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Abstract: Conventional electric-vehicle battery management systems primarily estimate present operating states and react to 

threshold violations. They have limited ability to forecast degradation, evaluate alternative charging and thermal strategies, or 

distinguish normal aging from incipient faults. This paper proposes a digital twin-based intelligent battery management system 

(DT-iBMS) that synchronizes an edge-resident battery observer with a cloud-assisted virtual battery. The twin combines electrical, 

thermal, and aging models with machine-learning residual correction, uncertainty estimation, predictive diagnostics, and 

constrained lifetime optimization. Its outputs include state of charge, state of health, state of power, remaining useful life, fault 

probability, and recommended operating limits. 

A proof-of-concept capacity twin was evaluated using the NASA Ames lithium-ion battery-aging dataset. Cells B0005, B0006, 

and B0007 were used for training, while B0018 was kept completely unseen for testing. The adaptive nonlinear twin estimated the 

held-out cell's discharge capacity with a mean absolute error of 0.0426 Ah, root-mean-square error of 0.0524 Ah, mean absolute 

percentage error of 2.69%, and coefficient of determination of 0.885. A static cycle-based degradation baseline produced 0.1036 

Ah MAE and 6.73% MAPE. Thus, the proposed twin reduced capacity MAE by 58.8% on the held-out cell. A residual-based 

diagnostic layer and a model-predictive supervisory controller are presented for early fault identification and lifetime-aware 

charging, cooling, balancing, and power limitation. The results demonstrate feasibility at cell level but do not constitute an 

automotive lifetime-extension claim; pack-level drive-cycle tests, uncertainty calibration, fault-injection studies, and hardware-in-

the-loop validation remain necessary. 
Keywords: Digital twin; intelligent battery management system; electric vehicle; predictive diagnostics; remaining useful life; 

state of health; lifetime optimization; lithium-ion battery 

 

1. Introduction 

Lithium-ion batteries determine much of an electric vehicle's range, charging time, power capability, safety, 

residual value, and lifecycle cost. Their internal electrochemical and thermal states are only partially observable from 

terminal voltage, current, and surface temperature. Aging further changes usable capacity, resistance, heat generation, 

and dynamic response. A conventional BMS can protect the pack with calibrated thresholds and observers, but fixed 

models cannot fully represent cell-to-cell variability or continuously evolving degradation. 
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A battery digital twin is a synchronized virtual representation of the physical battery that is updated using 

operational data and can predict its future behavior. Unlike an offline simulation, a functional twin maintains a data 

connection to the asset, assimilates measurements, updates model parameters, and supplies diagnostic or control 

information. Battery-twin research covers real-time state estimation, remaining-useful-life prediction, dynamic 

charging, thermal management, balancing, and fault diagnosis [1]. 

Predictive diagnostics moves the BMS from reacting to a limit violation toward estimating the probability and 

lead time of a developing problem. Lifetime optimization goes further by evaluating candidate actions—such as 

reduced charge current, increased coolant flow, cell balancing, or temporary power derating—before applying them. 

A twin can simulate these actions without experimenting directly on the physical battery, but a safety-certified edge 

controller must remain authoritative when connectivity or the cloud is unavailable [2]. 

This paper contributes: 

● A five-layer edge-cloud digital-twin architecture for EV battery monitoring, diagnosis, prognosis, and control 

[3]. 

● A hybrid model combining electrical-thermal physics, online parameter adaptation, and data-driven residual 

learning [4]. 

● A residual and uncertainty-based predictive diagnostic method for sensor, electrical, thermal, and degradation 

faults [5]. 

● A constrained model-predictive framework for balancing charging speed, performance, temperature, and aging 

[6]. 

● A reproducible proof of concept using a strict leave-one-cell-out split of the NASA aging dataset. 

● A deployment roadmap that separates demonstrated results from proposed pack-level functions [7]. 

2. Related Work 

Battery digital twins 

Digital twins couple physical assets, virtual models, and bidirectional data exchange. For batteries, sensors 

supply voltage, current, and temperature, while the virtual space contains geometric, electrical, thermal, and aging 

models. State estimates and predictions can then update charging, thermal, and balancing controls. Cloud platforms 

offer storage and computational capacity beyond that of a conventional embedded BMS, but communication delay 

and availability prevent the cloud from replacing local protection [8]. 

Battery twins range from low-order equivalent-circuit models to electrochemical-thermal models and neural 

surrogates. High-fidelity physics improves interpretability but increases computational cost and parameter-

identification burden. Purely data-driven models can approximate nonlinear behavior efficiently but may extrapolate 

poorly outside their training domain. Hybrid twins combine physical state equations with learned residual correction, 

providing a practical compromise between computational cost, consistency, and adaptability [9]. 

Prognostics and maintenance 

The NASA battery dataset contains run-to-failure charge, discharge, and electrochemical-impedance records at 

different conditions. Its discharge data include voltage, current, temperature, time, and measured capacity, and the 

tests use a 30% rated-capacity fade from 2 Ah to 1.4 Ah as an end-of-life criterion. These properties make it suitable 

for proof-of-concept prognostics, though not sufficient for EV pack certification [10]. 
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A Bayesian adaptive digital twin previously reported life-prediction error near 5% and estimated maintenance-

cost reductions of 62.0% and 52.5% for two tested cells. Those maintenance-cost values are study-specific and cannot 

be transferred directly to an EV fleet. Another AI-driven twin combined semi-empirical modeling with AdaBoost and 

LSTM methods on NASA aging data. Such studies support adaptive prognostics, but performance comparisons require 

identical datasets, splits, endpoints, and metrics [11]. 

Predictive control 

Digital twins can test candidate charging currents and thermal-control actions before issuing a setpoint. 

Published smart-BMS frameworks describe dynamic charging, thermal management, balancing, and full-lifecycle 

state tracking. More recent multi-tier architectures extend the twin from visualization to prediction, prescriptive 

optimization, and autonomous control while quantifying uncertainty. 

The central control problem is multi-objective: rapid charging and high power improve usability but can 

increase heat and degradation. Recent digital-twin reinforcement-learning work reported a 12.5% charging-time 

reduction relative to selected baselines while constraining temperature across standard, low-temperature, high-

temperature, and aged scenarios. That result demonstrates potential, not a universal expectation; safe deployment 

requires chemistry-specific constraints and independent validation [12]. 

System Architecture 

Five-layer framework 

The proposed DT-iBMS contains five functional layers. 

Layer Main elements Functions 

Physical battery Cells, modules, busbars, contactors, 

coolant loop, chargers 
Stores and supplies energy; receives control 

actions 

Sensing and edge Cell-monitor ICs, current and 

temperature sensors, BMS MCU 
Sampling, synchronization, filtering, hard 

protection, fallback estimation 

Twin and data Equivalent-circuit, thermal and aging 

models; asset history 
State assimilation, parameter adaptation, 

model versioning 

Intelligence Residual learning, anomaly detection, 

RUL and uncertainty models 
Diagnostics, prognosis, operating-domain 

detection 

Decision and service Constrained optimizer, maintenance 

scheduler, dashboard 
Charging, cooling, balancing, derating, 

service recommendations 

The architecture intentionally divides computation between edge and cloud. Fast SOC estimation, contactor 

control, overvoltage, undervoltage, overcurrent, and overtemperature protection remain onboard. Computationally 

intensive parameter identification, fleet learning, long-horizon RUL forecasting, and scenario simulation may run in 

the cloud. A cloud outage must not disable safe vehicle operation [13]. 

Twin synchronization 

At sample 𝑘, the physical battery provides: 

𝑦𝑘 = [𝑉𝑘, 𝐼𝑘 , 𝑇𝑘 , 𝑉𝑐𝑒𝑙𝑙,1:𝑘, 𝑇𝑚𝑜𝑑𝑢𝑙𝑒,1:𝑘]. #(1)  

The virtual model evolves according to: 

𝑥𝑘+1 = 𝑓(𝑥𝑘 , 𝑢𝑘 , 𝜃𝑘) + 𝑤𝑘 , #(2)  

𝑦̂𝑘 = ℎ(𝑥𝑘 , 𝑢𝑘, 𝜃𝑘) + 𝑣𝑘 , #(3)  
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where 𝑥 contains SOC, polarization voltage, internal temperature, available capacity, and resistance states; 𝑢 

contains current, coolant command, and ambient conditions; 𝜃 contains time-varying model parameters; and 𝑤 and 𝑣 

represent process and measurement uncertainty. 

A Kalman, unscented, particle, or moving-horizon estimator can assimilate measurements. Online parameter 

adaptation updates resistance, time constants, capacity, and thermal coefficients. Parameter updates are accepted only 

when excitation is sufficient and the estimate remains within chemistry-specific bounds. This prevents noise from 

being interpreted as degradation [14]. 

Hybrid residual model 

The residual between the measured and physics-model outputs is: 

𝑟𝑘 = 𝑦𝑘 − 𝑦̂𝑘
𝑝ℎ𝑦𝑠

. #(4)  

A data-driven model learns the normal residual: 

𝑟̂𝑘
𝑀𝐿 = 𝑔(𝑧𝑘−𝐿:𝑘), #(5)  

where 𝑧 includes recent voltage, current, temperature, SOC, SOH, resistance, ambient conditions, and balancing 

state. The corrected prediction is: 

𝑦̂𝑘
𝐷𝑇 = 𝑦̂𝑘

𝑝ℎ𝑦𝑠
+ 𝑟̂𝑘

𝑀𝐿. #(6)  

The physics model supplies conservation structure and interpretable states, while residual learning compensates 

for unmodeled nonlinearities. If the machine-learning input is out of distribution, the twin rejects or down-weights the 

learned correction rather than extrapolating without constraint. 

Predictive Diagnostics 

Residual health index 

A normalized residual score is calculated as: 

𝐽𝑘 = 𝑟𝑘
𝑇𝑆𝑘

−1𝑟𝑘, #(7)  

where 𝑆𝑘 is the expected residual covariance. Persistent growth in 𝐽𝑘, rather than a single spike, indicates 

mismatch requiring diagnosis. The diagnostic engine uses residual signatures, parameter drift, spatial cell patterns, 

and uncertainty to distinguish possible fault classes [15]. 

Fault class Candidate indicators Twin response 

Voltage sensor Bias, stuck value, disagreement 

with neighboring cells 
Isolate sensor; estimate virtual 

value; service alert 

Current sensor SOC drift, pack-energy imbalance, 

redundant-sensor mismatch 
Recalibrate or switch sensor; 

conservative SOC 

Cell imbalance Increasing voltage dispersion at 

matched SOC 
Targeted balancing; reduced charge 

ceiling 

Resistance growth Load-dependent voltage residual 

and excess heat 
Update SOH/SOP; reduce peak 

power 

Cooling fault Thermal residual, abnormal 

gradient, slow cooldown 
Increase cooling; derate; inspect 

pump/valve 
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Internal short risk Self-discharge, localized heat, 

abnormal voltage decay 
Urgent isolation and shutdown 

logic 

Capacity fade Declining identified capacity and 

shortened discharge duration 
Update RUL and service forecast 

Battery digital-twin literature emphasizes diagnosis across sensor, electrical, thermal, and degradation faults. 

Twins can explore thermal-runaway boundary conditions through simulation, but they do not remove the need for 

direct hardware protection and multi-source sensing. Because rare failures are poorly represented in ordinary fleet 

data, a diagnostic model should not claim validated thermal-runaway prediction without controlled abuse-test 

evidence.[9][12] 

Remaining useful life 

Capacity-based SOH is: 

𝑆𝑂𝐻𝑛 =
𝐶𝑛

𝐶𝑟𝑎𝑡𝑒𝑑
× 100%. #(8)  

Given an end-of-life threshold 𝐶𝐸𝑂𝐿, the cycle-domain RUL is the smallest future horizon ℎ satisfying: 

𝑅𝑈𝐿𝑛 = 𝑚𝑖𝑛{ℎ > 0: 𝐶̂𝑛+ℎ ≤ 𝐶𝐸𝑂𝐿}. #(9)  

A useful RUL output is a distribution, not a single cycle count. The twin should report median RUL, prediction 

interval, assumed future duty cycle, and confidence. Long-term degradation depends on temperature, SOC window, 

charge rate, depth of discharge, calendar time, and prior path; Oxford's path-dependent dataset specifically shows why 

calendar and cyclic aging cannot always be treated as independent.[13][14] 

Maintenance decision 

The maintenance scheduler minimizes expected lifecycle cost: 

𝐶(𝑎) = 𝐶𝑠𝑒𝑟𝑣𝑖𝑐𝑒(𝑎) + 𝑃𝑓𝑎𝑖𝑙(𝑎)𝐶𝑓𝑎𝑖𝑙𝑢𝑟𝑒 + 𝐶𝑑𝑜𝑤𝑛𝑡𝑖𝑚𝑒(𝑎) + 𝐶𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛(𝑎), #(10)  

where 𝑎 is a candidate action. Actions may include continued operation, power derating, balancing, coolant-

system inspection, module replacement, or pack replacement. The system should communicate the cause, uncertainty, 

urgency, and expected consequence rather than issuing an unexplained alarm. 

Lifetime Optimization 

Multi-objective formulation 

At each decision instant, the twin predicts outcomes for candidate control sequences over horizon 𝑁. The 

controller minimizes: 

𝑚𝑖𝑛
𝑢0:𝑁−1

  ∑

𝑁−1

𝑗=0

   (𝛼𝑡𝑐ℎ𝑎𝑟𝑔𝑒,𝑗 + 𝛽𝛥𝑆𝑂𝐻𝑗 + 𝛾𝐸𝑙𝑜𝑠𝑠,𝑗 + 𝛿𝛥𝑇𝑗 + 𝜖𝜎𝑐𝑒𝑙𝑙,𝑗), #(11)  

subject to: 

𝑉𝑚𝑖𝑛 ≤ 𝑉𝑐𝑒𝑙𝑙 ≤ 𝑉𝑚𝑎𝑥, 𝑇𝑚𝑖𝑛 ≤ 𝑇𝑐𝑒𝑙𝑙 ≤ 𝑇𝑚𝑎𝑥 , |𝐼| ≤ 𝐼𝑚𝑎𝑥(𝑆𝑂𝐶, 𝑆𝑂𝐻, 𝑇), #(12)  

𝑆𝑂𝑃 ≥ 𝑃𝑟𝑒𝑞𝑢𝑒𝑠𝑡 , 𝑃𝑓𝑎𝑢𝑙𝑡 ≤ 𝑃𝑠𝑎𝑓𝑒. #(13)  
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Here, 𝛥𝑆𝑂𝐻 is predicted degradation, 𝐸𝑙𝑜𝑠𝑠 is energy loss, 𝛥𝑇 is thermal stress, and 𝜎𝑐𝑒𝑙𝑙 is imbalance. The 

weights are selected for operating mode: fast charge, daily longevity, cold weather, emergency mobility, or fleet cost 

minimization. 

Candidate actions 

The optimizer can evaluate: 

● Charge-current shaping rather than fixed current limits. 

● Temperature-dependent preconditioning before rapid charging. 

● Cooling-flow scheduling based on predicted internal rather than only measured surface temperature. 

● Active balancing scheduled when it produces the greatest lifetime benefit. 

● Regenerative-braking limits based on cell-level charge acceptance. 

● Peak-power derating targeted to the weakest or hottest cell. 

● User-selectable charge ceilings informed by forecast duty cycle. 

The twin must not issue an unverified setpoint directly. A safety filter checks every proposed action against 

hard constraints, rate limits, actuator status, and edge-estimator confidence. The action is rejected if the cloud result 

is stale, model uncertainty is excessive, or the predicted trajectory conflicts with independent onboard models. 

Experimental Method 

Dataset 

The proof of concept uses NASA Ames cells B0005, B0006, B0007, and B0018. The source dataset was 

collected on a custom prognostics testbed using 18650 lithium-ion cells, programmable loads and supplies, 

temperature sensing, an environmental chamber, and electrochemical-impedance equipment. Discharge records 

supply measured voltage, current, temperature, time, and capacity.[^5] 

The processed cycle summary is: 

Cell Role Discharge cycles First capacity (Ah) Final capacity (Ah) 

B0005 Training 168 1.8565 1.3251 

B0006 Training 168 2.0353 1.1857 

B0007 Training 168 1.8911 1.4325 

B0018 Held-out test 132 1.8550 1.3411 

The entire B0018 trajectory was excluded from training. This leave-one-cell-out protocol evaluates transfer to 

an unseen physical cell and avoids leakage caused by randomly splitting correlated cycles from the same battery. 

Feature extraction 

For each discharge cycle, the following causal or cycle-completion features were extracted: 

● Cycle index. 

● Mean terminal voltage. 
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● Minimum terminal voltage. 

● Mean measured temperature. 

● Maximum measured temperature. 

● Discharge duration. 

Measured cycle capacity is the target. A histogram gradient-boosting regressor serves as the adaptive twin 

estimator. It used 300 maximum iterations, learning rate 0.05, 15 leaf nodes, 𝐿2 regularization 0.2, and random seed 

42. A pooled linear regression using cycle index alone serves as a static degradation baseline. 

The model is called a proof-of-concept capacity twin because it updates the virtual health state from operational 

measurements. It is not a complete multiphysics pack twin. In deployment, the same prediction would be combined 

with online state assimilation, uncertainty, thermal states, and bidirectional control. 

Metrics 

Performance was assessed using: 

𝑀𝐴𝐸 =
1

𝑁
∑

𝑁

𝑖=1

   |𝐶𝑖 − 𝐶̂𝑖|, #(14)  

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑

𝑁

𝑖=1

   (𝐶𝑖 − 𝐶̂𝑖)2, #(15)  

𝑀𝐴𝑃𝐸 =
100

𝑁
∑

𝑁

𝑖=1

   |
𝐶𝑖 − 𝐶̂𝑖

𝐶𝑖
| . #(16)  

The coefficient of determination 𝑅2 was also calculated. All metrics were computed only on B0018. 

3. Results 

Capacity prediction 

The adaptive capacity twin achieved 0.0426 Ah MAE, 0.0524 Ah RMSE, 2.69% MAPE, and 𝑅2 = 0.885 on 

132 unseen discharge cycles. The static cycle-only model achieved 0.1036 Ah MAE, 0.1104 Ah RMSE, 6.73% MAPE, 

and 𝑅2 = 0.488. 

Method MAE (Ah) RMSE (Ah) MAPE 𝑅2 

Adaptive digital-

twin estimator 
0.0426 0.0524 2.69% 0.885 

Static cycle-based 

baseline 
0.1036 0.1104 6.73% 0.488 

The adaptive model reduced MAE by 58.8% and MAPE by 60.1% relative to the baseline. The improvement 

arises because voltage, temperature, and discharge-duration features carry information about present battery condition 

that cycle count alone cannot represent. The result supports synchronized, measurement-informed health tracking 

rather than a fixed fleet-average aging curve. 
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Diagnostic residuals 

The capacity residual 𝑒𝑛 = 𝐶𝑛 − 𝐶̂𝑛 is useful for diagnostic monitoring. A sudden residual shift can indicate 

a changed load protocol, sensor issue, capacity-estimation error, or abnormal degradation; a persistent trend can signal 

model drift. However, a residual is an anomaly indicator rather than a fault diagnosis by itself. Classification requires 

corroboration from voltage, current, temperature, impedance, balancing, and operating-context signals. 

A practical alarm uses an adaptive threshold such as: 

|𝑒𝑛 − 𝜇𝑒| > 𝑘𝜎𝑒#(17)  

for multiple consecutive updates, where 𝜇𝑒 and 𝜎𝑒 describe validated normal residuals. The value of 𝑘 and 

persistence duration must be selected from fault-injection data to balance detection delay and false alarms. They were 

not optimized in this proof of concept. 

Lifetime interpretation 

The adaptive twin more accurately tracks the state variable used for capacity-based end-of-life decisions. That 

should improve RUL forecasts compared with a static aging curve, but this experiment does not demonstrate actual 

lifetime extension because no alternative charging or cooling action was applied to a controlled test group. Lifetime 

extension can only be quantified through prospective A/B cycling or validated high-fidelity simulation followed by 

experimental confirmation. 

4. Discussion 

Digital twin versus ordinary AI 

A regression model alone is not a complete digital twin. A genuine operational twin additionally requires 

persistent asset identity, synchronized measurements, model-state updates, uncertainty handling, lifecycle data, and a 

channel through which validated insights influence maintenance or control. The proposed architecture supplies those 

missing system elements and uses machine learning as one component rather than treating prediction as the entire 

twin. 

The leave-one-cell-out test is more credible than a random-cycle split, but cell B0018 still belongs to the same 

NASA campaign. Cross-laboratory validation is required. CALCE provides open lithium-ion data covering full and 

partial cycling, storage, dynamic driving profiles, open-circuit voltage, impedance, several form factors, and LCO, 

LFP, and NMC chemistries. Oxford provides long-term pouch-cell degradation and path-dependent NCA aging data. 

These datasets can test chemistry and duty-cycle transfer. 

Edge-cloud partition 

Cloud computation enables fleet learning and detailed simulation, but network latency, bandwidth, and 

interrupted connectivity can degrade synchronization. 

● Hard protection and fast state estimation remain on the vehicle. 

● Cloud outputs carry timestamps, model version, expiry time, and confidence. 

● Control proposals pass through an onboard safety filter. 

● The edge twin continues in degraded mode during disconnection. 

● Fleet updates are staged, signed, monitored, and rollback-capable. 
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This arrangement prevents an unavailable or compromised cloud service from becoming a single point of 

failure. 

Cybersecurity 

Connectivity creates attack surfaces involving false sensor data, malicious model updates, unauthorized control 

commands, ransomware, and privacy leakage. Research on digital-twin governance identifies fragmented standards, 

interoperability, and cybersecurity as major deployment barriers. Battery twins can also help detect false-data injection 

by comparing measurements with physically consistent estimates. 

A production system requires authenticated telemetry, encryption in transit and at rest, hardware roots of trust, 

signed models, secure boot, least-privilege cloud access, anomaly detection, audit logging, and safe rollback. 

Commands must be bounded locally even if they carry valid credentials. Cybersecurity evidence should be maintained 

alongside functional-safety and model-validation evidence. 

Explainability and uncertainty 

Maintenance personnel need actionable explanations. A diagnostic output should identify the affected cell or 

module, observed residual, likely causes, confidence, expected time to limit, recommended inspection, and 

consequence of delay. Feature attribution can support interpretation but does not prove physical causation. 

Uncertainty should increase when operating outside the training envelope, after sensor faults, or when future 

duty cycle is unknown. The optimizer should become more conservative as uncertainty grows. Reporting a precise 

RUL without a prediction interval can mislead fleet operators and service planners. 

Limitations 

The study has important limitations: 

● It evaluates cell-level laboratory data, not an EV pack under road loads. 

● Only four cells from one test campaign were used. 

● Capacity labels depend on full-discharge characterization unavailable during normal driving. 

● The model does not estimate internal temperature, lithium plating, resistance-based SOH, or thermal-runaway 

probability. 

● Predictive diagnostics are architecturally specified but not validated with labeled fault-injection data. 

● Lifetime optimization is formulated but not experimentally applied to a control group. 

● Communication, embedded execution, and cybersecurity were not tested on automotive hardware. 

High-fidelity twins also face cost, sensing, processing, standardization, and data-availability barriers. Reviews 

note that fully onboard high-fidelity execution may be impractical under strict memory, power, latency, and reliability 

constraints, and that a unified battery-twin reference architecture has not yet emerged. 

Implementation Roadmap 

A rigorous continuation should proceed in five stages: 

1. Cross-dataset model validation: Train and test across NASA, CALCE, and Oxford cells; report chemistry-

specific and cross-chemistry errors. 
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2. Hybrid pack twin: Add a second-order equivalent-circuit model, lumped thermal network, capacity/resistance 

aging, and machine-learning residual correction. 

3. Fault validation: Inject sensor bias, open-wire, cooling degradation, imbalance, abnormal self-discharge, and 

contact-resistance faults; measure detection probability, false-alarm rate, and lead time. 

4. Lifetime-control experiment: Cycle matched cells under baseline and twin-optimized charging/thermal 

policies until a predefined endpoint; compare energy throughput, time, temperature, and capacity retention. 

5. Hardware-in-the-loop: Measure worst-case execution time, network behavior, failover, model rollback, and 

control safety using the intended BMS controller and cloud interface. 

An academically strong follow-up experiment should preregister the endpoint, number of cells, operating 

profiles, optimization objective, and statistical analysis. This prevents post-hoc claims and makes any reported lifetime 

improvement defensible. 

5. Conclusion 

A digital twin-based intelligent BMS has been proposed for predictive diagnostics and lifetime-aware EV 

battery management. The framework combines an edge safety controller, synchronized physical and data-driven 

models, residual-based diagnostics, probabilistic RUL forecasting, and constrained optimization of charging, cooling, 

balancing, and power limits. 

On a held-out NASA cell, the proof-of-concept capacity twin achieved 2.69% MAPE and reduced MAE by 

58.8% compared with a static cycle-based degradation model. This demonstrates that measurement-informed 

adaptation can track health more effectively than cycle count alone. The result supports the proposed architecture, but 

pack-level diagnosis and lifetime extension require prospective experiments. The recommended deployment path is a 

hybrid, uncertainty-aware edge-cloud twin in which AI enhances prediction while deterministic onboard protection 

remains authoritative. 
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