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Abstract

Lithium-ion batteries are widely applied in transportation, communication, and other
fields. Nevertheless, during prolonged cycling operation, internal electrochemical reactions
inevitably lead to the degradation of the state-of-health (SOH). To ensure the reliability and
safety of lithium-ion batteries, accurate SOH estimation is of critical importance. Neverthe-
less, under practical operating conditions, obtaining fully recorded charge-discharge data
is often impractical. Motivated by the practical charging behaviors of lithium-ion batteries,
this paper proposes a practical SOH estimation method based on incremental capacity
analysis, dynamic time warping (DTW), and gradient-boosting regression trees (GBRTs).
Three health indicators—interval incremental capacity features, local capacity—voltage
curve similarity, and segmented voltage curve similarity—are extracted. The proposed
method requires only 0.13 V and 0.07 V voltage windows on the Oxford and CALCE
datasets. The effectiveness of the proposed model is verified across both public datasets
and laboratory test data. Experimental results demonstrate RMSE values of approximately
2.5% and 2.0%, respectively. Compared with mainstream SOH estimation algorithms, the
proposed approach delivers comparable accuracy while achieving training time reductions
of up to 57.6% and 91.9% relative to GPR and SVM, making it suitable for real-time battery
management systems.

Keywords: lithium-ion batteries; state of health; health indicators; machine learning

1. Introduction

Lithium-ion batteries exhibit advantages including high energy density, strong low-
temperature adaptability, high operational reliability, and extended cycle life [1]; ensur-
ing safe and reliable operation often requires health monitoring [2,3]. During long-term
operation, irreversible electrochemical degradation leads to a continuous decline in the
state-of-health (SOH), which directly affects the available capacity and operational safety.
Accurate SOH estimation is therefore a fundamental requirement for battery management
systems (BMSs) to enable reliable operation, timely maintenance, and early warning of
safety risks [4,5]. The battery health state can generally be directly measured through a com-
plete diagnostic cycle under low-current conditions [6]. However, in practical applications,
batteries are typically operated under irregular charging behaviors and varying operating
conditions, making it difficult to obtain complete charge-discharge data. This mismatch
between the data requirements of many existing SOH estimation methods and the realities
of practical battery usage poses a critical challenge for the development of reliable and
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deployable SOH estimation techniques. Therefore, accurately predicting battery SOH in
narrow-data-window conditions is of great importance.

Regarding lithium battery state-of-health (SOH) estimation, existing research predom-
inantly employs model-based and data-driven approaches [7-9]. Model-based methods
utilize lithium battery material properties, operating environmental conditions, and ag-
ing/degradation mechanisms to construct battery models. These methods estimate battery
capacity by simulating actual operating conditions through variations in-model parame-
ters,. Specific approaches include electrochemical models [10-12], degradation mechanism
models [13], empirical models [7] and equivalent circuit models [14-16]. Model-based
methods integrate physical and electrochemical knowledge to analyze the underlying
degradation mechanisms of lithium-ion batteries (LIBs) or to interpret current, voltage,
and electrochemical impedance spectroscopy (EIS) measurements. Mathematical or phys-
ical equations are then formulated to describe the general degradation behavior of LIBs.
Reference [17] proposes a lithium-ion battery capacity estimation method based on a parti-
cle filter, in which an electrochemical model is integrated into the particle filtering frame-
work. Model parameters reflecting battery degradation are treated as state variables, and
measurement and process model equations are formulated to fit the capacity evolution
process and known state variables, thereby constructing a capacity estimation model.
Reference [18] analyzes the relationship between capacity loss and cycle number, as well as
temperature, fitting a power-law relationship between capacity loss and cycling time and
an Arrhenius relationship between capacity loss and temperature. Based on this analysis, a
lithium-ion battery capacity estimation method combining a semi-empirical model with
conventional calibration is proposed. Although model-based methods achieve considerable
success in LIB diagnosis, constructing accurate mathematical or physical models remains
challenging, as it requires comprehensive knowledge of the internal states and degradation
mechanisms of lithium-ion batteries. In contrast, data-driven methods do not require
explicit modeling of the complex internal electrochemical mechanisms of batteries. Instead,
they directly extract and analyze information related to battery health from operational
monitoring data collected during battery aging and cycling. Various machine learning and
deep learning algorithms are then employed for SOH estimation [19], including support
vector machines [20], neural networks [21,22], and gaussian process regression [23].

Data-driven lithium-ion battery SOH estimation methods generally begin with the
analysis of battery operational data to extract highly sensitive health indicators that can
effectively characterize battery aging and degradation. The effectiveness of health indi-
cator extraction has a significant impact on both the estimation accuracy and practical
applicability of the SOH estimation method. Reference [24] extracts complete voltage,
current, and power curves during lithium battery charging and discharging. It utilizes
the Douglas—Peucker algorithm to extract health indicators, which are then input into
an SVM model optimized by the Differential Brainstorming with Optimization (DBSO)
algorithm for lithium battery SOH estimation. Reference [25] extracts health indicators
such as voltage, current, and time from constant-current and constant-voltage charging
phases during a complete lithium battery charge cycle. It employs a whale optimiza-
tion algorithm-enhanced Elman model for SOH estimation. Reference [26] proposes a
data-driven state-of-health (SOH) estimation method based on multiple charge—discharge
features. In this method, several health indicators related to voltage, time, and capacity
are extracted from both charging and discharging processes and are fused to construct
a supervised regression model for SOH estimation. Reference [27] adopts a data-driven
online capacity estimation approach based on random forest regression and incremental
capacity analysis is employed for the feature selection. The usually rely on broad voltage
ranges and relatively high-dimensional feature sets. References [28,29] investigated SOH
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estimation using gaussian process regression (GPR) based on charging-curve features. The
model achieves accurate SOH estimation by analyzing the characteristics of the voltage
curve during constant current charging. More recently, interpretable and data-efficient
machine learning frameworks have attracted increasing attention. Reference [30] proposed
an interpretable machine learning-based battery diagnosis approach, demonstrating that
carefully designed health indicators can enable accurate health assessment under practical
constraints. Reference [31] provided a comprehensive review of machine learning applica-
tions in lithium-ion battery research, highlighting both the potential and the challenges of
data-driven health monitoring under diverse operating conditions.

Despite the progress in data-driven and model-based SOH estimation, most existing
methods either rely on full charge-discharge curves that are rarely available under practical
operating conditions, or employ complex models with a high computational cost and
limited interpretability. In addition, the selection health indicators are often heuristic. To
address these issues, this paper proposes an SOH estimation framework that integrates
incremental capacity analysis, curve similarity metrics, and gradient-boosting regression
trees. The main work includes the following:

(1) Statistically analyzing real charging behavior to identify feasible and frequently oc-
curring voltage windows for health indicator extraction.

(2) Objectively selecting SOH-sensitive voltage windows through Pearson correlation
analysis; a compact yet informative set of health indicators is constructed, enabling
accurate SOH estimation using only very narrow voltage segments.

(3) The GBRT algorithm model established in this paper can achieve the estimation
accuracy of complex algorithm models and the training time is relatively short.

The organization of this paper is as follows. Section 2 introduces the data and the
methodology for extracting health indicators. Section 3 presents the SOH estimation
methodology. Section 4 discusses the estimation results, and Section 5 concludes the paper.

2. Extraction of Health Indicators for Lithium-Ion Batteries
2.1. Incremental Capacity—Based Health Indicator Extraction Method

The current mainstream approach for estimating the state-of-health (SOH) of lithium-
ion batteries utilizes operational data collected during charging and discharging processes,
primarily including voltage, current, and temperature. These data are used to extract
health indicators that characterize battery aging and degradation, which are subsequently
employed for algorithmic SOH estimation. In practical applications, lithium-ion battery
charge—discharge data are influenced by user behavior and rarely contain complete charg-
ing or discharging cycles. Therefore, it is essential to analyze real-world operational data to
identify the most commonly occurring charge and discharge intervals during actual usage.
Extracting health indicators within these representative intervals enables the development
of SOH estimation algorithms that more accurately reflect practical operating conditions.
In real-world operational data, the discharging process is highly affected by user behav-
ior, whereas the charging process is primarily governed by predefined charging control
strategies implemented in the battery management system (BMS), resulting in more regular
and structured charging data. Accordingly, this study analyzes the distributions of state of
charge (SOC) and voltage at the start and end of the charging process.

Since the subsequent analysis focuses on individual battery cells, the voltage of a single
cell within the battery pack is selected as the representative voltage for the current state.
At the beginning of charging, the highest cell voltage within the pack is selected, while
all other cells exhibit lower voltages. This ensures that the charging process of each cell
includes the charging data segment corresponding to the voltage level. Similarly, at the end
of charging, the lowest cell voltage within the pack is selected as the representative value.
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(1) State analysis at the start of charging:

The distribution of battery states at the start of charging is shown in Figure 1. The cen-
tral region presents the initial state points of each charging segment. The upper histogram
illustrates the SOC distribution, while the right histogram shows the voltage distribution.
To quantitatively characterize these distributions, the median values of SOC and voltage
are calculated. The results indicate that the median SOC at the start of charging is 0.43 and
the median cell voltage is 3.680 V. Selecting the median values ensures enough charging
segments for subsequent analysis, covers a wide range of practical charging conditions,
and thereby improves the robustness and accuracy of SOH prediction.
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Figure 1. State distribution at the start of charging.

(2) State analysis at the end of charging;:

The battery state distribution at the end of charging is shown in Figure 2. It can be
observed that, at the end of the charging process, the battery SOC is mainly concentrated in
the range of 0.98-1.00, while the battery voltage is primarily distributed between 4.20 V
and 4.26 V. By calculating the median values of SOC and voltage, the median SOC at the
end of charging is determined to be 0.97, and the median battery voltage is 4.200 V.

Voltage(V)
e

0 0.2 0.4 0.6 0.8 1.0

SOC
Figure 2. State distribution at the end of charging.

In summary, the charging segments most frequently observed during practical opera-
tion fall within the SOC range of 0.43-0.97. Accordingly, the subsequent analysis focuses
on charging data within this SOC interval.
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(3) Incremental capacity analysis of lithium-ion batteries:

The incremental capacity indicators reflect changes in electrochemical reaction kinetics
and loss of active material. Degradation phenomena such as SEI growth, lithium inventory
loss, and electrode structural changes directly alter the shape and magnitude of incremental
capacity within specific voltage ranges.

This analysis, as well as the selection of the voltage window and the derivation of the
health indicator, were all conducted entirely using the training data. The laboratory data
provide complete charge—discharge cycles, enabling accurate and reliable determination
of battery capacity. Furthermore, the high resolution of the data allows for detailed exam-
ination of the charge—discharge curves, facilitating the identification of sensitive health
indicators that correlate closely with capacity variations.

This study first conducts incremental capacity analysis on the Oxford dataset, which
includes a total of eight Kokam (The lithium-ion cells used were sourced from Kokam Co.,
Ltd. SLPB533459H4, Siheung-si, Gyeonggi-do, Republic of Korea) 740 mAh lithium-ion
pouch cells [32]. Considering subsequent practical applications, and given that conven-
tional electric vehicles are equipped with a limited number of temperature sensors rather
than individual sensors for each cell, the temperature of each cell cannot be directly moni-
tored. Therefore, only the voltage, current, and time data are used for the analysis of the
subsequent dataset.

The analysis first performs incremental capacity analysis on the selected charging
segment of this study (SOC in the range of 0.43-0.97, voltage in the range of 3.81-4.16 V)
at 0.01 V intervals, as shown in Figure 3. The correlation between incremental capacity at
each voltage interval and SOH is then calculated using the Pearson correlation coefficient,
with the results presented in Figure 4a.

T T T T T T T T Cycl
35+ B

w
<
T
1

N
wn
T
1

—
wn
T
1

dQ/dV(mAh/V)

o
<
T
1

n
T

L L L L L L 1 I Cyc 8100
3.80 385 390 395 4.00 4.05 4.10 4.15 4.20

Voltage

Figure 3. Results of incremental capacity analysis.

The region where the absolute value of the Pearson correlation coefficient exceeds 0.8
can be divided into three voltage intervals: 3.81-3.84 V, 3.93-3.96 V, and 4.07—4.14 V. Taking
the QV curve as an example, these three voltage intervals are compared with the complete
charging process as shown in Figure 4b. The gray curve represents the full QV curve of a
single charging cycle. The green section indicates the practical health indicators extraction
interval selected using lithium battery usage data analysis, while the red section highlights
the three high-correlation health indicator extraction intervals identified in this section. It
is evident that the health indicator extraction method designed in this paper requires only
a minimal portion of the charging curve (a total voltage range of 0.13 V) on the Oxford
dataset to achieve high-sensitivity health indicator extraction. Simultaneously, the voltage
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range capacity increment across these three voltage intervals is calculated as the first-class
health indicator.
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Figure 4. (a) Pearson correlation coefficients between the incremental capacity of each voltage interval
and SOH. (b) Voltage interval comparison chart.

The second battery dataset used in this study is the cycle test dataset from the Center
for Advanced Life Cycle Engineering at the University of Maryland (CALCE dataset). The
CALCE dataset employed here comprises six lithium-ion batteries with LiCoO; cathodes
and a nominal capacity of 1.35 Ah [33].

Incremental capacity analysis is first performed on the selected charging segment of
this study (SOC in the range of 0.43-0.97, voltage in the range of 3.98-4.20 V) at 0.01 V
intervals. Since the battery current is adjusted when the voltage reaches 4.20 V in this
dataset, to avoid polarization effects caused by the current change, 4.20 V is not used as
the endpoint for segment selection; instead, 4.19 V is chosen as the starting point for the
subsequent charging segment. The Pearson correlation coefficient between the change in
incremental capacity in each voltage interval and the battery SOH is then calculated. As
shown in Figure 5a, the voltage interval where the absolute value of the Pearson correlation
coefficient exceeds 0.8 is 4.10-4.17 V. A comparison with the complete charging curve is
presented in Figure 5b. It is evident that, for the CALCE dataset, a voltage interval of only
0.07 V is sufficient for extracting the health indicators. The capacity increment within this
voltage interval is calculated and used as the first-class health indicator.
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Figure 5. (a) Pearson correlation coefficients between the incremental capacity of each voltage interval
and SOH. (b) Voltage interval comparison chart.
2.2. Health Indicator Extraction Method Based on DTW Distance

The local capacitance-voltage (Q-V) indicators quantify deviations in local Q-V re-
lationships caused by aging-induced polarization increase and reaction heterogeneity.
Reduced similarity indicates shifts in equilibrium potentials and increased internal re-
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sistance. The segment voltage indicators quantify deviations in local voltage—capacity
relationships caused by aging-induced polarization increase. Reduced similarity indicates
shifts in equilibrium potentials and increased internal resistance.

This section extracts two health indicators: local Q-V curve similarity and segment
voltage curve similarity. Both indicators are calculated using the dynamic time warping
(DTW) distance.

Due to the effects of long-term battery aging, battery capacity gradually decreases.
Consequently, under constant-current charging conditions, voltage curves with the same
initial voltage and the same number of sampling points correspond to different voltage in-
tervals across different charge—discharge cycles; that is, while the initial voltage remains the
same, the cutoff voltage varies. Voltage curves from smaller voltage ranges should therefore
be compared with corresponding portions of curves from larger voltage ranges when calcu-
lating similarity. Traditional curve similarity methods, such as Euclidean distance, cannot
scale these sequential voltage signals, resulting in coarse similarity assessments. Therefore,
the dynamic time warping (DTW) algorithm is employed for curve similarity computation.

Taking two voltage signals V1 and V;, with extracted lengths m as an example, the
specific calculation process is as follows:

1.  Matrix Construction: First, construct an m X m matrix corresponding to the two
voltage signals of length m. The element (i, j) in the matrix represents the distance
d(V1,, V2 ;) between points Vy; and V; ;. Here, the Euclidean distance is employed.
Each element within the matrix can also be interpreted as the distortion between the
two points. By tracing a path from the bottom-left to the top-right of the matrix, we
identify the points where the two voltage signals can be aligned.

2. Path Selection: The selected path within the matrix is defined as W, representing
the mapping relationship between V; and V5. This path selection must satisfy three
constraints: (1) Boundary condition: w; = (1, 1), indicating that the warping path
begins at the lower-left corner and terminates at the upper-right corner. (2) Continuity
condition: If wy_1 = (a’, V'), the subsequent point wy = (a, b) must satisfy a — a’ < 1and
b — V' < 1. This prohibits skipping points within the matrix for subsequent matching;
each point can only align with its adjacent points. This ensures every coordinate in
V1 and V2 appears in W. (3) Monotonicity: If wy_1 = (a’, V"), then the next path point
wy = (a, b) must satisfy (a — a’) > 0 and (b — b’) > 0. This constrains path selection to
be time monotonic. Combining these three constraints, each selected path point in
the matrix can only be chosen in one of three directions. Specifically, if the path has
already passed through path point (i, j), the next selectable path point can only be one
of the following three: (i + 1,j), (i, j + 1),or (i + 1, + 1).

3.  DTW Distance Calculation: Based on the path selection constraints described above,
all possible selection scenarios are traversed to calculate the warping cost. The
minimum value among these costs is then taken as the DTW distance between the
two voltage signals.

2.3. Construction of Health Indicator Parameter Set for Lithium-Ion Batteries

In summary, the process of incremental capacity analysis and health indicator parame-
ter set construction first employs the SOC range commonly observed during actual lithium
battery operation to perform incremental capacity analysis, thereby identifying voltage
intervals for extracting highly correlated health indicators. Within these extracted voltage
intervals, the capacity increment is obtained. Subsequently, local Q-V curve similarity and
segment voltage curve similarity are calculated based on the DTW distance. The three
types of health indicators obtained through this procedure collectively form the health
indicator parameter set.
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3. GBRT-Based Lithium Battery SOH Estimation Method
3.1. Principles of the GBRT Algorithm

Gradient-boost regression tree (GBRT) is an iterative classification tree algorithm
composed of multiple regression trees, where the conclusions of all trees are aggregated
to produce the final answer. Due to its strong generalization capabilities, it has garnered
significant attention in recent years [34].

The core of the GBRT algorithm model lies in the fact that each regression tree is not
trained on the same dataset, but instead learns from the residuals of the previous regression
trees. This enables the model to progressively reduce estimation errors through multiple
regression trees.

The GBRT algorithm model construction process is shown in Figure 6, with the specific
steps as follows:

1. Train a regression tree using the input dataset D = {(x1,y1), (x2,¥2), .-, (X;, ¥i), -,

(xn, yn) }
2. Calculate the gradient for the health indicator x;, used in the m-th regression tree.
C— _[aL(]/irf(xi))] (1)
mi af(xl) fx)=fn-1(x)

3.  Based on the computed 7y, ; values, a new regression tree is fitted to obtain the leaf
node region R for the m-th regression tree, wherej=1,2, ..., ].
4. Foreachnoderegionj=1,2,..., ], compute the output value Rm,j on each region.

Cp,j = arg min Z L(yi, fu—1(x;) +¢) (2)
pe ,'ER,,,’]‘

Here, L denotes the loss function, which represents the difference between the model’s
computed value and the training label value.

5. Update to form a new regression tree.
/
fn(x) = fue1(x) + ) cmj )
j=1

6. Combine the trained regression trees to obtain the GBRT algorithm model.

The GBRT model was implemented using decision trees as weak learners. The maxi-
mum tree depth was limited to 3-5 to avoid overfitting, the learning rate was set to 0.05-0.1,
and the number of estimators ranged from 100 to 300. These hyperparameters were se-
lected using a grid search combined with k-fold cross-validation on the training dataset,
with RMSE as the optimization criterion. Compared to other regression algorithms, the
GBRT algorithm model can flexibly handle various types of data, including continuous
and discrete values. Compared to simpler algorithm models like decision trees, the GBRT
algorithm model achieves higher prediction accuracy by leveraging the collaboration of
multiple regression trees. Compared to complex algorithm models such as neural networks,
the GBRT algorithm can significantly reduce the time required for model training while
achieving comparable accuracy.
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Figure 6. Flowchart of GBRT model construction and application.
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3.2. SOH Estimation Model Method Design for Lithium-Ion Batteries

In this section, GBRT model structures are designed based on the health indicator
dataset structures of the Oxford and CALCE datasets, as illustrated in Figure 7.
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(1) Structural design of the SOH estimation model for the Oxford dataset

The health indicators in the Oxford dataset are distributed across three voltage ranges:
3.81-3.84 V, 3.93-3.96 V, and 4.07—4.14 V. Therefore, based on the GBRT algorithm, one
regression tree is trained for each voltage range, resulting in a total of three regression trees
that collectively form the GBRT model.

(2) Structure design of the SOH estimation model for the CALCE dataset

A total of three health indicators are extracted from the CALCE dataset, all within the
same voltage range. Therefore, a separate regression tree is trained for each of the three
health indicators, which are then combined into a GBRT algorithm model.

4. Experimental Analysis and Discussion
4.1. Lithium Battery Health Indicator Extraction and Correlation Analysis

Correlation analysis is performed on the three types of health indicators extracted from
the Oxford and CALCE datasets. Health indicators with an absolute Pearson correlation
coefficient greater than 0.8 are selected for SOH estimation.

4.1.1. Health Indicator Extraction and Correlation Analysis of the Oxford Dataset

The Oxford dataset extracted three health indicator voltage intervals. The calculated
parameters—capacity increment, local QV curve similarity, and segment voltage curve
similarity—for these three health indicator voltage intervals, along with their correlation
coefficients with battery SOH, are shown in Tables 1-3.

Table 1. Pearson correlation coefficients for capacity increments across voltage ranges.

Voltage Interval Pearson Correlation Coefficient p-Value
3.81~3.84 V 0.9876 0
3.93~3.96 V —0.9012 0.1359 x 10~/
4.07~4.14V 0.9768 0

Table 2. Pearson correlation coefficients for local QV curves.

Voltage Interval Pearson Correlation Coefficient p-Value
3.81~3.84 V —0.9479 1.6674 x 10738
3.93~3.96V —0.4415 6.5351 x 107>
407~4.14V —0.5805 3.8733 x 108
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Table 3. Pearson correlation coefficients for fragment voltage.
Voltage Interval Pearson Correlation Coefficient p-Value
3.81~3.84V —0.9720 2.8284 x 10748
3.93~3.96 V —0.8236 6.6878 x 1020
4.07~4.14V —0.9530 3.9706 x 1040

Combining the three categories of health indicators extracted from the respective
intervals described above, this dataset utilizes a total of seven lithium battery charging
process health indicators, as shown in Table 4.

Table 4. Summary of health indicators in the Oxford dataset.

Voltage Interval Health Indicator Name Correlation Coefficient Sign
Incremental capacity 0.9876 AQy

3.81~3.84V Curve similarity —0.9720 dy1
QV curve similarity —0.9479 dgon

Incremental capacity —0.9012 AQy

3.93~3.96 V

Curve similarity —0.8236 dyo

Incremental capacity 0.9768 AQ3

4.07~4.14V Curve similarity —0.9530 dys3

4.1.2. Health Indicator Extraction and Correlation Analysis of the CALCE and
Oxford Dataset

The computational methods for extracting health indicators in the CALCE dataset are
identical to those used in the Oxford dataset, with the results presented in Table 5.

Table 5. Summary of health indicators in the CALCE Dataset.

Health Indicator Name Correlation Coefficient Sign
Incremental capacity 0.9377 AQ
Curve similarity —0.9097 dooy
QV curve similarity —0.8019 dy

4.2. SOH Estimation Experimental Results and Performance Analysis
4.2.1. SOH Estimation Results for the Oxford Dataset

The Oxford dataset comprises a total of eight batteries. Four batteries are randomly
selected to form the model training set, designated Cell 1, Cell 2, Cell 3, and Cell 7. The
remaining four batteries constitute the model test set, designated as Cell 4, Cell 5, Cell 6,
and Cell 8.

The GBRT model’s SOH estimation performance across four batteries is shown in
Table 6. This study employs five performance metrics: Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean Square Error
(MSE), and R?. The corresponding formulas are presented in Equation (4).

Table 6. Summary of estimation errors for the Oxford dataset.

Cell Number Cell 4 Cell 5 Cell 6 Cell 8
RMSE (%) 1.73 3.08 3.00 2.01
MAE (%) 0.62 0.90 1.05 0.75
MAPE (%) 0.69 0.98 1.15 0.88
MSE (%) 0.07 0.13 0.12 0.13

R? 0.9831 0.9388 0.9414 0.9812
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Here, §; denotes the SOH estimate for the i-th cycle, y; denotes the measured SOH
value for the i-th cycle, and ¥; denotes the average of the measured SOH values for the
i-th cycle.

The SOH estimation results for four test cells in the Oxford dataset are shown in
Figure 8. It can be observed that the GBRT model achieves accurate SOH estimation for
all four cells, with RMSE values below 3.08% and R? values above 0.93. Considering the
results across all four cells, the model performs slightly worse during the initial stages
of battery operation compared to the mid-to-late stages. After the first few data points
with relatively larger errors, the model provides accurate SOH estimation throughout
subsequent charge—discharge cycles. The relatively larger errors observed in the first few
data points are attributed to the early stage of battery life, during which degradation-
induced electrochemical changes are weak and the incremental capacity features exhibit
only limited variation across cycles.
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Figure 8. SOH estimation results and RMSE distribution for (a) Cell 4, (b) Cell 5, (c) Cell 6, and
(d) Cell 8 in the Oxford dataset.

4.2.2. SOH Estimation Results for the CALCE Dataset

The CALCE dataset used in this paper comprises six batteries. Three batteries—Cell b,
Cell g, and Cell h—were randomly selected as training data. The remaining three batteries—
Cell d, Cell e, and Cell f—served as test data. The SOH estimation results for the three test
batteries are shown in Figure 9 and Table 7. Considering that several estimation errors
exhibit similar patterns, Table 7 only presents the RMSE and R? values.
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Figure 9. SOH estimation results and RMSE distribution for (a) Cell d, (b) Cell e, and (c) Cell £ in the
CALCE dataset.

Table 7. Summary of estimation errors for the CALCE dataset.

Cell Number Cell d Cell e Cell £
RMSE (%) 2.08 2.64 2.02
R? 0.9758 0.9666 0.9780

Due to the large number of sampling points in the CALCE dataset itself, which
exhibits significant fluctuations and noise, coupled with the narrow extraction range for
the health indicator (0.07 V voltage interval), training the GBRT model still achieves high
SOH estimation accuracy. The RMSE for all three batteries remains around 0.02, with R?
values exceeding 0.96. Cell d exhibits a pronounced capacity regeneration phenomenon
between the 1000th and 1300th cycles. Within this interval, the battery SOH still correlates
with the health indicators extracted in this study, and the model is able to accurately
estimate SOH even in the capacity regeneration region. This behavior is mainly attributed to
capacity regeneration phenomena and relaxation effects, which may temporarily mask long-
term degradation trends. Under such conditions, the extracted health indicators exhibit
reduced sensitivity to SOH, leading to increased estimation uncertainty. In noisy laboratory
environments, measurement fluctuations further exacerbate this issue by introducing
spurious variations into incremental capacity-based features.

4.2.3. Laboratory Data SOH Estimation Results

All laboratory data used in this study are obtained in the laboratory. The battery
degradation data are collected from three lithium iron phosphate (LFP) batteries with a
voltage range of 2-3.65 V and a nominal capacity of 10 Ah. To acquire degradation data,
the batteries undergo cycling tests under three different operating conditions, as detailed
in Table 8. Among the three batteries, two are randomly selected as training data, denoted
as Cell exp1 and Cell exp2, while the remaining battery, Cell exp3, is used as test data.
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Table 8. Laboratory condition design.

Cycling Condition
Cell Number Periodic Measurement
Temp Rate Cyc
expl 45°C 05C 120 1
S Periodic measurements were
exp2 45°C 0.75C 120 conducted every 10 cycles.
exp3 45°C 1C 120 1

Incremental capacity analysis is first performed on the selected charging segment of
this study (SOC in the range of 0.43-0.97, voltage in the range of 3.42-3.56 V) at 0.01 V
intervals. The laboratory battery dataset is similar to the CALCE dataset described in
Section 2.3. The Pearson correlation coefficient between the capacity change in each 0.01 V
voltage interval and battery SOH is then calculated. As shown in Figure 10a, the voltage
interval where the absolute Pearson correlation coefficient exceeds 0.8 is 3.44-3.56 V. A
comparison with the complete charging curve is presented in Figure 10b. It is evident that,
for the laboratory dataset, a voltage interval of only 0.12 V is sufficient for extracting the
health indicators. The capacity increment within this voltage interval is calculated and
used as the first-class health indicator.

1.0 — T T T T T T T T T T T T
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(b)
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0.8
0.7 Feature extraction voltage range 1 ——>
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Figure 10. (a) Pearson correlation coefficients. (b) Voltage interval comparison chart.

The health indicators extracted from the laboratory data are identical to those extracted
from the CALCE dataset, totaling three indicators within the same voltage range. Therefore,
a separate regression tree was trained for each of the three health indicators, which were
then combined into a GBRT algorithm model.

The SOH estimation results for the tested batteries are shown in Figure 10 and Table 9.
Considering that several estimation errors exhibit similar patterns, Table 9 only uses the
RMSE and R?.

Table 9. Summary of estimation errors for laboratory datasets.

Cell Number Cell expl
RMSE (%) 1.98
R? 0.8539

The SOH estimation results for the test cell in the laboratory dataset are shown in
Figure 11. Due to the relatively high number of sampling points, larger noise, limited
data volume, and the occurrence of capacity regeneration in the later cycles, the dataset
is more challenging. Nevertheless, the GBRT model achieves accurate SOH estimation
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for this test cell, with an RMSE below 2.0% and an R? above 0.83. Considering the SOH
estimation results across all three datasets, the GBRT model performs slightly worse during
the initial stages of battery operation compared to the mid-to-late stages. After the first
few data points with relatively larger errors, the model provides accurate SOH estimation
throughout subsequent charge—discharge cycles, demonstrating both its accuracy and
practical applicability.

0.04
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-
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) {000 =
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Cyc
Figure 11. SOH estimation results for Cell exp 3 in the laboratory dataset.

4.3. Comparative Analysis with Other Methods

Taking the Oxford dataset as an example, this section compares the GBRT algorithm
model used in this paper with commonly used SOH estimation algorithms, including
linear regression (LR), a support vector machine (SVM), gradient-boosted trees (GBT),
gaussian process regression (GPR), and back-propagation (BP) neural networks—a total of
six algorithm models. A comparative analysis of the training time and prediction accuracy
for each algorithm model is presented.

The training time of each SOH estimation model is recorded, as shown in Figure 12.
The GBRT model, GBT model, and linear regression model have relatively simple structures
and therefore require shorter training times; for the Oxford dataset with limited data
volume, all three models complete training in less than one second. In contrast, the
gaussian process regression model, BP neural network model, and SVM model have higher
structural complexity, resulting in training times exceeding 2 s.

12 b

®)

1me
o

t
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(=)}
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Figure 12. Model training time comparison.
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The estimation performance of various SOH estimation models on four test batteries
is shown in Figure 13. Taking the RMSE as an example, the estimation errors across the
four batteries are illustrated in Figure 14. It can be observed that the GBRT model achieved
estimation accuracy comparable to the optimal model on all four batteries.
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Figure 13. Model estimation results for (a) Cell 4, (b) Cell 5, (c) Cell 6, and (d) Cell 8 in the
Oxford dataset.

Cell4 ——GBrT

Cell 8

Cell 5

Cell 6

Figure 14. Radar chart of estimation errors for various SOH estimation models.

Considering both estimation accuracy and training time, the GBRT estimation model
achieves a training duration comparable to that of the GBT and linear regression models.
Compared with the GBT model, which has the shortest training time, the GBRT model
increases training time by only 6.5%, while its SOH estimation accuracy (taking Cell 4 in
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the Oxford dataset as an example) outperforms the best linear regression model among
the two alternatives. Specifically, the RMSE is reduced by 0.0049, corresponding to a 38.9%
decrease relative to the linear regression model, indicating that the GBRT model can achieve
higher SOH estimation accuracy while maintaining rapid computation. Compared with
the gaussian process regression (GPR), BP neural network, and SVM models, the GBRT
model achieves the highest estimation accuracy, slightly outperforming the other three
models. In terms of training time, however, the GBRT model is significantly faster than
these alternatives: training time is reduced by 57.6% compared with the fastest GPR model,
and by 91.9% compared with the slowest SVM model. Taking into account the minimal
voltage intervals required for health indicator extraction and the relatively fast training
time, the GBRT estimation model constructed in this study can provide rapid and accurate
SOH estimation for lithium-ion batteries while maintaining high precision.

5. Conclusions

During long-term operation of lithium-ion batteries, rapid and accurate SOH estima-
tion is crucial for ensuring battery safety and reliability, providing important guidance
for the scientific maintenance and management of battery systems. To achieve accurate
and interpretable SOH estimation, this study presents a practical and robust SOH estima-
tion framework based on incremental capacity analysis, curve similarity, and GBRTs. By
statistically identifying frequently occurring charging voltage regions and extracting SOH-
sensitive health indicators from a narrow voltage window, the proposed method achieves
high estimation accuracy with significantly reduced data and computational requirements.
Validation on public datasets and laboratory data demonstrates strong robustness against
measurement noise and capacity regeneration, highlighting its suitability for real-world
applications. The main contributions of this study are as follows:

(1) To address the challenge of extracting highly sensitive health indicators during actual
lithium-ion battery operation, The charging behavior of batteries in practical usage
is first analyzed to identify feasible voltage intervals for health indicator extraction.
Incremental capacity analysis was then used to determine the specific voltage intervals
for extracting these indicators. Based on incremental capacity and DTW distance, three
types of health indicators—interval capacity increment, local Q-V curve similarity,
and segment voltage curve similarity—were extracted and their Pearson correlations
analyzed on the Oxford and CALCE datasets. The health indicator extraction method
proposed in this study requires only 0.13 V and 0.07 V voltage intervals on the Oxford
and CALCE datasets, respectively, to construct the health indicator parameter sets.

(2) Using the extracted health indicators, a GBRT-based SOH estimation model was
developed. On the Oxford dataset, the proposed method achieves an RMSE around
2.5%, with a minimum RMSE of 1.73%. On the CALCE dataset, the RMSE remains
around 2.0. Laboratory validation further demonstrates that the proposed method
maintains an RMSE below 5.0, confirming its robustness across different battery types
and degradation patterns.

(3) Compared with mainstream SOH estimation models, including linear regression,
SVM, GPR, and BP neural networks, the GBRT-based model achieves comparable
or superior estimation accuracy while significantly reducing computational cost.
Specifically, the training time of the GBRT model is reduced by 57.6% compared with
GPR and by 91.9% compared with SVM, while increasing by only 6.5% relative to
simple boosting trees. Meanwhile, the SOH estimation error is reduced by up to
38.9% compared with linear regression, demonstrating a favorable balance between
accuracy and efficiency.
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Future work will focus on adaptive voltage window selection and multi-feature fusion,
enabling the method to further enhance robustness and applicability.
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