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Abstract—Machine learning methods are expected to play a
significant role in battery state of charge (SOH) estimation, lever-
aging their strengths in self-learning and nonlinear fitting. One
of the key challenges in SOH estimation is the concept drift is-
sue, which refers to changes in the data distribution between
the training and test datasets. General machine learning methods
assume that the training data shares similar characteristics with
the test data. However, in SOH estimation tasks, differences in
the environment and the characteristics of the battery itself can
cause concept drift, which then impacts the model’s effective-
ness. As a result, many data-driven models that perform well
in laboratory conditions struggle to be applied to other target
batteries. This is a common and significant battery diagnosis tech-
nology issue, yet it remains unresolved. This article proposes a
multidomain transfer Gaussian process regression (MTR-GPR)
SOH estimation approach to address this issue. In this model,
training data do not directly participate in the model’s learning
process. Instead, the MTR-GPR model extracts information from
different datasets based on the distribution similarity. This method
can fully use multisource battery ageing data while reducing the
negative impact of distribution differences. Experimental results
prove that MTR-GPR can make reliable SOH estimates with only
20% of target battery data. On the other hand, this method can
provide the posterior probability distribution of the prediction
results.

Index Terms—Gaussian process regression (GPR), learning
aided monitoring, state of health (SOH), transfer learning.

I. INTRODUCTION

DUE to energy shortages and environmental concerns, the
electric vehicle (EV) industry has rapidly developed in
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the last ten years. The energy storage system is critical to EV’s
competitiveness. Lithium-ion batteries have several advantages
over other electrochemical energy storage technologies, includ-
ing high energy density, high power density, low self-discharge
rate, long battery life, and excellent transient response charac-
teristics. As a result, lithium battery has been placed in high
hopes in the automotive industry. The power battery pack of
electric vehicles is composed of a large number of battery cells;
therefore, monitoring the health status of the battery is crucial for
devising battery balancing and charging/discharging strategies,
which ultimately impacts the efficiency and safety of the battery
pack. Battery state of health (SOH) is a measurement that
reflects the batteries’ health status. SOH is frequently defined
as the ratio of the available capacity to the rated capacity [1].
Ampere-hour (Ah) capacity testing a widely used SOH esti-
mation approach. But this approach is both time-consuming
and energy-consuming [2]. Recently, a considerable amount of
literature has emerged on SOH estimation. These methods can be
broadly categorized into three main categories: the electrochem-
ical model [3], [4], [5], the equivalent circuit model (ECM) [6],
[7], [8], [9], [10], and the data-driven approach. In recent years,
data-driven technologies, represented by machine learning, have
advanced rapidly. In contrast to electrochemical methods and
ECM models, machine learning methods can self-learn during
deployment. They possess the excellent nonlinear fitting ability,
accommodate multiple features, and dramatically lessen the
manual burden of modeling. Moreover, the early identification
and exploration of numerous nondestructive testing features
[health indexes (HIs)], including the incremental capacity (IC)
curve [11], [12], differential voltage [13], ageing cycles [14],
sample entropy [15], the interval of equal discharging voltage
difference [16], and many others, offer favorable conditions for
data-driven modeling.

Artificial neural networks (ANNs), support vector machines
(SVMs), and Gaussian process regression (GPR) are popular
methods used in SOH research, each providing distinct advan-
tages. ANNs have strong nonlinear approximation ability and
flexible structure. Many algorithms have been developed based
on neural networks. A recurrent neural network (RNN) approach
has been reported in [17], and the long short-term memory
(LSTM) technique has been utilized to solve the problem of gra-
dient disappearance in SOH estimation. A convolutional neural
network (CNN)-based algorithm has been proposed in [18]. A
significant disadvantage of the ANN-based approach is that it
is prone to overfit in small sample scenarios. A battery ageing
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model based on extreme learning machine has been established
in reference [19] as a variant of ANN, it is efficient, but its ac-
curacy and stability have been questioned. Compared to ANNs,
SVM performs better in small sample fitting [20]. A least square
support vector machine (LSSVM) SOH estimation algorithm
has been reported in [21], a kernel function extension form of
the least square regression method with high robustness. GPR is
a nonparametric method that permits a model expressively cali-
brated to the data requirement [22]. GPR provides the estimate’s
posterior probability, which helps to avoid the wrong decisions
caused by prediction errors [23].

To summarize, data-driven modeling has been a hot topic in
the research field of SOH detection in recent years. However,
despite the high expectations for machine learning-based bat-
tery testing technology, many issues still need to be solved in
applying SOH detection using machine learning in industrial
applications. One of the key obstacles is the generalization
problem of data-driven models in different external environ-
ments, different charging and discharging profiles, and different
battery objects. Unlike natural language processing and image
recognition, where researchers can quickly obtain massive and
diverse training data, data available for battery model training is
relatively limited. The valuable but limited ageing experimental
data cannot cover complex application scenarios, which means
there will always be a difference in distribution between lab-
oratory data and actual battery aging data when applying such
models. As a result, it affects the effectiveness of SOH estimation
models. Transfer learning is a practical approach to addressing
this situation. By transferring knowledge from a source domain
with rich data to a target domain with limited data, transfer
learning can improve the performance of models in the target
domain.

Transfer learning is a novel learning paradigm that leverages
knowledge acquired from one domain to enhance the perfor-
mance of a model in a different domain. In the field of machine
learning, in terms of knowledge transfer forms, transfer learning
is primarily classified into three research directions: instance-
based transfer learning [24], [25], feature-based transfer learn-
ing [26], [27], and model-based transfer learning [28], [29], [29],
[30]. Research on transfer learning for SOH estimation is still in
its infancy, as papers applying transfer learning to SOH have only
been published over the past three years. It is common practice
to transplant successful transfer learning algorithms from other
domains to SOH estimation. Within the machine learning com-
munity, deep learning-based transfer learning, which leverages
pretraining and fine-tuning, has gained popularity as a knowl-
edge transfer method. This approach has also been extensively
documented in the literature on SOH estimation. Initially, the
model is trained using source domain data. The trained model is
then utilized as the initial model for the target domain, with the
model being further refined with a small amount of target domain
data. This allows for information transfer through the deep
learning architecture, which can be particularly useful when
limited target domain data are available [31]. Different deep
learning algorithms have been used for model transfer in vari-
ous literature, including RNNs mentioned in [23], [43], LSTM
networks in [32], [33], [34], [35], capsule networks in [36],

and CNNs, as discussed in [37]. [38] extended the pretraining
and fine-tuning transfer learning paradigm and used a model-
agnostic metalearning algorithm to find a parameter set sensitive
to task changes. Apart from using the pretraining and fine-tuning
strategy, literature [39] incorporated both the classification loss
and domain adaptation loss between the source and target
domains in their adopted ResNet-50 deep learning network
structure. In [40], a transfer learning architecture was proposed
that uses two LSTM networks—one to learn shared prediction
ability from the source domain and another LSTM trained with
a small amount of target data. Two real-time adjusting factors
are used to control the influence of source domain information
on the model weights of the two submodels. In [41] and [42],
Ye used adversarial learning to guide feature generators into
providing domain-invariant features. The unsupervised feature
alignment metric and maximum mean discrepancy were used to
evaluate domain variance. In [43], a siamese network was used
to implement few-shot learning, while in [44], a bootstrapped
random vector functional link model was used to estimate the
importance weights through kernel mean matching. These
weights were controlled to minimize the MMD distance. [45]
employed a GAN-based network architecture to generate vir-
tual data using an equivalent circuit model. GAN is then used
to differentiate between virtual and actual data. Correlation
alignment was used in the learning process to align the second-
order statistics of the data distribution in the source and target
domains.

There are few transfer learning algorithms specifically de-
veloped for SOH problems. The standard approach is to ap-
ply transfer learning algorithms that have been successful in
other fields to battery SOH detection. Many studies have used
deep learning architectures for SOH detection. Still, in reality,
CNN-based deep learning architectures typically require high-
dimensional raw feature data and spatial correlations between
features. In contrast, RNN-based architectures hope for weaker
randomness between sequential data. However, under complex
operating conditions, randomness is unavoidable. In addition,
CNN and RNN require massive amounts of data for training,
making them less suitable for SOH detection. In our earlier
research, we attempted to develop transfer learning algorithms
suitable for SOH detection for low-dimensional and small data
problems. In [46], we proposed a TCA algorithm and [47] a
cross-manifold embedding algorithm, which views the source
and target domains as two different manifolds and designs a
mapping relationship to transplant information across different
domains. In our early paper [48], the Gaussian process transfer
algorithm performs better in small sample generalization than
deep learning. However, the problem that our earlier research
could not break through is the difficulty of solving multido-
main transfer problems. Compared with single-source domain
transfer, multidomain transfer models can obtain knowledge
applicable to the target domain from multiple datasets, greatly
expanding the source of information.

Previously, scholars have proposed several transfer learning
methods that can be applied to SOH detection. Nevertheless,
current research mainly focuses on single-source domain
transfer, which encounters challenges when the source and target
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domain data exhibit significant differences in feature distribu-
tion. The reusable data information that can be transferred will
be extremely limited, while the risk of negative transfer in-
creases. The multidomain transfer is highly attractive, enabling
knowledge transfer from multiple datasets collected across di-
verse application scenarios, serving as multiple source domains.
This model can autonomously regulate the impact of distinct
source domains on the training process, thereby significantly
amplifying the extent of accessible source domain information.
Furthermore, it can mitigate adverse transfer risks by minimizing
the influence of data sources that exhibit notable distribution
discrepancies with the target domain.

This article proposes a novel multidomain transfer learning
approach based on GPR. First, by including a regularization
term in the Gaussian kernel, the regularization term controls the
contribution of the source domain data in the learning process,
thereby avoiding the negative transfer problem caused by the
significant difference in the characteristics of the source domain
data and the target domain data. On this basis, knowledge from
various data domains is fused using an ensemble framework.
This method does not require manual data source selection.
Helpful information can be screened from multiple data sources,
making reliable SOH estimations based on a small amount
of target battery data. The rest of this article is organized as
follows. Section II introduces the multidomain transfer Gaussian
process regression algorithm (MTR-GPR). Section III verifies
the estimation effect with battery ageing data with several sim-
ilar data-driven algorithms introduced for comparison. Finally,
Section IV concludes this article. Relevant certification is pro-
vided in the Appendix.

II. TRANSFER GAUSSIAN PROCESS REGRESSION (TR-GPR)

In this section, we detailed a brief problem statement in
Section II-A followed by a detailed derivation of the Tr-
GPR in Section II-B followed by MTR-GPR derivation in
Section II-C and deployment process of MTR-GPR in Section
II-D.

A. Dilemma of Model Cross-Target Transplantation

The target battery data may exhibit distributional disparities
when applying machine learning techniques for SOH detection.
Such differences can have an impact on the reliability of the
algorithm. In this section, we illustrate this phenomenon using
a straightforward example. Fig. 1 shows the distribution of two
different datasets [CX2_36 and CS2_36 provided by the Na-
tional Aeronautics and Space Administration (NASA)], where
the x-axis is the input feature (cycle number), and the y-axis
is the reference SOH value. Suppose a data-driven model is
trained with dataset CS2_36 (the red samples in Fig. 1); for
a valid model, the estimation function should satisfy most red
samples. At this time, the function will be invalid for the gray
samples. This is a practical problem for the data-driven SOH
estimation models, but little attention has been paid to this
issue.

Fig. 1. Differences in data distribution between two datasets.

B. Transfer Gaussian Process Regression

We presented a transfer SOH estimation method based on
GPR to address the issue mentioned earlier. TR-GPR introduces
a scalar matrix into the covariance matrix of GPR to control
the influence of the source domain on the target domain. When
there is a significant distribution difference between the source
and target domains, the TR-GPR can adjust the parameters in
the scalar matrix to reduce the negative transfer problem. The
Gaussian is a stochastic process, every finite collection of which
has a joint Gaussian distribution. Due to the above-mentioned
properties, a Gaussian function can be defined by its mean and
variance as

m(x) = E[f(x)] (1)

k (x,x) = E
[
(f(x)−m(x))

(
f(xT )−m(xT )

)]
(2)

where m(x) is the mean function, f(x) denotes the real SOH
value, and x is the input vector. When using the GPR model for
SOH estimation, SOH is the target of the model’s prediction,
and the input matrix x consists of battery HIs provided by users.
GPR aims to make the mean function close to the real process.
The validity of HIs directly affects the effectiveness of the GPR
model. A Gaussian process model is typically described as

f(x) ∼ GP (m(x), k (x,x′)) . (3)

When performing SOH prediction, the user inputs the matrix x
to the GPR model, which then provides an estimated SOH in
the form of the mean function and the corresponding posterior
probability distribution of the estimate in the form of variance.
With TR-GPR, a natural idea is to construct a unified covariance
matrix to control the correlation between data from different
source domains and the target domain, affecting the degree of
knowledge transfer from other source domains to the target
domain. By constructing a covariance matrix over different
source data and target data, it is possible to know which data
played a leading role in the training process when performing
the posterior probability estimation, which data information was
masked, and thereby provide some degree of interpretability.
When multiple HIs are used as the input features for SOH
estimation, the feature order of the source data and the target
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data should be consistent. The estimation f(x) and the real SOH
value y have the relationship as derived in the following:

y = f(x) + ε (4)

where εN (0, σ2) is the noise. The following equation denotes
the prior relationship of observations:

cov (yi, yj) = k (xi,xj) + σ2δi,j . (5)

In which δpq is a Kronecker delta, δpq = 1 iff i = j, elsewise
δpq= 0. k() is the covariance function. This article uses the
squared exponential (SE) covariance function, which takes the
form

k (xi,xj) = α2exp

(
− 1

2l2
(xi − xj)

T (xi − xj)

)
. (6)

For the SE covariance function, α and l are hyperparameters.
k(xi,xj) is negative related to the distance between xi and
xj . The general GPR typically only partitions the data into
training and testing sets. The training set is employed to train
the model, while the testing set constitutes the target data to
be evaluated. Unlike the conventional GPR setting, we further
segment the training set into source and target domain data
in TR-GPR. The target domain data originates from a limited
number of battery samples comparable to the test case, of-
ten rendering such data insufficient. The source domain data
may originate from diverse batteries or distinct scenarios; it
is plentiful but may differ from the target scenario. TR-GPR
utilizes the target domain data to assess the similarity of the
data distribution between the source domain and the target
domain, thereby determining the weight of influence of the
source domain data in the learning process. Suppose the target
data DT = {XT ,YT }(XT ∈ R

n×d, YT ∈ R
m×1) is obtained

from the target battery. Source data DS = {XS ,YS}(XS ∈
R

n×d, YS ∈ R
n×1). GPR constructs a covariance matrix overall

data, which implies a consistency assumption, which can be
expressed as[

YS

YT

]
N

(
0,

[
K(XS ,XS) + σ2

SI K (XS ,XT )
K (XT ,XS) K (XT ,XT )σ

2
T I

])
.

(7)
K(Xp,Xq) is the covariance matrix over Dp and

Dq.σ
2
S andσ2

T represent the source domain and target domain
variance, respectively. However, in cross-object forecasting,
consistency assumptions do not always hold. When there are
differences in data distribution, the model should prevent the
source domain from adversely affecting the estimation. A trans-
fer covariance function is derived in 8 to achieve this goal[

YS

YT

]
N

(
0,

[
λ
(
K(XS ,XS) + σ2

nI
)

λK (XS ,XT )
K (XT ,XS)λT K (XT ,XT )

])
.

(8)
In which XS is the source feature vector, XT is the target

feature vector, λ is a scalar matrix with elements λ on the diago-
nal (λ ∈ (0, 1)). The regularization item controls the correlation
between the source and target domains. When the source domain
plays a negative role in modeling, adjusting the transfer factor
can reduce the correlation between the source domain and the
target domain. When λ = 1, the source domain will directly

participate in the training process; in this case, the transfer GPR
model is equivalent to the classical GPR. Based on (7), we have
derived the following:

p (YT |YS ,XT ,XS)N (m (YT ) ,var(YT )) (9)⎧⎪⎨
⎪⎩
m (fT ) = K (XT ,XS) λT

(
λ
(
K (XS ,XS) + σ2

SI
))−1

YS

var (fT ) =
(
K (XT ,XT ) + σ2

T I
)−K (XT ,XS)λT×(

λ
(
K (XS ,XS) + σ2

SI
))−1

λK (XS ,XT ) .

(10)

Under the GPR prior, the marginal likelihood function has the
form of

logp (YT |θ) = − 1

2
log|cov (fT )| − 1

2
(YT −m (YT ))

T

× var (fT )
−1 (YT −m (YT ))− n

2
log(2π)

(11)

where θ = {l, λ, α, σS , σT } is the optimal hyperparameters
which can be obtained by maximum (11) with gradient descent
approach. When predicting a new input x∗ a joint distribution
can be constructed over the source domain, target domain and
the input data as derived in the following:

[Y S ,Y T ,f ∗]
T ∼ N (0, K̂) (12)

where (13) shown at the bottom of this page.
Conditioning the prior distribution on observations, the esti-

mation result of MTR-GPR takes the form

f∗ | x∗,XT ,XSN (m (f∗) , cov (f∗)) (14){
m (f∗) = K̂ (x∗,X) [K̂(X,X)]−1Y

var (f∗) = K̂ (x∗,x∗)− K̂ (x∗,X) [K̂(X,X)]−1K̂ (X,x∗) .
(15)

When the user inputs x∗, which represents the HIs of the
target battery, GPR infers the posterior probability distribution of
SOH based on the prior data distribution. Finally, the estimated
result of SOH output by GPR is stored in the variable f∗, in
equation where values are derived from (16), (17), (18), and
(19) as follows:

K̂ (x∗,X) = [λK (x∗,XS) , K (x∗,XT )] (16)

K̂(X,X) =

[(
λK (XS ,XS) + σ2

SI
)

λK (XS ,XT )
λK (XT ,XS) K (XT ,XT ) + σ2

T I

]
(17)

K̂ (X,x∗) = [λK (xS ,x∗) , K (xT ,x∗)]
T (18)

Y = [YS ,YT ]
T . (19)

C. MTR-GPR Learning

For single-source domain transfer learning, if the distribution
of the source domain and target domain are quite different, the
information that can be transferred will be extremely limited.
Therefore, the transfer GPR is extended to the multidomain
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transfer learning in this section. An intuitive way is to incorpo-
rate multidomain data into one covariance matrix in (20) shown
at the bottom of this page.

If individual weights can be assigned to different covariance
matrix blocks, then the influence weights of different source
domains on the prediction results can be independently con-
trolled. However, in GPR, the covariance function needs to be
semidefinite, which requires λ1 = λ2 =, . . . ,= λk, ( (λi ∈
(0, 1), i = 1, 2, . . . , k) the proof is in Appendix A). Instead,
different subtransfer GPRs are integrated as an ensemble struc-
ture. The submodels with a higher confidence level are assigned
with higher weights. For the ith submodel, the weight can be
expressed as

ωi =

(
vari (f∗)

−1/2
)

(∑
i vari (f∗)

−1/2
) . (21)

Suppose the prediction output of the ith model is f∗ |
x∗,XT ,XSi

, fN (mi(f∗),vari(f∗)), and the submodels are in-
dependent, the output of MTR-GPR model can be expressed in
the following:

f∗ | x∗,XT ,XSi
, . . .,XSn

N (mensemble (f∗) ,varensemble (f∗))

(22){
mensemble (f∗) =

∑
i ωimi (f∗)

varensemble (f∗) =
∑

i ω
2
i vari (f∗).

(23)

The computational complexity of GPR’s model is closely
related to the number of elements in the covariance matrix. The
computational complexity of the classic GPR model is O(n

3

6 )
[49], where n refers to the number of samples that form the
covariance matrix. Assume there are one test sample and k

source domains, and each has n
(k)
S samples, if all the samples

are included in a unified covariance matrix, the computational

complexity of GPR is O(
(n

(1)
S +n

(2)
S +,...,+n

(k)
S +1)3

6 ). While the

computational complexity of the MTR-GPR is O(
∑

i(n
(i)
S +1)3

6 )
(with Cholesky decomposition). The flow chart of MTR-GPR is
illustrated in Fig. 2.

Fig. 2. Flow chart of multidomain transfer GPR.

D. Deployment Process of MTR-GPR

This article proposes a multisource domain transfer learning
approach, MTR-GPR, for SOH estimation. The specific deploy-
ment process of this algorithm is as follows.

1) Collect charging and discharging data of batteries. These
data can come from different batteries and different usage
environments. The voltage and current curves during the
charging and discharging process should be recorded, and
the label value y can be calculated as a reference value
for SOH using the time integral method. In addition,
to utilize multidomain transfer learning, a small amount
of target battery data should be obtained for knowledge
screening.

2) Extract battery health factors from the auxiliary and target
battery data, such as internal resistance, maximum IC
curve, charging voltage, and charging time for constant
voltage (CV) and constant current (CC). Suppose random
charging and discharging data are used. In that case,
it is necessary to prepare stable features that can still
be obtained under alternating charging and discharging
conditions as the HIs for the model, such as resistance at
a specific SOC and HPPC pulse data. The source domain
data and target domain data should use the same HIs.

K̂ =

⎡
⎣λ

(
K (XS ,XS) + σ2

SI
)

λK (XS ,XT ) λK (XS ,x∗)
K (XT ,XS) λT K (XT ,XT ) + σ2

T I K (XT ,x∗)
K (x∗,XS) λT K (x∗,XT ) K (x∗,x∗)

⎤
⎦ . (13)

K̂(X,X) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

λ1 (K (xS1
,

xS1
) + σ2

SI
) · · · λ1 (K (XS1

,

xSN
) + σ2

SI
) λ1K (xS1

,xT )

...
. . .

...
...

λk (K (xSn
,

xS1
) + σ2

SI
) · · · λk (K (xSn

,

xSn
) + σ2

SI
) λkK (xSn

,xT )

K (xS1
,xT ) λT

1 · · · K (xSn
,xT ) λT

k K (xT ,xT ) + σ2
T I

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (20)
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TABLE I
DISCHARGE PROFILES OF THE SELECTED NASA-PCOE BATTERY DATASETS

3) The extracted features from different datasets are placed
in separate matrices, where the features extracted from
the auxiliary dataset are noted as xSi

and the features
extracted from the target battery are noted asxT . Construct
the weighted covariance function for the source and target
data, noted as K̂(xSi

,xT ).
4) Optimize hyperparameters θ to maximize the likelihood

function according to (11).
5) Calculate the estimated SOH for each TR-GPR submodel

based on (14).
6) Calculate the weight for each submodel based on (21).
7) Calculate the estimated SOH value with the ensemble

structure described in (22).

III. EXPERIMENT

This section detailed experimental data in Section III-A, fol-
lowed by HIs in Section III-B. In Sections III-C, III-D, and III-E,
we have detailed validation parameters, comparative models,
and experiment results with analysis, respectively.

A. Introduction of Experimental Data

The datasets used in this article are randomly selected from
the database of the Ames Prognostics Center of Excellence
(PCoE), NASA [50] and the database of the Center for Ad-
vanced Life Cycle Engineering, (CALCE) [51]. Batteries are
repeatedly charged and discharged in the ageing test. The PCoE
and CALCE datasets record the changes in the battery’s external
characteristics from the initial state to a deteriorated condition.
PCoE dataset uses 18 650-sized lithium-ion batteries. Batteries
are first charged with a CC of 1.5 A. When the terminal voltage
reaches 4.2 V, switch to the CV charge mode until the current
drops to 20 mA. The discharge setting is illustrated in Table I.
The CALCE database uses the LiCoO2 battery. The batteries
marked as “CS2” have a nominal capacity of 1100 mAh, whereas
those marked as “CX2” have a nominal capacity of 1350 mAh.
For the CALCE database, batteries are charged with a 0.5 C
charge rate; when the voltage reaches 4.2 V, switch to the CV
mode until the current drops to 50 mA. The settings of the
discharge mode are illustrated in Table II. Fig. 3 shows the ageing
curve of the selected datasets. The characteristics and differences
between datasets are apparent. To fully demonstrate the effect,
three sets of experiments are set up. The training dataset used
in the experiments contains multiple source domains and the
first 20% of target domain data. Since the first 20% of cycle
data cannot completely cover the feature space, it cannot be

TABLE II
DISCHARGE PROFILES OF THE SELECTED CALCE DATASETS

Fig. 3. Battery ageing rate in different experiments. (a) Ageing curve of
selected PCoE datasets. (b) Ageing curves of selected CALCE datasets.

used alone to support the model training. In these experiments,
we will reveal the performance degradation of general machine
learning models for cross-battery SOH estimation and show the
advantages of MTR-GPR in cross-object knowledge generaliza-
tion.

B. Health Indexes

Some well-known HIs are used in this study, including CC and
CV charging time, the maximum value of the IC curve, and time
interval of equal charging voltage [52]. These widely validated
HIs are obtained from long-time charge and discharge data,
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Fig. 4. Difference in the initial voltage drop of batteries with different SOH.

which is not conducive to rapid SOH estimation. An HI called
100% SOC-resistance is proposed, which allows immediate
pickup. In the hybrid pulse power characterization (HPPC) test,
the battery’s Ohmic and polarization resistance can be obtained
by dividing the voltage drop by current [53]. However, the HPPC
test relies on a specific battery testing device and profiles. To
estimate the internal resistance based on the battery management
system, accurate SOC control is essential.

In fact, the 100% SOC status can is easily accessible. Once
the battery is fully charged, the 100% SOC status is achieved.
The Ohmic internal resistance can be calculated by capturing
the battery’s instantaneous voltage drop, as shown in (3)

R100% SOC =
ΔV

I
(24)

whereΔVis the voltage drop, as shown in Fig. 4. It can be clearly
seen from the figure that the voltage drops rapidly in the initial
discharging stage. As the battery ages, Δ V increases gradu-
ally under the same discharge current, which means the 100%
SOC Ohmic resistance increases as the battery ages. This HI is
named the 100% SOC-Ohmic resistance. It is not encouraged
to calculate the 100% SOC-polarization resistance. Obtaining
the polarization effect needs to maintain load stability for a long
time, which is difficult to achieve with electric vehicles.

C. Evaluation Indicators

To evaluate the effectiveness of the model, mean bias error
(MBE), root-mean-square error (RMSE), and The prediction
interval normalized average width (PINAW) [54] are used as
the evaluation indicators. RMSE and MAE evaluate the variance
of the estimates, MBE indicates the bias of the model; MAPE
shows the relative error. PINAW and interval validity evaluate
the error interval. The mentioned indicators can be obtained by
the following (25), (26), (27), and (28):

RMSE =

√√√√ 1

n

n∑
i=1

(y
(i)
∗ − y

(i)
reference)

2 (25)

MAE =
1

n

n∑
i=1

∣∣∣y(i)∗ − y
(i)
reference

∣∣∣ (26)

MBE =
1

n

n∑
i=1

(
y
(i)
∗ − y

(i)
reference

)
(27)

TABLE III
EXPERIMENTAL SETTINGS OF COMPARATIVE MODELS

TABLE IV
EXPERIMENTAL DATA SETTING

PINAW =
1

n

n∑
i=1

(
U
(
f (i)

)
− L

(
f (i)

))
(28)

where U(f (i)) and L(f (i)) are the upper and lower bounds of
95% confidence interval. y∗ is the predicted SOH value, yreference

indicates the reference SOH value. n indicates the number of
samples in the test dataset. nc is the number of true values that
falls into the 95% confidence error boundary.

D. Comparative Models

This article compares the MTR-GPR model with several
widely used data-driven methods, including ANN, LSSVM, and
GPR. The model parameters refer to the experiment settings
in [55], [56], and [52], as shown in Table III.

E. Experiment Results and Analysis

Three experiments are included in this section. Unlike pre-
vious studies, the training and test data in this article are not
drawn at random from one ageing experiment; instead, datasets
from multiple experiments are used. These datasets are obtained
with different cutoff voltages, ambient temperatures, charge–
discharge profiles, and battery types. This allows us to better
simulate the actual use of the environment. For MTR-GPR, a
small amount of target data is required for knowledge screening,
only the first 20% of the target data is used in the training
process. The experiments show that the concept drift issue can
cause large errors. The experiment will validate the performance
of MTR-GPR while also verifying the possible problems of
general machine learning SOH detection methods in the context
of concept drift. The datasets selected for each of the three
experiments are shown in Table IV.
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Fig. 5. Transfer factor and RMSE for each submodel.

TABLE V
PERFORMANCE COMPARISON (CASE I)

1) CASE I: In case I, both the source datasets and target
datasets are from the PCoE database, the ageing experiments are
conducted with the same type of battery, so the data distribution
is not too dissimilar. Compared with the target dataset, the first
three source datasets have differences in cut-off voltage, while
source 4 and source 5 have differences in ambient temperature
and capacity loss in addition to cutoff voltage.

Fig. 5 shows the weights of different GTR-GPR submodels.
As can be seen from the figure, the submodel corresponding to
the B0005, B0006, and B0007 has better performance in terms
of RMSE. As a result, these three models will be given a higher
weight in the ensemble model based on (20). Fig. 6 and Table V
depict the estimation result. The data shown in the figure to the
left of the dotted line took part in the training. MTR-GPR has
higher accuracy in terms of RMSE, MAE, MBE, MAPE, and
PINAW, as shown in the graph. ANN and GPR have large errors
around cycle 50, the error of LSSVM rises after cycle 70. In
general, the distribution difference between the training and test
sets is small, and all of the algorithms can track the battery’s
deterioration trend in this case. Fig. 6 depicts the estimation
result. MTR-GPR has superior accuracy in terms of RMSE,
MAE, MBE, MAPE, and PINAW. When the number of cycles
is around 50, ANN and GPR have high errors, while LSSVM
does not track the reference SOH properly when the number of
cycles is greater than 70. In general, because the data features of
the training set and the test set are similar in this group of trials,
the comparison algorithm can also track the ageing trend of the
measured item, but the accuracy is not as good as the suggested
MTR-GPR algorithm.

Compared with the conventional data-driven models, MTR-
GPR has a more stable and accurate estimate. The diversity of
the source data ensures the model’s generalization ability and the

Fig. 6. SOH estimation result (case I). (a) comparison of different SOH
estimation methods. (b) demonstration of MTR-GPR’s submodels.

ensemble structure brings the advantage of predictive stability. In
the figure, the red and blue error intervals represent the 95% con-
fidence intervals for MTR-GPR and GPR, respectively. PINAW
determines the average width of error intervals. Under the same
confidence range, a narrower confidence interval indicates that
the model has a higher prediction accuracy. As seen in the figure,
MTR-GPR has a distinct advantage in terms of error interval
accuracy.

2) Case II: The datasets used in case II are randomly se-
lected from the PCoE and CALCE datasets. In this case, the
experimental environment and battery types are different. In
this scenario, the distribution of the source and target datasets
differs more significantly than in CASE I. As a result, when the
model is trained on these data, its validity is severely questioned.
Fig. 7(a) and Table VI illustrate the prediction performance of
various comparative models as well as the proposed MTR-GPR
model.

Besides the source data, only first 20% of the target data is used
for training, the GPR, ANN, and LSSVM models perform well
within this range, and when the number of cycles exceeds that,
the models’ performance degrades considerably. The LSSVM
exhibits significant overfitting in this set of trials. When the
number of cycles exceeds 40, it is unable to adequately track
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Fig. 7. SOH estimation result (case II). (a) comparison of different SOH
estimation methods. (b) demonstration of MTR-GPR’s submodels.

TABLE VI
PERFORMANCE COMPARISON (CASE II)

the battery’s deteriorating trend. Although the battery SOH cal-
culated by GPR and ANN is comparable with the battery’s actual
SOH trend, the estimation accuracy is much lower than that of
MTR-GPR. LSSVM embodies its advantages in generalization
performance and controls MAE at 1.0352. Under this condition,
MTR-GPR has limits the MAE at 0.8422 and MBE at –0.3845.
A reliable prediction result is obtained.

Fig. 7(b) shows the prediction effect of submodels of MTR-
GPR. The results show that submodels 1 and 2 outperform the
others. According to Table IV, the variations between training
and test sets for these submodels are minor. In the ensemble
framework, MTR-GPR assign these models with a high weight,
thereby avoiding the occurrence of negative transfer problems.
At the same time, the experimental results show that when the

Fig. 8. SOH estimation result (case III). (a) Comparison of different SOH
estimation methods. (b) Demonstration of MTR-GPR’s submodels.

TABLE VII
PERFORMANCE COMPARISON (CASE III)

distribution of the source domain and the target domain is very
different, knowledge transfer via a single source domain cannot
guarantee the stability and reliability of the prediction results.

3) Case III: Based on case II, we continued to use PCoE-
B0018 as the target set in this case, removing a dataset from
PCoE and adding a dataset from CALCE. It exacerbates the
problem of concept drift. As shown in Fig. 8, after the number
of cycles exceeds 15 (20% of total 128 cycles), the comparison
methods cannot reliably track the actual SOH. 20% of the
target data is included in the training dataset. Once the models
encounter the unseen input, the model’s overfitting problem ap-
pears. According to Table VII, the MTR-GPR has a more reliable
performance concerning RMSE, MAE, MBE, and MAPE.
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When making predictions, machine learning methods often
assume that the test data they encounter has the same character-
istics as the training data. However, in practice, this is not always
the case. Machine learning-based techniques are prone to sub-
stantial errors when there is a distribution disparity between the
training and test data. The results of previous tests support this.
This is a challenge in the laboratory and a difficulty that diagnos-
tic technology frequently encounters in industrial applications.
This article proposes a method called MTR-GPR to address this
issue. Unlike typical single-source domain knowledge transfer
methods, this method does not require manually selecting a
dataset with similar characteristics to the target dataset as the
source domain data. Instead, it can incorporate multiple datasets
into the model, and the model can automatically select the data
sources that are most helpful for the target battery. With the
help of these source domain data, the model can obtain reliable
prediction results with limited target data support.

In the practical application of MTR-GPR, there are sev-
eral factors that can affect the method’s practicality. First, the
similarity between the source domain and target domain data.
Although the addition of multiple source domains allows for
a more abundant data information, if the target data type is
significantly different from the multiple source domain data
distributions provided by the user, there will still be limited
information available for transfer, resulting in limited benefits.
Second, this method requires that the source and target domain
data have the same modality, meaning that the data features of the
source domain and target domain should be the same. Otherwise,
the GPR model cannot be solved. Third, the correlation between
features will directly affect the model’s effectiveness. Therefore,
readers should select features based on their practical application
needs when using this model, while also adopting some of the
more efficient features proposed in recent years. Finally, more
source domains mean greater computational complexity, so it is
recommended to delete some source domain datasets with low
correlation to the target domain in practical applications.

IV. CONCLUSION

In this article, a multidomain transfer learning approach is
proposed for SOH estimation. By constructing the Gaussian
transfer covariance function, the GPR model can control the
adverse effects of the data distribution difference on the regres-
sion to a certain extent. When the data distribution difference
is large, it may not be easy to obtain satisfactory results for
the single-domain transfer learning model. The ensemble struc-
ture makes up for this deficiency. A model with a lower con-
fidence level occupies a relatively small weight. It can be con-
cluded from the experimental results that in the cross-object
estimation scenarios, the general machine learning method has
an overfitting risk. The MTR-GPR can effectively generalize
the information in the source domain to the target battery.
It should be noted that we cannot acquire reliable prediction
results with MTR-GPR merely by relying on source domain
data; a modest amount of target domain data is required. In
the following research, we will focus on further reducing the

reliance of intelligent detection algorithms on target domain
data.

APPENDIX

The article’s Appendix demonstrates the sufficient and neces-
sary conditions for the solvability of TR-GPR. It explains why it
is impossible to construct a covariance matrix that encompasses
all data from the source domain and the target domain to achieve
MTR-GPR. It also provides theoretical support for the ensemble
structured MTR-GPR approach. GPR requires the covariance
matrix to be symmetric and semipositive definite, therefore, to
guarantee the transfer covariance function K̂(X,X) still valid,
K̂(X,X) should be positive semidefinite (PSD).

Proposition: For valid covariance matrix K(XS ,XS),

K(XS ,XT ),K(XT ,XS), and K(XT ,XT ), K̂(X,X) � 0 ⇔
λ1 = λ2 =, . . . ,= λk, and λ ∈ (0, 1). Define shown at the bot-
tom of this page For notation simplicity, denote

K(X,X) =

[
K (XS ,XS) + σ2

SI K (XS ,XT )
K (XT ,XS) K (XT ,XT )σ

2
T I

]

=

[
A B
BT C

]
(32)

K̂ can be denoted as follows.
Lemma 1: A Gram matrix K ∈ R

n×n, with respect to
{x1, . . .,xn}, where Kij = k(xi, xj), must be PSD [57].

Lemma 2: The product of two symmetric PSD matrices is
PSD [58].

Lemma 3 (Schur complement theorem [59]): GivenA = AT

and C = CT

K � 0 ⇔
⎧⎨
⎩
A � 0(
I−AA†)B = 0
C−BTA†B � 0.

(33)

Proof of necessity:
For a valid GPR model, the covariance matrix K,A,B, and

C are PSD (Lemma 1). According to Lemma 3, we have

A � 0 (34)

(
I−AA†)B = 0 ⇔

⎡
⎢⎣
B11 · · · B1n

...
. . .

...
Bm1 · · · Bmn

⎤
⎥⎦

⎡
⎢⎣
A11 · · · A1m

...
. . .

...
Am1 · · · Amm

⎤
⎥⎦
⎡
⎢⎣
A†

11 · · · A†
1m

...
. . .

...
A†

m1 · · · A†
mm

⎤
⎥⎦

⎡
⎢⎣
B11 · · · B1n

...
. . .

...
Bm1 · · · Bmn

⎤
⎥⎦ = 0. (35)
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Equation (33) can be rewritten as⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

[B11, . . . ,B1n]−
[∑m

j=1

∑m
i=1 A1iA

†
ijBj,1, . . . ,∑m

j=1

∑m
i=1 A1iA

†
ijBj,n

]
= 0

[Bm1, . . . ,Bmn]−
[∑m

j=1

∑m
i=1 AmiA

†
ijBj,1, . . . ,∑m

j=1

∑m
i=1 AmiA

†
ijBj,n

]
= 0.

(36)

Equation (31) also tells us

C−BTA†B � 0 (37)

K̂ � 0 ⇔
⎧⎨
⎩

λA � 0(
I− λAA†λ†) λB = 0
C−BTλTA†λ†λB � 0

(38)

where K† denotes the generalized inverse of K

K̂ =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

λ1A11 · · · λ1A1m λ1B11 · · · λ1B1n

...
. . .

...
...

. . .
...

λmAm1 · · · λmAmm λmBm1 · · · λmBmn

λ1B11 · · · λmB1m C11 · · · C1n

...
. . .

...
...

. . .
...

λ1Bn1 · · · λmBnm Cn1 · · · Cnn

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(39)

(
I− λAA†λ†)λB = 0 ⇔

⎡
⎢⎣

λ1B11 · · · λ1B1n

...
. . .

...
λmBm1 · · · λmBmn

⎤
⎥⎦−

⎡
⎢⎣

λ1A11 · · · λ1A1m
...

. . .
...

λmAm1 · · · λmAmm

⎤
⎥⎦
⎡
⎢⎣

λ−1
1 A†

11 · · · λ−1
m A†

1m
...

. . .
...

λ−1
1 A†

m1 · · · λ−1
m A†

mm

⎤
⎥⎦

⎡
⎢⎣

λ1B11 · · · λ1B1n

...
. . .

...
λmBm1 · · · λmBmn

⎤
⎥⎦= 0.

(40)

Rewritten (39), we have⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

λ1 [B11, . . . ,B1n]−
[∑m

j=1

∑m
i=1 λjA1iA

†
ijBj,1, . . . ,∑m

j=1

∑m
i=1 λjA1iA

†
ijBj,n

]
= 0

λm [Bm1, . . . ,Bmn]−
[∑m

j=1

∑m
i=1 λjA1iA

†
ijBj,1, . . . ,∑m

j=1

∑m
i=1 λjA1iA

†
ijBj,n

]
= 0.

(41)

It can be deducted from (35) and (40) that⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

∑m
j=1

∑m
i=1 (λj − λ1)A1iA

†
ijBj,1, . . . ,∑m

j=1

∑m
i=1 (λj − λ1)A1iA

†
ijBj,n = 0

∑m
j=1

∑m
i=1 (λj − λm)A1iA

†
ijBj,1, . . . ,∑m

j=1

∑m
i=1 (λj − λm)A1iA

†
ijBj,n = 0.

(42)

To satisfy (41), the following equation holds:

λ1 = λ2 = . . .λm. (43)

Since (42) holds, λ is a scalar matrix, equation C−
BTλTA†λ†λB � 0 equals to

C− λBTA†B � 0. (44)

If C− (λB)T (λA)†(λB) � 0 holds, for any valid covariance
matrix A,B,C, one must have |λ| ≤ 1. Moreover, λK � 0
holds for any valid covariance matrix K, we have λi ≥ 0. In
summary, if matrix K is PSD, one have λ1 = λ2 = . . .λm, and
0 ≤ λi ≤ 1.

Proof of sufficiency:
Suppose λ1 = λ2 = . . .λm, then λ is a scalar matrix. ∀A � 0,

we have

λA � 0. (45)

According to Lemma 1, (I−AA†)B = 0, i.e.,

(
I−AA†)B = 0 ⇔

⎡
⎢⎣
B11 · · · B1n

...
. . .

...
Bm1 · · · Bmn

⎤
⎥⎦

λ =

⎡
⎢⎣

λ1

. . .
λ1

⎤
⎥⎦ (29)

K =

[
K (XS ,XS) + σ2

SI K (XS ,XT )
K (XT ,XS) K (XT ,XT )σ

2
T I

]
(30)

K̂(X,X) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

λ1 (K (XS1
,

XS1
) + σ2

SI
) · · · λ1 (K (XS1

,

XSN
) + σ2

SI
) λ1K (XS1

,

XT )
...

. . .
...

...
λk (K (XSn

,

XS1
) + σ2

SI
) · · · λk (K (XSn

,

XSn
) + σ2

SI
) λkK (XSn

,

XT )

K (XS1
,XT ) λT

1 · · · K (xSn
,XT ) λT

k

K (XT ,XT )

+σ2
T I

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (31)
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−

⎡
⎢⎣
A11 · · · A1m

...
. . .

...
Am1 · · · Amm

⎤
⎥⎦
⎡
⎢⎣
A†

11 · · · A†
1m

...
. . .

...
A†

m1 · · · A†
mm

⎤
⎥⎦

⎡
⎢⎣
B11 · · · B1n

...
. . .

...
Bm1 · · · Bmn

⎤
⎥⎦ = 0. (46)

Since λ is a scalar matrix, based on (45), we have(
I− λA (λA)†

)
λB = 0 ⇔ (

I−AA†) λB = 0. (47)

Also

C− (λB)T (λA)† (λB) = C− λBTA†B. (48)

Since

C−BTA†B � 0. (49)

If ∀i, 0 < λi < 1, the following equation holds:

C− λBTA†B � 0. (50)

Juggle the (31), (46), and (49), we have⎧⎨
⎩

λA � 0(
I− λA(λA)†

)
λB = 0

C− (λB)T (λA)†(λB) � 0.
(51)

Therefore, if transfer factor λ1 = λ2 = . . .λm, and ∀i, 0 <
λi < 1,K is PSD. If a joint covariance matrix is constructed
for multiple source domains and the target domain, all transfer
factors must be equal, which means that it is impossible to adjust
each source domain’s contribution individually. On the other
hand, if multiple TR-GPR submodels are used for knowledge
transfer separately, each submodel can adopt an independent
knowledge transfer parameter during the transfer process. This
allows for precise control over the contributions of different
source domains and enables each submodel to easily satisfy the
semipositive definiteness condition of the covariance matrix.
And in the calculation process, it can effectively reduce the
computational complexity.
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