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H I G H L I G H T S

• Pulse tests enable joint SOC-SOH estimation without historical data.

• 21 pulse-response features capture SOC, degradation, and chemistry variations.

• TabPFN achieves mean absolute error down to 0.0076 for SOH and < 0.01 for SOC.

• Interpolation retains accuracy with 40%–70% reduction in SOC-dependent pulse tests.

• Framework enables fast, scalable screening of second-life batteries within the validated testing conditions.
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A B S T R A C T

Retired lithium-ion batteries are an important resource for second-life energy storage, but their practical reuse 

requires rapid and efficient state assessment under unknown usage histories. To address this problem, we develop 

a pulse-based framework for joint state-of-health (SOH) and state-of-charge (SOC) estimation of randomly retired 

lithium-ion battery cells. A set of voltage-response features is extracted from short bipolar pulse tests and used 

as diagnostic descriptors. Based on these features, two machine learning models, extremely randomized trees 

(ExtraTrees) and a tabular prior-data fitted network (TabPFN), are employed for battery state estimation and 

evaluated using data from 270 retired cells that cover three chemistry types and four capacity classes. The results 

show that TabPFN clearly outperforms ExtraTrees and achieves mean absolute errors ranging from 0.0076 to 

0.0306 for SOH estimation and below 0.01 for SOC estimation across all cell groups. To reduce the testing 

burden, a subset of SOC-dependent pulse tests is removed, and the missing feature points are reconstructed using 

interpolation methods. The reduced-test results show that near-baseline estimation accuracy can be retained even 

after removing 40%–70% of SOC-dependent pulse tests, depending on the target state and accuracy requirements. 

These results demonstrate a practical route toward faster, lower-cost, and scalable state assessment for second-life 

battery applications. 

1 . Introduction

The rapid growth of electric mobility is turning retired lithium-ion 

batteries into a major future resource stream for second-life energy 

storage. Global electric car sales exceeded 17 million in 2024 and 

reached 20.7 million in 2025 [1], while EV battery demand is pro­

jected to grow from about 1 TWh in 2024 to more than 3 TWh by 

2030 [2]. A substantial fraction of these batteries will leave first-life 

service not because every cell is fully depleted, but because pack-level 

warranty limits, safety, performance, or imbalance constraints are no 

longer satisfied [3–5]. Many retired cells can still retain considerable 

usable capacity and may therefore be redirected to stationary storage, 

lower-power applications, or recycling pathways depending on their 

residual value. This emerging battery flow creates a major opportunity 

for circular energy storage.

Realizing this residual value requires fast and cost-effective state 

assessment before batteries can be safely handled, consistently tested, 

and routed to reuse or recycling [6]. Among the key state variables, 

state of charge (SOC) and state of health (SOH) are both indispensable. 

SOH determines residual capacity, economic reuse potential, and cell 

grouping for second-life assembly, whereas SOC affects handling, stor­

age, and testing safety [7]. In practice, retired batteries usually arrive 
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with unknown usage histories, uncertain charge states, and heteroge­

neous degradation conditions. Reliable estimation of both SOC and SOH 

is therefore essential for avoiding unsafe handling, inaccurate reuse de­

cisions, and inefficient allocation of retired cells across second-life and 

recycling pathways.

In the absence of historical data, accurate SOH assessment of retired 

batteries has traditionally relied on full charge–discharge calibration, 

through which measured capacity provides a direct reference for resid­

ual health [8]. However, such protocols are difficult to scale because 

each cell must undergo controlled charging, resting, and discharging 

over an extended period, consuming both electrical energy and test-

bench occupancy. This bottleneck becomes critical as the volume of 

retired batteries increases. To reduce the testing burden, a wide range 

of battery diagnosis methods has been developed, including equivalent-

circuit models [9], electrochemical model-based approaches [10], in­

cremental capacity [11] and differential voltage analysis [12], elec­

trochemical impedance spectroscopy [13], and signatures from partial 

cycling [14]. These methods can provide valuable physical insights and, 

in some cases, shorter tests. Yet many still require well-controlled operat­

ing conditions, specialized instrumentation, sufficiently regular cycling 

data, or prior knowledge of battery history, which limits their direct 

use for randomly retired and heterogeneous batteries [15].  Recent 

advances in artificial intelligence and data-driven battery diagnostics 

have further expanded the possibilities for retired-battery assessment. 

Artificial-intelligence-based methods have been explored for battery 

reuse [16], recycling [17], and remanufacturing [18], supporting state 

diagnosis, sorting, lifetime prediction, and decision-making across the 

retired-battery value chain [19]. In addition, multi-scale unsupervised 

anomaly-detection frameworks have been developed for lithium-ion bat­

tery packs to identify abnormal cells or modules from operational data 

at different system levels [20]. 

Pulse-based techniques are attractive in this context because short 

current perturbations can probe resistance, polarization, and relaxation 

behavior from voltage responses using standard electrical measure­

ments. Existing studies have used pulse responses for rapid retired-cell 

screening [21], fast capacity estimation [22,23], snapshot SOC iden­

tification [24], lifetime prognostics [25], and multi-aspect diagnostic 

assessment covering health, SOC, and safety [26]. These voltage re­

sponses contain degradation-relevant information and have therefore 

been used for rapid SOH estimation [27]. The difficulty is that pulse 

responses are also strongly SOC-dependent: even cells with similar SOH 

can exhibit different voltage responses at different charge states, and 

this SOC dependence varies with chemistry, capacity, and degradation 

trajectory. This is not a minor experimental detail for retired batteries. 

Their arrival SOC is often unknown, and exhaustive pulse measurements 

over many SOC levels are impractical in screening workflows [15]. As a 

result, SOC-related variation and SOH-related variation become coupled 

in the measured voltage signals [28]. Meanwhile, SOC estimation itself 

remains difficult for aged batteries because degradation alters voltage-

response characteristics and weakens the reliability of conventional 

voltage look-up table approaches [29]. Joint SOC and SOH estima­

tion from limited pulse measurements remains an unresolved practical 

challenge for second-life battery deployment.

To bridge this gap, we develop a machine-learning (ML)-assisted 

joint estimation framework for the SOC and SOH of retired battery 

cells using sparse voltage measurements in response to pulse current. 

This framework integrates short bipolar pulse excitation, feature con­

struction, and data-efficient regression. Using pulse-response data from 

270 randomly retired cells covering three chemistry types and four 

capacity classes, 21 voltage-based features are extracted for model devel­

opment. Two ML models, i.e., extremely randomized trees (ExtraTrees) 

and tabular prior-data fitted network (TabPFN), are employed for joint 

state estimation and systematically evaluated using the diverse bat­

tery dataset. To reduce the measurement burden, eight SOC-availability 

cases are designed to emulate realistic measurement reduction scenar­

ios, where missing SOC-dependent feature points are reconstructed using 

Table 1 

Cut-off voltages used for reference capacity calibration.

Cell chemistry Capacity 

(Ah)

Discharge voltage 

limit (V)

Charge voltage 

limit (V)

NMC 2.1 2.70 4.20

NMC 21 2.70 4.20

LMO 10 2.00 4.20

LFP 35 2.50 3.65

two interpolation methods before downstream learning. The results 

show that accurate SOC and SOH estimation can be achieved across 

heterogeneous retired cells, while near-baseline accuracy can be re­

tained even when a substantial fraction of SOC-dependent pulse tests 

is removed.

2 . Experimental setup and feature extraction

The data used in this study consist of four battery datasets, cover­

ing three major cathode chemistries and four capacity classes: 56 LFP 

(35 Ah), 95 LMO (10 Ah), 67 NMC (2.1 Ah), and 52 NMC (21 Ah) cells. 

Prior to retirement, these cells were subjected to heterogeneous oper­

ating conditions. The NMC 2.1 Ah cells were cycled under laboratory-

based accelerated aging conditions, whereas the remaining cells were 

extracted from electric vehicles operating under three distinct usage 

modes. The NMC 21 Ah cells were used in pure electric configura­

tions, while the LFP and LMO groups experienced hybrid operation 

profiles. Historical usage data for these cells were unavailable, which 

is commonly encountered in practice for retired batteries.

2.1 . SOH calibration and distribution

SOH was determined at the initial stage of retirement through a ref­

erence capacity calibration. Specifically, each cell was first charged to its 

upper cut-off voltage (see Table 1) under a constant current of 1 C, fol­

lowed by a constant-voltage phase until the current decreased to 0.05 C. 

The cell was subsequently discharged at 1 C to its lower cut-off voltage. 

The resulting discharge capacity was obtained via Coulomb counting of 

the current over time and taken as the available capacity of the cell. 

SOH was defined as the ratio of this calibrated capacity to its nominal 

capacity.

The SOH distributions of the four cell groups are summarized in 

Fig. 1. Clear differences emerge across chemistries and capacity classes. 

The NMC 21 Ah cells remain tightly clustered near full health (mean 

SOH 𝜇 = 0.980, standard deviation 𝜎 = 0.052), indicating that most 

of these cells are still close to their beginning-of-life condition at re­

tirement. This may occur when failure or imbalance at the pack level 

leads to the retirement of the entire system despite many cells remaining 

largely undegraded. In contrast, the LFP 35 Ah cells exhibit a moderate 

spread (𝜇 = 0.849, 𝜎 = 0.049), with all samples concentrated between 

approximately 0.75 and 1.0, suggesting varying degrees of degrada­

tion within the first-life stage. A markedly different pattern is observed 

for the LMO 10 Ah and NMC 2.1 Ah cells, both of which span a much 

wider SOH range (down to ≈ 0.5), accompanied by significantly larger 

variance (e.g., 𝜎 = 0.115 for LMO). These distributions indicate sub­

stantial diversity in degradation states, likely arising from differences in 

usage conditions, operational environments, and system-level manage­

ment prior to retirement. Some cells in these groups are already close 

to the end of their second-life usability, while others remain relatively 

intact.

Overall, the dataset combines a relatively large sample size, broad 

SOH coverage, and diverse degradation pathways despite missing histor­

ical information. This combination, although challenging for modeling, 

provides a representative and practically relevant basis for studying state 

estimation in retired batteries.
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Fig. 1. SOH distributions of the four retired battery groups. The colored histograms show the empirical SOH distributions, the blue curves show the kernel density 

estimates, the vertical blue line denotes the mean SOH, and the shaded region represents one standard deviation around the mean. The number of cells (𝑛), mean 

SOH (𝜇), and standard deviation (𝜎) are reported in each panel.

Fig. 2. Pulse current excitation and corresponding voltage response. A set of 21 characteristic feature points is extracted from the voltage trajectory at predefined 

sampling locations around the pulse transitions. Each pulse lasts 5 s, followed by a 25 s rest period. The measurements are recorded at 100 Hz.

2.2 . Pulse tests

As discussed in Section 1, short current perturbations provide a rapid 

and practical means to probe battery dynamics using standard electrical 

measurements, making them suitable for large-scale screening of retired 

batteries with unknown usage histories. After capacity calibration, pulse 

tests were conducted over SOC levels from 5% to 50% with a uni­

form increment of 5%, as illustrated in Fig. 2. Such an SOC range was 

intentionally selected to reflect practical situations of retired lithium-ion 
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battery cells, which are commonly maintained at low-to-medium SOC 

levels to minimize safety risks during storage, transport, and testing. 

For each target SOC, the cell SOC was adjusted from 0% by applying a 

1 C constant-current charge for a prescribed duration corresponding to 

the desired SOC increment. In this protocol, SOC is defined with respect 

to the nominal capacity; therefore, each 5% SOC increment corresponds 

to 3 min of 1 C charging. After each adjustment step, the cell was rested 

for 10 min to approach a quasi-steady state before perturbation excita­

tion. This adjustment–rest sequence was repeated sequentially across all 

SOC levels.

At each SOC level, a sequence of symmetric bipolar current pulses 

was applied to probe the voltage response while minimizing net energy 

transfer. Specifically, each perturbation consisted of a charge pulse fol­

lowed by a discharge pulse of equal magnitude, separated by relaxation 

intervals. As shown in Fig. 2, the pulse duration was 5 s, followed by 

a 25 s relaxation period. The perturbation amplitudes were swept in as­

cending order as ±0.5C, ±1C, and ±1.5C. This design helped maintain the 

assigned SOC level during testing while still exciting both charge and dis­

charge dynamics. Voltage responses were recorded continuously during 

both pulse and relaxation periods, providing high-resolution dynamic 

information for subsequent feature extraction.

2.3 . Feature extraction and visualization

Based on the voltage responses obtained from the pulse tests, 21 fea­

tures, i.e., {𝑈1, 𝑈2,… , 𝑈21}, were extracted to characterize the transient 

voltage dynamics during both excitation and relaxation periods. As illus­

trated in Fig. 2, these features correspond to voltage values at predefined 

transition points of the pulse sequence, including the onset and termina­

tion of current excitation, as well as selected points along the relaxation 

trajectory that capture the temporal evolution of voltage recovery.

The extracted features at different SOC levels for four cells are shown 

in Fig. 3. To enable a meaningful comparison across chemistries, the 

selected cells have closely matched SOH values and are representative 

of their respective groups, which helps isolate the influence of SOC and 

electrochemical characteristics from that of overall degradation level.

Several observations can be made. First, even at similar SOH, the fea­

ture profiles exhibit distinct structures across chemistries and capacity 

classes, particularly in how they evolve with the perturbation index (see 

Fig. 3a). As the feature index reflects different stages of the pulse se­

quence and corresponding current magnitudes, the profiles reveal how 

the voltage responds to varying excitation intensities. Second, the SOC 

dependence of the features is evident within each cell type. For a given 

cell, feature values shift systematically with SOC, forming ordered tra­

jectories across the SOC range. For instance, the LFP cells exhibit more 

clearly separated feature curves at lower SOC but increasingly clustered 

behavior above approximately 25% SOC, whereas the NMC 2.1 Ah cells 

show the opposite tendency, with denser feature curves at low SOC and 

progressively wider spacing at higher SOC. These patterns reflect how 

the voltage response evolves with charge state under a fixed electro­

chemical system. Third, clear differences arise across different cell types 

when comparing the voltage response characteristics (see Fig. 3b). The 

LMO cells exhibit the widest voltage range, while the LFP cells operate 

within a narrower voltage window. The two NMC groups share simi­

lar overall feature shapes but differ in voltage span, indicating distinct 

scaling of the voltage response.

These observed patterns indicate that the pulse-response features re­

tain information related to SOC, degradation state, and electrochemical 

characteristics, and can thus serve as informative inputs for subsequent 

SOC and SOH estimation.

3 . Method

SOH represents the remaining capacity and degradation level of a 

retired cell, and provides the basis for identifying reusable batteries, 

excluding severely degraded cells, and grouping cells with comparable 

aging states for second-life pack assembly. SOC represents the current 

charge state, which is often uncertain after previous use, storage, and 

self-discharge. It is therefore essential to estimate SOH and SOC for 

large-scale second-life battery applications. While the SOH and SOC in­

formation was carefully calibrated in Sections 2.1 and 2.2, these labels 

are time-consuming and energy-intensive to obtain, and are used here 

only as reference values for the training and evaluation of ML mod­

els. Our objective is to estimate these two states for each battery cell 

from minimal experimental data while maintaining high accuracy and 

robustness.

Conventional data-driven models for battery diagnosis generally re­

quire sufficiently dense and well-distributed measurements [30–32]. 

Such models may fail when applied to retired battery cells with sparse 

and irregular measurements. To address this limitation, we develop a 

three-step framework that integrates diagnostic pulse-testing protocols, 

synthetic data generation, and ML models.

3.1 . Reduced experiments under different testing scenarios

While the considered SOC range is [5%, 50%], performing experi­

ments at each specified SOC level requires an adjustment–rest process 

(see Section 2.2). This procedure is time- and resource-intensive, par­

ticularly when a large number of heterogeneous retired cells must 

be screened. Reducing the number of required SOC calibration points 

would therefore enable faster second-life battery screening and more 

efficient reuse/recycling decisions. To systematically evaluate how the 

number and distribution of available pulse measurements affect feature 

reconstruction and subsequent model performance, we construct eight 

testing cases, as illustrated in Fig. 4. These cases emulate representative 

measurement conditions encountered in practice, including alternating 

availability, varying degrees of sparsity, continuous gaps in SOC cov­

erage, and regionally biased SOC coverage across the SOC range. For 

example, in Case 4, pulse tests are conducted only at 5%, 25%, and 50% 

SOC.

3.2 . Synthetic data generation by interpolation

Reducing the number of SOC-dependent experiments inevitably lim­

its the amount of available training data, which can degrade the 

performance of data-driven models. More importantly, it results in in­

complete coverage of the SOC-dependent feature space, hindering the 

model’s ability to learn the underlying feature–target relationships. To 

address this, we reformulate the problem as the reconstruction of SOC-

dependent feature trajectories from incomplete observations and employ 

interpolation to approximate the underlying structure. Specifically, two 

interpolation methods are used to reconstruct pulse-response features 

at unmeasured SOC levels within the observed range, thereby enriching 

the training set without additional experiments.

Linear interpolation. Based on the smooth variation of each volt­

age feature with SOC (see Fig. 3), linear interpolation is applied. Missing 

voltage features at unmeasured SOC levels are estimated using straight-

line connections between adjacent measured SOC points, which is 

equivalent to a distance-weighted average of the two neighboring points. 

Specifically, for a missing SOC level 𝑠 between two measured SOC levels 

𝑠𝓁  and 𝑠𝓁+1, the interpolated value of the 𝑗-th voltage feature is given 

by 

𝑈̃𝑗 (𝑠) = 𝑈𝑗 (𝑠𝓁) +
𝑠 − 𝑠𝓁

𝑠𝓁+1 − 𝑠𝓁

[

𝑈𝑗 (𝑠𝓁+1) − 𝑈𝑗 (𝑠𝓁)
]

,  for 𝑠𝓁 < 𝑠 < 𝑠𝓁+1, (1)

where 𝑗 ∈ {1,… , 21}, and 𝑈𝑗 (𝑠𝓁), 𝑈𝑗 (𝑠𝓁+1) are the corresponding voltage 

measurements. The interpolation is performed independently for each 

feature across the SOC range.

PCHIP method. To better capture local curvature and nonlinearity, 

the piecewise cubic Hermite interpolating polynomial (PCHIP) method 

is also employed [33]. A shape-preserving piecewise cubic function is 

fitted over the measured SOC points to reconstruct the SOC-dependent 

voltage-feature trajectories. Compared with linear interpolation, PCHIP 
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Fig. 3. Voltage-response features extracted from pulse tests for representative retired cells with comparable SOH across four battery groups (LFP 35 Ah, LMO 10 Ah, 

NMC 2.1 Ah, and NMC 21 Ah). (a) Feature profiles as a function of pulse feature index at different SOC levels. (b) SOC-dependent evolution of selected features (𝑈1, 

𝑈11, and 𝑈15), showing smooth variation across the SOC range and chemistry-dependent characteristics.

incorporates local slope information estimated from neighboring inter­

vals, enabling a smoother representation while preserving monotonicity. 

For the 𝑗-th voltage feature, the interpolated value 𝑈̃𝑗 (𝑠) over the SOC 

interval [𝑠𝓁 , 𝑠𝓁+1] is expressed as

𝑈̃𝑗 (𝑠) = ℎ0(𝑡)𝑈𝑗 (𝑠𝓁) + ℎ1(𝑡)(𝑠𝓁+1 − 𝑠𝓁)𝑑𝑗,𝓁 + ℎ2(𝑡)𝑈𝑗 (𝑠𝓁+1) (2)

+ ℎ3(𝑡)(𝑠𝓁+1 − 𝑠𝓁)𝑑𝑗,𝓁+1,

where 𝑑𝑗,𝓁  and 𝑑𝑗,𝓁+1 denote the PCHIP slopes separately estimated at 𝑠𝓁
and 𝑠𝓁+1, 𝑡 = (𝑠 − 𝑠𝓁)∕(𝑠𝓁+1 − 𝑠𝓁), and the cubic Hermite basis functions 

are

ℎ0(𝑡) = 2𝑡3 − 3𝑡2 + 1, ℎ1(𝑡) = 𝑡3 − 2𝑡2 + 𝑡, (3)

ℎ2(𝑡) = −2𝑡3 + 3𝑡2, ℎ3(𝑡) = 𝑡3 − 𝑡2. (4)

3.3 . Regression models for SOH and SOC estimation

Based on the reconstructed SOC-dependent feature set, each pulse-

test sample is represented by a feature vector 𝐱𝑖 = [𝑈1, 𝑈2,… , 𝑈21]𝑖 ∈
ℝ21, where 𝑖 indexes the battery cell. The corresponding targets are SOH 

and SOC. The estimation problem is formulated within a supervised non­

linear regression framework. In this study, SOH and SOC are modeled 

using separate regression functions, i.e., 𝑦̂SOH
𝑖 = 𝑓SOH(𝐱𝑖) and 𝑦̂SOC

𝑖 =
𝑓SOC(𝐱𝑖), following independent training and model selection proce­

dures. Given the limited and irregular SOC-dependent measurements 

in second-life scenarios, emphasis is placed on data-efficient models 

that can generalize under sparse and partially reconstructed feature 

inputs. To this end, two representative regression approaches, namely 

the extremely randomized trees (ExtraTrees) regressor and the tabular 

prior-data fitted network (TabPFN) are employed.

ExtraTrees model: ExtraTrees is adopted as a baseline regressor 

due to its robustness in handling high-dimensional tabular data with 

limited sample size [34]. In the present problem, the input features con­

sist of pulse-response voltages measured at different temporal points 

within a short excitation sequence, which exhibit strong correlations 

and moderate noise arising from measurement and operational vari­

ability. By introducing randomization in both feature selection and split 

thresholds, ExtraTrees reduces the risk of overfitting to such local varia­

tions and measurement noise [35]. This property is particularly relevant 

for the employed battery dataset, where the number of available cells 

is limited and the feature–target relationships vary across chemistries 
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Fig. 4. Overview of the eight SOC measurement configurations considered in this study. Check-marked cells indicate measured pulse voltage features, while blank 

cells indicate SOC levels at which the pulse voltage features are reconstructed by interpolation. The configurations cover alternating measurements, varying levels of 

sparsity, a continuous middle-SOC gap, and regionally biased SOC coverage. Boundary SOC points at 5% and 50% are always retained.

and degradation states. As a result, ExtraTrees provides a stable and 

interpretable baseline for evaluating the effectiveness of the proposed 

pulse-based estimation framework.

TabPFN model: TabPFN is employed as a data-efficient foundation 

model for tabular regression [36]. Unlike conventional models that re­

quire task-specific parameter training, TabPFN is pre-trained on a large 

collection of synthetic tabular prediction tasks and performs inference 

on a new dataset through in-context learning. In the present implemen­

tation, for each target 𝑞 ∈ {SOH, SOC}, the prediction can be written 

as

𝑦̂(𝑞)∗ = 𝑓TabPFN
𝜃

(

𝐱∗
|

|

|

|

|

D(𝑞)
train

)

, (5)

where 𝑥∗ is the pulse-feature vector of a test sample, D(𝑞)
𝑡𝑟𝑎𝑖𝑛 denotes the 

observed training samples for the corresponding target variable 𝑞, and 

𝜃 represents the fixed parameters of the pre-trained TabPFN model. In 

this setting, the training samples are used as contextual examples rather 

than to update the model weights.

This design is well aligned with the battery problem, where 

only limited samples are available and the feature–target relation­

ships must be inferred from sparse and partially reconstructed SOC-

dependent data. By leveraging a pre-trained prior over diverse 

tabular structures and conditioning on the observed battery sam­

ples, TabPFN can infer feature–target relationships directly at in­

ference time. This reduces the need for extensive hyperparameter 

tuning. To the best of our knowledge, this is the first application 

of TabPFN to pulse-based SOH and SOC estimation in battery sys­

tems. Under the same SOC-availability scenarios, interpolation set­

tings, and train–test splits as the ExtraTrees baseline, TabPFN pro­

vides a complementary data-driven approach for evaluating estimation

performance.

4 . Results and discussion

Model performance is evaluated using Monte Carlo cross-validation 

to reduce the influence of sample-specific bias and data partitioning vari­

ability. For each battery group, 80% of the cells are randomly selected 

for training, while the remaining 20% are reserved for testing. This ran­

dom splitting is repeated 10 times, and all reported results correspond 

to the average over these independent realizations. This procedure pro­

vides a stable estimate of predictive performance under limited and 

heterogeneous data conditions.

Two evaluation metrics are adopted to evaluate model accuracy, 

namely the mean absolute error (MAE) and the mean absolute percent­

age error (MAPE), defined as

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| , (6)

MAPE = 1
𝑁

𝑁
∑

𝑖=1

|

|

|

|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

|

|

|

|

× 100%, (7)

where 𝑁  denotes the number of samples in the test set, and 𝑦𝑖 and 𝑦̂𝑖
represent the reference and estimated values of the target variable (SOH 

or SOC), respectively. These two metrics serve complementary roles. 

MAE quantifies the absolute deviation in the estimation tasks, where 

the targets (SOH and SOC) have direct physical interpretations. MAPE, 

by normalizing the error with respect to the reference magnitude, is used 

to evaluate the interpolation accuracy of SOC-dependent features across 

different scales. This distinction is necessary because the reconstructed 

feature trajectories act as intermediate inputs to the downstream learn­

ing models, and inaccuracies introduced at this stage may propagate in 

a non-uniform manner to the final SOH and SOC estimations.

In real-world battery screening, decisions are typically made based 

on thresholding rules rather than continuous estimates. In particular, 

SOH levels of 0.75–0.8 are commonly used to distinguish batteries suit­

able for continued first-life use from those to be redirected to second-life 

applications or recycling. Under this setting, a critical requirement is to 

reliably identify cells that remain in the high-SOH region. Although the 

models are trained to produce continuous SOH estimates, we further 

threshold the predicted SOH values at 0.8 to evaluate decision-oriented 

screening performance. The recall of the SOH ≥ 0.8 class is defined as

RecallSOH =
𝑁TP

𝑁TP +𝑁FN

, (8)

where 𝑁TP denotes the number of cells with true SOH ≥ 0.8 that are 

correctly estimated as such during testing, and 𝑁FN denotes the number 

of cells with true SOH ≥ 0.8 that are incorrectly classified below the 

threshold.
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Table 2 

Dataset-specific hyperparameter settings of the ExtraTrees regressor for SOH 

and SOC estimation. Here, 𝑛est denotes the number of trees, 𝑛split the minimum 

number of samples required to split an internal node, 𝑛leaf the minimum number 

of samples required at a leaf node, and 𝑚feat the number of candidate features 

considered when searching for the best split.

Target Dataset 𝑛est 𝑛split 𝑛leaf 𝑚feat

SOH LFP 35 Ah 1000 2 4 5

LMO 10 Ah 300 2 2 –

NMC 2.1 Ah 1000 2 1 –

NMC 21 Ah 1000 2 1 –

SOC LFP 35 Ah 300 2 1 –

LMO 10 Ah 1000 2 1 –

NMC 2.1 Ah 1000 2 1 –

NMC 21 Ah 500 2 2 –

4.1 . Results of SOH estimation

The SOH estimation results are obtained using the ML models de­

veloped in Section 3.3. In this baseline evaluation, pulse features from 

the entire tested SOC range, namely 5–50% SOC, are used as model 

inputs. Therefore, this part does not involve the testing scenarios or 

interpolation methods described in Sections 3.1 and 3.2. TabPFN is ap­

plied without hyperparameter tuning, while ExtraTrees is used with the 

cell-specific hyperparameter settings given in Table 2. The results are 

discussed for two cases: the full testing set and the practically important 

high-SOH subset with SOH ≥ 0.8.

According to Fig. 5(a)–(d), both ExtraTrees and TabPFN achieve 

consistent SOH estimation across the four battery types, with TabPFN 

yielding lower MAE in all cases. For the full testing set, the MAE val­

ues of TabPFN are 0.0306, 0.0223, 0.0256, and 0.0076 for LFP 35 Ah, 

LMO 10 Ah, NMC 2.1 Ah, and NMC 21 Ah cells, respectively. For refer­

ence, reported SOH estimation errors in the literature typically fall in 

the range of 0.03–0.05 when large-scale real-world datasets are avail­

able, and can drop below 0.01 under controlled laboratory conditions 

with dense measurements [30,37]. In contrast, the setting considered 

here is substantially more constrained: each cell is characterized only 

by sparse pulse-test data obtained within a short excitation window, 

without any historical usage information or aging trajectory. Despite 

these limitations, the achieved error levels are comparable to those 

reported for data-rich scenarios, particularly for the LMO and NMC 

datasets. This indicates that reliable SOH screening can be achieved 

without relying on historical data or long-duration testing. As will be 

further shown in Section 4.4, the proposed method also provides a clear 

improvement over existing pulse-based approaches under the same data

constraints.

The estimation accuracy varies markedly across the cell types. For 

both models, the best performance is observed for the NMC 21 Ah cells, 

with MAE values significantly lower than those of the other three cell 

types. This difference should not be attributed to the models alone. As 

shown in Fig. 1, all NMC 21 Ah samples lie within the SOH ≥ 0.75
region, with most concentrated near fresh-cell conditions. Such a nar­

row distribution leads to a more regular feature–target relationship, 

which simplifies the regression task. The high accuracy achieved for this 

dataset should therefore be interpreted in light of its SOH distribution, 

Fig. 5. Comparison of the estimation performance of ExtraTrees and TabPFN across the four cell datasets. In this baseline evaluation, pulse features from the entire 

tested SOC range are used for training.
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Table 3 

Proportion of training samples with SOH ≥ 0.8 and classification recall for 

testing samples with SOH ≥ 0.8.

Battery Type Model Proportion of train cells 

with SOH ≥ 0.8 (%)

Recall for SOH ≥ 0.8

LFP 35 Ah ExtraTrees 83.4 0.997

TabPFN 83.4 0.944

LMO 10 Ah ExtraTrees 68.7 0.926

TabPFN 68.7 0.987

NMC 2.1 Ah ExtraTrees 64.2 0.901

TabPFN 64.2 0.904

NMC 21 Ah ExtraTrees 97.6 0.988

TabPFN 97.6 0.973

rather than as evidence that large-format NMC cells are intrinsically 

easier to estimate. The same trend becomes more evident when the eval­

uation is restricted to cells with SOH ≥ 0.8. In this high-SOH subset, 

the MAE is generally lower than that of the full testing set. The reduc­

tion is particularly clear for LMO 10 Ah cells under TabPFN, where the 

MAE decreases by 39.5%. Therefore, when the evaluation is confined 

to a narrower SOH region, the mapping from pulse-response features 

to SOH becomes less dispersed, and the regression task becomes better 

conditioned.

The high-SOH subset is also important from a screening perspective. 

As listed in Table 3, the proportion of training samples with SOH ≥ 0.8
varies considerably across the four datasets, ranging from 64.2% for 

NMC 2.1 Ah cells to 97.6% for NMC 21 Ah cells. The recall values for 

the SOH ≥ 0.8 class are consistently above 0.90 for both models, in­

dicating that most cells truly belonging to the high-SOH region are 

correctly retained above the threshold. The highest recall is obtained 

by ExtraTrees for LFP 35 Ah cells, reaching 0.997, and by TabPFN for 

LMO 10 Ah cells, reaching 0.987. Notably, the recall performance shows 

a clear dependence on the underlying data distribution: datasets with 

a higher proportion of high-SOH training samples generally lead to 

more reliable identification of this region. These results indicate that 

the pulse-feature-based framework is not only able to reduce continuous 

SOH estimation error, but also supports screening decisions that avoid 

prematurely assigning still-healthy cells to second-life use or recycling.

4.2 . Results of SOC estimation

Using the same data splitting strategy as in the SOH task and the 

model settings in Table 2, the SOC estimation results are reported in 

Fig. 5(e). The first observation is that the proposed estimation frame­

work provides accurate SOC estimation across all four cell groups. Even 

with the baseline ExtraTrees regressor, the MAE remains below 0.0143 

for all datasets. This confirms that the designed short-pulse profile and 

the extracted voltage-response features contain sufficient SOC-relevant 

information for regression. The result is particularly meaningful for LFP 

cells, where conventional voltage-based SOC estimation is often difficult 

because of the plateau in the open-circuit voltage (OCV) profile [38,39]. 

Here, the input contains both the initial voltage level and the subsequent 

pulse-response features, which encode additional dynamic information 

related to resistance, relaxation and local electrochemical response, 

thereby reducing the ambiguity in SOC estimation.

On top of this general effectiveness, TabPFN consistently improves 

upon ExtraTrees across the four datasets. Its MAE values are 0.0031, 

0.0071, 0.0087, and 0.0019 for LFP 35 Ah, LMO 10 Ah, NMC 2.1 Ah, 

and NMC 21 Ah cells, respectively (see the light blue bars in Fig. 5e). 

The improvement is especially clear for the LMO 10 Ah and NMC 2.1 Ah 

datasets, where TabPFN reduces the SOC estimation error by more 

than half. This trend is consistent with the SOH estimation results in 

Section 4.1, suggesting that TabPFN is more effective at extracting stable 

feature–target mappings from limited and heterogeneous tabular battery 

data.

Dataset-dependent differences are still visible. The NMC 21 Ah cells 

give the lowest SOC estimation error for both regressors, with MAE 

values of 0.0019 for TabPFN and 0.0022 for ExtraTrees. This is consis­

tent with Fig. 3, where the NMC 21 Ah pulse features exhibit relatively 

smooth and regular variations with SOC. By contrast, the LMO 10 Ah 

and NMC 2.1 Ah datasets show larger feature variations across SOC, es­

pecially in the representative pulse-feature trajectories, and correspond­

ingly lead to higher estimation errors. These observations indicate that 

the accuracy of pulse-feature-based SOC estimation is governed not only 

by the regression model, but also by how regularly the pulse-response 

features evolve with SOC for a given cell group.

4.3 . Results of interpolation methods

To assess the effectiveness of the experiment reduction and synthetic 

data generation introduced in Section 3, interpolation errors are eval­

uated under the eight SOC-availability cases across the four battery 

datasets. As shown in Fig. 6(a), both interpolation methods consistently 

yield low errors. The feature-wise error distributions in Fig. 6(b) further 

confirm that the interpolation accuracy is consistently maintained across 

the 21 extracted features. PCHIP generally outperforms linear interpola­

tion across all datasets and SOC-availability cases, with average MAPE 

values remaining below 0.60% for linear interpolation and below 0.39% 

for PCHIP. These results demonstrate that the selected interpolation 

methods provide an effective means for reconstructing SOC-dependent 

pulse-response features.

Consistent with the state estimation results, clear dataset-dependent 

differences are observed. The NMC 2.1 Ah cells exhibit the lowest in­

terpolation errors, with average MAPE values below 0.22% for linear 

interpolation and below 0.20% for PCHIP. This can be attributed to the 

relatively smooth and monotonic variation of pulse-response features 

with SOC (see Fig. 3). In contrast, the advantage of PCHIP becomes 

more evident for the LMO cells, where local nonlinear variations in the 

feature–SOC relationship are more pronounced, leading to consistently 

lower errors compared with linear interpolation.

The interpolation accuracy also depends on the SOC-availability pat­

tern. In general, the two uniform alternating cases (Cases 0–1) result in 

the lowest interpolation errors across all datasets, as the retained SOC 

points are evenly distributed over the full SOC range and provide bal­

anced local support. By contrast, higher errors are observed when the 

measurements are further reduced or unevenly distributed. In partic­

ular, Case 4 suffers from insufficient local support due to very sparse 

measurements, while Case 5 introduces a continuous gap that degrades 

interpolation accuracy around the missing region. The impact of these 

interpolation errors on downstream state estimation is examined in the 

next subsection.

4.4 . SOH and SOC estimation under reduced SOC-dependent measurements

To examine how the number and distribution of available pulse 

measurements influence SOH and SOC learning, we extend the analy­

sis in Section 4.3 from interpolation accuracy to learning performance. 

For each of the eight SOC-availability cases (see Fig. 4), three train­

ing settings are considered: no interpolation, linear interpolation, and 

PCHIP. The no-interpolation setting uses only the measured pulse re­

sponses, whereas the interpolation-based settings augment the training 

set by reconstructing missing responses at unmeasured SOC levels. All 

results are compared with the full-measurement baselines established in 

Sections 4.1 and 4.2.

SOH estimation. For SOH estimation, interpolation-based training 

consistently improves the results compared with the no-interpolation 

setting (Fig. 7 and Table 4). Across all cell groups, the estimation er­

ror increases as the number of SOC-dependent pulse tests decreases. 

When six SOC levels are available (Cases 0–1 and 5–7), the performance 

differences among these cases are small, and the best-performing config­

urations remain close to the full-measurement baselines, with absolute 

MAE differences ranging from 0.0001 to 0.0018 across the four cell 
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Fig. 6. Interpolation error comparison under the eight SOC-availability cases. (a) Case-wise average error. (b) Feature-wise error heatmaps.

groups. However, the optimal SOC-availability pattern depends on the 

cell group. For the LFP, NMC 2.1 Ah, and NMC 21 Ah datasets, alternat­

ing SOC coverage (Cases 0–1) yields better performance, consistent with 

the more uniform support provided across the SOC range. In contrast, 

the LMO dataset achieves its best result in Case 5, where the middle 

SOC region is absent. This behavior suggests that, for this dataset, the 

feature distributions in the retained low- and high-SOC regions remain 

sufficiently consistent to allow accurate reconstruction of the missing 

intermediate region without introducing significant mismatch.

These results indicate that the loss of SOC-dependent measurements 

does not translate proportionally into SOH estimation degradation. Even 

when the number of pulse tests is reduced by 40% (i.e., from ten to six 

SOC levels), the estimation error is only marginally higher than the full-

measurement baseline, with the maximum MAE reaching 0.031 across 

all cell groups (see Table 4). This level of SOH estimation accuracy is no­

tably competitive under the considered setting of randomly retired cells 

without any historical information. For comparison, recent pulse-based 

SOH estimation approaches under similar conditions typically report er­

rors around 0.06, even when assisted by advanced data augmentation 

or generative learning strategies [40]. The present framework therefore 

reduces the estimation error by approximately 48%.

SOC estimation. The impact of interpolation on SOC estimation is 

also evident (see Table 5 and Fig. 8). For the studied cell groups, TabPFN 

under the best-performing cases achieves accuracy close to the corre­

sponding full-measurement baselines, with absolute MAE differences of 

at most 0.0104. However, the performance differs significantly across 

cell groups. For the LMO cells, the interpolation-based result is even 

slightly better than the baseline, likely due to variations from repeated 

random splits. As the number of available SOC measurements decreases, 

the sensitivity to reduced SOC coverage is more pronounced than that 

observed in SOH estimation. Among the four cell groups, LMO main­

tains near-baseline accuracy under sparse SOC conditions, whereas LFP, 

NMC 2.1 Ah, and NMC 21 Ah exhibit noticeable performance deteriora­

tion. Overall, even when up to 70% of the SOC-dependent measurements 

are removed (Case 4), the SOC estimation error remains below 1.8%.

Correlation analyses. The influence of interpolation on downstream 

estimation can be further examined through the correlation between 

interpolation error and the corresponding increase in estimation error, 

defined as the deviation from the baseline (light bars in Figs. 7 and 8). 

As shown in Fig. 9, the correlation coefficients vary substantially across 

tasks and cases, reflecting the different roles of interpolation in SOH and 

SOC estimation.

For SOH estimation, interpolation errors are not directly mapped to 

target errors, leading to a complex and nonlinear relationship between 

them. From a practical perspective, the estimation performance is not 

merely a consequence of interpolation accuracy, but reflects a struc­

tural property of the problem: SOH is a cell-level invariant during the 

test process, and the SOC-dependent pulse responses provide redundant 

yet complementary observations of the same underlying degradation 

state. As a result, once a minimum SOC coverage is retained, the learn­

ing model can still recover a stable feature–target mapping, even under 

partially observed conditions.
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Fig. 7. SOH estimation performance when SOC-dependent measurements are reduced during training. Baseline models (dark bars) correspond to models trained 

using pulse features across all SOC levels (5%–50%), whereas the proposed method results are represented by light bars. All bars represent absolute MAE values. 

The difference between each light bar and its corresponding dark bar indicates the deviation from the baseline under no interpolation, linear interpolation, or PCHIP 

settings.

Table 4 

SOH estimation error (MAE) of TabPFN under different SOC-availability cases. Values are reported as the mean 

± standard deviation over ten Monte Carlo train–test splits. Across the three settings (no interpolation, linear 

interpolation, and PCHIP), the best result is reported, predominantly achieved by PCHIP. “6 SOC” refers to the 

cases where six out of the ten SOC levels are retained, corresponding to cases 0–1 and 5–7.

Cell group 6 SOC (Best case) 5 SOC (Case 2) 4 SOC (Case 3) 3 SOC (Case 4) Baseline

LFP 35 Ah 0.0310 ± 0.0048 (Case 1) 0.0330 ± 0.0046 0.0348 ± 0.0041 0.0402 ± 0.0038 0.0306 ± 0.0052
LMO 10 Ah 0.0222 ± 0.0041 (Case 5) 0.0229 ± 0.0043 0.0235 ± 0.0038 0.0251 ± 0.0042 0.0223 ± 0.0046
NMC 2.1 Ah 0.0274 ± 0.0034 (Case 1) 0.0312 ± 0.0033 0.0334 ± 0.0025 0.0399 ± 0.0038 0.0256 ± 0.0028
NMC 21 Ah 0.0077 ± 0.0028 (Case 0) 0.0076 ± 0.0024 0.0086 ± 0.0031 0.0093 ± 0.0032 0.0076 ± 0.0027

In contrast, for SOC estimation, interpolation reconstructs missing 

feature–target pairs at unmeasured SOC levels, and errors in the recon­

structed pulse features are directly associated with SOC labels, thereby 

introducing inaccuracies into the training data. As a result, the cor­

relation between interpolation error and estimation error is generally 

stronger than in SOH estimation, although it is not strictly one-to-one at 

the case level. In several cases, higher interpolation error still leads to 

lower estimation error, while lower interpolation error does not neces­

sarily yield better performance. This can be partly explained by the fact 

that interpolation error is averaged over all 21 features, whereas the 

estimation model may rely more heavily on a subset of SOC-sensitive 

features. Consequently, a lower average interpolation error does not 

necessarily imply more accurate reconstruction of the most informative 

features. In addition, differences in the retained SOC regions across cases 
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Table 5 

SOC estimation error (MAE) of TabPFN under different SOC-availability cases. Values are reported as the 

mean ± standard deviation over ten Monte Carlo train–test splits. The best result is reported across the three 

interpolation settings, which is predominantly achieved by PCHIP. “6 SOC” refers to the cases where six out 

of the ten SOC levels are retained, corresponding to cases 0–1 and 5–7.

Cell group 6 SOC (Best case) 5 SOC (Case 2) 4 SOC (Case 3) 3 SOC (Case 4) Baseline

LFP 35 Ah 0.0036 ± 0.0010 (Case 0) 0.0100 ± 0.0010 0.0112 ± 0.0009 0.0135 ± 0.0009 0.0031 ± 0.0010
LMO 10 Ah 0.0067 ± 0.0024 (Case 5) 0.0071 ± 0.0026 0.0075 ± 0.0024 0.0086 ± 0.0024 0.0071 ± 0.0029
NMC 2.1 Ah 0.0097 ± 0.0009 (Case 0) 0.0117 ± 0.0012 0.0134 ± 0.0011 0.0178 ± 0.0012 0.0087 ± 0.0010
NMC 21 Ah 0.0021 ± 0.0018 (Case 0) 0.0019 ± 0.0015 0.0025 ± 0.0017 0.0046 ± 0.0022 0.0019 ± 0.0017

Fig. 8. SOC estimation performance when SOC-dependent measurements are reduced during training. Baseline models (dark bars) correspond to models trained 

using pulse features across all SOC levels (5%–50%), whereas the proposed method results are represented by light bars. All bars represent absolute MAE values. 

The difference between each light bar and its corresponding dark bar indicates the deviation from the baseline under no interpolation, linear interpolation, or PCHIP 

settings.

further influence how effectively the model learns the feature–target 

relationship.

Summary. These results reveal a clear asymmetry between the two 

estimation tasks under reduced SOC-dependent measurements. While 

SOH estimation remains robust to measurement sparsity due to its in­

variant nature, SOC estimation is more sensitive to the coverage and 

distribution of available measurements, reflecting its inherently local 

dependence on SOC-specific features.

4.5 . Applicability of the proposed framework and beyond

Despite the promising estimation performance, the applicability of 

the proposed framework should be interpreted within the scope of the 
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Fig. 9. Relationship between interpolation error and downstream estimation error (SOH and SOC) across all datasets and models. Each point (circle for linear 

interpolation and triangle for PCHIP) corresponds to one SOC-availability case, with interpolation error averaged over the 21 features. The dashed line indicates the 

linear regression fit. 𝑟 and 𝜌 denote the Pearson and Spearman correlation coefficients, respectively.

evaluated datasets and experimental conditions. Currently, the frame­

work has been validated on LFP, LMO, and NMC lithium-ion cells under 

the proposed pulse protocol and the practically relevant SOC range of 

5%–50%. Beyond these conditions and settings, the proposed work­

flow can be extended to new battery cells and deployment scenarios. 

Such adaptation can be achieved by implementing the same feature 

construction and model training procedure on target-domain datasets. 

Specifically, the transferable component is the overall estimation work­

flow, while the regression models need to be retrained for the specific 

battery domain. Future research directions include validating this frame­

work using more diverse datasets, evaluating its robustness under 

varying conditions, and extending its applications to module/pack-level 

state estimation.

5 . Conclusion

This work addresses a practically critical but often underexplored 

problem in second-life battery screening: joint estimation of SOH and 

SOC under unknown usage histories and limited measurement bud­

gets. The proposed framework combines short-pulse diagnostics, SOC-

dependent feature construction, and data-efficient tabular learning. 

Specifically, 21 voltage-response features are extracted from short bipo­

lar pulse tests and used as diagnostic descriptors for retired cells with 

heterogeneous chemistries, capacities, and degradation states. Based on 

these pulse features, both ExtraTrees and TabPFN-based ML models are 

developed for the estimation task. The framework is evaluated using 

data from 270 retired lithium-ion cells covering LFP, LMO, and NMC 
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chemistries across four capacity classes. Under full SOC-dependent mea­

surements for training, TabPFN achieves MAE values of 0.0076–0.0306 

for SOH estimation and below 0.01 for SOC estimation across all cell 

groups. These results confirm that accurate state assessment of randomly 

retired cells can be achieved using short electrical perturbations.

To further reduce the testing burden, this work exploits the smooth 

but chemistry-dependent evolution of pulse-response features with SOC 

and reconstructs unmeasured SOC-dependent feature points using inter­

polation methods. Across eight SOC-availability cases, the interpolation 

error remains low, with average MAPE values below 0.60% for lin­

ear interpolation and below 0.39% for PCHIP. More importantly, the 

reduced-test results show that substantial measurement reduction can 

be achieved without a major loss of estimation fidelity: removing 40% 

of SOC-dependent pulse tests keeps the SOH MAE close to the full-

measurement baseline, while even the sparsest setting, with 70% of the 

pulse tests removed, keeps the SOC MAE below 0.018. These findings 

provide practical guidelines for balancing testing cost against estimation 

fidelity in large-scale second-life battery screening.
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