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Efficient and accurate available capacity estimation of lithium-ion batteries is crucial for ensuring the
safe and effective operation of electric vehicles. However, incomplete charging cycles in practical
applications challenge conventional methods. Here we manipulate fragmented charge capacity data
to estimate available capacity without complete charging information. Considering correlation,
charging time, and initial state of charge, 36 feature combinations are available for estimation. The
basicmachine learningmodel is establishedon11,500cyclic samples, anda transfer learningmodel is
fine-tuned and validated onmultiple datasets. The validation results indicate that the best root-mean-
square error for the basic model is 0.012. Furthermore, the RMSE demonstrates consistent stability
across different datasets in the transfer learning model, with fluctuations within 0.5% when
considering feature combinations across cycles with spacings of 5, 10, and 20. This work highlights
the promise of available capacity estimation using actual, readily accessible fragmented charge
capacity data.

Electric vehicles (EVs) are the prime contributors to promoting transpor-
tation electrification. Their energy storage equipment is lithium-ion bat-
teries (LIBs), whichhave been extensively investigated and transformed1,2. It
is widely recognized that low-cost LIBs offer high energy density and a long
lifespan3. In 2023, global shipments of LIBs reached1202.6GWh,with 865.2
GWhallocated to new energy vehicles, accounting formore than 70%of the
total. However, LIBs in EVs experience irreversible capacity degradation
during long-term operation due to factors such as solid electrolyte interface
(SEI) thickening4, fast charging5, and overcharging6. Available capacity
directly affects the energy storage level and driving range of EVs,making it a
crucial indicator for evaluating battery safety7–9. Achieving the accurate
estimation of available capacity is a challenging task.

Typically, the available capacity is represented by the discharge capa-
city from a complete charge and discharge cycle, as illustrated in Supple-
mentary Fig. 1(a). However, factors such as charging difficulties, driving
purposes, and personal habits contribute to irregular and fragmented
charging behaviors in real-world scenarios10–12. Meanwhile, the discharge
process depends on operational inputs and prevailing road conditions. In
this context, estimating available capacity using complete charge/discharge
data is not feasible13. Furthermore, the long duration of a single cycle and the
complexity of feature data extraction make conventional methods
impractical. Battery voltage and charge/discharge capacity are easily
accessible parameters that are closely related to the electrochemical and
thermodynamic properties of LIBs14. Consequently, estimating available

capacity using data from the daily operation of EVs represents a more
promising avenue for investigation.

Currently, mainstream methods involve extracting degradation fea-
tures and mapping them inversely to estimate available capacity15. Features
commonly used to represent LIB degradation include electrical16,
mechanical17, temperature18, electrochemical19, and acoustic features20,
among others. Data-driven methods based on machine learning (ML) and
data processing techniques can establish mapping relationships using
datasets and leverage excellent nonlinear fitting capabilities. With
advancements in computational power and software, data-driven methods
have emerged as the leading investigative tools in battery management,
without requiring an in-depth understanding of electrochemical
principles21. ML was employed to construct a prediction model that utilizes
voltage data to accurately estimate the cycle life of commercial LiFePO4/
graphite batteries22. The Gaussian process regression was operated to
automatically determine which impedance spectroscopy features predict
degradation and identify the remaining useful life (RUL)23. A deep learning
framework was presented to evaluate battery state of health (SOH)24.
Laborious feature engineering can hinder the accuracy of data-driven esti-
mation, particularly due to the complexity of feature acquisition and the
necessary prerequisites. For example, extracting incremental capacity (IC)
curves requires high-sampling accuracy datasets and curve-smoothing
strategies, which can compromise data reliability25. Voltage relaxation can
only be obtained after the battery is fully charged and in a resting state (zero
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current)26. Therefore, the simplicity of the feature extraction process, the
flexibility of feature combination approaches, and the diversity of feature
forms collectively determine the performance of data-driven methods in
available capacity estimation.

Amid the trend toward transportation electrification, LIBs in EVs
necessitate frequent charging to accommodate the stochastic discharge
process. Recently, the prevalent charging protocols include constant cur-
rent, constant current-constant voltage (CC-CV), and multi-stage constant
current. In this context, the CC-CVmethod is regarded as a benchmark for
other charging protocols due to its advantages in charging time, efficiency,
and cycle life27. However, charging a LIB is often influenced by user beha-
vior, leading to variability in the starting and ending points of the charging
process. Thus, considerable attention has been directed toward extracting
features from fragmented charging data. These features can be broadly
categorized into three groups: (I) voltage rise curves and their transforma-
tions during CC charging28, (II) current decline curves and their transfor-
mations during CV charging29, and (III) transformations of measurable
parameters using statistical methods, including the mean, sum, standard
deviation, and others30. Fewer works have taken measurable parameters as
feature vectors combined in a flexible manner for available capacity esti-
mation. Many scholars evaluate battery degradation by mining diverse
features31,32. Unfortunately, the weak correlation between features and
available capacity, the lack of interdependence among features, and the
complexity of feature engineering make practical implementation
challenging.

It has been proven that the charge capacity during CC charging can be
directly obtained without additional filtering, and this complete charge
capacity serves as a proxy for the available capacity of LIBs. Based on
numerous reviews and investigations33,34, we analyzemore than 250 charging
cycles of a commercial EV (Supplementary Figs. 2 and 3) and obtain the
findings that (I) the start and end points of charging cycles are irregular, (II)
the charging cycles exhibit fragmentation, and (III) complete charging/dis-
chargingprocesses are rare. Ingeneral, theCCcharging time (charge capacity)
over a fixed voltage interval can be used as an input feature for estimating the
available capacity using the fragment data35. However, the optimal voltage
interval varies dynamically with battery type, operating conditions, and other
factors. This variability complicates the standardization of the interval and
undermines estimation accuracy. Therefore, we propose an approach for
available capacity estimation based on fragmented charge capacity, empha-
sizing flexible feature combinations. This method embodies the principle of
‘less is more,’ as illustrated in Supplementary Fig. 1(b).

In this work, we segment the complete data, considering correlation
and charging coverage, to serve as the basis for feature engineering. Charge
capacities across various voltage intervals are selected as candidate features
and are combined in a rational manner. This research employs basic ML
models, including a linear model (LASSO36) and non-linear models
(XGBoost37 and LightGBM38). We also provide a large dataset comprising
11,500 samples with four LiFePO4/graphite cells for feature extraction and
model training. Multiple datasets are deployed to validate the performance
of the transfer learning (TL) model. We observe that the best root-mean-
square error (RMSE) for the dataset used to establish the basic model is
0.012. For the other datasets, theRMSE remains consistently stable. Tomeet
practical requirements, we also examine the impact on estimation perfor-
mance when input features are derived from different cycles. The results
indicate that the proposed method adapts excellently to the spacing in the

feature combinations. This discussion underscores the potential of the
proposed method for accurately estimating available capacity.

Results
Data generation
Data-driven methods for available capacity estimation of LIBs necessitate
the underpinning of large datasets. To this end, we collect four degradation
datasets for LiFePO4/graphite batteries from the manufacturer's
VALENCE, HUAWEI, GOTION, and A123. Table 1 provides basic
information about these datasets. In this paper, the four datasets are referred
to as dataset #1, dataset #2, dataset #3, anddataset #4.Dataset #1 is employed
for the establishment, training, and testing of the basicmodel, while datasets
#2 and #3 are intended for validation and evaluation under TL39. Dataset #4
is extracted from the MATR dataset, which includes fast charging and CC-
CV discharging. Detailed charge/discharge rate information is provided in
Supplementary Table 1 and Supplementary Table 2. Dataset #4 is used to
validate model performance when applying feature combinations across
cycles without TL. Additionally, Supplementary Note 1 explains the
expression format of the charge current rate as presented in Supplementary
Tables 1 and2.Thedegradationdata for theVALENCEandHUAWEILIBs
are generated in our laboratory through cycling experiments. Dataset #3
from GOTION is a public dataset24. Detailed experimental information for
all datasets is provided in Supplementary Table 3. It is evident that the
charging/discharging protocols for the first three datasets follow a CC-CV/
CC pattern, with the primary difference being the varying charging/dis-
charging currents. Similar to common practice in the field, this paper takes
the C-rate to describe the charging/discharging current of the battery rela-
tive to its nominal capacity. For instance, dataset #1 has a charging current
rate of 1 C (2.5 A) and a discharging current rate of 4 C (10 A).

Takingdataset #1as anexample, Fig. 1(a) illustrates three complete cycles
from the experiment, each consisting of three main phases: (I) CC charging,
(II) CV charging, and (III) CC discharging. The CC discharge capacity is
considered the available capacity within a cycle. Figure 1(b) illustrates the
voltage-charge capacity (V-Q) curve in the CC charging. The V-Q curve is
roughlydivided into four segments,with segment (I) andsegment (IV) located
at the beginning and end of charging, where the voltage increases rapidly, but
the charge capacity is minimal. Segments (II) and (III) make up the voltage
plateauphase,which is dividedbySOC= 50%.The charge capacitywithin this
phase accounts for 80% of the available capacity.

To illustrate the changes inV-Q curves during the degradation of LIBs,
we plot theV-Qcurves of the four cells in dataset #1.As shown inFig. 1(c–f),
the four sets ofV-Q curves exhibit consistent trends during degradation and
cover the SOH range of 80% to 100%. However, despite being produced by
the same manufacturer and tested in the same experimental environment,
these four cells show significant differences in SOHdistribution. The reason
is that the degradation of LIBs is influenced by multiple factors, with
manufacturing variations being a key contributor40. Focusing on the
VALENCE #1 cell, as shown in Fig. 1(c), the magnitude of the voltage
plateau phase decreases as the cell degrades, and the total charge capacity
during CC charging declines. In Fig. 2, we present the available capacity
degradation curves for the four datasets.

Feature extraction
Systematic and detailed profiling of compound datasets is an effective
approach touncovering internal patterns and extracting reliable features.As

Table 1 | Basic information about four datasets

Dataset Manufacturer Charge current rate (C)
/discharge rate (C)

Nominal capacity (Ah) Number of cells Number of samples

Dataset #1 VALENCE 1/4 2.5 4 11500

Dataset #2 HUAWEI 0.5/0.5 280 4 4574

Dataset #3 GOTION 1/1 27 3 4262

Dataset #4 A123 Detailed information in Supplementary Tables 1 and 2 1.1 50 32800
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previously mentioned, variations in the V-Q curve with deeper cycling are
inevitably linked to LIB degradation41. Convincingly, voltage and charge
capacity are among the few real-time parameters that are easily accessible in
most scenarios and under various operating conditions. Accordingly,
research focusedon theV-Qcurvehasbothpractical significance and a solid
theoretical foundation. While obtaining a complete V-Q curve can be
challenging andunlikely, fragmented, piecemeal data is frequently available.
Segmenting the complete V-Q curve can simulate fragmented data as
encountered in practice. Using the VALENCE #1 cell as an example, we
divide the complete curve into segments based on multiple voltage
thresholds. This paper considers the charge capacity within each segment as
a candidate feature.

The selection of the aforementioned voltage thresholds necessitates
careful consideration. First, the charging time between each voltage
threshold should be balanced; if it is too long, it fails to capture

fragmentation, while if it is too short, it may lack distinguishing features.
Additionally, since the SOC is an intuitive indicator for drivers that reflects
the charging process, it is also important to observe the initial SOC at each
segment. The segmented portions should exhibit low and similar charge
capacities to facilitate the extraction of feature segments from fragmented
data. Meanwhile, these smaller segments should be capable of being
aggregated into larger, continuous voltage segments to accommodate
extended charging behaviors. For this reason, we segment the V-Q curve
andconstruct 11 segments, as presented inFig. 3(a). These segments, labeled
Segment 1 through Segment 11, span the voltage range from 3V to 3.6 V.
Figure 3(b) and (c) convey the performance of each segment with respect to
charging time and initial SOC. The average and median charging time for
each segment is within 550 s, which essentially splits the redundant voltage
plateau phase (average time is 2682 s). Detailed charging time information
can be found in Supplementary Table 4. The initial SOC of each segment

Fig. 1 | Details of dataset #1.Voltage and current profile over three complete cycles
(a). V-Q curve in CC charging (b). (c–f) correspond to the degraded V-Q curves and
SOH (state of health) histograms for cells #1, #2, #3, and #4, respectively. The

gradients in (c–f) correspond to changes in battery SOH. SOC denotes the state of
charge. LFP denotes the LiFePO4. CC denotes the constant current. CV denotes the
constant voltage.

Fig. 2 | Available capacity degradation curves. Dataset #1 (a), dataset #2 (b), dataset #3 (c), and dataset #4 (d). The embedded figures in (a–d) are the cycle distribution
of cells.
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shows slightfluctuations as theLIBdegrades. Figure 3(d)depicts the trend in
charge capacity for each segment, which constitutes the candidate feature
set. The division of the 11 candidate features is depicted in Supplemen-
tary Fig. 4.

Although the available capacity decreases with degradation, the var-
iation in charge capacity differs across segments. This variation complicates
the determination of whether a strong correlation exists between these
candidate features and the available capacity. To address this, the Pearson
correlation coefficient (PCC) serves as an effective tool, with the calculation
principle detailed in Supplementary Note 242. Figure 4, plotting in various
color blocks, visualizes the correlation between the candidate features and
the available capacity. Notably, a strong positive correlation is evident
between the available capacity and the charge capacity within segments 1, 2,
3, 5, 8, and 9. Conversely, segments 7 and 11 exhibit a negative correlation,
indicating that as the battery degrades, the charge capacity within these
segments increases rather thandecreases. Segments 4, 6, and10demonstrate
weak performance in the correlation analyses and are thus excluded as
candidate features. The PCCs for the eight segments with high correlations
can be found in Supplementary Table 5.

Available capacity estimation
Based on the candidate features filtered through segmentation, the rando-
mized feature combinations shall be inputted into the data-drivenmethods
to implement the available capacity estimation. Firstly, including more
candidates in the feature combinations generally improves estimation
accuracy. However, an excessive number of candidates increases the time
required and complicates the feature combination process. Secondly, for
practical engineering applications, rapid and accurate available capacity
estimation through simpler feature combinations is preferred.Therefore,we
use combinations containing one or two candidate features as inputs,

resulting in a total of 36 combinations (see Supplementary Table 6).
Compared to the conventionalmethodof obtaining available capacity based
on complete discharges, the proposed method reduces the estimation time
by an average of 70.9%.

Linear (LASSO) and non-linearmodels (XGBoost and LightGBM) are
selected as ML methods. Supplementary Table 7 details the hyperpara-
meters for these three algorithms. Dataset #1 is employed for both training
and testing the basic model, with the four cells in this dataset divided into
training and test sets in a 3:1 ratio. For datasets #2 and #3, we validate the
performance of the TLmodel by fine-tuning the basic model43. The applied
modelfine-tuning strategy is outlined in SupplementaryNote 3. In addition,
thedata indataset #1 require standardizationdue to theorder-of-magnitude
differences between the candidate features44. It is worth noting that all
standardization procedures discussed in this paper are applied after splitting
the complete dataset into training and test sets. Supplementary Note 4
illustrates theprocess of standardization. Furthermore, because of variations
innominal capacity among these datasets, the data inDatasets #2 and#3will
also need to be standardized.

In most ML tasks and competitions, the test set is pre-designated,
fixed, and entirely isolated from the training process. Particularly in
thefield of battery intelligencemanagement, the test set typically consists of
the complete data from one or more cells, which is used solely for evalu-
ating the model’s estimation performance. This pre-determined way of
splitting datasets is also more in line with what happens in engineering
practice.

Focusing on 36 feature combinations, we first train and test the basic
model on Dataset #1 using the LASSO algorithm. During model training,
K-fold cross-validation with K = 4 is employed to identify the optimal
hyperparameters. The principle of K-fold cross-validation is depicted in
Supplementary Fig. 5. Excluding the feature combinations that included

Fig. 3 | Extraction of candidate features from the complete V-Q curve. 11 seg-
ments divided by various voltage intervals (a). (b), (c) convey the performance of
each candidate feature in terms of charging time and initial SOC (state of charge). (d)

depicts the variation trend of each candidate feature. The gradient in (a) corresponds
to changes in battery SOH (state of health).
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only one candidate, the remaining 28 combinations comprised two candi-
date features each.To initially validate the feasibility of theproposedmethod
anddemonstrate its estimation accuracy, the twocandidate featuresused for
validation come fromthe samecycle orneighboring cycles. Figure5presents
the visualization results from the LASSO algorithm for eight feature com-
binations, comparing the estimated capacity with the real capacity. It also
includes the corresponding root-mean-square error (RMSE) and mean
absolute percentage error (MAPE). The validation results under the

remaining 28 feature combinations are depicted in Supplementary Fig. 6 to
Supplementary Fig. 9. It can be noticed that the RMSE and MAPE of a
feature combination containing two candidates is not necessarily lower than
that of a combination including only one candidate. Furthermore, it is
interesting to consider that the feature combinations containing segment 9
exhibit even better estimation performance. Subsequently, we conduct
model training and testing using XGBoost and LightGBM, with the results
presented in Supplementary Tables 8–10. It can be concluded that both

Fig. 4 | Correlation between the candidate features
and the available capacity. Pearson correlation
coefficient is applied, as in Supplementary Note 2.
Various color blocks correspond to differentiated
correlations. The gradient from blue to red denotes
to the correlation coefficient from small to large.

Fig. 5 | Visualization results of the LASSO algorithm for different feature
combinations. The available capacity estimation performance is plotted for 8 fea-
ture combinations, and the results for the remaining 28 combinations are referenced
in Supplementary Figs. 6–9. The 8 feature combinations include (segments 3, 9) (a),

(segments 2, 9) (b), (segments 7, 9) (c), (segments 5, 9) (d), (segments 9, 11) (e),
(segments 1, 9) (f), (segments 8, 9) (g), and (segment 9) (h). The gradients corre-
spond to varying point-aggregation densities. RMSE denotes root-mean-square
error and MAPE denotes mean absolute percentage error.
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XGBoost and LightGBMachieve an optimal RMSEof 0.012, demonstrating
better estimation performance compared to the linear model (LASSO).

As previously mentioned, we thoroughly consider the estimation
performance when one or two candidate features are included in the input
feature combination. While feature combinations can theoretically include
two or more candidates, this increases the complexity of obtaining such
combinations.Hence, it is imperative to investigatewhetherMLmodels can
demonstrate more reliable estimation performance when the input feature
combination includes multiple candidates. To address these concerns, we
construct six typical feature combinations based on correlation analysis and
explore themodel performanceusing theLASSOalgorithm. Supplementary
Table 11 presents the estimation performance for input feature combina-
tions containing3 to8 candidates,withRMSEandMAPEusedas evaluation
metrics. The validation results indicate that input combinations containing
more candidate features do not obviously enhance the estimation perfor-
mance compared to the feature combination (segments 3, 9), as evidenced
by the RMSEs remaining near 0.015. This suggests that more complex
feature combinations do not improve estimation accuracy but rather
increase computational costs and complicate feature engineering.

To further substantiate the practical applicability, reasonableness, and
superiority of the proposed method in engineering practice, this paper
conducts validation experiments using a public dataset under actual oper-
ating conditions45. This dataset contains three LFP cells with a nominal
capacityof 180 Ah,whichwere degradedusing a realistic forklift load profile
at three elevated temperatures (45 °C, 40 °C, and 35 °C), respectively. The
three cells are designated as cell #1, cell #2, and cell #3. The profile used for
aging is based on actual forklift operations, which resemble the operating
mode of electric vehicles (i.e., dynamic discharge followed by fragmented
charging). Each aging experiment cycle lasted twoweeks, resulting in a total
of 169 experiments conducted across the three cells. Capacity tests were
performed between every two aging experiments to generate the available
capacity labels. Supplementary Fig. 10(a) presents the available capacity
degradation curves for the three cells. We conduct a detailed analysis of the
fragmented charging processes during the aging experiments and draw the
following conclusions: (I) each aging experiment includes more than 100
charging processes, (II) the primary charging protocol is 24 A CC charging,
and (III) over 90% of the charging processes cover the voltage range of
3.3V–3.36 V. Consequently, we slightly adjust the voltage ranges of the 11
segments to better align with this dataset. If the model maintains good
estimation performance with these adjustments, it will underscore the
applicability of the method.

Since each aging experiment provides only one available capacity label,
we apply linear interpolation to ensure that each charging process is asso-
ciated with a corresponding label. Under the LightGBM algorithm, cells #1
and #2 are used as the training set, while cell #3 serves as the test set.
Standardization is then performed separately for the training and test sets.

(Segment 3), (segment 4), and the combinationof (segments 3, 4) are usedas
input features to evaluate the performance of the proposed method. Sup-
plementary Fig. 10(b–d) describes the visualization results. The validation
results indicate that the test RMSEs for (segment 3) and (segment 4) are
0.024 and 0.027, respectively. The optimal RMSE of 0.010 is achieved with
the feature combination of (segments 3 and 4). The above results further
validate the practical applicability, reasonableness, and superiority of the
proposedmethod in engineering practice. A recent study achieved available
capacity estimation on the forklift dataset using a wide voltage interval45.
They reported an estimation performance with an RMSE of 0.017, which is
weaker than the 0.010 noted in this paper. In a certain sense, the fragmented
charging arising from actual operating conditions does not adversely affect
the performance of the proposed method.

Feature combinations across cycles
In contrast to feature combinations containing only one candidate, more
complex combinations encounter challenges in effective feature extraction.
Specifically, suitable candidate features may not be present within the same
cycle or neighboring cycles. This difficulty arises because EV charging is an
irregular and fragmented process, influenced by the subjective behavior of
drivers during transportation electrification. Over 3.7 million charging
sessions from public charging stations were analyzed, demonstrating that
charging behavior is influenced by amultitude of complex factors46. EVdata
from 79 users was discussed, revealing obvious individual variability in
charging preferences; for example, some users chose to charge even when
the battery state of charge (SOC) was still high47. In addition, the config-
uration of charging stations or piles drastically affects the charging choice,
necessitating long-term coordination and optimization between charging
habits and infrastructure48. Relying solely on candidate features from the
same or neighboring cycles for available capacity estimation lacks flexibility.
Consequently, incorporating feature combinations across cycles is likely to
become a prospective trend in the proposed method. We anticipate that
combining two candidates from separate cycles as input features will enable
accurate estimationof the available capacity ofLIBs.Theprocess for creating
feature combinations across cycles is detailed in SupplementaryNote 5,with
the visualization procedure illustrated in Supplementary Fig. 11.

Following the above description, we adjust the dataset for the initial
validationof thebasicmodel so that the spacingnbetween the twocandidate
features at 5, 10, and 20. The XGBoost algorithm is selected to validate
several typical feature combinations, with the visualization results for the
combination (segments 3, 9) illustrated in Fig. 6. Supplementary Fig. 12 and
Supplementary Table 12 demonstrate the visualization results and quanti-
fication findings from the other feature combinations. It can be intuitively
represented that the RMSE and MAPE of the feature combination tend to
increase as the spacingn expands; however, themagnitude of this increase is
minor. For this feature combination (segments 3, 9), comparedwithn = 0/1,

Fig. 6 | Performance of feature combinations across cycles under (segments 3, 9).The spacing n between the two candidate features is taken as 5 (a), 10 (b), and 20 (c). The
gradients correspond to varying point-aggregation densities. RMSE denotes root-mean-square error and MAPE denotes mean absolute percentage error.
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the RMSE and MAPE increase by 0.005 and 0.160%, respectively, when
n = 5.Comparedwithn = 5, theRMSE andMAPE increase by an additional
0.002 and 0.103% when n = 20. It can be concluded that the estimation
performance of the proposedmethod is notmarkedly affectedwhen the two
candidate features are derived from separate cycles. The preceding discus-
sion confirms the applicability and robustness of the proposed method in
practical scenarios, suggesting its potential for online application in EVs.

It is evident that feature combinations across cycles provide an intri-
guing solution for feature engineering in practical applications. This
research demonstrates the effectiveness of this method in efficiently, accu-
rately, and continuously estimating available capacity and assessing battery
performance. While our investigation and discussions have preliminarily
validated the feasibility and applicability of themethod on a limitednumber
of cells, highlighting its broadpotential for application, caution iswarranted.
The similarity in degradation mechanisms among these cells may lead to
model overfitting andoverestimation of performance. Therefore, further in-
depth and extensive research is essential to achieve accurate estimation
using fragmented data from different cycles. Dataset #4, comprising 32,800
cyclic samples from 50 cells, provides a diverse array of degradation
mechanisms and degradation curves, as evidenced by the distribution of
cyclic samples per cell, which ranges from 170 to 1154. To comprehensively
validate the implementability of feature combinations across cycles, we
conductmodel training and evaluationwithout relying onTL techniques or
additional datasets. For dataset #4, the proposed method is extended to
apply to discharge curves rather than charge curves, while simultaneously
adjusting the voltage range distribution of the 11 segments. If the model
maintains strong estimation performance under these adjustments and
fluctuations, it will demonstrate the robustness of the method.

Under the XGBoost algorithm, 35 cells from dataset #4 participate in
model training, while the remaining 15 cells serve as the test set. A detailed
partitioning of the training and test sets can be found in Supplementary
Table 13.The feature combination (segments 7, 8) is chosen foruse in feature
combinations across cycles. Initially, we assess the estimation performance
when the two candidate features are extracted within the same cycle or
adjacent cycles, corresponding to the spacing n of 0/1. Subsequently, we
adjust the test set to achieve spacings n of 5, 10, and 20 between the two
candidate features. Finally, the validation results from 15 cells are sum-
marized. Supplementary Table 14 elucidates the estimation performance of
feature combinations across cycles on dataset #4, utilizing RMSE as the
evaluation metric. The validation results reveal that the best RMSE is 0.011
on cell #3 when n = 0/1, while the average RMSE on the test set is 0.0156.
Similar to theperformanceobservedondataset #1, there is a slight increase in
RMSE as the spacing n gradually expands. Compared with n = 0/1, the
average RMSE under n = 5 increases by only 0.0004, indicating an
improvement in estimation performance over dataset #1. Furthermore,
compared with n = 5, the average RMSE under n = 20 increases by 0.002,
ensuring the stability of estimation performance as the spacing n expands.
Therefore, on dataset #4, feature combinations across cycles consistently
maintain excellent estimation performance. Additionally, the exploration of
integrating fragmented discharge data without relying on TL highlights the
robustness and superiority of the proposed method.

Comparison with existing methods
Reliable available capacity estimation for LIBs provides a crucial reference
for SOH and RUL calculations. The feature extraction process greatly

influences both the practical application and estimation performance of
data-driven methods. Relevant literature suggests that feature engineering
should consider the actual usage characteristics of LIBs, with a focus on
extracting features from various charging stages. Feature extraction meth-
ods can be broadly categorized into four types: (I) CC charging-based, (II)
CC-CV charging-based, (III) CV charging-based, and (IV) voltage
relaxation-based. However, due to the infrequent occurrence of CV char-
ging in engineering applications, the implementation of methods (II) and
(III) poses enormous challenges. Voltage relaxation is defined as the open-
circuit voltage of the battery measured after a full charge and a 30-minute
rest period49. However, full charging and extended resting periods are not
aligned with the actual operational practices of EVs. Therefore, CC
charging-based feature extraction methods offer superior practicality and
interpretability. The XGBoost algorithm is chosen for comparison with
existing methods.

CC charging-based methods can be further divided into direct and
indirect extraction methods, as outlined in Supplementary Table 15. Since
the datasets used in other literature differ from those in this paper, past
indicators cannot serve as reliable comparisons.Toaddress this discrepancy,
we extract the corresponding features from our dataset and perform
available capacity estimation, as demonstrated inTable 2. In themainstream
literature, charge capacity50 or charging time51 within the optimal voltage
interval is commonly used as input features. The optimal voltage interval is
defined as the range inwhich the strongest linear relationship exists between
internal features and battery degradation. In this paper, the optimal voltage
interval is identified as (3.415 V, 3.43 V) within segment 9, as illustrated in
SupplementaryTable 5. TheRMSE values for dataset #1 are 0.034 and 0.035
whenusing the charge capacityand charging timeof segment 9, respectively.
While some scholars have opted for larger voltage intervals for feature
extraction, this approach clearly increases the difficulty of data acquisition
and reduces generalizability52,53. The incremental capacity (IC) curve, typi-
cally obtained through data interpolation or filtering methods, is also fre-
quently utilized for estimation54. When the IC peak55 is selected as an input
feature, the RMSE on dataset #1 is 0.020. Additionally, features such as the
IC peak area56 and IC peak slope57 are commonly applied as input features.
However, the complexity of curve processing and the rigidity of feature
extraction in these methods make them challenging to use in online sce-
narios. In contrast, the proposed method offers more flexible feature engi-
neering and achieves better estimation accuracy, especially when dealing
with fragmented charging data.

Performance validation by transfer learning
Scholars have explored how a basicmodel trained on an original dataset can
maintain excellent performance across different datasets. Variations in
usage intensity, ambient temperature, and unbalanced charging, among
other factors, contribute to differences between batteries. For the first three
proposed datasets, we analyze the correlations among them, as discussed in
SupplementaryNote 2. Supplementary Table 16 and Supplementary Fig. 13
examine the correlations between the same candidate features and between
available capacities. First, in comparison to dataset #1, datasets #2 and #3
show a strong positive correlation in available capacity, with PCCs
exceeding 0.8, indicating similar degradation patterns. Subsequently, in
dataset #2, cells #1 and #2 (with an ambient temperature of 35 °C) exhibit
weak correlations in eight segments, while cells #3 and #4 (with an ambient
temperature of 45 °C) show weak correlations in six segments. However, in

Table 2 | Comparison with existing methods

Methods Input features Best test RMSE on dataset #1

Direct extraction method Charge capacity in the optimal voltage interval 0.034

Charging time in the optimal voltage interval 0.035

Indirect extraction method Incremental capacity peak 0.020

Proposed method Multiple feature combinations 0.012
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dataset #3, only two segments display weak correlations. These differences
among the datasets impact the performance of the basic model.

To accommodate the variations in cycle conditions in datasets #2 and
#3, we apply TL technology, which enhances estimation performance by
fine-tuning themodelwith small amounts of newdata. LightGBM is used to
support the performance verification of TL. Themodel fine-tuning strategy
is detailed in Supplementary Note 3. TL is implemented by adding one or
more fully connected layers to the top layer of the basic model. Zero-shot
learning (ZSL), without model fine-tuning, is employed as a comparison
and reference58. Figure 7 presents the visualization results for the feature
combination (segments 3, 9). TL performs well on cells #2 and #3 in dataset
#3, achieving a test RMSE of 0.019 for both. However, for cell #4 in dataset
#2, the RMSE reaches 0.034, likely due to differences between the datasets.
Subsequently, we test the feature combination (segments 3, 8), as shown in
Supplementary Fig. 14. The estimation performance for cell #4 in dataset #2
improves, with a test RMSE of only 0.016. Nonetheless, this improvement is
accompanied by a decline in performance for the other cells. TheRMSEs are
compared in Table 3. It can be concluded that the application of TL helps
mitigate the differences betweendatasets and enhances estimation accuracy.
Any performance fluctuations observed in individual cells across certain
datasets can be optimized by adjusting the feature combinations. In sum-
mary, the proposed method offers flexible and effective available capacity
estimation and demonstrates satisfactory performance without the need for
model reconstruction under TL.

Discussion
Existing technologies for estimating battery available capacity are con-
strained by labor-intensive feature engineering, making them inefficient for
application in EVs with irregular charging and discharging patterns. In this

work, we propose a solution to estimate available capacity by effectively
manipulating fragmented charging data without relying on complete
charging/discharging information. Briefly, we have successfully incorpo-
rated the concept of ‘less is more’ into our technological applications. By
extracting charge capacity across various voltage intervals as candidate
features, we form 36 potential feature combinations to serve as inputs to the
method. Compared to estimation methods that rely on a fixed (optimal)
voltage interval, the proposedmethod offers amore flexible, correlated, and
practical feature engineering. As a forward-looking research, four datasets
from different experimental conditions and battery manufacturers,
encompassing more than 50,000 samples, are utilized in the data-driven

Fig. 7 | Test results of estimated capacity versus
real capacity by transfer learning under (seg-
ments 3, 9). Tests are performed on 4 cells in
datasets #2 and #3. Cell #2 in dataset #2 (a), cell #4 in
dataset #2 (b), cell #2 in dataset #3 (c), and cell #3 in
dataset #3 (d). Results under (segments 3, 8) are
presented in Supplementary Fig.14. The gradients
correspond to varying point-aggregation densities.
RMSE denotes root-mean-square error and MAPE
denotes mean absolute percentage error.

Table 3 | RMSEs of battery available capacity estimation using
zero-shot learning (ZSL) and transfer learning (TL) on dataset
#2 and dataset #3

Dataset Input feature combinations Methods

TL ZSL

Cell #2 in dataset #2 Segments 3, 9 0.020 0.304

Segments 3, 8 0.022 0.213

Cell #4 in dataset #2 Segments 3, 9 0.034 0.266

Segments 3, 8 0.016 0.170

Cell #2 in dataset #3 Segments 3, 9 0.019 0.242

Segments 3, 8 0.024 0.215

Cell #3 in dataset #3 Segments 3, 9 0.019 0.250

Segments 3, 8 0.027 0.222
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method. Three ML algorithms guide the basic model training and test. We
first demonstrate that the optimal RMSE for the dataset used to establish the
basic model is 0.012. Moreover, the estimation performance remains stable
when the feature combination process is extended across cycles, with the
average RMSE increasing by only 0.002, demonstrating its robustness in
real-world application scenarios. In addition, the method applicability is
ensured by model fine-tuning for TL retraining on other datasets. Com-
pared to ZSL, the RMSE under TL is lower by an average of 0.213.

In conclusion, ourworkhighlights the potential of utilizing fragmented
data for battery available capacity estimation in the context of irregular EV
charging and discharging. Multiple feature combinations and an extraction
processwithoutpost-processingmake feature engineeringmoreflexible and
convenient. This contribution advances the online application of data-
driven available capacity estimation methods in EVs and introduces a
technological approach for areas such as the rapid detection of LIBs. In
future research, we plan to further validate and refine the proposedmethod
by testing it on large-scale battery packs or energy storage systems. Addi-
tionally, through collaboration with battery manufacturers and automotive
companies, we aim to actively promote the application of the proposed
method in real-world scenarios, particularly within EVs.

Methods
Cell cycling and dataset generation
Datasets #1 and #2 are obtained by cycling cells under various experimental
conditions. Specifically, the cell in dataset #1 is tested in a thermal chamber
at 25 °C.Cells #1and#2 indataset #2 are exposed to anambient temperature
of 35 °C, while cells #3 and #4 are tested at 45 °C. Detailed environmental
information, such as charging protocol, dischargingC-rate, and type, can be
found in Supplementary Table 3. The battery charging and discharging test
system is employed to perform the cycling steps, while the thermal chamber
provides a temperature-stabilized test environment. The equipment con-
nection principle schematic is presented in Supplementary Fig. 15. In the
experiment, the resting process is essential for enhancing the performance
and stability of the cell. However, this paper does not address the resting
process, so this part is eliminated before the dataset generation. The final
dataset contains the complete charge and discharge curves from the cycles.

Machine learning methods
Our work involves three basic algorithms in ML, including the LASSO,
XGBoost, and LightGBM algorithms. Each of these algorithms has a well-
established history and distinct characteristics, making them widely
applicable across various fields. Detailed introductions to the LASSO,
XGBoost, and LightGBM algorithms are provided in Supplementary
Notes 6–8, respectively. The procedures for basic model training and the
implementation of transfer learning are briefly outlined below:

(1) In dataset #1, cells #1, #2, and #3 are designated as the training set,
while cell #4 serves as the test set. All three algorithms are utilized to train
and test the basic model to verify its feasibility.

(2) In this paper, zero-shot learning (ZSL) is employedas a comparison
method for transfer learning (TL). The basic model, without any mod-
ifications, is directly validated on datasets #2 and #3 to implement ZSL.

(3) TL is initiated by adding one or more fully connected layers to the
top layer of the basic model. This research adopts a model fine-tuning
strategy (asdetailed inSupplementaryNote3) to adjust thebasicmodel. The
transfer learning model is validated on partial cells in datasets #2 and #3.

In addition, thisworkusesRMSEandMAPE to evaluate the estimation
performance of the proposed method. Both are defined as follows:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
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