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Abstract

Accurate state of health (SOH) estimation for lithium-ion batteries (LIBs) is essential to ensure
operational safety and reliability. However, most of existing SOH estimation studies are
conducted under the assumption of complete battery charging data, which are not applicable to
practical applications. Partial charging conditions and cell-to-cell degradation variability bring
significant challenges for accurate online SOH estimation for LIBs. To address these issues, this
paper proposes an enhanced uncertainty-weighted Bayesian-fusion sequential variational
Gaussian mixture regression (BF-SVGMR) framework to improve SOH estimation accuracy
and robustness under partial charging conditions, integrating historical degradation priors and
incomplete charging curves into consideration. Firstly, the probabilistic relationship between
extracted partial-charging features and historical capacity information is modeled, and the
current-cycle capacity prediction with its uncertainty is then obtained using SVGMR. A prior
representing the historical capacity degradation trend is then constructed from the previously
observed capacity sequence using a sliding-window strategy. To realize online updating of
priors, an uncertainty-weighted Bayesian online correction method is presented. Comparison
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experiments are conducted on two different datasets to verify the efficiency of the proposed
framework. Results indicate that the proposed BF-SVGMR framework is superior to baseline
methods, presenting excellent performance under partial charging conditions

Keywords: Lithium ion battery, SOH estimation, Incomplete charging curve, SVGMR,

Bayesian fusion, on-line correction

1. Introduction

With the rapid development of new energy transportation,
electrochemical energy storage and smart grid, lithium-ion
batteries (LIBs) are widely used in electric vehicles, energy
storage systems, and ship power systems due to their high
energy density, long cycle life and low self-discharge rate
[1-3]. However, LIBs inevitably degrade during prolonged
charge—discharge cycling. Internal electrochemical reactions,
loss of active materials, impedance growth, and increased
polarization gradually reduce the available capacity and power
capability. Battery performance degradation will not only
reduce the efficiency of the system, but also bring security
risks. Therefore, accurate assessment of battery health status is
of great significance for ensuring the safe operation of the bat-
tery system, prolonging the service life and optimizing main-
tenance decisions. Previous studies have pointed out that state
of health (SOH) is an important indicator of battery health in
battery management systems, which can usually be character-
ized by the ratio of current capacity to initial capacity [4].

In the battery management system (BMS), SOH estima-
tion is an important basis for state estimation, life predic-
tion and operation optimization. Accurate SOH estimation
can provide a key basis for battery remaining usable capacity
judgment, charge—discharge strategy optimization, remaining
useful life (RUL) prediction and echelon utilization evalua-
tion. Especially in electric vehicles and energy storage sys-
tems, the degree of battery degradation directly affects vehicle
endurance, system economy and whether the battery needs to
be replaced or decommissioned [5, 6]. Previous studies have
shown that accurate estimation of SOH and RUL can improve
battery safety, reliability and life management capabilities,
which is one of the key functions of intelligent

BMS [2, 7].

At present, SOH estimation methods for LIBs mainly
include direct test methods, model-driven methods, and data-
driven methods [8—10]. Direct testing methods obtain battery-
state information through standard capacity tests, cycling-
aging tests, or disassembly analysis. Although accurate, these
methods are time-consuming and costly, making them unsuit-
able for online applications. The model-driven method mainly
describes the internal state of the battery through the equiva-
lent circuit model, electrochemical model or empirical degra-
dation model, and combines the parameter identification or fil-
tering algorithm to estimate the SOH. For example, the method
based on electrochemical impedance spectroscopy and equiv-
alent circuit model can use impedance parameters to reflect
battery degradation information, and combined with methods

such as Gaussian process regression (GPR), high-precision
SOH estimation can be achieved [11].

Compared with the model-driven method, the data-driven
method does not need to establish a complex electrochemical
mechanism model, but extracts health features from data such
as voltage, current, temperature, SOH, incremental capac-
ity curve or impedance spectrum, and uses machine learn-
ing or deep learning models to establish the mapping rela-
tionship between features and SOH [12, 13]. The commonly
used methods include support vector regression (SVR), GPR,
convolutional neural network (CNN) , long short-term mem-
ory (LSTM) and Transformer [14—16]. In recent years, deep
learning methods have been widely used in SOH estimation,
which can automatically extract nonlinear features from com-
plex time series data. For example, some studies have used
historical state information and future load information to
construct attention-based multisource sequence-to-sequence
models to predict SOH under different load conditions [17];
there are also studies that convert incremental capacity curves
into image features and combine CNN-LSTM-eXtreme gradi-
ent boosting framework for SOH estimation [18].

However, most existing methods still have some shortcom-
ings in practical applications. First of all, The charging pro-
cess in practical applications is often affected by various fac-
tors such as user behavior, state of charge (SOC) at the begin-
ning and end of charging, ambient temperature and working
conditions [19, 20]. It is difficult to obtain a complete stan-
dard charging curve stably, which makes it difficult for many
methods relying on complete charging and discharging data to
be directly applied to online scenarios. Secondly, some data-
driven methods mainly rely on the current cycle characteris-
tics to predict, and the historical capacity degradation trend
of the target battery is not fully utilized. In fact, the battery
capacity degradation has obvious time continuity. The current
SOH is not only related to the characteristics of the current
charging curve, but also closely related to the capacity change
trend of the previous cycles. Previous studies have also shown
that historical state information plays an important role in SOH
prediction [17, 21].

In addition, a single model is easily affected by sample
size, working condition changes and individual differences of
batteries in complex degradation processes and cross-battery
applications, resulting in insufficient generalization ability.
In recent years, methods such as physical information neu-
ral network, hybrid model, basic model and transfer learning
have gradually attracted attention. Relevant research shows
that introducing physical constraints, electrochemical mech-
anism or cross-domain knowledge into the model can help
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improve the accuracy, interpretability and generalization abil-
ity of SOH estimation [22-24]. However, these methods are
usually complex in structure and have high requirements on
data scale, computing resources or model design.

Therefore, developing an SOH estimation method that can
effectively use limited charging-curve information and his-
torical degradation trends while enabling online correction
remains an important research topic, particularly when pre-
diction stability and model interpretability are both required.
SVGMR provides a probabilistic regression framework for
battery SOH estimation under incomplete charging conditions.
By jointly modeling the charging-curve features and battery
capacity, SVGMR can infer the capacity distribution even
when part of the charging information is unavailable [25].
However, the original SVGMR framework mainly relies on
the current-cycle charging features, while the historical degra-
dation trajectory of the target battery is not explicitly incor-
porated into the prediction process. To address this limitation,
this study introduces a historical capacity degradation trend
prior into the SVGMR framework and adaptively fuses the
current-cycle prediction with the historical trend prediction
through an uncertainty-weighted Bayesian fusion mechanism.
In this way, the proposed method improves the accuracy, sta-
bility, and generalization ability of SOH estimation under par-
tial charging conditions.

In view of above problems, this study takes the SOH esti-
mation of LIB under the condition of incomplete charging
curve as the research object. Based on the original SVGMR
method, a Bayesian fusion online correction method based on
historical capacity degradation trend prior is proposed. This
method uses the modeling ability of SVGMR to incomplete
charging curve, and first obtains the observation and predic-
tion results of the current cycle based on characteristics of
the charging curve. Then, the degradation trend prior is con-
structed according to the historical capacity sequence of the
target battery. Finally, the observation prediction and histori-
cal prior are adaptively weighted by Bayesian fusion mecha-
nism, so as to realize the online correction of SOH prediction
results. The main research content of this paper are as follows:

Firstly, the SOH estimation mechanism of the original
SVGMR method under the condition of incomplete charg-
ing curve is studied. This paper analyzes the three models
of SVGMR-C, SVGMR-A and SVGMR-O, and points out
that although they can make use of incomplete samples and
online update mechanism, the explicit utilization of the his-
torical capacity degradation trend of the target battery is still
insufficient.

Secondly, a prior of historical capacity degradation trend is
constructed, and a Bayesian fusion online correction method is
proposed. This paper uses the historical capacity sequence of
the target battery to estimate the current cycle capacity change
trend, and combines the SVGMR prediction results and their
uncertainties for Bayesian fusion, so that the final prediction
results take into account the current charging curve informa-
tion and historical degradation trend information.

Thirdly, experimental verification is carried out on NASA
and CALCE datasets. In this paper, the prediction accuracy,
stability and generalization ability of the proposed method are

systematically evaluated by prediction curve comparison, root
mean square error (RMSE) analysis, absolute error trend anal-
ysis, ablation experiment, leave-one-cell cross-validation, tra-
ditional machine learning model comparison.

The main contribution of this study are summarized as
follows:

(1) A historical degradation trend prior is introduced into the
SVGMR framework. By using the previously observed
capacity sequence of the target battery, the proposed
method explicitly incorporates temporal degradation
information into current-cycle SOH estimation.

(2) An uncertainty-weighted Bayesian fusion strategy is
developed to combine the SVGMR observation prediction
and the historical degradation prior. The fusion weights
are adaptively determined according to predictive uncer-
tainties of the two information sources, thereby improving
the robustness of online SOH estimation.

(3) The proposed Bayesian-fusion sequential variational
Gaussian mixture regression (BF-SVGMR) framework
is systematically validated under incomplete charging
conditions. Experiments on NASA and CALCE datasets,
together with ablation studies and comparison with base-
line models, demonstrate the effectiveness and generaliza-
tion ability of the proposed method.

The remainder of this paper is organized as follows.
Section 2 introduces theoretical basis and the original SVGMR
method, including the relationship between charging curve
characteristics and capacity degradation, the basic idea of
SVGMR, and the three model forms of SVGMR-C, SVGMR-
A and SVGMR-O, which lays a foundation for the improve-
ment of subsequent methods. Section 3 proposes a Bayesian
fusion online correction method based on the historical capac-
ity degradation trend prior, focusing on the historical trend
prior construction, Bayesian fusion mechanism and the over-
all algorithm flow. Section 4 introduces the experimental
design and evaluation indicators, including the description
of NASA and CALCE datasets, data preprocessing and fea-
ture construction, experimental settings, comparison meth-
ods, RMSE, mean absolute error (MAE) and other evaluation
indicators. Section 5 gives experimental results and analysis,
mainly based on the prediction curve, error index, ablation
experiment, cross validation, machine learning model com-
parison and CALCE generalization verification to evaluate the
effectiveness of the proposed method. Section 6 summarizes
this paper and discusses the shortcomings and possible future
research directions.

2. Theoretical basis and SVGMR method

2.1. Relationship between charging-curve features and
capacity degradation

LIBs will gradually age during recycling, showing a decrease
in available capacity. At the same time, the charging volt-
age curve will also shift with the battery degradation, so the
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charging curve contains SOH-related information. The origi-
nal SVGMR method uses the charging curve to estimate the
degradation state of the battery.

From a physical point of view, as a battery degrades, its
internal polarization and impedance will change, which will
be reflected in the shape, slope, and voltage plateau of the
charging curve. Therefore, the charging curves under differ-
ent cycles can be used as an important source of information
to describe the health status of the battery. The subsequent
method of this paper is also based on the characteristics of the
charging curve, and further combines the historical capacity
degradation trend to achieve SOH online estimation.

2.2. Original SVGMR method

The core idea of the original SVGMR method is to jointly
model the charging curve feature (x) and capacity (c), rather
than directly establish a simple input—output regression rela-
tionship. Its joint distribution can be expressed as:

K
p(X,c) = ZWkN(ch | :uk’zk)v

k=1

ey

where K is the number of Gaussian components, 7 is the
mixed weight, and p;, and X represent the mean vector and
covariance matrix of the kth Gaussian component, respec-
tively. After the model training is completed, the current cycle
capacity can be estimated by the conditional distribution p(c |
x), and the estimation uncertainty can be obtained. Since this
method adopts a probabilistic modeling framework, even if
the charging curve is partially missing, the capacity can be
inferred based on the observed curve segments.

The original SVGMR method mainly includes three vari-
ants: SVGMR-C, SVGMR-A, and SVGMR-0O. SVGMR-C
uses complete charging-curve samples with capacity labels for
model training. SVGMR-A further incorporates incomplete or
unlabeled charging-curve samples through variational infer-
ence. SVGMR-O introduces an online updating mechanism,
enabling the model to be sequentially adjusted when new sam-
ples are available. The main differences among SVGMR-C,
SVGMR-A, and SVGMR-O are summarized in table 1.

3. Methodology

To improve the SOH estimation accuracy of LIBs under
incomplete charging conditions, this study extends the
SVGMR framework by incorporating a historical capacity
degradation trend prior and develops a Bayesian fusion-based
online correction scheme.

The overall process of the proposed method is shown in
figure 1, which mainly includes three parts. First, the SVGMR
model is used to estimate the distribution of capacity val-
ues conditional on the features extracted from the incom-
plete charging curve of the current cycle. Second, the degra-
dation trend prior distribution is constructed according to the
observed historical capacity sequence of the target battery.
Finally, the uncertainties of the two information sources are

weighted through Bayesian fusion to obtain the final SOH esti-
mation result.

Compared with the original SVGMR method, the proposed
method not only utilizes the current cyclic charging charac-
teristics, but also further considers the temporal degradation
trend of the target battery capacity over cycles. Therefore,
this method can improve the prediction accuracy of SOH and
enhance the stability of prediction results under the condition
of incomplete charging data. Figure 1 illustrates the overall
framework of the proposed method.

3.1 Overview of the methodology

The method proposed in this paper is composed of three parts:
SVGMR observation prediction branch, historical capacity
degradation trend prior branch and Bayesian-fusion online
correction module.

For the mth cycle, the available input information consists
of the current-cycle incomplete charging-curve feature vector
and the historical capacity sequence observed before the cur-
rent prediction, which can be represented as

@)

{xm;Ctha"'acm—l}a

where x,, denotes the feature vector extracted from the
incomplete charging curve of the current cycle, and
{c1,¢2,...,cm—1} denotes the historical real capacity sequence
obtained before the prediction of the mth cycle. Specifically,
x,, is constructed from the charging voltage-time curve and
contains several health-related features that describe the volt-
age level, charging duration, voltage variation, and curve-
shape evolution. The detailed feature extraction procedure is
described in section 4.2.

The current-cycle feature vector x,, is used as the first type
of information and is processed by the SVGMR observation
prediction branch to infer the current-cycle capacity distri-
bution. The historical capacity sequence {c,c,...,Cn—1} is
used as the second type of information and is processed by
the historical degradation trend prior branch to describe the
recent capacity degradation trend of the target battery. Finally,
the Bayesian fusion module combines the SVGMR observa-
tion prediction with the historical degradation prior to obtain
the posterior SOH estimation.

The module calculates the recent capacity decline trend
according to the historical capacity sequence, and constructs
the prior distribution of the current cycle capacity. Finally, the
Bayesian fusion module fuses the SVGMR observation pre-
diction distribution with the historical trend prior distribution
to obtain the posterior distribution, and takes its mean value as
the final SOH estimation result. Therefore, the method used in
this study can be summarized as follows:

X — €O, 3)
)
®)

rior
C1,CQ,...7Cm71—>C£Jn ’
obs prior post
Cp FCp —Cy,

where ¢ represents the observation prediction results
obtained by SVGMR, c},"”" represents the degradation trend
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Table 1. Comparison of three variants of SVGMR method.

Method Service data Feature

SVGMR-C Complete charging curve and capacity label basic model

SVGMR-A Complete samples + incomplete/unlabeled samples Using incomplete sample information
SVGMR-O Complete samples + new samples Support online update

Capacity Prior mean

difference

Sliding-window
statistics/
trend analysis

Hprior = Cm-1
+average
degration rate

Aci=¢;—€iyq

. s gy : . pprior 2
Prior distribution: C7, ~u(upr,-or, apr,-or)

1 2 i
Bypriors Oprior

Gprior = Var(Ac)
N

(a) Data Input and SVGMR Observation Prediction
Vs - ~N SVGMR Observation Prediction
o Incomplete charging curve/current-cycle
feature vector x,, S
/ e SVGMR models Joint modeling Cond. Inference Observation pred
X = - """"" - p (x’ ¢ ) pleylx,) distribution
SVGMR-C canNK( o2
. / SVGMR-A c P(Clx) A e Ot
N SVGMR-O
9 Historical capacity sequence
CpCopereCpp g
2
g .—ﬂ——g__'__.__’__.
B »
5 » »
[ . mA m X C
g Cycle index J T
1
(b)Historical Degradation Trend Prior and Bayesian Fusion i
i i N Final SOH estimate
Historical degradation trend prior branch mayeslanoniinelcorrection C=pn
———— post
e T ——— 2 2
i —=  Sliding window(W) B = Oprior?obs
Pril i post — 2 2
— - - Tior variance apriur + a-obs

2 2
O5bsMobs T OpriorMobs

2 2
Oprior T Oobs Output: SOH prediction
and uncertainty

Lower uncertainty receives
higher weight

(I"post' O-zzwst)

(¢)Online Causal Update Strategy

Historical capacity sequence
‘When predicting the m-th cycle,
only true capacities from cycles 1
to m—1 are used.
After obtaining c,, the historical
capacity sequence is updated for
the next-cycle prediction.

c < .

Prediction for
m-th cycle

7 2
Hpost: Opost
P! P

After observing

Update sequence
true C,, 8 4

Inputs to
next cycle

Repeat for the (m+1)-th cycle

Figure 1. Overall framework of the proposed Bayesian-fusion online correction method based on historical capacity degradation trend
prior. The framework consists of three modules: (a) data input and SOH estimation with SVGMR, where the incomplete charging curve
feature vector x,, is used to infer the capacity distribution; (b) historical degradation trend prior and Bayesian fusion, where the historical
capacity sequence ci,c2,...,Ccn—1 1s used to construct the degradation prior and fused with the SOH estimation obtained by SVGMR
through uncertainty-weighted Bayesian correction; and (c) online causal update strategy, where only true capacities before the mth cycle are
used for prediction, and the historical sequence is updated after observing c;,.

prior obtained by the historical capacity sequence, and chy*

represents the posterior estimation results after Bayesian
fusion.

3.2. Observation predictive distribution of SVGMR

The SVGMR model uses the Gaussian mixture model to
model the joint distribution between the charging curve char-
acteristics and the battery capacity. For the incomplete charg-
ing curve feature x,, of the current cycle, SVGMR can per-
form conditional inference under the joint probability model
to obtain the prediction result of the current cycle capacity.

In this method, the SVGMR output is not only regarded as
a single-point prediction value, but is expressed as an obser-
vation estimation distribution with uncertainty:

C;)nbs ~N (Nobs,o'gbs) 5 (6)

where b5 represents the mean value of SVGMR’s estimation
of the capacity of the mth cycle, and o2, represents the uncer-
tainty of the prediction results.

Since the charging curve may be missing or truncated in
practical applications, the advantage of SVGMR is that it
can process incomplete input features under the framework
of probability model. Specifically, the model does not need
to complete the incomplete charging curve first, but can use
the observed feature information to infer the condition and
directly obtain the capacity estimation distribution.

As shown in the SOH estimation obtained by SVGMR
branch in figure 1, the incomplete charging-curve feature x,,
of the current cycle is first input to SVGMR-C, SVGMR-A,
or SVGMR-O. Then, the joint distribution p(x,c) is modeled,
and the conditional inference p(cy|x,,) is performed to esti-
mate the capacity distribution ¢°. This distribution provides

m
observation information for subsequent Bayesian fusion.
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Figure 2. Sensitivity analysis of sliding-window width for
balancing SOH prediction accuracy and online update efficiency.

3.3. Construction of historical capacity trend prior

Although SVGMR can estimate capacity from the current
charging characteristics, LIB capacity degradation exhibits
clear temporal continuity. Typically, the capacity of the mth
cycle is not likely to deviate significantly from the degradation
trend observed in previous cycles. Therefore, relying solely on
the current cycle charging characteristics may not be able to
make full use of the historical degradation law of the target
battery itself. To this end, this paper introduces the histori-
cal capacity degradation trend prior. When predicting the mth
cycle, the known historical capacity sequence is:

C17027---acm—17 (7)

where c,,—; is the latest real capacity that can be obtained
before the current prediction time. In order to characterize the
capacity degradation trend, we first calculate the capacity dif-
ference between adjacent cycles:

AC,‘ =Ci —Ci—1, (8)

where Ac; represents the capacity variation between the i — 1
cycle and the i cycle, which can be understood as the local
capacity degradation rate.

Considering that the capacity change of the earlier cycle
may not accurately reflect the current degradation state, this
paper uses the sliding window method to extract the capacity
change trend of the latest L cycles.

To determine the window width, as shown in figure 2, a
sliding-window sensitivity analysis was conducted by testing
L =3 —80 cycles. The results show that the prediction error
decreases rapidly as L increases from small values and then
enters a stable region after approximately L = 40. Therefore,
the window width is set to L =40 in this study, which pro-
vides a balance between prediction accuracy and local trend-
tracking ability. The sliding step length is set to one cycle
because the proposed method performs SOH estimation cycle
by cycle. After the true capacity of the current cycle is
observed, the historical capacity sequence is updated, and the
sliding window moves forward by one cycle for the next-cycle
prediction.

Let the mean value of capacity difference in the nearest
window be:

m—1
— 1
Ac=7 > Ac. ©)

i=m—L

Then the prior mean of the mth cycle capacity can be
expressed as:

Hprior = Cm—1 + Ac. (10

The formula shows that the capacity of the next cycle can
be obtained by adding the capacity of the previous cycle to the
recent average capacity change. At the same time, to describe
the uncertainty of the historical degradation trend, this paper
uses the variance of the capacity differences within the sliding
window to construct the prior variance:

o2, = Var(Ac). (11)

prior

When the recent capacity change is relatively stable, ogﬁor

is smaller, indicating that the historical trend prior is more
reliable. When the capacity change fluctuates greatly, af)rior is
larger, indicating that there is a strong uncertainty in the his-
torical trend.

Therefore, the prior of historical capacity degradation trend
can be expressed as:

CBflor ~N (lffpriorv Jgrior) . (12)

From the prior branch of the historical degradation trend
of figure 1, it can be seen that the module first inputs the his-
torical capacity sequence (c1,c¢2,...,cm—1), and then obtains
the prior mean and prior variance through capacity difference,
sliding window statistics and trend analysis. Finally, the prior
distribution of the current cycle capacity is constructed.

3.4. Bayesian fusion

After obtaining the SVGMR-based SOH estimation and the
historical degradation trend prior, Bayesian fusion is used to
integrate these two sources of information in an uncertainty-
aware manner. Unlike simple averaging, Bayesian fusion
assigns adaptive weights according to the uncertainties of
different information sources. This is consistent with recent
studies on probabilistic machine learning, data fusion, and
filtering-based battery state estimation, where explicit uncer-
tainty quantification has been shown to improve the robustness
and reliability of prognostic models [20, 26, 27].

For the capacity corresponding to the mth cycle, the
SVGMR-based estimation and the historical degradation trend
prior are both represented as Gaussian distributions:

13)
(14)

bs 2
c(r)n N (/~L0b57aobs) )

i 2
C;)nnor ~N ( Mprioraaprior) .

Under the Gaussian assumption, the fused posterior distribu-
tion can be written as

15)

st 2
anos ~ N (/Jposh Upos[) 9
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where the posterior variance and posterior mean are calculated
as:

2 2
2 Uprioraobs (16)
Tpost = 2 " 2
prior obs

2 2

O obs Hprior + O-prior:u()bs

Hpost = 3 -
Uprior

(17)
+ Ugbs

It should be noted that the term ‘uncertainty-weighted’
means that the fusion weight is adaptively determined by the
predictive uncertainty of each information source. According
to equation (17), the contribution of the SVGMR-based esti-
mation and the historical degradation prior is controlled by
their variances, i.e. agbs and agrior. The information source with
a smaller variance is assigned a larger contribution to the pos-
terior estimate.

The posterior mean is then used as the final capacity esti-
mate of the mth cycle:

Cm = [post - (13)

These equations indicate that the fused result is automati-
cally biased toward the information source with lower uncer-
tainty. When the recent degradation trend is stable, Jgrior
becomes smaller, and the posterior estimate tends to be closer
to the historical trend prior. Conversely, when the SVGMR
observation prediction is more reliable, ngs becomes smaller,
and the posterior estimate is more strongly influenced by the
current-cycle charging-curve information. Therefore, the pro-
posed Bayesian fusion mechanism adaptively balances the
current-cycle observation and the historical degradation trend,
thereby improving the stability and accuracy of online SOH
estimation.

4. Experimental design and evaluation metrics

In order to verify the effectiveness of the Bayesian fusion
online correction method based on the historical capacity
degradation trend prior proposed in this paper in the SOH esti-
mation of LIBs, this chapter shows the dataset, data prepro-
cessing method, experimental setting and evaluation metric
used in the experiment. The experiment consist of two parts:
the prognostic performance validation on the NASA LIBs
aging datasets, and the cross-dataset generalization verifica-
tion on the CALCE LIBs aging datasets from the University
of Maryland.

4.1. Datasets

In this paper, two public LIB data sets are used for experimen-
tal verification, which are NASA LIB data set and University
of Maryland CALCE data set. Both data sets contain informa-
tion such as voltage, current, time and capacity of the battery
during cycle charging and discharging.

B0005, BO006, and B0O0OO7 from the NASA dataset are
selected as the research object. These three batteries are
18650 LIBs with a rated capacity of about 2 Ah. During

() Full-life charging voltage curves of NASA BOOUS
425

Cyele number

160
120
50

a0

Voltage (V)
w o
3

2500 5000 7500 10000
Charge time (s)

(b) Capacity degradation curves of NASA battcrics

3

Battery

Capacity (Ah)
=
1
o
=
2

=

0 25 50 75 100 125 150
Cycle number (cycle)

Figure 3. Charging voltage curves of BO0OO5 and capacity
degradation trajectories of NASA batteries.

the experiment, the battery was first charged in constant cur-
rent mode, and then switched to constant voltage mode. The
discharge stage is carried out under constant current condi-
tions until the battery terminal voltage drops to the set cut-
off voltage [2, 20, 21]. The dataset records the charging, dis-
charging and capacity changes of the battery under different
cycles. As the number of cycles increases, the overall battery
capacity shows a downward trend, which can reflect the aging
process of LIBs. This paper mainly uses the characteristics of
the charging curve and the corresponding capacity label for
estimation.

Figure 3 presents the charging voltage curves of the NASA
BO0005 battery over its full life cycle and the capacity degra-
dation trajectories of BO005, B0O006, and BOOO7 batteries. As
shown in figure 3(a), the charging voltage curves exhibit a
clear evolution with increasing cycle number. Although the
overall charging voltage profile remains similar, the curve
shape gradually shifts during aging, indicating that the charg-
ing process contains degradation-related information. In par-
ticular, changes in the voltage rise stage and the constant-
voltage region reflect the variation of battery internal charac-
teristics caused by aging. Therefore, charging voltage curves
can be used as effective health-related features for SOH
estimation.

Figure 3(b) shows the capacity degradation curves of three
NASA batteries. The capacity of BO00S, BO006, and BO0O7 all
decrease with cycling, but their degradation rates and fluctu-
ation patterns are different. This indicates that battery aging
is not completely consistent even under similar experimen-
tal conditions, and there are obvious cell-to-cell differences.
Such differences increase the difficulty of SOH prediction and
require the prediction model to have good generalization abil-
ity. Overall, this figure demonstrates the relationship between
charging curve evolution and capacity fade, providing the data
basis for subsequent SOH estimation based on incomplete
charging curves.

In order to further verify the generalization ability of the
proposed method, this paper introduces the University of
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Figure 4. Feature extraction from a NASA B0005 charging voltage
curve.

Maryland CALCE dataset as the additional validation dataset.
The related research usually uses CS2-35, CS2-36, CS2-
37 and CS2-38 as the same group of experimental batteries,
with a nominal capacity of about 1.1 Ah, and uses constant
current-constant voltage charging and constant current dis-
charge methods for cycle testing. Similar to the NASA data
set, the CALCE data set also contains charging voltage curves
and capacity degradation information under different cycles,
which can be used to test the applicability of the model on dif-
ferent data sources and different battery samples.

4.2. Data preprocessing and feature extraction

Before the model training, it is necessary to preprocess the
original battery cycle data and extract the characteristics that
can reflect the aging state of the battery from the charging
curve [28, 29]. This paper focuses on the voltage, current
and time information during the charging process, because the
shape of the charging curve will change with battery aging,
such as voltage platform offset, charging time change and
curve slope change. These changes can reflect the decline of
battery capacity to a certain extent.

Figure 4 illustrates the extraction of representative
charging-voltage features from one NASA B0005 charging
cycle. F1 and F2 denote the initial and final voltages, respec-
tively. F3 represents the voltage change during charging, while
F4 denotes the charging duration.

F5 denotes the time required for the voltage to reach 4.10 V.
The threshold of 4.10 V was selected because it is located
in the high-voltage charging region of the NASA batteries
but remains below the upper cut-off voltage of about 4.20 V.
Therefore, this feature can reflect the evolution of the voltage-
rise process before the strong saturation behavior near the end
of charging. As battery aging progresses, the internal resis-
tance, polarization behavior, and available capacity change,
which affects the time required to reach this voltage threshold.
Thus, the time to 4.10 V can serve as a representative health-
related feature for SOH estimation. It should be noted that this
threshold is selected according to the charging protocol and

voltage range of the NASA dataset, and it can be adjusted when
the method is applied to other battery chemistries or charg-
ing protocols. In addition, the shaded region represents the
voltage-time integral area, and the dashed line indicates the
mean voltage-rise slope obtained by linear fitting. These fea-
tures characterize the global shape, rising behavior, and tem-
poral evolution of the charging curve, and are therefore used
as health indicators for SOH estimation.

For the mth charging cycle, the feature vector x,, is obtained
from the corresponding charging voltage—time curve. In this
study, representative features are extracted to characterize
the charging behavior and degradation-related curve evolu-
tion, including the initial charging voltage, final charging volt-
age, voltage change during charging, charging duration, time
required to reach a specified voltage threshold, area under the
voltage—time curve, and mean voltage-rise slope. These fea-
tures are denoted as F1-F5, area under the voltage—time curve
(AUC), and mean voltage-rise slope obtained by linear fitting
(Smean) in figure 4. Therefore, the feature vector can be written
as

Xm = [Vstam Vend7 AV, Tch» T4.10V7AUC7 Smean] ) (19)

where Vi and Veyq are the initial and final voltages of the
selected charging segment, AV is the voltage change, T, is the
charging duration, Ty 1oy is the time required to reach 4.10 V,
AUC, and Syean-

For each cycle, the voltage, current and time series of the
charging stage are first extracted, and the outliers and miss-
ing values are removed. Then, the feature vector is constructed
according to the charging curve to represent the battery state
of the cycle. Let the charging curve feature vector of the mth
cycle be :

(20

Xm = [xm,l s Xm,2y - 7xm,d] 5

where d denotes the feature dimension. The corresponding
measured capacity is recorded as c,,. Therefore, the entire bat-
tery data can be expressed as:

D= {<xmaCM)}Z:1 ’

where N is the number of battery cycle samples.
In order to facilitate the comparison between different bat-
teries, the capacity can also be further converted to SOH :

ey

son, = &

Co (22)

where Cj represents the initial capacity of the battery, and C,,
represents the capacity of the mth cycle. If the model directly
predicts the capacity, the subsequent evaluation index is calcu-
lated based on the estimation error. If the model predicts SOH,
the evaluation index is calculated based on the SOH error. This
paper maintains the consistency of training labels and evalua-
tion indicators in the experiment.

Because the charging process in practical battery operation
may be affected by user behavior, charging interruption, and
inconsistent initial and final SOC, the complete charging curve
is often difficult to obtain. In order to simulate the incomplete
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charging data in practical applications, this paper randomly
sets some charging features as missing values in the train-
ing samples, and records the missing positions through the
missing indication matrix. For missing features, NA is used
for labeling; at the same time, some capacity labels are set
to unknown or censored states to simulate unlabeled or semi-
supervised learning scenarios.

In the SVGMR framework, incomplete samples are not
simply deleted, but participate in model training by miss-
ing indicator matrix and censoring boundary. Specifically,
SVGMR-C mainly uses complete samples for modeling;
SVGMR-A uses both complete and incomplete samples.
SVGMR-O further introduces an online update mechanism
based on SVGMR-A. On this basis, this paper introduces the
historical capacity degradation trend prior and Bayesian fusion
correction to further improve the SOH prediction accuracy.

In addition, in order to eliminate the influence of differ-
ent feature dimension differences on model training, this paper
standardizes input features and capacity labels. The standard-
ization process only uses the mean and standard deviation of
the training set, and the test set uses the same training set statis-
tics for transformation to avoid the leakage of test information.
The standardized formula is as follows:

« X — Mtrain

X =——,
O'train

(23)

where fiy,in and oy,i, denote the mean and standard deviation
of the training set, respectively, and x* denotes the normalized
eigenvalue.

4.3. Evaluation metrics

In order to quantitatively evaluate the SOH prediction perfor-
mance of different methods, this paper uses RMSE and MAE
as the main evaluation indicators.

RMSE is defined as follows:

24

where c; represents the true capacity or true SOH of the ith
sample, ¢; represents the predicted value of the model, and N,
represents the number of test samples. RMSE is more sensitive
to larger prediction errors and can reflect the overall prediction
bias of the model.

1| &
MAE:ﬁZ|é,~—ci|.

"i=1

(25)

MAE represents the average absolute deviation between the
predicted value and the true value, which can more intuitively
reflect the average prediction error of the model.

In summary, this chapter describes the experimental
scheme from three aspects: dataset sources, datapreprocessing
procedures, and evaluation indices. In the next chapter, based
on the above experimental design, the prediction results of the
proposed method on NASA dataset and CALCE dataset are
analyzed in detail.

5. Results

Based on the experimental design described in Chapter 4, this
chapter verifies and analyzes the proposed Bayesian fusion
online correction method based on historical capacity degra-
dation trend prior.

5.1. Prediction performance on the NASA dataset

In order to verify the improvement of the prediction perfor-
mance of the original SVGMR model by the Bayesian fusion
online correction method, this paper first analyzes the three
models of SVGMR-C, SVGMR-A and SVGMR-O on the
NASA dataset, and compares the original prediction results
with prediction results after Bayesian fusion. Figure 5 shows
the SOH estimation curve, RMSE comparison, absolute error
trend and uncertainty analysis results of three SVGMR vari-
ants on the NASA dataset.

As shown in figure 5(a), the original SVGMR predic-
tions generally follow the overall declining trend of battery
SOH. However, noticeable deviations remain in certain cycle
intervals, particularly during the later stages of degradation
and in regions with significant local fluctuations. The dif-
ference between the original prediction curve and the real
SOH curve is more obvious. As shown in figure 5(b), after
adding Bayesian fusion, RMSE of the three SVGMR models
is significantly reduced, indicating that the historical capac-
ity degradation trend prior can effectively improve SOH pre-
diction accuracy. The incorporation of Bayesian fusion fur-
ther improves the prediction accuracy of all three SVGMR
variants. This improvement indicates that the proposed fusion
strategy serves as a general online correction mechanism that
is not limited to any specific SVGMR variant. In figure 5(c),
after introducing historical capacity degradation trend prior
and Bayesian fusion, the overall estimated SOH curve is closer
to the actual one. Figure 5(d) presents the uncertainty analysis
of the Bayesian-fused SVMR-O model, showing that its esti-
mated SOH mean closely follows the true degradationtrajec-
tory, with confidence intervals that properly characterize the
prediction uncertainty across the full battery cycle range.

In summary, results show that the Bayesian fusion method
can make full use of historical capacity degradation trends
of the target battery and dynamically correct the estimates of
SVGMR, so that the estimated curve is closer to the real SOH
degradation trajectory.

5.2. Ablation study

In order to verify the contribution of each module in
the proposed method, an ablation experiment was further
designed. The final Bayesian fusion method was compared
with SVGMR-O original prediction, historical prior only, and
fixed-window fusion [15, 27]. Figure 6 presents the SOH pre-
diction curve, RMSE comparison, absolute error trend, and
uncertainty analysis results of different ablation models.

As shown in figure 6(a), SVGMR-O can roughly follow
the overall decreasing trend of SOH, but obvious deviations
still exist in some cycle intervals. The historical prior only



J. Reliab. Sci. Eng. 2 (2026) 035304

HLvetal

(a) SOH prediction curves

(b) RMSE comparison

SOH value (-)

SVGMR-C -t
=
©0.02
1]
b
S
= 0.01
122
g || | I
& 0.0
SVGMR-C SVGMR-A SVGMR-O
Method (-)
[ Original [N Bayesian Fusion
(c)Absolute error trend
SVGMR-C
SVGMR-A ~0.06
e
2
- SVGMR-A
©0.06
5 -
S
5 0 = =
8
£ SVGMR-O
—ﬁ' 0.06
= 0.03 -
< e e e e mm —m = = = .
0 25 50 75 100 125 150
Cycle number (cycle)
SVGMR-O - — - Original Bayesian Fusion
(d) Uncertainty analysis of SVGMR-O Bayesian Fusion
10
09
=
-
5 0.8
1]
0.7

50 75 100

Cycle number (cycle)

125

— TrueSOH - - -

Original Bayesian Fusion

25 50 75 100

Cycle number (cycle)

125 150

Bayesian Fusion True SOH

Figure 5. SOH prediction performance of SVGMR variants with Bayesian fusion on the NASA dataset.

SOH value (-)

4
%

0.7

(a) Prediction curves of ablation study (b) RMSE comparison
0.015
o
= 0.010
=}
w
=
3
=
£
= 0.005
0 25 50 75 100 125 150
Cycle number (cycle) 0,000 .
G oy cusio®
—— True SOH — = - SVGMR-O Original @0 o \0(\°“\"“o‘ o \jes\aoV
< s

= Historical Prior Only Bayesian Fusion

Method (-)

Figure 6. Ablation study of historical degradation prior and Bayesian fusion strategy.

method relies on the historical capacity degradation trend for
prediction, and can describe the general direction of capacity
fade. However, since it does not fully use the state informa-
tion contained in the current-cycle charging curve, its ability
to characterize local fluctuations and abrupt changes is limited.
Compared with these two single-source methods, Bayesian
fusion combines the SVGMR observation prediction and the
historical degradation prior, leading to a prediction curve that
is closer to the true SOH trajectory. This indicates that the
charging-curve-based observation information and historical
degradation trend information are complementary for SOH
estimation.

Figure 6(b) further compares the RMSE values of differ-
ent ablation models. The Bayesian fusion method achieves
a lower RMSE than SVGMR-O original prediction and his-
torical prior only, demonstrating that the fusion of current

observation prediction and historical trend prior can effec-
tively reduce the overall prediction error.

Therefore, the ablation experiment verifies the rationality
of the proposed method design. The historical capacity degra-
dation trend provides effective prior information for SOH pre-
diction, while the Bayesian fusion mechanism integrates this
prior with the SVGMR observation prediction. The perfor-
mance improvement is not caused by a single module, but by
the joint effect of historical degradation prior modeling and
Bayesian uncertainty fusion, which improves the accuracy and
stability of SOH estimation.

5.3. Leave-one-battery-out cross-validation results

In order to verify the generalization ability of the model among
different batteries, this study adopts a leave-one-battery-out
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Figure 8. Comparison of SOH prediction performance with traditional machine learning baselines.

cross-validation strategy to conduct experiments. Specifically,
a leave-one-battery-out strategy is adopted, where one of
B0005, BO006, and BO007 is heldout as the test set while the
other two serve as the training set, and this process is repeated
for each battery.

As shown in figure 7, Bayesian fusion results for test bat-
teries BO0O0S, BO006, and BOOO7 track the real SOH degrada-
tion trend more closely, indicating that the proposed method
generalizes well to unseen batteries. The leave-one-battery-out
validation results therefore confirm that the proposed method
not only improves estimation accuracy on a single battery but
also maintains stable prediction performance across different
batteries.

5.4. Comparison with baseline data-driven models

To further verify advantages of the proposed method over com-
mon data-driven models, this paper selects SVR, random for-
est, XGBoost and GPR as traditional machine learning base-
line models [30, 31]. Figure 8 shows SOH prediction curves
on NASA dataset.

As shown in figure 8, traditional machine learning mod-
els can track the overall degradation trends of SOH to a cer-
tain extent, but exhibit varying degrees of deviation in the
late degradation and local fluctuationregions. In contrast, the

prediction curve of our proposed method closely follows the
real SOH, indicating that it more accurately captures the bat-
tery capacity degradation process. Furthermore, the proposed
method achieves the lowest prediction error across all three
test batteries.

Figure 9 further compares the average RMSE values of dif-
ferent models across the test batteries. The proposed method
achieves the lowest average RMSE among all compared meth-
ods. Specifically, the RMSE values of the proposed method
on B0005, B0006, and B0007 are approximately 0.0080,
0.0141, and 0.0072, respectively, which are consistently lower
than those of benchmark models. The average RMSE of
the proposed method is about 0.0098, whereas the average
RMSE values of SVR, RF, XGBoost, and GPR are approx-
imately 0.0461, 0.0400, 0.0390, and 0.0582, respectively.
These results demonstrate that the proposed method has bet-
ter overall prediction accuracy and stronger degradation-trend
tracking ability than the selected baseline data-driven models.

5.5. Generalization verification of CALCE datasets

This experiment is designed to validate the generalization
performance of the proposed model on unseen batteries
excluded from the training set. Given inherent variations in
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Figure 10. Generalization validation of Bayesian fusion method on the CALCE dataset.

material properties, manufacturing inconsistencies and degra-
dation trajectories across individual batteries, cross-battery
generalization capability has emerged as a critical evaluation
dimension in SOH estimation research over the past decade
[9, 32, 33]. To further verify the applicability of the Bayesian
fusion online correction method proposed in this paper to dif-
ferent data sources, we conduct external generalization ver-
ification using the University of Maryland CALCE dataset.
Compared with the NASA dataset the CALCE dataset orig-
inates from a different experimental platform and exhibits
distinct battery specifications, cycle lengths, and degradation
characteristics, making it suitable for testing the cross-dataset
generalization ability of the proposed method.

Figure 10(a) presents the SOH prediction curves of differ-
ent SVGMR variants on the CALCE dataset. It can be seen that

the SOH of four batteries showed different degrees of decline
with the increase in the number of cycles. Among them,
CS2-35 and CS2-38 decreased more obviously in the later
degradation stage, while CS2-36 and CS2-37 showed some
local fluctuations. The original SVGMR prediction results can
roughly track the overall degradation trend of SOH, but there
are still fluctuations and deviations in some cycle intervals.
After introduction of Bayesian fusion, the prediction curve is
closer to the real SOH curve as a whole, especially in the later
stage of degradation and the area with obvious local fluctua-
tion, the fusion result shows better stability. Figure 10(b) gives
RMSE comparison results on the CALCE dataset. It can be
seen that on the four batteries, the RMSE of the three SVGMR
variants decreased to varying degrees after Bayesian fusion.
Taking CS2-35 as an example, the RMSE of SVGMR-C
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decreased from 0.0263 to 0.0074, SVGMR-A decreased from
0.0255 to 0.0087, and SVGMR-O decreased from 0.0139 to
0.0065. It shows that the proposed method can still maintain a
low prediction error on the CALCE dataset.

Consistent with experimental results of NASA dataset, the
validation of CALCE dataset further shows that the histori-
cal capacity degradation trend prior can provide an effective
supplement to the current observation prediction of SVGMR.
When the original prediction curve is affected by local fluc-
tuations or model generalization errors, Bayesian fusion can
use historical degradation trends to constrain and correct the
prediction results, thereby improving the stability of SOH esti-
mation. Due to the difference in data sources and degradation
characteristics between CALCE dataset and NASA dataset,
the experimental result show that the proposed method has cer-
tain cross-dataset generalization ability.

In summary, external verification results on CALCE dataset
further prove the effectiveness of the proposed Bayesian
fusion online correction method. This method can not only
improve the prediction accuracy from SVGMR on the NASA
dataset, but also maintain good prediction performance on
the CALCE dataset of the University of Maryland, indicating
that the fusion mechanism of historical capacity degradation
trend prior and Bayesian uncertainty has good versatility and
robustness.

6. Conclusion

This study proposed a Bayesian-fusion SVGMR framework
for LIB SOH estimation under incomplete charging-curve
conditions. The proposed method integrated the SVGMR
observation prediction with a historical capacity degradation
trend prior, so that both current-cycle charging-curve infor-
mation and historical degradation behavior could be used for
online SOH estimation.

Main findings of this study were summarized as follows.
First, the historical degradation trend prior provided effective
supplementary information to the current-cycle SVGMR pre-
diction, especially when incomplete charging features or local
prediction fluctuations reduce the reliability of the observation
prediction. Second, the uncertainty-weighted Bayesian fusion
mechanism adaptively balanced the SVGMR observation pre-
diction and the historical prior according to their uncertainties,
thereby improving prediction accuracy and stability. Third,
experimental results on the NASA dataset showed that
Bayesian fusion consistently improves the prediction perfor-
mance of SVGMR-C, SVGMR-A, and SVGMR-O. The abla-
tion study further confirmed that the improvement is achieved
through the joint effect of historical trend modeling and
Bayesian fusion. Finally, the leave-one-battery-out validation
and CALCE dataset verification demonstrated that the pro-
posed framework has good robustness and generalization abil-
ity under incomplete charging conditions.

Overall, the proposed BF-SVGMR framework provided an
effective and interpretable solution for online battery SOH
estimation when complete charging curves are difficult to
obtain. The results indicated that incorporating historical

degradation behavior into probabilistic regression is beneficial
for improving the reliability of SOH estimation in practical
battery management applications. Nevertheless, the present
study was mainly validated on public datasets under relatively
controlled experimental conditions. Future work will focus on
extending the proposed framework to more complex operat-
ing scenarios, including variable temperature, different charg-
ing protocols, dynamic current profiles, and real-world elec-
tric vehicle data. In addition, the integration of the proposed
Bayesian fusion strategy with physics-informed battery mod-
els will be further investigated to improve interpretability and
generalization ability.
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