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Lithium-ion battery manufacturing involves a complex sequence of tightly coupled processes, making
reliable quality grading essential for ensuring cell consistency, production efficiency, and product
reliability. However, existing grading paradigms rely heavily on long-cycle testing and dense labeling,
resulting in energy consumption, time cost, and limited scalability. Here, we propose the data-efficient
learning and transferable assessment (DELTA) framework, which combines feature extraction and semi-
supervised consistency classification for early quality grading in manufacturing, using cycle-life at end of
life (EOL) as the quality evaluation metric. The framework evaluates data from 6 publicly available
datasets, encompassing 421 cells with 3 battery chemistries, 6 charging rates, 6 temperatures, and 8
rated capacities. A linear mixed-effects model extracts static features to quantify material effects, while
dynamic features from pre-cycling tests characterize performance stability. A semi-supervised classifier
based on Gaussian mixture models with an entropy-driven mechanism simulates the absence of true
manufacturing labels. Experimental results show that DELTA achieves over 83% classification accuracy of
cycle-life at EOL with only 30% labeled data, outperforming state-of-the-art methods such as FixMatch

Received 6th April 2026, and UDA, while reducing training time by 50%. It maintains more than 95% accuracy on unseen datasets,
Accepted 16th June 2026 enabling fast, low-cost, and scalable battery screening in manufacturing, establishing missingness-aware
DOI: 10.1039/d6ee02209j learning as a practical solution for data-limited manufacturing environments. A preliminary scenario

analysis suggests that reducing reliance on long-cycle screening could potentially lower testing-related
rsc.li/ees costs and energy consumption in large-scale battery production.

Broader context

Lithium-ion battery manufacturing involves a complex sequence of tightly coupled processes, where ensuring product quality and consistency is essential for
both economic competitiveness and sustainable production. Among these processes, activation and testing dominate both energy consumption and
production time, as they rely on prolonged cycling to verify product quality and consistency. This existing long-term cycling-based quality grading incurs
substantial energy use and associated carbon emissions, increasingly conflicting with the demand for sustainable, low-carbon battery manufacturing. In
addition, manufacturing-induced cell-to-cell variability can lead to substantial differences in long-term degradation behavior, reducing pack-level performance,
accelerating ageing, and potentially increasing safety risks. Here, we present a data-efficient framework that enables rapid and reliable inline battery quality
grading in a large-scale battery manufacturing context using minimal cycle data. By explicitly accounting for label availability in manufacturing environments,
the proposed approach effectively leverages abundant unlabeled samples to enhance the robustness and generalizability of quality grading. The framework
reduces reliance on costly long-term cycling tests while utilizing routinely collected manufacturing data, enabling faster and more scalable quality assessment.
The method demonstrates consistent performance across diverse materials and operating conditions, offering a scalable solution for energy-efficient and
environmentally sustainable battery manufacturing and demonstrating a billion USD market assuming a terawatt battery manufacturing scale.
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Introduction

Lithium-ion batteries have become a core technology for
transportation electrification and large-scale energy storage as
the global transition toward low-carbon energy systems acce-
lerates."™ In line with development roadmaps such as Battery
2030+, battery development is expected not only to improve
energy density and cycle life, but also to ensure high consis-
tency, safety, and a low carbon footprint under large-scale
manufacturing.” These requirements are driving the industry
from empirical-based production toward Industry 4.0, charac-
terized by data-driven and artificial intelligence.®

Lithium-ion batteries are highly complex systems whose
performance is jointly influenced by material chemistry,
cell architecture, manufacturing processes, and operating
conditions.”® Lithium-ion battery manufacturing involves a
sequence of tightly coupled processes, including slurry pre-
paration, coating, drying, calendaring, slitting, cell assembly,
electrolyte filling, formation, aging, and capacity grading. Var-
iations introduced at any stage can propagate through subse-
quent processes and ultimately affect cell consistency, safety,
and lifetime performance. Consequently, effective quality con-
trol throughout the manufacturing workflow is essential for
ensuring product reliability and reducing production losses.
To achieve this goal, advanced characterization techniques,
including electron microscopy,” X-ray,'® " optical and infrared
imaging,"*™™ and ultrasonic scanning,'®'® as well as multi-
physics modeling approaches,'®>* have been widely employed.
Although advanced characterization techniques and multi-
physics modeling have significantly improved the understand-
ing of battery degradation mechanisms, these approaches often
require specialized equipment, extensive calibration, or sub-
stantial computational resources, limiting their applicability to
large-scale manufacturing. In practice, rapid quality assess-
ment is more valuable than detailed mechanistic analysis
because it enables early identification of abnormal cells and
supports timely process optimization.

Among manufacturing stages, activation and testing are the
most time- and energy-intensive and critically determine cell
consistency and delivery quality.>*** However, industrial qual-
ity evaluation during formation, aging, and capacity grading
primarily relies on capacity, internal resistance, and self-
discharge measurements. These indicators reflect the current
state of a cell but provide limited information about its future
degradation trajectory. As a result, cells that pass conventional
grading criteria and exhibit similar initial performance may
still experience markedly different lifetime evolution during
operation, ultimately affecting pack-level consistency and relia-
bility. This limitation motivates the development of rapid
quality assessment methods that can leverage routine early-
cycle testing data to identify latent quality differences before
cells are deployed.

Although several studies have applied data-driven methods
to early battery degradation classification,”>>° challenges
remain before such methods can be effectively deployed in
manufacturing environments. First, many existing approaches
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adopt a two-stage strategy that predicts numerical lifetime
metrics and subsequently converts them into degradation
categories.®” While effective for lifetime forecasting, this approach
introduces additional computational complexity and provides
limited direct value for manufacturing-oriented decision-making,
where rapid quality screening is often more important than precise
lifetime estimation. Second, current methods rely heavily on scarce
and costly labeled data, whereas large volumes of early-cycle data
generated during manufacturing and testing typically remain
unlabeled, fundamentally constraining scalability and economic
feasibility. More critically, the diversity of battery chemistries and
operating conditions gives rise to highly heterogeneous early
degradation behaviors, causing models trained on fixed datasets
to exhibit poor generalization across materials and usage
scenarios.*” In addition, deep learning models often involve large
parameter sizes and high inference costs, further hindering
deployment in resource-constrained manufacturing environ-
ments.*® Semi-supervised learning offers a promising pathway to
leverage abundant unlabeled data and alleviate label scarcity.**>®
However, existing statistical models, such as Gaussian mixture
models (GMMs), generally do not explicitly account for informa-
tion associated with label availability.>**® In practice, complete
lifetime labels are available only for a small subset of cells that
undergo costly long-term ageing tests, whereas the majority of
production cells are released after routine testing. As a result, label
availability is governed by operational, economic, and testing
constraints rather than by a random sampling process. This
systematic selection mechanism can introduce distribution mis-
match between labeled and unlabeled populations,**** motivating
explicit consideration of the label-generation process when devel-
oping manufacturing-oriented battery quality assessment models.

In this study, we propose data-efficient learning and trans-
ferable assessment (DELTA), a missingness-aware semi-super-
vised framework for manufacturing-oriented battery quality
assessment under limited label availability. Rather than esti-
mating exact lifetime values, DELTA utilizes early-cycle signatures
to identify relative lifetime categories that serve as indicators of
manufacturing-related quality variation. As shown in Fig. 1a, the
dataset consists of a small set of labeled and abundant unlabeled
early-cycle data. DELTA combines the linear mixed-effects (LME)
model with a missing-label-aware GMM to achieve direct ternary
EOL classification. Fig. 1b illustrates the complete flow of
DELTA. Labels are defined using the p + 10 criteria to identify
low-, medium-, and high-performance cells, supporting
manufacturing-oriented screening in which extreme cells
require further processing. The entropy term does not assume
knowledge of the true label-generation mechanism. Instead, it
serves as a proxy for classification uncertainty. Samples with
higher entropy exhibit more ambiguous class membership and
therefore contribute less confidently to the estimation of class
distributions. By incorporating entropy into the missing-label
mechanism, the model accounts for potential differences
between labeled and unlabeled samples and reduces the bias
introduced by limited label availability.

Importantly, the contribution of this work is not the intro-
duction of a new battery lifetime classification task. Instead,
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Fig. 1 Model motivation, model architecture, and model deployment. (a) Utilize a small amount of labeled and a large amount of unlabeled early data to
achieve ternary classification of cycle life at EOL based on statistical learning. (b) The DELTA framework primarily consists of feature extraction and semi-
supervised classification modules. In Step 1, the LME model is responsible for feature extraction. In Step 1-1, under fixed temperature and charge rate
conditions, it estimates random effects at the material level to obtain static features. In Step 1-2, dynamic features are extracted from the charging data.
These features are then fed into the semi-supervised classification model in Step 2, which explicitly accounts for label availability, and the GMM is used in

Step 3 to achieve semi-supervised classification. (c) Economic analysis of

the proposed deployment framework, comparing labeling cost, re-test cost,

and potential risk cost among different strategies. The results highlight that DELTA can significantly reduce overall deployment cost while maintaining

strong predictive performance.

the key contribution lies in demonstrating that reliable, manu-
facturing-oriented quality assessment can be achieved under
realistic industrial conditions in which lifetime labels are
scarce, but early-cycle testing data are abundant. By integrating
physics-informed feature extraction, missingness-aware semi-
supervised learning, and cross-material transferability, DELTA
provides a practical framework for scalable battery quality
grading. Because early-cycle electrochemical behavior preserves
information DELTA
leverages routine formation and capacity-grading data to iden-
tify cell-to-cell variability without requiring direct process

established during manufacturing,

5342 | Energy Environ. Sci., 2026, 19, 5340-5354

parameters. The framework enables early identification of
quality-risk cells and provides a practical pathway toward
intelligent battery manufacturing. As shown in Fig. 1c, large-
scale deployment of DELTA has the potential to reduce testing
costs, improve production efficiency, and enhance battery
consistency management, highlighting its practical value for
battery manufacturing. Overall, the framework demonstrates
that incorporating a missing-label mechanism-aware semi-
supervised learning approach into battery manufacturing
enables early identification of extreme cells and reduces train-
ing time and energy consumption.

This journal is © The Royal Society of Chemistry 2026
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Results
Dataset curation

The input data used in this work originate from routine forma-
tion and capacity-grading procedures performed before cell
deployment (see SI1 for detailed information). These early-
cycle measurements are generated during standard end-of-line
manufacturing tests and therefore represent manufacturing-end
testing data rather than long-term field operation data. Conse-
quently, the proposed framework links manufacturing-end testing
signatures to subsequent lifetime outcomes. In this sense, the
framework performs outcome-oriented quality assessment rather
than direct monitoring of upstream manufacturing process
parameters.

To evaluate its performance and cross-domain generaliza-
tion capability, as shown in Table 1, experimental data from 6
publicly available battery datasets (CAS,** MICH,** RWTH,*
Stanford,*® TJU,"” XJTU*®) were used, comprising a total of 421
cells. These data span covering 3 material types, 6 charging
rates, 6 temperature settings, 8 rated capacities and 8 cut-off
voltages (see SI2 for detailed information), covering a wide
range of operating and design conditions. This diversity
mimics real cell-to-cell variability and provides a realistic
testbed for evaluating model robustness and transferability.

Battery degradation is a gradual and continuous process
rather than a discrete event. The electrochemical state of a cell
during its first few operational cycles remains highly consistent
with the state established at the completion of formation,
aging, and capacity grading. As a result, early-cycle performance
can be viewed as a direct continuation of the manufacturing-
end health state. Although direct manufacturing process para-
meters are unavailable, the early-cycle data analyzed in this
study preserve the cumulative effects of manufacturing and
end-of-line testing processes. Therefore, these data provide a
practical basis for outcome-oriented assessment of manufac-
turing quality assessment by revealing latent quality differences
that may not be captured by conventional grading metrics such
as capacity and internal resistance alone.

Table 1 Description of datasets

Energy & Environmental Science

Two classification criteria were established in this study:
a batch-based criterion and a material-based criterion. The
batch-based criterion groups cells originating from the same
production batch and assigns corresponding batch labels
(b_label), with the objective of identifying relative lifetime
differences within a batch. The material-based criterion groups
cells according to their material systems and assigns material
labels (m_Iabel), with the objective of evaluating cross-material
lifetime classification and generalization across different bat-
tery chemistries.

The purpose of the L/N/H categorization is not to compare
absolute lifetimes across different battery populations. Instead,
it is designed to identify cells whose lifetime performance
significantly deviates from the expected behaviour of a given
reference population. Consequently, a cell classified as H in
one population may exhibit a shorter absolute lifetime than a
cell classified as N in another population. The classification
reflects relative performance within the corresponding popula-
tion rather than absolute lifetime magnitude.

Based on these two criteria, a batch-based dataset (batch_-
dataset) and a material-based dataset (material dataset) were
constructed, respectively. Through this dual-grouping strategy,
the robustness of the DELTA framework was systematically
evaluated from both the batch and material perspectives.
Detailed cell specifications for each dataset are provided in
Tables S1 and S2, with representative ageing trajectories shown
in Fig. S1 and S2. In addition, two sub-datasets were con-
structed from the batch-based dataset for evaluation (see Table
S3 for details): the base dataset and the extended dataset. The
extended dataset simulates the incorporation of newly collected
data during real-world deployment, enabling the assessment of
the framework’s generalization capability and scalability under
practical conditions.

The resulting batch_dataset exhibits pronounced imbalance
across different factor groups (Fig. 2a). Comparison of the EOL
distributions across datasets reveals substantial inter-dataset
discrepancies (Fig. 2b), indicating that battery ageing remains
influenced by unquantified stochastic factors and environmental

Datasets ~ Material Chemical formula Q. (Ah)  Cut-off voltage (V)  Temperature (°C)  Charge/discharge rate (C) N
CAS NCA — 3.35 2.65-4.2 25 1/3, 1.5/3, 2/3 20
NCA — 3.35 2.65-4.2 25 1/3, 1.5/3, 2/3 30
NCM — 2.6 2.75-4.2 0, 25 1/3, 2/3 29
LFP — 1.5 2.0-4.0 25 1/3, 1.5/3, 2/3 60
MICH NCM LiNi; ;3C04/3Mn; /50, 2.36 3.0-4.2 25,45 11 40
RWTH NCM — 1.11 3.5-3.9 25 2/2 48
Stanford ~NCM LiNig sMng 3C00.,0, 0.24 3-4.4 30 1/0.75 41
TJU NCA Lio.g6Nio.86C00.11Al0.0305 3.5 2.65-4.2 25, 35, 45 0.25/1, 0.5/1, 1/1 66
NCM Lip g¢Nip g6C00.11MnN ;05 3.5 2.5-4.2 25, 35, 45 0.5/1 55
NCA + NCM — 3.5 — 25 0.5/1, 0.5/2, 0.5/4 9
X]JTU NCM LiNig 5C0.2Mng 305 2.0 2.5-4.2 20 2/1, 3/1 23
Note: “—” denotes that the battery chemistry is not specified. N represents the number of cells.

This journal is © The Royal Society of Chemistry 2026
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Fig. 2 Dataset characterization and feature construction. (a) Battery samples grouped by material type (NCA, NCANCM, NCM), operating temperature
(very low, low, medium, high, very high), and charging rate (high, medium, low), showing the distribution of cells across experimental conditions.
(b) Cycle-life distributions of batteries from six datasets (CAS, MICH, RWTH, Stanford, TJU, and XJTU), where each point represents an individual cell and
the violin plots illustrate overall variability. (c) Cycle-life probability distributions within each dataset and the corresponding label thresholds used for
classification. (d) Workflow for feature construction from early-cycle charging data. Raw voltage and current data are first collected, followed by
statistical feature extraction (e.g., mean, standard deviation, kurtosis). Dynamic features are further derived from early-cycle trends, and a linear mixed-
effect model is used to obtain both dynamic features Hly, ..., Hlg and static material-related features. (e) Performance evaluation of the LME model
through residual analysis and observed-fitted comparisons, indicating good agreement between predicted and observed cycle life. (f) The estimated
model effects, including fixed effects representing the influence of charging rate and temperature, and random effects reflecting differences among
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variations even under nominally identical operating conditions. approximately normal distribution of cycle life observed in prac-
Cycle life labels were defined using a 3-class scheme based on tice (Fig. 2c). Further details are provided in SI3, and additional
the 1¢ boundaries of a Gaussian distribution, reflecting the information on the material_dataset is presented in Fig. S3.
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Feature extraction and construction

To enhance cross-material generalization, both dynamic and
static features are extracted during the feature extraction
(Fig. 2d). Dynamic features are extracted from charging data,
including Q-V curves and capacity degradation trajectories
(Fig. S1 and S2), from which health indicators (HIs) are com-
puted. Sixteen candidate HIs (details in Table S4) are initially
constructed, and the eight most strongly correlated with EOL
cycle-life are retained. All dynamic HIs are normalized by rated
capacity to eliminate the influence of nominal capacity differ-
ences across cells. This enables the model to generalize across
materials with inherently different capacities.

The input features used in this work are extracted from
early-cycle voltage, capacity, and Q-V signals. These signals
correspond to routine formation/grading-stage testing data,
which are typically collected before cells are assembled into
battery packs. They are not upstream process parameters, but
they provide observable end-of-line signatures of the final cell
state after manufacturing.

Material, temperature, and charging rate are identified as
the 3 dominant factors affecting battery ageing, with material
being the most influential. Subsequently, in the LME model,
material is treated as a random effect, while temperature and
charge rate are considered fixed effects to quantify material-
dependent ageing behavior. Since these factors are discrete
variables, they were grouped accordingly, with detailed defini-
tions provided for batch_dataset in Tables S5-S7 and materi-
al_dataset in Tables S8 and S9. Using LME, the material-
dependent contribution to EOL cycle-life is quantified, and
the estimated best linear unbiased predictors (EBLUPs) of the
random effects are extracted as an additional feature HI,,,. The
distributions of the extracted HIs exhibit bimodal characteris-
tics (see Fig. S4 and S5 for detailed information). To address
this, K-means clustering is applied to GMM-based classification
to separate the two modes.

The diagnostic results of the LME model (Fig. 2e and f)
indicate that the model assumptions are reasonably satisfied
and that the model effectively captures the overall variation in
cycle life. The fixed-effects estimates (Fig. 2f and Tables S10,
S11) show that both temperature and charging rate signifi-
cantly influence cycle life, while the random effects quantify
substantial material-dependent variability. After accounting for
operating conditions, the NCANCM system exhibits a higher
baseline cycle life, whereas NCA and NCM show negative
deviations. These results confirm that material effects domi-
nate variability in ageing behaviour, supporting the inclusion of
material-derived features for robust EOL grouping. Additional
results for the material_dataset are provided in Fig. S6, S7 and
Tables S12, S13.

Performance of the DELTA framework

To evaluate the performance of the DELTA framework, we first
conducted tenfold cross-validation on the base dataset. To
investigate the influence of label availability, ten missingness
gradients were designed, with label visibility ratios ranging

This journal is © The Royal Society of Chemistry 2026
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from 0.1 to 1.0. The overall results obtained on the base dataset
are shown in Fig. 3.

The dependence of DELTA’s overall performance on label
availability is summarized in Fig. 3a, b and Tables S14, S15 for
the batch_dataset and material_dataset, respectively. As label
visibility increases from 0.1 to 1.0, classification accuracy
improves from ~0.6 to near 1.0, with reduced variability
(Fig. 3a and b). Notably, DELTA remains effective even when
only 30% of the samples are labeled, maintaining accuracy
above 0.8 once label visibility exceeds 0.5. The inset plots show
that recall closely follows accuracy, indicating a strong positive
correlation. Overall, increasing label availability consistently
improves performance across both datasets.

To gain deeper insight into model behaviour under fewer
labels, more detailed analyses are presented in Fig. 3c-e. Fig. 3¢
shows the confusion matrices obtained under different label
availability ratios, where the upper row corresponds to the
batch_dataset and the lower row to the material dataset.
As label visibility gradually increases, the diagonal elements
become increasingly dominant while the off-diagonal misclas-
sification rates decrease steadily, indicating progressively
improved discriminative capability across classes. Notably,
even with under 30% label visibility, about 80% of samples
remain correctly classified, demonstrating the robustness of
DELTA in highly missing-data scenarios.

Fig. 3d and e summarize the class-wise performance for
both datasets. Accuracy and F1 scores for all three categories
(L, N, and H) improve with increasing label availability. The
H category remains highly stable, maintaining an accuracy of
0.71 even at a missingness ratio of 0.9. In contrast, the N
category is the most sensitive to reduced label availability, with
its F1 score decreasing from 0.69 to 0.48 as label availability
declines from 50% to 10%. The L category shows intermediate
behaviour, with its F1 score remaining around 0.56 under
high missingness. This disparity arises because the N category
corresponds to intermediate cycle life, where degradation pat-
terns are less distinct and often lie near decision boundaries
between short- and long-lifetime groups. In addition, these
samples tend to exhibit greater variability due to multiple
influencing factors, making them harder to model and classify
under limited supervision.

The robustness of DELTA under noisy conditions is further
evaluated in Fig. 3f, g and Tables S16, S17 for the batch_dataset
and material_dataset, respectively. Specifically, we introduce
feature noise by adding zero-mean Gaussian perturbations to
the normalized input features (standard deviation = 0.03 or
0.05) and introduce label noise by randomly flipping a propor-
tion of the available training labels (noise ratio = 0.03 or 0.05) to
other classes. A mixed setting combining feature noise (0.03)
and label noise (0.03) is also considered, while the clean setting
serves as the baseline. Overall, the proposed framework main-
tains strong classification performance across different noise
settings, and the F1 score consistently increases as label avail-
ability increases. Although noise slightly degrades performance
at very low label availability, the model quickly recovers as
more labeled data become available. These results further

Energy Environ. Sci., 2026, 19, 5340-5354 | 5345



Energy & Environmental Science Paper

a b
1.0 1.0 @ ? 3
£69ev* @5 ’
> >
§ 0.8 s §0‘8 b .
5 [0 -0 5 f 1.0 Zi
8 . = : 8 5 d e
< §§ 5 < '8 . 2 i
0.6 o4 : 0‘6 e & S
: | ! o S
| 04 1% | kg 0181
04| batch_dataset { “Accuracy. j 0.4 material_dataset } B e 2
01 02 03 04 05 06 07 08 09 1.0 01 02 03 04 05 06 07 08 09 1.0
Label availability Label availability
c L: low-cycle End of Life N: normal-cycle EOL H: high-cycle EOL
2 1.0
®
]
(O]
2
= -
] Predicted class ) =
T T o
Label availability - | SE
0.2 0.1 ~8
2 S
i o
[S]
(0]
2
'_
material dataset} 0.0
d batch_dataset e material_dataset
L 15 L 1 o L ‘ 13 L 1 o
2 s 32 8 3 | o] 8
& N 3 &N @ ©N \ SSN 3
©H 2 °H I “n 2 H i
0 0 o< | 0
0.1 0.1 1.0 0.1 1.0 0.1 1.0
Label avallablllty Label availability Label availability Label availability
f 10 g
| batch_dataset 1.0| material_dataset
o 038 0038
Q Q
[&] O
(2] (2]
s 0.6 /f;LNoise_feature_0.03 Noise_labeI_0.0S'E o 0.6 . =Noise_feature_0.03 Noise_labeI_0.0g‘
: Noise_ feature_0.05 s#=Mix_0.03_0.03 : & Noise_ feature_0.05 =#=Mix_0.03_0.03
{ == Noise_label_0.03 == Clean ; Noise_label_0.03 == Clean }
01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07 08 09

Label availability Label availability

Fig. 3 Performance of DELTA under varying label availability on the base datasets. (a) and (b) Overall classification accuracy of DELTA on the
batch_dataset (a) and material_dataset (b) under different label availability ratios. Violin plots illustrate the distribution of accuracy across multiple runs,
while the inset scatter plots show the relationship between recall and accuracy, with color indicating the proportion of labeled data. As label availability
increases, model performance improves and becomes more stable. (c) Confusion matrices under representative label availability ratios for both datasets.
The upper row corresponds to batch_dataset, while the lower row corresponds to material_dataset. The results show that higher label availability leads to
clearer class separation and improved prediction accuracy across low-cycle (L), normal-cycle (N), and high-cycle (H) EOL classes. (d) and (e) Class-wise
accuracy and F1 scores as functions of label availability for batch_dataset (d) and material_dataset (e), demonstrating consistent performance gains
across classes as more labeled data become available. (f) and (g) Robustness evaluation under different label-noise settings on batch_dataset (f) and
material_dataset (g). The Fl-score curves indicate that DELTA maintains stable performance even in the presence of feature noise and label noise,
highlighting its robustness in low-label and noisy scenarios.

demonstrate the robustness and stability of DELTA under
realistic conditions characterized by limited label availability
and noisy observations.

Comparison with baseline methods

Fig. 4 presents a comprehensive comparison between the proposed
DELTA framework and several mainstream semi-supervised
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learning methods, including both modern deep semi-super-
vised learning approaches (FixMatch,' UDA,”® SPRED*') and
classical self-training paradigms (ST-SVM, ST-RF),”? providing a
comprehensive benchmark across two datasets (batch_dataset
and material_dataset). These baselines were selected to repre-
sent the major methodological families in semi-supervised
learning. Specifically, FixMatch and UDA are widely adopted
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Fig. 4 Performance, stability, and computational efficiency comparison between DELTA and baseline semi-supervised methods. (a) and (b) F1-score
comparison under different label availability ratios on the batch_dataset (a) and material_dataset (b). DELTA consistently achieves higher or comparable
performance across most label availability settings, especially in low-label regimes. The inset violin plots illustrate the distribution and stability of results
across repeated runs at 0.3 label availability, indicating that DELTA maintains a high F1 score compared with other semi-supervised baselines such as
FixMatch, UDA, and SPRED. (c) and (d) Computational efficiency comparison during training and inference on the batch_dataset (c) and material_dataset
(d). Each point represents the trade-off between predictive accuracy and computational time. DELTA demonstrates competitive accuracy while
maintaining moderate training and testing time, highlighting its practical efficiency for real-world applications. (e) and (f) Normalized multi-metric
comparison of all methods on the batch_dataset (e) and material_dataset (f), including accuracy, F1 score, recall, F2 score, MCC, PR-AUC, and
computational cost metrics. The results show that DELTA achieves strong overall performance across multiple evaluation criteria, demonstrating

balanced predictive capability and efficiency compared with other baseline approaches.

consistency-regularization and pseudo-labeling methods,
SPRED represents recent prototype-based semi-supervised
learning, while ST-SVM and ST-RF serve as representative self-
training approaches commonly used in practical machine-
learning applications. The comparison evaluates predictive
performance, robustness under varying label availability, and
computational efficiency across both batch dataset and
material_dataset.

Fig. 4a, b and Tables S18, S19 show the predictive perfor-
mance under different label availability ratios. Overall, DELTA

This journal is © The Royal Society of Chemistry 2026

maintains competitive or superior F1 scores across both data-
sets, particularly under limited-label conditions. The strong
performance of DELTA can be attributed to the combination of
LME-based feature extraction and probabilistic semi-super-
vised learning. Specifically, the LME model quantifies the
effects of material systems and operating conditions on battery
lifetime and converts this information into statistical descrip-
tors that are subsequently used as inputs to the GMM classifier.
This enables DELTA to incorporate material- and condition-
dependent lifetime information into the classification process.
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In addition, unlike conventional semi-supervised approaches that
primarily rely on pseudo-label propagation, DELTA exploits the
underlying statistical structure of both labeled and unlabeled
samples through probabilistic modeling. As a result, the frame-
work remains relatively robust as label availability decreases.

Fig. 4c, d and Tables S20, S21 compare the computational
efficiency of different methods. Deep semi-supervised appro-
aches generally require substantially longer training times
due to their large parameter space and iterative optimization
procedures. In contrast, DELTA relies on LME estimation and
GMM inference, both of which are computationally lightweight.
Consequently, DELTA achieves competitive predictive perfor-
mance while maintaining training and inference times that are
orders of magnitude lower than those of deep-learning-based
alternatives. This efficiency is particularly important for manu-
facturing applications, where models may need to be retrained
or updated frequently as new production data become
available.

Fig. 4e and f summarize the overall trade-off between pre-
dictive performance and computational cost. Although some
baseline methods achieve comparable performance on individual
metrics, DELTA provides the most balanced overall performance
across accuracy, robustness, computational efficiency, and scal-
ability. This advantage does not originate from a single model
component. Rather, it arises from the synergy of three design
elements: (i) LME-based quantification of material- and condition-
dependent lifetime effects, (ii) data-efficient probabilistic learning
through GMM, and (iii) entropy-based modeling of label avail-
ability. Together, these components make DELTA particularly
suitable for battery manufacturing scenarios characterized by
heterogeneous operating conditions and limited lifetime labels.

Unlike conventional semi-supervised learning methods that
focus primarily on improving predictive accuracy, DELTA is
specifically designed for manufacturing-oriented battery
assessment. Therefore, its advantage lies not only in competi-
tive classification performance, but also in its ability to operate
efficiently under limited-label conditions while maintaining
cross-material transferability and low deployment cost.

Robustness analysis

First, we evaluate the effect of the label availability within
the DELTA framework (Fig. 5a). Ignoring the missing-label
mechanism leads to systematically biased classification,
making reliable deployment infeasible under realistic manu-
facturing conditions. The proposed method explicitly models
the missing-label process under semi-supervised learning,
enabling effective utilization of both labeled and unlabeled
samples. As the missing-label ratio increases, the performance
of all models gradually declines due to reduced supervision.
Nevertheless, DELTA consistently achieves a higher F1 score
than baseline methods and exhibits a slower degradation trend
under high missingness, indicating the benefit of explicitly
accounting for label availability. The corresponding accuracy
results are presented in Fig. S9.

Second, we conduct an ablation study on the random-
effects-derived feature HI,, obtained from the LME model
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(Fig. 5b). Specifically, we compare the full model incorporating
HI,, with a variant in which this feature is removed. The results
show that performance gradually deteriorates as label avail-
ability decreases; the model including HI,,, gradually exhibits a
more pronounced advantage in both accuracy and F1 score,
while also displaying a substantially narrower performance
fluctuation range than the model without this feature. This
behaviour suggests that early-cycle data contain non-negligible
inter-cell variability and latent heterogeneity. By introducing
the LME model, DELTA explicitly captures random deviations
across samples, effectively quantifying material-induced uncer-
tainty and thereby suppressing performance degradation while
improving overall classification stability and accuracy. The
corresponding accuracy comparison is provided in Fig. S10.

Third, we investigate the influence of the number of early
cycles used for dynamic feature extraction (Fig. 5¢). The results
show that an accuracy of approximately 0.8 can be achieved
using data from only five cycles. As the number of early cycles
increases, both prediction accuracy and stability exhibit
moderate fluctuations. When 20 cycles are used, DELTA achieves
its highest accuracy (above 0.85). However, compared to using
only five early cycles, the performance gain is marginal while
requiring substantially longer testing time, indicating diminish-
ing returns from incorporating additional early-cycle data. Nota-
bly, incorporating excessive early-cycle data (for example, more
than 35 cycles) introduces additional noise that is not directly
relevant to the target task and does not yield further performance
gains, but instead slightly degrades performance. To balance
testing cost and predictive accuracy, five early cycles are therefore
selected for dynamic feature extraction. These results demonstrate
that DELTA is relatively insensitive to the amount of early data
and can maintain reliable performance even under highly data-
scarce conditions. Besides, early-cycle signals already encode
sufficient information about long-term degradation trajectories,
enabling reliable prediction without extended testing.

Model deployment in manufacturing scenarios

In practical factory environments, large-scale historical data are
continuously accumulated across production batches, material
systems, and operating conditions. Motivated by this setting,
we investigate two strategies for incorporating extended data-
sets, as illustrated in Fig. 5d: direct training and training
without labels from the extended dataset. Both strategies aim
to exploit heterogeneous data sources to improve model robust-
ness and generalization.

Under both strategies, the extended dataset can directly
utilize the material-related features generated by the LME
model trained on the base dataset. As long as the operating
conditions represented in the extended dataset fall within the
range covered by the base dataset, these features can be reused
without retraining the LME model, thereby maintaining com-
putational efficiency.

Direct training refers to joint training on the merged base
and extended datasets. A prescribed proportion of samples
from the combined dataset is assigned lifetime labels, allowing
labeled information to be drawn from both datasets during

This journal is © The Royal Society of Chemistry 2026
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model training. Model performance is evaluated using tenfold
cross-validation. This setting represents a scenario in which at
least a subset of cells in the extended dataset has completed
long-term ageing tests and the corresponding lifetime labels
have become available.

Training without extended-dataset labels, by contrast, is
designed to emulate a more realistic manufacturing scenario.
In this setting, all labels from the extended dataset are dis-
carded, and the corresponding samples are incorporated into
the training process solely as unlabeled data, while labeled

This journal is © The Royal Society of Chemistry 2026

samples originate exclusively from the base dataset. The key
difference between the two strategies, therefore, lies not only in
the amount of training data, but also in the availability of life-
time labels within the extended dataset. In the direct-training
setting, part of the extended dataset contributes supervised
information, whereas in the unlabeled-fusion setting the extended
dataset contributes only through its feature distribution.

The latter setting more closely reflects practical battery
manufacturing conditions, where newly generated production
data are continuously accumulated, but their corresponding
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end-of-life labels are generally unavailable because long-term
ageing tests have not yet been completed. In industrial practice,
newly collected monitoring data can therefore be continuously
appended to the existing database and incorporated into model
training without waiting for costly and time-consuming lifetime
testing. By leveraging such unlabeled data, DELTA can exploit
their latent information content while substantially improving
model robustness and generalization.

The performance of the two strategies is shown in Fig. 5e.
Under the direct training condition, as the missing-label ratio
increases, the accuracy and F1 score of all models decline due
to reduced effective information. When the missing-label ratio
is below 0.3, performance differences among models are rela-
tively small, with F1 scores ranging from approximately 0.85 to
0.95. Across the entire missingness range, DELTA consistently
outperforms all baseline methods (FixMatch, UDA and SPRED).
In particular, under high missingness (0.6-0.9), DELTA exhibits
the slowest performance degradation. For example, at a missing-
label ratio of 0.7, DELTA maintains performance around 0.8,
whereas other models drop to 0.75 or lower. Under the direct-
mixing strategy, DELTA benefits from the strong distribution-
modelling capability of the Gaussian mixture model and a robust
semi-supervised learning mechanism, enabling more effective
utilization of mixed data and superior generalization and stability
under severe label scarcity. Without an extended label condition,
it simulates scenarios in which newly acquired production data
lack labels. Overall, performance without an extended label con-
dition is slightly lower than under the direct training condition,
particularly at high missing-label ratios, due to the loss of label
information from the extended dataset. The overall degradation
trend is similar to that of the direct training condition. Despite
this reduction in available supervision, DELTA remains the best-
performing method at 30% label availability. These results
demonstrate that the GMM-based framework can efficiently
extract useful information from unlabeled extended data, sub-
stantially improving generalization and mitigating label sparsity.
Under the unlabeled fusion strategy, DELTA again demonstrates
strong semi-supervised learning capability, effectively converting
continuously accumulated unlabeled production data into
gains in model generalization, highlighting the scalability of the
proposed framework.

Under the end-of-line deployment scenario and the eco-
nomic assumptions defined in SI4, we further evaluate the
annualized economic cost of different screening strategies at a
production scale of 1.3 TWh per year. The comparison con-
siders three major components: labeling cost, re-grading cost,
and potential risk-related losses caused by escaped defective
cells. Under the adopted parameter settings, with k£ = 5 and a
hide ratio of 0.7, the proposed DELTA framework achieves the
lowest expected annual economic cost among all compared
strategies. Specifically, the proposed method yields an average
annual cost of approximately 2433.67M USD, substantially
lower than the no-screening baseline, which reaches about
6500.16M USD per year, corresponding to an average annual
saving of 4066.49M USD, or 62.57%. By contrast, the random
sampling strategy (with s = 0.2) results in an annual cost of
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approximately 6279.15M USD, providing only limited improve-
ment over no screening. These results indicate that the
proposed method can more effectively exploit limited labeled
data together with unlabeled data to reduce the combined
burden of missed-risk losses and unnecessary grading, thereby
delivering markedly superior economic efficiency in practical
battery manufacturing scenarios. Importantly, the framework
requires no additional sensors and operates solely on existing
formation-stage data, enabling seamless integration into
current manufacturing pipelines without additional hardware
overhead.

Discussion

Existing research on early battery quality assessment has largely
been conducted using carefully curated datasets with complete
lifetime labels.>*>° In practical manufacturing, obtaining such
labels requires long-term ageing tests that are costly and
incompatible with high-throughput production. Consequently,
large volumes of early-cycle data generated during formation
and grading remain unlabeled, creating a major bottleneck for
scalable data-driven quality assessment.

The proposed DELTA framework addresses this challenge
by enabling early battery quality classification using only the
first few cycles of charging data together with material and
operating-condition information. After offline training, DELTA
can directly utilize early-cycle data generated during the for-
mation stage to perform quality classification without requiring
full ageing tests or extensive post hoc labeling. The success
of DELTA stems from combining interpretable statistical mod-
elling with semi-supervised learning: material-dependent varia-
bility is quantified through a linear mixed-effects model, while
a Gaussian mixture model incorporating an entropy-based
missing-label mechanism enables efficient exploitation of large
volumes of unlabeled data commonly generated during battery
manufacturing. This shifts battery quality control from offline,
post hoc evaluation to early-stage, data-driven decision-making.

Through comprehensive evaluations across six publicly avail-
able battery datasets comprising 421 cells, 3 material systems, and
multiple operating conditions, the proposed framework demon-
strates strong performance under realistic label-scarce scenarios.
DELTA achieves classification accuracy exceeding 83% when only
about 30% of samples are labeled, while maintaining robust
performance across batch-based and material-based classification
criteria. Compared with several representative semi-supervised
learning approaches, including FixMatch, UDA, SPRED, and
self-training-based models, DELTA provides competitive pre-
dictive performance while significantly improving computa-
tional efficiency. In particular, the training time of DELTA is
typically on the order of 10! seconds, which is several times
faster than deep semi-supervised models, while inference
requires only about 10~* seconds per sample. Unlike deep
learning approaches that typically require large labeled datasets
and substantial computational resources, DELTA achieves
competitive performance with significantly lower data and
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computational requirements, making it particularly suitable
for real-world deployment. The framework also demonstrates
strong robustness to feature and label noise, as well as stable
performance when integrating newly collected data via unla-
beled data fusion. These results indicate that statistically
structured semi-supervised models can achieve reliable early
classification performance while maintaining the computa-
tional efficiency required for industrial deployment.

The novelty of DELTA does not lie in introducing a new
battery lifetime classification task itself. Battery lifetime classi-
fication has been explored in previous studies, and predicting
lifetime categories rather than exact EOL values is not, by itself,
a new concept. Instead, the contribution of this work lies in
addressing a practical manufacturing quality assessment pro-
blem under limited label availability. In realistic production
environments, the key challenge is not the classification task
itself, but how to perform reliable and transferable quality
assessment using a small number of labeled cells together with
a large amount of routinely generated early-cycle data.

Beyond predictive accuracy, the practical significance of
DELTA lies in its ability to support manufacturing decision-
making across multiple stages of the battery production work-
flow. During capacity grading, manufacturers traditionally rely
on capacity, internal resistance, and self-discharge measure-
ments to evaluate cell quality. However, these indicators pri-
marily characterize the current state of a cell and provide
limited insight into its future degradation trajectory. By incor-
porating the predicted lifetime category as an additional
screening criterion, DELTA enables the identification of cells
that exhibit similar initial performance yet are likely to experi-
ence substantially different long-term ageing behaviours. The
value of such information extends beyond grading and is
particularly relevant during pack assembly. Conventional cell
matching strategies are largely based on voltage, capacity, and
resistance measurements. Nevertheless, cells with comparable
initial characteristics may still diverge significantly during
long-term operation due to differences in degradation kinetics.
Incorporating DELTA-derived lifetime categories into cell-
matching strategies allows cells with more consistent ageing
trajectories to be grouped together, thereby improving pack-
level consistency and reducing the risk of premature perfor-
mance degradation due to lifetime outliers.

Importantly, DELTA operates entirely on data routinely
collected during formation and capacity-grading procedures
and therefore requires neither additional sensing hardware
nor supplementary testing protocols. As a result, the framework
can be integrated into existing manufacturing execution sys-
tems with minimal deployment cost and disruption to current
production workflows. It should also be emphasized that the
abnormal cells identified in this study do not necessarily
correspond to defective or unsafe products. Rather, abnorm-
ality is defined relative to the lifetime distribution of a given
cell population. Cells assigned to the low-lifetime category are
expected to degrade substantially faster than the population
average, whereas cells belonging to extreme high-lifetime
groups may exhibit ageing behaviours that differ markedly
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from those of the majority population. Although such cells
may satisfy conventional quality metrics at the time of manu-
facture, their deviation from the dominant ageing trend can
introduce long-term inconsistency during pack operation. Early
identification of these outliers therefore provides valuable
information for cell sorting, pack assembly, and quality man-
agement in large-scale battery manufacturing.

We acknowledge that the present study does not include
direct upstream manufacturing parameters. Therefore, the
proposed framework does not aim to identify specific root
causes in electrode fabrication or cell assembly. Instead, it
provides an early quality assessment tool by linking end-of-
line testing signatures to subsequent lifetime outcomes. The
proposed entropy-based mechanism should not be interpreted
as an exact representation of the real-world label-generation
process. Rather, it provides a probabilistic approximation that
allows the model to account for potential differences between
labeled and unlabeled samples. This formulation is particularly
relevant in battery manufacturing, where complete lifetime
labels are available only for a subset of cells due to the cost
and duration of long-term ageing tests. Although the entropy-
based mechanism improves robustness under limited label
availability, the true process governing label availability in
industrial settings may depend on additional operational,
economic, and safety-related factors that are not explicitly
modeled in the present study.

Future research may also explore integrating richer sources
of information to enhance early quality assessment. In addition
to early-cycle voltage-capacity features, other non-invasive
sensing signals, such as acoustic emissions,'*** thermal ima-
ging,”®*° ultrasonic grading,'®'® or impedance-related features,”>*
may provide complementary insights into internal battery
states during manufacturing. Combining such multimodal
signals with statistical learning frameworks could enable more
comprehensive monitoring of cell quality and degradation
behaviour. Furthermore, integrating physics-based battery
models with data-driven learning approaches®> may help estab-
lish hybrid “physics-statistics” frameworks that provide both
predictive accuracy and stronger physical interpretability for
battery health assessment.

Methods

Data preparation

To enable early-stage EOL classification, a set of HIs is con-
structed from early-cycle capacity degradation and Q-V curve
evolution. The features fall into three categories: normalized
capacity features, Q-V curve-based features, and degradation
trend features.

The normalized capacity is defined as

ék = Qk/Qrated (1)

To capture early-cycle degradation behaviour, a differential
Q-V function between selected cycles is defined as

AQ(V) = Q5(V) — Q5(V) (2)
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Statistical descriptors derived from these signals, together
with degradation trend features, are used as candidate HIs.
All features are extracted exclusively from early-cycle data and
selected based on their correlation with EOL cycle life. Eight
informative features are retained (see SI5 for details).

Model architecture

The DELTA framework consists of two main components: a
feature extraction module and a semi-supervised classification
module. Within the feature extraction module, an LME model
is employed to estimate the material-related random-effect
feature HI,,, while a GMM is used to perform the semi-
supervised classification task directly.

Linear mixed-effects model for material random effects.
To account for material-dependent variability in battery ageing,
an LME model is employed, in which temperature and charge
rate are treated as fixed effects and material is modelled as a
random effect. The model is formulated as

Cycley = Bo + BTy + BcCy + o + € (3)

where o; represents the material-specific random effect. The
estimated random effects are extracted as the feature HI,,
and incorporated into the subsequent classification model
(see SI6 for details).

Semi-supervised Gaussian mixture modelling. Battery health
states are modelled using a finite Gaussian mixture model
(GMM). Let y; € R” denote the feature vector of the j-th cell,
which is assumed to follow a mixture of g Gaussian compo-
nents with parameters (y;,2;, ;). Under the semi-supervised
setting, class labels are available for a subset of samples, while
the remaining class memberships are treated as latent variables
and inferred via posterior probabilities (see SI7 for details).

Modelling the label availability. In practical battery testing,
missing health-state labels are often correlated with the degree
of battery ageing, making the missingness mechanism non-
ignorable. To account for this limited label availability, a label
indicator variable m; is introduced, where m; = 1 indicates that
the label is unavailable and m; = 0 indicates that the label is
available. The probability of label missingness is modelled as

Pr(m; = 1|y;) = q(y; 0, <) (4)

where ¢(-) is a logistic function of the Shannon entropy com-
puted from posterior class probabilities:

g
¢ =Y tlogty (5)
i=1

Incorporating this mechanism, the complete partially
classified log-likelihood is decomposed as

log L™" = log L'® + log L™** (6)

where the second term captures the contribution of the missing-
label process. By explicitly modelling label missingness, the
proposed framework exploits informative missingness to improve
both classification accuracy and generalization.
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Evaluation metrics

To comprehensively assess model performance in battery EOL
cycle-life classification, multiple complementary evaluation
metrics are adopted to examine overall accuracy, class discri-
minability, and the ability to identify minority-class samples
from different perspectives. For a binary classification problem,
the prediction outcomes are defined in terms of true positives
(TP), false positives (FP), true negatives (TN), and false nega-
tives (FN) (see SI8 for details).
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