 1 for battery manufacturing stage. These AI tasks 418 

are essential to ensure that the regenerated cells meet stringent quality standards, and defective cells must 419 

be screened and rejected before integration into application systems.  420 

When remanufacturing proceeds from retired modules or packs, it involves disassemble, refurbish-421 

ing and reassemble used cells into new modules or packs for reuse in high-demand scenarios such as 422 

electric vehicles153. This form of remanufacturing shares similarities with second-life applications, how-423 

ever, it should be noted that unlike reusing, which repurposes batteries for lower-demand applications, 424 

remanufacturing focuses on returning battery to its original performance for high-demand uses in battery 425 

module or pack12,154. While reusing emphasize maximizing the use of remaining capacity without ad-426 

dressing cell-level details, remanufacturing involves detailed, rigorous testing and component refurbish-427 

ment to ensure that remanufactured batteries are at near-new conditions155. 428 

Recent research increasingly conceptualizes battery remanufacturing as a system-level decision and 429 

execution problem, in which automated disassembly, task planning, and human-robot collaboration must 430 

jointly address structural uncertainty and safety constraints. Early advances have focused on perception-431 

enhanced disassembly, where the integration of computer vision-aided neural networks with online ther-432 

mal sensing enabled battery type classification, cutting temperature prediction, and defect detection dur-433 

ing dismantling, thereby supporting closed-loop control that improved operational safety and cutting 434 

quality in automated disassembly processes 156. Building on perception-driven automation, subsequent 435 

work has emphasized disassembly sequence optimization under uncertainty. Battery disassembly has 436 

been formulated as a dynamic decision-making process, with multi-agent reinforcement learning applied 437 

to optimize task sequences in human-robot collaborative settings, resulting in significant reductions in 438 

disassembly time and tool-switching frequency compared with rule-based planning approaches 157. To 439 

explicitly address partial observability in real disassembly environments, the problem has further been 440 

modeled as a partially observable Markov game, where Q-learning-based deep reinforcement learning 441 

frameworks enabled optimized human-robot task allocation, achieving higher global efficiency and re-442 

duced labor costs 158. 443 

Beyond purely learning-based optimization, knowledge-guided and hybrid approaches have been 444 

introduced to improve robustness and interpretability. Neuro-symbolic task-and-motion planning frame-445 

works that integrate visual perception, force sensing, and symbolic reasoning have enabled the generation 446 

of flexible disassembly primitives, supporting accurate screw removal and enhanced adaptability to di-447 

verse battery designs 159. In parallel, digital twin-driven strategies have emerged to bridge planning and 448 

execution, where the combination of dynamic Petri nets with multi-agent deep Q-learning allowed real-449 

time adjustment of disassembly sequences across multiple scenarios, improving both efficiency and 450 

safety in complex remanufacturing workflows 160. Uncertainty in disassembly outcomes has also been 451 

explicitly addressed through probabilistic modeling. Dynamic Bayesian networks have been employed 452 

to represent uncertain disassembly structures and optimize sequencing decisions, demonstrating im-453 

proved adaptability across heterogeneous battery packs 161. Complementarily, extended Petri nets inte-454 

grated with self-adaptive Q-learning have been used to identify near-optimal disassembly plans under 455 
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uncertain component quality, achieving faster convergence and higher value recovery compared with 456 

static planning methods 160. Collectively, these developments illustrate a clear evolution from perception-457 

enabled automation toward uncertainty-aware, AI-driven, and human-robot-integrated remanufacturing 458 

systems. 459 

3.6 AI task allocation for lifecycle management 460 

Given distinct operational goals and data environments across the battery lifecycle, AI tasks must 461 

be carefully allocated to align with stage-specific challenges and decision-making needs. More detailed 462 

AI task allocations and focus can be found in the lower left part of Figure 3. 463 

 464 

Figure 3 Lifecycle-specific artificial intelligence (AI) tasks enable adaptive battery value flow allocation. Battery 465 
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manufacturing, primary life, second life (reusing), recycling and remanufacturing involve diversified applications 466 
from mobility to stationary storage, other less demanding second-life application scenarios and material recycling, 467 
where corresponding AI tasks should be matched with lifecycle stages to maximize residual value, safety assurance 468 
and lifecycle sustainability. The stage icons indicate which lifecycle stages require the corresponding AI tasks. Dif-469 
ferent from Figure 1 and Figure 2, this diagram completely illustrates all possible material flows at each stage of 470 
battery reusing, recycling, and remanufacturing in the top part, encompassing reusing flow, recycling flow, and re-471 
manufacturing, rather than depicting a specific possible case. It is noted that the AI task allocations emphasize the 472 
dimensions that are recommended to be considered for specific life cycle stage, instead of any specific AI tools that 473 
be adopted in that stage. For the available AI tools, Table 1 further gives an exemplified summary of the mapping 474 
between AI task focus, AI tools, and their limitations. R&D: research and development. 475 

In the manufacturing stage, the priority is defect detection and quality prediction, where AI helps ensure 476 

first-pass yield and early screening of substandard units through imaging and early-cycle data. During 477 

the primary service life, AI shifts toward state estimation (for example, SOC, SOH, state of power, state 478 

of temperature) and risk early warning, with dynamic monitoring enabling proactive management of 479 

degradation and prevention of failure events such as thermal runaway. In second-life reusing, the empha-480 

sis moves to residual value evaluation and cell/module sorting. AI enables rapid screening of decommis-481 

sioned batteries under uncertainty and supports regrouping into consistent packs for extended utilization. 482 

In the recycling stage, AI is applied to material identification and degradation mechanism analysis. Ac-483 

curate classification of electrode types and their degradation levels support efficient process routing and 484 

enhances the quality of regenerated materials. Finally, remanufacturing requires module and pack recon-485 

struction with a focus on balancing performance and safety. AI ensures consistency across reused com-486 

ponents and facilitates automation in the system rebuilding. It is noted that AI task allocation merely 487 

accounts for the dimensions that are recommended to be considered for specific life cycle stage, instead 488 

of any specific AI tools that be adopted in that stage. A detailed allocation of AI tools into life cycle stages 489 

can be found in Table 1. 490 

 491 

Table 1 AI task focuses, tools, and limitations across battery lifecycle. 492 

 AI task focuses AI tools Limitations 

Manufac-
turing 

- Defect detection and quality in-
spection for early rejection of 
defective cells into product de-
livery 

- Early failure screening to pre-
vent defect propagation into 
battery system integration 

- Consistency assessment and 
manufacturing process optimi-
zation to improve yield through 
uniformity control 

Random forest81 
Autoencoder with clas-
sifier 82 
Convolutional neural 
network 83 
Support vector ma-
chine 162 
Gaussian process 85 
Gaussian naives Bayes 
84 
Bayesian multi-objec-
tive optimization 86 

Data scarcity: 
Limited access to 
high-resolution in-
line manufacturing 
and defect data 
Data heterogeneity: 
Process-induced var-
iability across mate-
rials, equipment, and 
production lines 

Primary  
service life 

- Continuous degradation diag-
nostics and fault detection un-
der changing conditions for 
safe operation 

- Continuous state estimation 
and anomaly identification for 
risk early warning 

Dynamical deep learn-
ing 163 
Long short-term 
memory neural net-
work 164 
Spatio-temporal trans-
former 165 

Data scarcity: 
Restricted availabil-
ity of long-term, 
high-fidelity field 
operation data and 
the responding 
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- Continuous monitoring of elec-
trical, mechanical and thermal 
behaviors for failure prevention 

ground truth of la-
beled outputs 
Data heterogeneity: 
Highly variable us-
age profiles, envi-
ronmental condi-
tions, and user be-
haviors 

Reusing 
for second-
ary life 

- Residual value evaluation un-
der uncertainty for second-life 
decision-making 

- Sorting and regrouping to es-
tablish performance-consistent 
second-life systems 

- Risk-aware screening for safe 
and economic reuse eligibility 

Generative learning 37 
Generative transfer 
learning 14 
ResNet 166 
K-means167 
Gaussian process re-
gression168 

Data scarcity: 
Missing historical 
usage records and in-
complete state labels 
at retirement 
Data heterogeneity: 
Mixed chemistries, 
formats, degradation 
states, and unknown 
prior conditions 

Recycling 
for mate-
rial 

- Material type identification and 
degradation mechanism infer-
ence to support recycling path-
way decisions 

- Process routing and reaction 
agent dose design for recycling 
optimization 

- Material quality prediction to 
maximize recovery value and 
reduce energy and resource 
waste 

Federated learning 16 
Physics-informed 
learning 76 
Artificial neural net-
work 151 
Conditional Generative 
Adversarial Network 
150 

Data scarcity: 
Lack of internal ma-
terial state and deg-
radation mechanism 
information 
Data heterogeneity: 
Diverse material 
compositions and un-
even material degra-
dation modes across 
collected batteries 

Remanu-
facturing 
for mod-
ules and 
packs 

- Automated disassembly and re-
assembly to improve safety and 
efficiency 

- Module or pack reconstruction 
to restore near-new perfor-
mance 

- Consistency improvement to 
ensure high-demand reliability 
across rebuilt systems 

Convolutional neural 
network 156 
Multi-Agent reinforce-
ment Learning 157 
Partially observable 
deep reinforcement 
learning 158 
Knowledge driven se-
quence planning 169 
Self-adaptive learning 
160 
Deep Q-learning 170 
Dynamic bayesian net-
work 161 

Data scarcity: 
Insufficient cell- and 
module-level perfor-
mance and topology 
data for reliable reas-
sembly 
Data heterogeneity: 
Inconsistent residual 
capacities, imped-
ances, and thermal 
behaviors among re-
used components 
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4. Data-informed battery management 493 

Despite the fact that data scarcity and data heterogeneity pose fundamental challenges to battery 494 

diagnostics and prognostics, such challenges can be categorized into three ways, specifically, (1) one has 495 

no experimental data but has physical understandings; (2) one has no experimental data but affords a few 496 

field measurements; and (3) one has no experimental data but allows for data collaboration for different 497 

entities. To address these challenges, a growing suite of innovative methods now enables data-informed 498 

decision-making across battery lifecycle, including data sufficiency evaluation, physics-based methods, 499 

data measurement-based methods, privacy-preserving-based methods, and data recording-based methods 500 

(Figure 4). 501 



 16/34 

 502 

Figure 4 Data-informed management strategies for battery reusing, recycling and remanufacturing under real-world 503 
data constraints. Battery management faces diverse data constraint scenarios, specifically, one has no experimental 504 
data but physical understandings; one has no experimental data but a few field measurements; and one has no exper-505 
imental data but data collaboration for different entities. Systematic battery management decision support ranging 506 
from data volume check, physics priors, field test availability, data privacy barriers, and standardization gaps are 507 
presented. This battery management decision support illustrates how measurement protocols, modeling methods, 508 
and AI tools selection adapts to existing data constraints, guiding the use of physics-based, measurement-based, 509 
privacy protection based, and data-recording based methods tailored to varying levels of battery information availa-510 
bility. Noted that the decision support can also be in a non-serials manner as presented with multiple measurement 511 
protocols, modeling methods, and AI tools combinations. HPPC: Hybrid Pulse Power Characterization. 512 

4.1 Data sufficiency evaluation 513 
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Data sufficiency refers to the minimal amount of data required to achieve a target level of accuracy 514 

and stability in battery diagnostics and prognostics. If a data volume enables reliable model performance 515 

within these criteria, it is deemed sufficient for some AI tasks171. The core motivation of data sufficiency 516 

evaluation lies in balancing model performance with data efficiency. While larger datasets generally im-517 

prove prediction accuracy, especially with the rise of battery big data and large-scale AI models, the 518 

marginal gain per additional unit of data is unclear. Redundant or homogeneous data can incur notable 519 

time and financial costs without yielding meaningful information gain33. Early works on RUL prediction 520 

demonstrated that long-term degradation could be forecasted using only the first 100 cycles of data, while 521 

subsequent research numerical results have pushed this boundary further to smaller cycle numbers, 522 

claiming that even the first cycle alone can suffice91,172-175. However, such minimal-input models often 523 

suffer from instability across varying conditions, raising concerns about generalizability and overfitting. 524 

Similar trends are observed in early diagnostic efforts for degradation trajectories and degradation mech-525 

anisms, which aim to identify aging modes from early cycling patterns176-178. Despite promising accuracy, 526 

these models face the same limitations in robustness and transferability when applied beyond the original 527 

training distribution. In contrast, other research numerical results have shown that beyond a certain num-528 

ber of cycles, adding more data does not notably enhance AI task accuracy, suggesting a diminishing 529 

return effect33. This reveals a fundamental trade-off: while less data can suffice for accurate predictions, 530 

their generalizability remains limited; conversely, excessive data can add little value beyond certain 531 

threshold. However, systematic frameworks to evaluate data sufficiency, especially regarding predictive 532 

capability and cross-condition transferability, remain limited171. 533 

4.2 Physics-based methods 534 

For the as-manufactured batteries or those batteries in operation, physics-based methods are suitable 535 

for scenarios with no experimental data available, while with domain knowledge and physical under-536 

standing established. These approaches leverage mathematical representations of battery behaviors to 537 

enable modeling, simulation, or synthetic data generation under controlled assumptions. Depending on 538 

the degree of physical abstraction, physics-based methods can be categorized into electrochemical, 539 

equivalent circuit, empirical, and physics-based simulation models. Electrochemical models, such as the 540 

single particle model, pseudo two-dimensional model, and Doyle-Fuller-Newman model, simulate bat-541 

tery behavior at the microscale by describing ion transport, charge transfer, and solid-state diffusion179-542 
181. These models offer high fidelity for internal state exploration and are often used in physics-based 543 

digital twins or battery emulators. By adjusting design parameters and conditions, they can generate syn-544 

thetic datasets that capture electrochemical dynamics, aiding model training or hypothesis validation. 545 

Equivalent circuit models, on the other hand, use combinations of ideal resistors, capacitors, and voltage 546 

sources to mimic battery terminal behavior. While computationally efficient and adopted in battery man-547 

agement system design for state estimation or control, Equivalent circuit models are limited in ability to 548 

describe internal degradation processes182. Nonetheless, they remain effective for generating synthetic 549 

data at system level, including voltage, current, and temperature under different load profiles. Empirical 550 

models build predictive relationships through interpolation or extrapolation based on limited experi-551 

mental data183,184. Although simple to implement, empirical models lack robustness under varying oper-552 

ating conditions and can fail to generalize beyond their training scope. 553 

For the battery manufacturing process, physics-based simulation modeling approaches such as the 554 

coarse-grained molecular dynamics method and the discrete element method have been increasingly 555 

adopted to elucidate the complex physical phenomena governing battery electrode process. The coarse-556 
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grained molecular dynamics method has been widely employed to describe the slurry equilibration, sol-557 

vent evaporation, and drying dynamics during electrode coating, enabling the prediction of particle rear-558 

rangement and binder migration under realistic process conditions185,186. This approach provides mecha-559 

nistic insight into how the interactions between active material, carbon additive, and binder evolve from 560 

the slurry to the dried electrode, directly influencing the electrode microstructure and its transport path-561 

ways. In contrast, the discrete element method has been particularly effective in modeling particle-scale 562 

contact mechanics, densification, and deformation during subsequent steps such as calendering, compac-563 

tion, and solvent-free extrusion187,188. Moreover, integration of these physics-based simulations with con-564 

tinuum electrochemical models or finite-element-based electro-mechanical analyses has enabled quanti-565 

tative prediction of performance degradation induced by heterogeneity and pressure gradients84,155. 566 

4.2 Data measurement-based methods 567 

When physical knowledge of battery is limited or insufficient for modeling, field measurements offer 568 

a pragmatic solution for diagnostics and prognostics insight. Data measurement-based methods apply to 569 

scenarios where experimental data are scarce but selective field testing is available. Depending on the 570 

nature of input signals, these methods can be categorized into electrochemical impedance spectroscopy, 571 

pulse-based testing, partial cycling, and generative data augmentation. Electrochemical impedance spec-572 

troscopy applies sinusoidal voltage or current perturbations and analyzes the response spectrum to extract 573 

information on SOH and degradation mechanisms189-191. As the net energy input over time is near zero, 574 

Electrochemical impedance spectroscopy is considered quasi-steady and nondestructive. Coupled with 575 

equivalent circuit model fitting, electrochemical impedance spectroscopy data enables dissection of bat-576 

tery behavior across frequencies, linking high-frequency arcs to charge transfer resistance and low-fre-577 

quency features to mass transport192. Pulse test involves the application of short-duration current pulses 578 

and measurement of resulting voltage response. Variants include hybrid pulse power characterization and 579 

rapid pulses. Despite introducing net energy, the short duration renders the tests noninvasive in practice193. 580 

When integrated with AI models, pulse data have been used for SOC and SOH estimation, degradation 581 

mechanism identification, material type sorting, and dead-lithium and active material restoration15,37,194-582 
196. Partial cycling allows for measurement under unconstrained SOC windows and flexible current pro-583 

files, aligning with real-world battery use. Under varying charge and discharge intensities, partial cycles 584 

provide informative voltage and current dynamics that, support SOH and material type estimation with 585 

minimal operational disruption16,197. Given the limitations of field measurement volume, generative AI 586 

are adopted to enhance data richness. Techniques such as conditional vibrational autoencoder, generative 587 

adversarial neural network and diffusion models are used to synthetically extend datasets80,198-201. More 588 

recently, physics-informed neural networks have emerged to combine the flexibility of AI with physical 589 

laws, by integrating governing equations or physical constraints into AI architectures, either through fea-590 

ture engineering or loss function integration. For example, Arrhenius law was integrated into transfer 591 

learning for cross-temperature [G] degradation trajectory prediction17. For another example, encoding 592 

degradation mechanism-related features into the loss functions can encourage AI models to learn inter-593 

pretable degradation patterns, instead of purely statistical correlations that can be hard to be deployed in 594 

safety-critical applications94,110-113. 595 

4.3 Privacy-preserving-based methods 596 

In scenarios where experimental data are unavailable but collaboration across data-holding entities 597 

is possible, privacy-preserving-based methods enable shared model development while protecting sensi-598 

tive information. This is particularly relevant for battery applications where data often involve user 599 
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behaviors, operational histories, or proprietary system designs that must remain confidential. Battery data 600 

privacy protection includes four categories: data-level privacy, knowledge-level privacy, computational-601 

level privacy, and decision-level privacy. Strategies such as data encryption, knowledge distillation, edge 602 

computing, and federated learning have been developed to address each of these aspects. For data-level 603 

privacy, methods such as differential privacy and homomorphic encryption introduce controlled noise or 604 

secure computation mechanisms to obscure raw data without compromising AI task performance202,203. 605 

The notion of privacy budget has also emerged, defining the maximum level of perturbation that a model 606 

can tolerate while maintaining acceptable accuracy, which effectively quantifies the boundary between 607 

data utility and data privacy16. Knowledge distillation offers an alternative that transfers learned model 608 

behavior from a baseline model trained on private data to an transferred model operating on public or 609 

less sensitive data, which has been used to estimate SOH, RUL, and SOT while ensuring that the under-610 

lying raw data remain inaccessible during training204-206. Edge computing enhances privacy by keeping 611 

data processing local to battery management system, avoiding direct data transmission to centralized 612 

servers. To address the computational constraints of edge devices, hybrid edge-cloud architectures have 613 

been proposed for SOH and RUL estimation, optimizing trade-offs between latency, privacy, and model 614 

complexity207. Decision-level privacy is supported by federated learning, which enables multiple entities 615 

to jointly train AI models without exposing local data. Federated learning has been employed for SOH, 616 

RUL, degradation trajectory, and material type prediction, especially under conditions of data scarcity 617 

and heterogeneity16,208-212. The Federated learning of “data available but not visible” allows diverse stake-618 

holders, ranging from manufacturers to operators, to collaboratively develop models while maintaining 619 

strict data confidentiality.  620 

4.4 Data recording-based methods 621 

Data recording-based methods aim to establish a robust and interoperable data infrastructure that 622 

enables consistent acquisition, management, and exchange of battery-related information across diverse 623 

stakeholders and lifecycle stages. These methods are foundational to enhancing model reproducibility, 624 

facilitating cross-condition and cross-institution benchmarking, and supporting regulation-compliant bat-625 

tery analytics. Central to this effort is the development of open-access repositories and standardized data 626 

formats that ensure semantic consistency and machine-readability. Notable initiatives include publicly 627 

available datasets and platforms such as the Battery Archive, which consolidate cycling, aging, and di-628 

agnostic data across a broad spectrum of cell chemistries, test protocols, and operational scenarios213. At 629 

the policy and industrial level, a series of coordinated regulatory frameworks have been introduced to 630 

institutionalize battery data collection and usage. In China, the State Key Laboratory of Intelligent Vehi-631 

cle Safety Technology have advanced the deployment of cloud-based battery monitoring systems for 632 

electric vehicles, enabling real-time acquisition of field data under standardized schemas, albeit with 633 

anonymization for privacy protection106. The European Union’s Battery Passport legislation represents a 634 

landmark in data traceability, mandating end-to-end digital records of battery manufacturing, usage, and 635 

end-of-life handling18,30. This aims to improve supply chain transparency and incentivize circular econ-636 

omy practices. In parallel, the United States has launched the Battery Data Genome, which seeks to unify 637 

fragmented battery data streams by promoting standardized metadata descriptors, ontologies, and ex-638 

change protocols32. The initiative envisions a vertically integrated battery data ecosystem that spans re-639 

search and development, manufacturing, deployment, and recycling, with the goal of accelerating inno-640 

vation through data-centric collaboration and AI-readiness. 641 

Despite these promising developments, several challenges persist. First, performance evaluation 642 
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across remanufactured batteries and manufactured batteries with novel chemistries remains inconsistent, 643 

with stakeholders often lacking a common benchmarking framework, leading to record-high but uneven 644 

and unverifiable claims of reported battery performances 214-216. Second, although reusing and recycling 645 

are widely recognized as pillars of sustainable battery management, there remains a lack of regulatory 646 

clarity on technical thresholds that define eligibility for each reusing and recycling pathway50. Without 647 

clearly defined criteria, inappropriate battery deployment can pose safety and economic risks. Third, 648 

current battery pack and module designs rarely consider end-of-life disassembly or reconfigurability, 649 

complicating downstream processes such as material recovery and module-level remanufacturing123. Fi-650 

nally, techno-economic analyses often overlook the granularity of battery health states, which incorpo-651 

rating these state indicators into such evaluations is essential to support battery-data-informed sustaina-652 

bility assessments and lifecycle decisions10. 653 

5. Cross-level challenges and emerging solutions 654 

While AI offers powerful tools to enable data-informed battery management, several persistent and 655 

interlinked challenges remain across different system layers, from raw data collection and model devel-656 

opment to system-level deployment, industry implementations and regulatory framing (Figure 5). These 657 

challenges are not isolated, rather form a hierarchy of constraints where upstream issues in data quality 658 

and standardization propagate downstream, influencing modeling validity, battery system performance, 659 

and eventually large-scale sustainability (economic and environmental feasibilities) outcomes and policy 660 

efficiency. Therefore, it is crucial to adopt an integrative perspective that aligns technical, practical, and 661 

policy-driven solutions for holistic battery management optimization tailored for their reusing, recycling 662 

and remanufacturing. This section outlines these cross-level challenges, and discusses the corresponding 663 

emergent respond strategies and actionable pathways. 664 

5.1 Data curation 665 

Effective data curation underpins reliable battery diagnostics and prognostics but is challenged by 666 

data heterogeneity, destructiveness, scarcity, and cost. Methods such as feature alignment, distribution 667 

metrics, and domain adaptation help unify heterogeneous representations stemmed from variations in 668 

chemistries, formats, and testing protocols33,60. Non-intrusive methods, for example, electrochemical im-669 

pedance spectroscopy, X-ray, voltage relaxation, and in-situ/wireless sensors offer safer alternatives for 670 

destructive diagnostics like full cycling or abuse testing189,190,217. Despite the scarcity arises from limited 671 

real-world data coverage, generative models (for example, generative adversarial neural networks, vari-672 

ational autoencoders and diffusion models), contrastive learning, and federated data sharing expand us-673 

able data while preserving privacy201,218-221. High data cost, especially for long-term or high-fidelity tests, 674 

motivates cost-aware sampling and data sufficiency evaluation to maximize information gain per re-675 

source cost. Active learning and data sufficiency-aware acquisition strategies can also enable efficient 676 

and scalable data collections171,222. It should be noticed that one of the main issues is the lack of physics 677 

in the data-driven data generation model, therefore, battery data generated by generative adversarial neu-678 

ral networks, variational autoencoders can be unphysical data. Thus, multiple runs of data shuffling and 679 

random split of the training and test data should be considered, especially under unseen conditions37. 680 

Beyond data-driven curation and augmentation approaches, validated physics-based methods can 681 

serve as surrogate data generators that produce synthetic yet physically consistent datasets, thereby alle-682 

viating experimental data scarcity and accelerating data curation 223. Hybrid workflows that combine 683 

physics-based simulations with deep learning have enabled accurate prediction of electrode drying 684 
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behavior, showing strong agreement with experimentally derived microstructures and supporting near-685 

real-time manufacturing optimization 224. Quantitative agreement between simulated and experimental 686 

results has also been demonstrated using three-dimensional electrochemical–mechanical models of com-687 

posite electrodes derived from manufacturing-based coarse-grained molecular dynamics simulations, 688 

particularly in capturing electrode swelling and stress evolution during cycling 225. Furthermore, experi-689 

mentally anchored physics-based manufacturing simulations have been leveraged to generate high-fidel-690 

ity synthetic datasets for multi-objective optimization and inverse design of electrode structures 86. Col-691 

lectively, these validated simulation frameworks demonstrate that experimentally consistent physics-692 

based models not only enhance physical interpretability but also function as reliable data curation engines, 693 

expanding the accessible design space and strengthening the foundation for digitalized, data-informed 694 

battery manufacturing. 695 

5.2 Model establishment 696 

Robust model establishment is central to battery diagnostics and prognostics but faces persistent 697 

challenges in overfitting, benchmarking, transferability, and explainability. Overfitting risks arise when 698 

models capture spurious patterns in limited or homogeneous datasets, leading to poor generalization un-699 

der real-world variations. Extra validation under unseen operating conditions, together with data aug-700 

mentation, is critical to simulate extreme operation scenarios and enhance robustness103,226,227. Model 701 

benchmarking is hindered by the lack of standardized datasets and evaluation criteria. The use of open-702 

access datasets and multi-metric performance evaluation, including accuracy, generalization, and uncer-703 

tainty, can enable fairer and more transparent model comparisons31. Additionally, explainability ensures 704 

trustworthy decision-making in second-life applications with increased risk. Explainable feature engi-705 

neering, SHAP (SHapley Additive exPlanations), LIME (Local Interpretable Model-agnostic Explana-706 

tions), layer-wise model weight interpretation could provide insight into model behavior and aligns pre-707 

dictions with physical insights108,228-232. 708 

Transferability is critical for deployment across battery utilization stages, operation conditions, and 709 

battery management tasks. Transfer learning, continual learning, and few-shot learning allow models to 710 

adapt to new domains with minimal labeled data, reducing retraining costs and improving model scala-711 

bility17,33,60,233,234. Moreover, transfer learning is promising in addressing the issue of data scarcity and 712 

heterogeneity, and they can be used to merge synthetic and experimental data, making them an important 713 

tool in this scenario. Data scarcity in battery manufacturing processes has been effectively addressed 714 

using transfer learning approaches that leverage pre-existing experimental data together with stochasti-715 

cally generated datasets 235. The effectiveness of transfer learning has also been demonstrated under ex-716 

tremely limited field data availability for joint SOC and SOH estimation in second-life batteries, as well 717 

as for cross-operating-condition battery applications 14,33. In addition, early detection of defective cells 718 

in as-manufactured batteries has been enabled through physics-informed transfer learning, providing a 719 

sustainable pathway for recycling battery prototypes prior to large-scale next-generation battery produc-720 

tion 17. 721 

5.3 Battery management system systems integration 722 

The complexity of battery management systems integration stems from their hierarchical structure 723 

and operational heterogeneity. Addressing challenges such as multi-task coordination, intra-pack incon-724 

sistency, and integration barriers is essential for efficient lifecycle management. Parallelizing multiple 725 

management tasks requires unified architectures such as multi-task learning and foundational 726 
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models236,237. Graph-based learning and topological modeling allow spatially aware diagnostics by em-727 

bedding physical structure into AI model to mitigate the inconsistencies238,239. Reverse engineering and 728 

standardized hardware or software interfaces are crucial for enabling cross-platform integration and up-729 

gradability given private protocols across different manufacturers. Besides, the human-robotic collabo-730 

rative automation and computer vision-assisted disassembly improve precision, safety, and scalability 731 

for disassembly and reassembly121,123. 732 

 733 

Figure 5 Cross-level considerations, remaining challenges and emerging solutions for battery reusing, recycling and 734 
remanufacturing. Battery lifecycle considerations include data curation, model establishment, battery management 735 
system (BMS) integration, industrial implementation and policy implication. The remaining challenges of data cu-736 
ration include data heterogeneity, destructiveness, data scarcity and data cost. The remaining challenges of model 737 
establishment include model over fitting risks, lack of model benchmarking, transferability and explainability. The 738 
remaining challenges of BMS integration include multi-management tasks parallelization, cell and module level 739 
inconsistency, private communication protocols, and disassemble and reassemble. The remaining challenges of in-740 
dustry implementations include light and hardware-constrained model, robustness of sensor device faults and noise, 741 
use-centered battery management strategy, and sustainability-informed lifecycle optimization. The remaining chal-742 
lenges of policy implications include vague and under defined lifecycle responsibility, non-unified battery data re-743 
cording standard, non-incentivized battery data collaboration, and absence of battery lifecycle digitalization. LLM: 744 
large language model; LCA: life cycle analysis; SHAP: SHapley Additive exPlanations; LIME: Local Interpretable 745 
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Model-agnostic Explanations. 746 

5.4 Industry implementation 747 

Translating battery analytics into real-world industry practice requires models and strategies that are 748 

both resource-efficient, user-aligned and context-aware. First, lightweighted hardware environments de-749 

mand compact models that can operate reliably on edge or embedded devices with computation resource 750 

constraints171. Methods such as model pruning, quantization, and cloud-edge collaborative computing 751 

can enable efficient model deployment without sacrificing performance240,241. Second, practical systems 752 

must remain robust in the presence of sensor faults, data noise, data missing, and operational variability, 753 

calling for sensor fusion and uncertainty quantification to ensure resilient and trustworthy decision-mak-754 

ing242-245. Third, effective battery management system must consider context-aware battery data formats, 755 

such as the natural language. Integrating large language models (LLMs) with user-centric battery data 756 

helps uncover behavioral patterns and personalize battery management system strategies227,228,246. Pre-757 

trained LLMs with engineered prompts have been demonstrating successes in battery management tasks 758 

such as data-driven SOH, SOC estimations, model-based electrochemical parameter identification and 759 

battery data augmentation247-251. Beyond battery management tasks, LLMs signify a broader shift in bat-760 

tery research, from data-driven analytics toward knowledge-centered intelligence. By integrating heter-761 

ogeneous sources such as literature, experimental logs, and operational data, LLMs hold potential in 762 

unifying fragmented knowledge across materials discovery, electrochemical modeling, and lifecycle 763 

management252. This integration transforms battery research into a context-aware and hypothesis-gener-764 

ating process, where LLM models not only interpret existing data but also propose experimental designs 765 

and interpret degradation mechanisms through reasoning253. As these reasoning capabilities extend from 766 

laboratory to field applications, LLMs are poised to serve as cognitive infrastructures that connect scien-767 

tific understanding, engineering practice, and user behavior, redefining how batteries are tested in labor-768 

atory, used in service life, and recycled for residual value across their entire lifecycle. 769 

5.5 Policy implications 770 

Effective battery lifecycle management is still hindered by fragmented policies and underdefined 771 

responsibilities. First, the lack of clearly assigned lifecycle responsibility blurs accountability across 772 

manufacturers, users, and recyclers. Policies enforcing extended producer responsibility can ensure that 773 

producers remain liable for end-of-life treatment, incentivizing more sustainable design and take-back 774 

systems254-256. Second, absence of a unified data standard complicates interoperability and benchmarking. 775 

Blockchain frameworks and metadata standardization can secure tamper-proof data provenance across 776 

the battery lifecycle29,257. Third, despite the value of battery data, few incentives exist for stakeholders to 777 

share them. Thus, capitalizing battery data as assets and introducing taxation or credits based on battery 778 

performance can encourage collaboration while protecting proprietary interests258. Moreover, mandating 779 

battery digital twins in the lifecycle can enable real-time tracking, predictive maintenance, and policy 780 

compliance, laying the foundation for intelligent and accountable battery ecosystems259. It is noted that 781 

the emerging adoption of AI shows potential in normalizing the data extracted from different sources in 782 

the battery manufacturing and recycling process, thus the promotion of AI regarding data standardization 783 

and data protection should be considered16,260. 784 

5.6 Emerging sustainability aspects of AI adoption 785 

To ensure long-term sustainability of batteries, lifecycle sustainability optimization must go beyond 786 

energy efficiency consideration during battery operation alone. Life cycle assessment and multi-objective 787 
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optimization frameworks should be considered to balance safety, performance, cost, and environmental 788 

impact13. In remanufacturing, physics-informed learning models have been proven useful in early detec-789 

tion of degradation patterns from non-destructive signals, allowing defective prototypes or prematurely 790 

aged batteries to be requalified before mass production. By predicting electrochemical trajectory shifts 791 

from limited early-cycle data, the reported approach reduces verification time by 25 times and minimizes 792 

waste from defective prototypes, unlocking a projected 19.76 billion USD market for recycled materials 793 

by 206017. In reusing, life-cycle assessment informed optimization models can identify economically 794 

optimal second-life deployment scenarios with different SOH and system capacity configurations. The 795 

optimized allocation among grid energy storage, communication base stations, and low-speed vehicles 796 

yields up to 58% higher profits and 18% lower carbon dioxide emissions for LFP batteries compared to 797 

direct recycling alone13. In recycling, federated learning enables battery data collaboration among recy-798 

clers, achieving 97% cathode classification accuracy across heterogeneous datasets from 7 simulated 799 

manufacturers and 5 chemistries. The resulting AI-assisted direct recycling achieves profits of up to 3,390 800 

USD per ton for NMC and 1,845 USD per ton for LFP, approximately 2.3 times higher than those of 801 

conventional pyrometallurgical or hydrometallurgical recycling routes, while reducing energy consump-802 

tion and carbon emissions by 54% and 18%, respectively16. If the data collaboration is prohibitive, the 803 

generative learning approaches can synthesize realistic electrochemical signals under unseen retirement 804 

conditions, alleviating data scarcity and heterogeneity while potentially saving 4.9 billion USD and 35.8 805 

billion kg CO₂ globally by 2030, using fast pulse test to robustly estimate residual values of retired bat-806 

teries before massive material recycling investments37. 807 

6 Summary and future perspectives 808 

This Perspective begins by identifying data scarcity and data heterogeneity as core obstacles that 809 

hinder accurate battery diagnostics, prognostics, and economical-environmental-aware decision-making. 810 

These issues originate from diverse reasons, including inconsistent operating conditions, variable mate-811 

rial compositions, different designs, and fragmented data access across the battery value chain. Building 812 

on this foundation, we outline how AI task and AI tool allocations can support sustainable battery man-813 

agement, covering manufacturing, first-life service, second-life reusing, material recycling, and system-814 

level remanufacturing, by allocating different battery management tasks and tools to distinct lifecycle 815 

stages. For AI to operate in complex and data-limited contexts effectively, we suggest that data-informed 816 

approaches that match different data availability scenarios, ranging from physics-based modeling with 817 

no data, to field testing with limited data, and collaborative learning with multi-entity data but while 818 

privacy constraints. These methods include data sufficiency evaluation, physics-based modeling, selec-819 

tive-field measurements, federated learning, and open-access data frameworks. Further, we discuss cross-820 

cutting challenges across six interrelated levels: data curation, model establishment, battery management 821 

system integration, industry implementation, policy implications and emerging sustainability aspects of 822 

AI adoption. Each level presents distinct challenges, spanning destructive data collection, model overfit-823 

ting, inconsistent communication protocols and underdefined regulatory responsibilities, with each 824 

matched with emerging technical or regulatory solutions. By connecting technical innovations with prac-825 

tical deployment needs and policy support, this Perspective provides a forward-looking view for inte-826 

grating AI into real-world, sustainable battery management tailored for reusing, recycling, and remanu-827 

facturing. 828 

Underpinning the vision of AI-enabled circular battery economies are persistent gaps in data, infra-829 

structure, and governance that must be urgently addressed. Despite recent advances, battery data remain 830 
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fragmented and non-interoperable with respect to inconsistent formats, labeling systems, and metadata 831 

schemes across countries and enterprises, hindering reproducible model training and the model perfor-832 

mance validation. Future progress hinges on building unified battery data ontologies and dynamic data 833 

infrastructures, which evolves from static battery passports toward continuously updated, cloud-linked 834 

records that reflect real-time performance and ownership transitions. Equally limiting is absence of lon-835 

gitudinal, scenario-level datasets capturing stochastic evolution of batteries across manufacturing, oper-836 

ation, and reusing, recycling and remanufacturing stages. Coordinated public-private data alliances with 837 

transparent governance and embedded sensing will be essential to bridge the gap between laboratory 838 

insights and industrial realities. Another unresolved issue is the unclear relationship between data suffi-839 

ciency and task complexity. Without systematic quantification of how much and what kind of data are 840 

needed for specific AI tasks, research risks data inefficiency and overfitting despite the rapidly increasing 841 

capability of AI tools. Establishing evidence-based battery data sufficiency examinations before massive 842 

data curation, paired with standardized benchmarking and verification protocols, would enable fairer AI 843 

model comparison, guide resource allocation, and strengthen industrial confidence. At the system level, 844 

automated battery disassembly and remanufacturing remain data-disconnected, where integrating robot-845 

ics, vision, and material analytics into a closed digital loop could transform static automation process 846 

into an adaptive manner holds promise. Meanwhile, the imbalance between model complexity and com-847 

putational resources, especially at edge device side continues to limit real-world deployment, demanding 848 

hierarchical AI architectures that balance accuracy, computation, and latency with cloud-edge infrastruc-849 

ture collaboration and periodical synchronization. 850 

Finally, governance thresholds for reusing, recycling and remanufacturing remain ambiguous, thus 851 

key questions such as whether, when, and how to proceed with these processes remain unclear. Evidence-852 

based standards linking technical health indicators of batteries to economical-environmental-societal cri-853 

teria are urgently needed to align extended battery lifecycle with sustainability goals. Battery data own-854 

ership, privacy, and accountability remain ill-defined, particularly across transnational value chains. Es-855 

tablishing dynamic regulatory mechanisms, such as extended producer responsibility, data trusts, and 856 

transparent auditing standards, can incentivize responsible data sharing while protecting proprietary in-857 

terests. International harmonization of certification of reusing, recycling and remanufacturing policies is 858 

equally critical to prevent fragmented regional practices. Ultimately, battery governance should evolve 859 

from post-hoc regulation to proactive coordination, ensuring that AI-enabled battery life cycle decisions 860 

are transparent, equitable, and verifiable across their full lifecycle.  861 
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