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Abstract—Machine learning methods for state of charge (SOC)
estimation of lithium-ion batteries (LiBs) face the problem of do-
main shift. Varying conditions, such as different ambient temper-
atures, can cause performance degradation of the estimators due
to data distribution discrepancy. Some transfer learning methods
have been utilized to tackle the problem. At real-time transfer,
the source model is supposed to keep updating itself online. In
the process, source domain data are usually absent because the
storage and acquisition of all historical running data can involve
violating the privacy of users. However, existing methods require
coexistence of source and target samples. In this article, we discuss
a more difficult yet more practical source-free setting where there
are only the models pretrained in source domain and limited target
data can be available. To address the challenges of the absence
of source data and distribution discrepancy in cross-domain SOC
estimation, we propose a novel source-free temperature transfer
network (SFTTN), which can mitigate domain shift adaptively.
In this article, cross-domain SOC estimation under source-free
transfer setting is discussed for the first time. To this end, we define
an effective approach named minimum estimation discrepancy
(MED), which attempts to align domain distributions by minimiz-
ing the estimation discrepancy of target samples. Extensive transfer
experiments and online testing at fixed and changing ambient
temperatures are performed to verify the effectiveness of SFTTN.
The experiment results indicate that SFTTN can achieve robust
and accurate SOC estimation at different ambient temperatures
under source-free scenario.

Index Terms—Lithium-ion batteries (LiBs), semisupervised
learning, source-free domain adaptation, state of charge (SOC)
estimation, transfer learning, unsupervised learning.
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I. INTRODUCTION

W ITH low manufacturing cost and high energy den-
sity, lithium-ion batteries (LiBs) have become the most

widely used energy storage devices, which are considered to be
the ideal power source for electric vehicles (EVs) [1]. Accurate
state of charge (SOC) estimation helps us to assess the health
status of LiBs and it ensures a safe working environment for
power system of EV by protecting the battery from overcharge.
The SOC is defined as the ratio of the remaining capacity to
the normal capacity of the battery. However, the SOC can only
be estimated indirectly through observable parameters of the
battery, such as voltage and current, making estimating SOC
accurately difficult [2].

Accurate SOC estimation has received a lot of attention
and many accurate SOC estimation methods have been pro-
posed. These methods can be roughly grouped into the fol-
lowing five categories: book-keeping-based methods, look-up
table methods, filter-based methods, model-based methods, and
data-driven methods [3], [4]. Book-keeping-based methods uti-
lize battery discharging current data as input to estimate SOC,
including Coulomb counting method and modified Coulomb
counting method [5]. Coulomb counting method estimates the
SOC value by measuring the discharging current of the battery
and integrating the current over time. Look-up methods infer
the SOC by looking up the table built with the relationship
between SOC and measured parameters, such as open-circuit
voltage (OCV). For filter-based methods, lots of adaptive filters
are employed to infer the internal state of LiBs. Model-based
methods aim to model the battery behavior by involving elec-
trical and chemical properties of the battery. Such approaches
usually require domain-specific knowledge and complicated
procedures [6], [7]. Data-driven methods employing machine
learning techniques are completely different from model-based
methods. They are built upon extensive labeled data [8], [9].
Recently, more deep learning networks including long short-
term memory (LSTM) [10], [11], convolutional neural network
(CNN) [12], [13], and gated recurrent unit (GRU) [14] have been
employed for accurate SOC estimation.

Despite the success of SOC estimation methods, there are still
practical problems. One challenge is distribution discrepancy
where the training data and testing data have different distribu-
tions. Data difference is caused by many factors including the
difference of ambient temperatures, the aging of the battery pack,
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and other external or internal factors. For example, in real-world
scenarios, LiBs are working under varying ambient temper-
atures. One battery is trained at temperature of 25 ◦C in the
laboratory while it works at 20 ◦C, which will cause performance
degradation of pretrained estimators due to data distribution
discrepancy. It is unrealistic to perform experiments covering
every temperature. Even if the training data covers the whole
temperature range, distribution discrepancy still exists because
of many other factors. Furthermore, in real-time applications,
the estimator is supposed to keep updating itself online to adapt
to new working environment, which means there is no labeled
target data to train a reliable estimator from scratch.

To address the problem of distribution discrepancy, many
transfer learning methods [15], [16], [17] can be utilized. Trans-
fer learning methods can be divided into the following three
groups: fine-tuning methods, metric-based adaptation methods,
and adversarial adaptation methods. The fine-tuning approaches
freeze the weights of the pretrained source domain model on
certain layers while other unfrozen layers are fine-tuned using
the labeled target domain data. Metric-based adaptation methods
minimize a statistic criterion directly to mitigate the distri-
bution discrepancy adaptively, among which maximum mean
discrepancy (MMD) [18] and maximum classifier discrepancy
(MCD) [19] are widely used. Adversarial adaptation meth-
ods [20], [21], [22] utilize a domain discriminator to distinguish
the source domain data from the target domain data through
extracted features, while the feature extraction network aims to
minimize domain divergence by generating features to fool the
domain discriminator. These methods attempt to mitigate the
domain shift by minimizing data distribution divergence.

Nevertheless, transfer SOC estimation methods [23], [24] fail
under practical source-free setting where the source data are
absent. For real-time adaptation, the SOC estimator is expected
to adapt to new environment, which seems pretty easy because
many transfer methods, such as MMD and MCD have been put
forward and the only requirement is to obtain the source data
that is used to pretrain the estimator. However, in real-world
situations, source data are usually inaccessible because the stor-
age and acquisition of all historical running data can involve
violating the privacy of users of EVs. Besides, it is unrealistic
for the battery management system (BMS) to store all the
historical running data. The absence of source data invalidates
abovementioned transfer methods that require the coexistence of
source and target data. Thus, it is necessary to propose effective
methods for source-free cross-domain SOC estimation.

To address the challenge of source data absence, a novel
source-free temperature transfer network (SFTTN) is proposed
in the article. We propose a simple yet effective formulation
named minimum estimation discrepancy (MED), which can
guide the feature extractor to learn a robust feature representation
and transfer the knowledge of source domain from the source
pretrained estimators. Specifically, the feature extractor learns
to generate domain-invariant features by minimizing the esti-
mation discrepancy of target samples. The main contributions
of this article are summarized as follows.

1) In this article, a more realistic and challenging setting
named source-free cross-domain SOC estimation where

source data are absent at transfer stage is discussed for the
first time. The absence of source data invalidates existing
cross-domain methods and makes it extremely difficult to
train a reliable cross-domain estimator.

2) A novel SFTTN is proposed to achieve accurate SOC es-
timation at different ambient temperatures without source
data. By minimizing the estimation discrepancy of target
data, the model learns robust feature representation and
the distribution discrepancy is mitigated.

3) Pseudolabeling is employed to make better use of mas-
sive unlabeled target data. The estimator pretrained in
the source domain is used to generate pseudolabels for
unlabeled target data. We propose a label-selection method
to select reliable and smooth pseudolabels.

4) Extensive transfer experiments at fixed and changing
temperatures are performed under semisupervised and
unsupervised scenarios. The results indicate that SFTTN
can achieve robust and accurate SOC estimation under
source-free condition. Furthermore, cross-battery transfer
experiments and online testing have also been performed
to show the superiority of SFTTN.

II. RELATED WORK

A. SOC Estimation

For book-keeping-based methods, Ng et al. [25] proposed
a smart SOC estimation method based on Coulomb counting
to improve the estimation accuracy and state of health (SOH)
was evaluated by the maximum releasable capacity. As for
modified Coulomb counting, Ningrum et al. [26] used corrected
current, the function of discharging current, to achieve accurate
estimation. Direct-counting methods are simply but they require
stable discharge current. A small amount of noise can have big
impact on the results because of the integration operation.

For look-up table methods, Ren et al. [27] compared the
low current OCV tests with the incremental OCV tests, which
applied 0.2, 0.3, 0.5, and 1 C current-rates and investigated
the optimal relaxation time for incremental OCV test from the
perspective of test accuracy and test duration. Gismero et al. [28]
analyzed the behavior of the batteries at different current and
temperature conditions to adjust the charge measurement and
used OCV to reset the SOC estimation for preventing the error
accumulation. Other widely used empirical assessment methods
include electromotive force [29], internal resistance [30], and
electrochemical impedance spectroscopy (EIS) [31]. The OCV
method is simple and accurate but it needs long resting time to
reach the equilibrium state.

In filter-based methods, particle filter (PF), Kalman filter
(KF), and its variants [32] are used most frequently. Tian
et al. [33] combined an adaptive cubature Kalman filter (ACKF)
with an LSTM to learn the nonlinear relationship between the
measured parameters and SOC values. The ACKF was applied
to smooth the outputs.

For model-based methods, Naseri et al. [34] proposed a
block-oriented model composed of a classical equivalent
circuit model (ECM) and a static nonlinearity block. Fan
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et al. [35] designed a robust estimator based on an electro-
chemical model (EM). The reduced-order EM incorporated
temperature-dependent properties and a robust AEKF based
on the model was employed to actively compensate potential
model uncertainties. Lin et al. [36] proposed an accurate ECM
combined with adaptive unscented Kalman filter (AUKF) with
approximately 0.95% root mean square error (RMSE).

As for data-driven methods, they are built without requirement
of background knowledge. By training a deep neural network
(NN), the measured voltage, current, temperature, and even
reflected ultrasonic signals [37] can be mapped directly to SOC.
With limited prior information about internal characteristics of
the battery, data-driven approaches are able to achieve accurate
SOC estimation. Hannan et al. [38] employed GRU for accurate
SOC estimation achieving a minimum RMSE of 0.52% on the
training dataset and 0.65% on the testing dataset. From the
perspective of data collection, Li et al. [39] proposed an efficient
data generation method for machine learning training. This
method reduced the training and running time while achieving
accurate estimation with mean absolute error (MAE) of 0.358%.
For better time-varying and nonlinear feature extraction, Hannan
et al. [40] proposed deep fully convolutional neural network
(CNN) model, which outperformed other commonly used deep
learning models with RMSE and MAE of 0.85% and 0.7%. Dif-
ferent from other works, Galiounas et al. [37] achieved accurate
estimation with MAE of 0.75% using machine learning analysis
of reflected ultrasonic signals from battery internal structures.

B. Cross-Domain Transfer

For fine-tuning methods, Shen et al. [41] utilized deep convo-
lutional neural network (DCNN) for pretraining and then applied
fine-tuning to transfer the learned parameters from the source
domain to the target domain. Analogously, Vidal et al. [42]
trained the DNN model for one battery type and then fine-tuned
the model on another battery type using the pretrained parameter
values as a starting point. Liu et al. [43] applied fine-tuning
on a temporal convolutional network to transfer knowledge.
However, the efficiency of fine-tuning methods largely depends
on the data equality, which makes the accuracy of SOC esti-
mation unstable. For metric-based methods, Bian et al. [44]
exploited MMD metric on multiscale layers to mitigate the
domain divergence.

Although abovementioned transfer methods show effective-
ness, they fail to deal with more practical source-free transfer set-
ting. By contrast, SFTTN shows potential in cross-domain SOC
estimation in source-free condition. Furthermore, SFTTN has
lower computational complexity than existing transfer methods.

III. PROPOSED METHOD

A. Problem Statement

Normally, SOC refers to the ratio of the remaining capacity
to nominal capacity and the mathematical definition is shown as
follows:

SOC =
Qremaining

Qrate
(1)

Algorithm 1: Pseudo Code of SFTTN.
Input: N : Number of target samples;

x = {xi}N1 : Unlabelled target training data;
fE1, fE2: Two different pre-trained source estimators;
fS
F : Pre-trained source feature extractor;
epochthresh: Threshold number of training epochs;
λ1, λ2: Trade-off parameters.

Output: fT : Transferred target model.

1: Generate pseudo labels ỹ ← fE1(f
S
F (x))+fE2(f

S
F (x))

2
2: Initialize target feature extractor fT

F with pre-trained
source feature extractor fS

F

3: for epoch← 0 to epochthresh do
4: Compute estimation value ŷ1 ← fE1(f

T
F (x))

5: Compute estimation value ŷ2 ← fE2(f
T
F (x))

6: Compute estimation loss
LSOC ← 1

N

∑N
i←1((ỹi − ŷ1

i )
2 + (ỹi − ŷ2

i )
2)

7: Compute estimation discrepancy
LDis ← 1

N

∑N
i←1(|ŷ1

i − ŷ2
i |)

8: Compute loss function
L ← λSOCLSOC + λDisLDis

9: Compute model update ΔfT
F by applying gradient

descent algorithm with L
10: Update target feature extractor fT

F ← fT
F +ΔfT

F

11: epoch← epoch+ 1
12: end for
13: Combine target feature extractor fT

F with either
estimator fE1/fE2 to get transferred target model fT

where Qremaining is the remaining capacity and Qrate is cur-
rent rated capacity of the battery. There is an uncertain
nonlinear relationship between SOC value and measurable pa-
rameters of the battery. The proposed model uses the fol-
lowing ones as input features among various parameters:
voltage, current, and temperature. Let the total span of data
series be L and the length of time window be M . The
dataset is given by {(x1,y1), . . . , (xN ,yN )}, where N =
L/M represents the number of time slices. For the ith se-
quence xi = {P i,1, . . . ,P i,M}, the three-dimensional vector
P i,t = (Vt, It, Tt) represents the measured voltage, current, and
temperature of the battery at time step t. The SOC ground truth
labels of sequentialxi is given byyi = {SOCi,1, . . . ,SOCi,M}.

In the context of transfer learning of SOC estimation, a
domain D is generally composed of a feature space X and a
marginal probability distribution P (X) [45]. Considering the
source data is absent under source-free setting, the notations
can be formulated as follows:

DT = {xT
i }N

T
unlab

i=1 ∪ {xT
j ,y

T
j }N

T
unlab+NT

lab

j=NT
unlab+1

(2)

where DT represents the target domain, NT
unlab and NT

lab are the
numbers of unlabeled and labeled samples, respectively.

B. Source-Free Cross-Domain Transfer

In real-world estimation, the source data are absent for reasons
of confidentiality and intellectual property. For a better transfer
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Fig. 1. Overview of the structures of (a) adversarial domain adaptation, (b) MMD, and (c) SFTTN. Adversarial training framework consists of two different
feature extractors while MMD and SFTTN share one feature extractor. From the side of data input, both adversarial training and MMD require access of source
and target samples. On the contrary, SFTTN can work on the absence of source data. The weights of models in dashed line are frozen while the others are trainable.

performance, a source-free transfer framework is proposed.
Fig. 1 shows the different structures of adversarial domain
adaptation, MMD, and SFTTN. Adversarial training framework
consists of two different feature extractors while MMD and
SFTTN share one feature extractor. From the side of data input,
both adversarial training and MMD require access of source and
target samples. On the contrary, SFTTN can work on the absence
of source data.

The structure of SFTTN contains two parts: the feature ex-
tractor and estimators. There are two estimators pretrained with
source data, which have learned domain-specific knowledge of
source domain and the weights of the estimators are frozen.
The feature extractor attempts to learn domain-invariant feature
representation under the guidance of estimators by minimizing
estimation discrepancy without source data.

Let X , Z , Ydata be the input, feature, and data label spaces.
The transfer model consists of two parts: a feature extractor fF :
X → Z and SOC estimators fE1

: Z → Ydata, fE2
: Z → Ydata

whose parameters are θF , θE1
, and θE2

.
There are three steps at the transfer stage. First, to improve

knowledge transfer performance, estimators are utilized to gen-
erate pseudolabels for unlabeled data. Then, target data are
input into the feature extractor to generate time-varying fea-
tures. Finally, the features are fed to the estimators to calculate
target data estimation discrepancy for backward propagation. By
minimizing the estimation discrepancy, target and source feature
distributions can be aligned.

The pseudocode of SFTTN is shown in Algorithm 1.

C. Pseudolabeling

Before transfer training on the target domain, pseudolabeling,
a simple yet effective semisupervised mechanism, is employed
to generate pseudolabels for massive unlabeled target data for
a better transfer performance. Let fS1

and fS2
be the models

pretrained in source domain. The generation of pseudolabels is
given as follows:

ỹi =
fS1

(xi) + fS2
(xi)

2
, 1 ≤ i ≤ NT

unlab (3)

where ỹi represents the pseudolabels generated by pretrained
model on time sequence slice xi, NT

unlab is the number of
unlabeled target data.

Some of the pseudolabels generated by the pretrained source
model are away from real labels due to the existence of domain
divergence between domains. Unlike the fixed number of cate-
gories in classification problem, the result of SOC estimation is
relatively uncertain, and there is no confidence coefficient to se-
lect reliable labels. Thus, it is challenging and important to select
reliable pseudolabels to improve the transfer learning instead of
ruining it. A simple yet effective approach is used to calculate
confidence coefficient of the labels to filter reliable ones. Drastic
changes, such as sudden increment or sudden decreasement,
can be found in the estimation results because of distribution
discrepancy between domains. For each pseudolabel, the mean
difference is calculated as the confidence coefficient

Confi = 1−
NConf∑
j=1

(ỹi − ỹi+Ij ) (4)

where Conft denotes the confidence coefficient of pseudolabel,
NConf is the number of pseudolabels taken into account, and
Ij is the jth index increasement. Let ỹ = φ, representing the
pseudolabels selected from ỹ. For each pseudolabel ỹi, the
following rule is applied:

ỹ =

{
ỹ, Confi ≤ τ

ỹ ∪ {ỹi}, Confi > τ
(5)

where ỹ is the filtered pseudolabels, ỹi is the ith unfiltered
pseudovalue, Confi is the confidence coefficient of ỹi, and τ
is the confidence threshold.

After the selection of pseudolabels, the definitions of domains
can be rewritten as follows:

DT = {xT
i ,y

T
i }

NT
pseudo

i=1 ∪ {xT
j ,y

T
j }

NT
pseudo+NT

lab

j=NT
pseudo+1

(6)

where NT
pseudo is the number of pseudolabeled samples.

D. Feature Extractor

We employ two-dimensional CNN (2D-CNN) and bidirec-
tional LSTM (BiLSTM) as the feature extractor to better extract
features. The time series are sent from the input layer to feature
extractor for temporal feature extraction in both forward and
backward directions. Generally, the extracted high-dimensional
features are not variables with specific physical significance,
such as voltage or current. However, they usually have a stronger
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Fig. 2. Example of two different estimators with an overview of the proposed method. Discrepancy refers to the divergence between the estimation values of
two estimators. As shown in the left subfigure, there are two different estimators trained in source domain which perform well for source data. Because of data
distribution shift, some target samples are outside the support of the estimators. By minimizing estimation discrepancy on target data, target feature distribution is
aligned toward source feature distribution as shown in the middle and right subfigures. (best viewed in color).

correlation with the dependent variable. Finally, the features are
fed to the fully connected (FC) layer to estimate SOC values.

1) CNN Layer: Similar with [43], we use 2D-convolutional
layers to extract nonlinear features. To alleviate overfitting,
dropout [46] is utilized, where different neurons are removed
from on a temporary basis. The rectified linear unit [47] is chosen
as the activation function to accelerate the training speed and
avoid the problem of gradient vanishment. The features from
CNN layers are given as follows:

ci = fC(xi) (7)

where ci is the output feature of the ith time sequence generated
by the CNN layer, xi is the ith time sequential slice of input
data, fC denotes the CNN layer model. Then, the feature set is
passed to the BiLSTM layer.

2) BiLSTM Layer: Recurrent neural network models with
LSTM are widely used for time series processing.

However, LSTM is limited by the fact that it can only read
information in one direction. Recently, BiLSTM [48] has been
proposed to replace traditional LSTM. BiLSTM can read inputs
backwards and forwards, which allows it to use future context
for better feature extraction. The hidden state of time slice i in
BiLSTM layers is computed as follows:

hi,t = fBi(ci,t,
→
hi,t−1,

←
hi,t+1) (8)

whereht is the hidden state of time slice i at time t,fBi represents

the BiLSTM layer model, ci,t is the input features at time t,
→
h

denotes the forward hidden state, and
←
h denotes the backward

hidden state.
The output feature of the combined CNN and BiLSTM layers

can be reformulated as follows:

F i = fF (xi) (9)

where fF represents the model of the feature extractor.

E. Minimum Estimation Discrepancy

In this article, we propose a novel transfer approach for cross-
domain SOC estimation named MED. Inspired by MCD [19],
MED exploit different source pretrained models to guide the

target feature extraction. However, similar with other metric-
based transfer methods, MCD requires coexistence of source and
target samples while our proposed MED works well at source-
free scenario where only source pretrained models and target
data can be accessible.

The example with an overview of the proposed method is
shown in Fig. 2. MED attempts to align target and source feature
distributions by minimizing estimation discrepancy on target
samples. The discrepancy refers to the divergence between the
estimation values of two estimators.

First, FC layers are utilized as the estimator and the estimation
values can be generated as follows:

ŷ1
i = fE1

(F i) (10)

ŷ2
i = fE2

(F i) (11)

where F i is the features generated by feature extractor, fE1

and fE2
denote the models of estimator E1 and E2, ŷ1

i and ŷ2
i

represent the predicted labels for the ith time slice of M time
steps obtained by estimator E1 and E2, respectively. For each
training slice, the model outputs the SOC estimation values in the
form of a sequence ŷi = {ŷi,1, ŷi,2, . . . , ŷi,M}. The loss term on
target estimation values can be defined

LSOC =
1

N

N∑
i=1

(�(yi, ŷ
1
i ) + �(yi, ŷ

2
i )) (12)

where N is the number of samples, yi represents the ground
truth labels, ŷ1

i and ŷ2
i are predicted labels of the ith time slice

of length M obtained by estimator E1 and E2, and �(yi, ŷi) =∑M
j=1(yi,j − ŷi,j)

2.
With estimation values generated, the estimation discrepancy

can be calculated as follows:

d(ŷ1
i , ŷ

2
i ) =

1

M

M∑
j=1

|ŷ1
i,j − ŷ2

i,j | (13)

where d(ŷ1
i , ŷ

2
i ) denotes the estimation discrepancy for the ith

target time slice of length M . Then, the learning objective can
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TABLE I
BATTERY DATASET DESCRIPTION

be given as follows:

LDis =
1

N

N∑
i=1

d(ŷ1
i , ŷ

2
i ). (14)

The total learning objective can be summarized as follows:

min
θF
L = λSOCLSOC + λDisLDis (15)

where λSOC and λDis are tradeoff parameters, LSOC and LDis are
given by (12) and (14).

F. Loss Function in Semisupervised Scenario

In semisupervised scenario, both labeled data and unlabeled
data can be available, so the loss term of the estimator is slightly
different from (12) and it can be formulated as follows:

LSOC =
1

N

N∑
i=1

(�(yi, ŷ
1
i ) + �(yi, ŷ

2
i )), N = NT

pseudo +NT
lab

(16)
where NT

pseudo and NT
lab are the numbers of pseudolabeled and

labeled target samples, respectively.

G. Loss Function in Unsupervised Scenario

In unsupervised scenario, only massive unlabeled data in the
target domain is accessible. To train a reliable SOC estimator,
reliable pseudolabels need to be generated. Under the proposed
universal transfer framework, the estimation can be trained using
the same loss function as (15) with a slightly difference on the
loss term ofLSOC. Due to the lack of labeled data, the number of
samples that can be calculated isNT

pseudo. Then, we can formulate
the loss term of the estimator

LSOC =
1

N

N∑
i=1

(�(yi, ŷ
1
i ) + �(yi, ŷ

2
i )), N = NT

pseudo. (17)

The definition of the rest loss term LDis is the same as (14).

IV. EXPERIMENTS

In this section, the description of datasets and experiments
implementation details will be discussed.

A. Dataset Description

To evaluate the cross-domain SOC estimation performance
of our method at real-world BMS conditions and compare our
method with other methods, we choose Panasonic 18650PF
dataset [49], LG 18650HG2 dataset [53], and A123 dataset [51]

as the evaluation datasets and carry out abundant experiments.
The dataset specification is shown in Table I.

Panasonic 18650PF dataset is tested on a brand-new Pana-
sonic NCR18650PF battery and collected by the University of
Wisconsin-Madison. It is a commonly used validation dataset in
the community. In the Panasonic dataset, a series of drive cycles
including Cycle1, Cycle2, Cycle3, Cycle4, US06, HWFET,
UDDS, LA92, and neural network (NN) were performed re-
peatedly at ambient temperatures of 25 ◦C, 10 ◦C, 0 ◦C,−10 ◦C,
and −20 ◦C. Cycles 1–4 consist of random mixture of US06,
HWFET, UDDS, LA92, and NN drive cycles. NN drive cycle
consists of combination of portions of US06 and LA92 drive
cycles. The drive cycle power profile is calculated for an electric
Ford F150 truck with a 35 kWh battery pack scaled for a single
18650PF cell.

In the LG dataset, the tests were performed at McMaster
University in Hamilton, ON, Canada by Dr. Phillip Kollmeyer.
A brand new 3Ah LG HG2 cell was tested in an 8 cu.ft. thermal
chamber with a 75 amp, 5 V Digatron Firing Circuits Universal
Battery Tester channel with a voltage and current accuracy of
0.1% of full scale.

In the A123 dataset, experiments with A123 cell were con-
ducted wherein two dynamic tests were used: Dynamic stress
test (DST) and the Federal urban driving schedule (FUDS),
former to identify the model parameters while later to validate
the performance of the SOC estimation. The experiments were
performed repeatedly at ambient temperatures of 50 ◦C, 40 ◦C,
30 ◦C, 25 ◦C, 20 ◦C, 10 ◦C, 0 ◦C, and −10 ◦C.

Data normalization is performed to prevent different ranges
of training data from affecting the training process. The normal-
ization on input s can be defined as follows:

s′ =
s− smin

smax − smin
(18)

where s′ denotes the normalized data, smin and smax represent
the maximum and minimum values of the row data. Fig. 3 shows
the measured parameters and SOC values of LA92 tested at five
discrete temperatures.

B. Implementation Details

SFTTN is implemented in PyTorch with NIVIDIA GeForce
RTX 2080 Ti employed as the GPU platform. Model structure
setting is shown in Table II. As shown in Table III, SFTTN
requires the lowest computational complexity (FLOPs, param-
eters, training time for each epoch and average estimation time
for each second of testing data) compared with existing transfer
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Fig. 3. Voltage, current, temperature, and capacity of LA92 drive cycle in raw
(a) and normalized (b) measured at five discrete ambient temperatures. (a) Raw
parameters of LA92. (b) Normalized parameters of LA92.

TABLE II
MODEL STRUCTURE AND PARAMETERS

TABLE III
COMPUTATIONAL COMPLEXITY OF DIFFERENT TRANSFER METHODS

methods including MMD and adversarial training. Low compu-
tational complexity of SFTTN allows it to be easily applied on
current BMS for practical applications. Furthermore, model dis-
tillation technology can compress the scale of the SFTTN model
to address more stringent memory and efficiency requirements.

Each experiment is repeated three times to get the mean
results. In this article, MAE and RMSE are used as the per-
formance evaluation metrics:

MAE =
1

N

N∑
i=1

|yi − ŷi|

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)
2 (19)

where N is the number of evaluated samples, yi and ŷi are the
real SOC value and the predicted value.

TABLE IV
DATASET SETTING FOR CROSS-DOMAIN TRANSFER EXPERIMENT UNDER

DIFFERENT AMBIENT TEMPERATURES

C. Experiment Setting

In the experiments transferring from Panasonic 18650PF to
LG 18650HG2, Panasonic dataset is the training dataset and LG
dataset is the testing dataset. In other experiments, Panasonic
dataset is the training and testing dataset. The specific transfer
setting is shown in Table IV.

1) SOC Estimation at Fixed Ambient Temperatures: Before
transfer estimation experiments, we evaluate the pretraining
performance of our model at each fixed ambient temperature.
One drive cycle is used as the testing data and the rest of the
drive cycles under the same ambient temperature are used as the
training data. Thus, nine experiments are performed for each
ambient temperature.

2) Source-Free Cross-Domain Transfer Experiment on
Unsupervised Scenario: In this article, source-free transfer SOC
estimation under unsupervised scenario is discussed for the first
time where only massive unlabeled target data can be available.
The experiments are performed under five discrete ambient
temperatures with one drive cycle performed as the testing data
and the remaining ones served as the unlabeled training data.

3) Source-Free Cross-Domain Transfer Experiment From
Panasonic 18650PF to LG 18650HG2 and A123: Our method
can even pretrain the model with data of battery type and then
retrain it for another battery type. In the experiments, we first pre-
train the model using Panasonic 18650PF dataset at each ambient
temperature. Then, the model is tested using LG 18650HG2
dataset and A123 dataset for all ambient temperatures.

4) Source-Free Online Testing at Changing Temperatures:
In real-world applications, the ambient temperature keeps
changing. The SOC estimator is supposed to update itself adap-
tively to adapt to new testing data. To evaluate the effectiveness
of our method in practical scenarios, we perform online test-
ing experiments at changing temperatures. We take Panasonic
18650PF dataset as the validation dataset. The nine drive cycles
are repeated with a starting chamber temperature of −20 °C,
which is then allowed to drift upwards such that the battery
temperature rises up to 20 °C during the drive cycle.

As shown in Fig. 4, the process contains pretraining and
transfer stages. The pretraining stage is offline. It takes historical
battery data to pretrain models in source domain. Different from
abovementioned experiments, for onboard BMS applications,
the transfer stage is online. Testing data (target domain data)
without labels will be collected by the BMS in real time.

Another difference is that the training data is not input into
the model at once. One drive cycle is split into time slices. The
slices are input into the model by piece in order of time. During
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TABLE V
TRADITIONAL SOC ESTIMATION RESULTS UNDER FIXED AMBIENT TEMPERATURES

Fig. 4. Application of cross-domain SOC estimation at real-world conditions
(online testing).

online testing, current piece is used for training and the next
piece is used for testing, just like that in practical applications.
During online testing, the model keeps updating itself. In short,
the model is dynamic rather than static.

V. RESULTS AND ANALYSIS

A. Source-Free Cross-Domain Transfer Experiment on
Semisupervised Scenario

We compare the performance of our method with other meth-
ods on traditional SOC estimation. We choose several represen-
tative methods as the baseline methods, including GRU [14],
LSTM [10], AUKF [54], EIS [55], and a method in [24]. The
results are shown in Table V. As shown in the results, the errors of
most cases are very close. AUKF achieves the smallest average
errors with 0.98% and 1.28%. Our method achieves errors with
1.09% and 1.44%, which are very close to the best results.
Specifically, in the case of 0 ◦C, our methods achieves the best
results with errors at 0.535% and 0.689%. The results verify
that our method can achieve the state-of-the-art performance on
traditional SOC estimation task at fixed ambient temperatures.

B. Source-Free Cross-Domain Estimation Results Under
Unsupervised Scenario

Up until now, there is no related work for source-free SOC
estimation under unsupervised scenario. To evaluate the transfer
performance of proposed SFTTN under unsupervised scenario,
one drive cycle is selected as the testing data while the remaining
target data are unlabeled.

The SOC estimation errors of test drive cycle from one ambi-
ent temperature to other temperatures are shown in Fig. 5. Con-
sidering there are no related methods for source-free transfer, the
model pretrained in the source domain is used for comparison.
As shown in the figures, without the guidance of labeled source
data and target data, the estimation errors of pretrained model
are rather large, which mostly fall into 10%–20% while SFTTN
achieves significant improvement over 70%, indicating the im-
portance of proposing effective cross-domain transfer SOC esti-
mation under source-free unsupervised scenario. Compared with
source pretrained model, the errors using SFTTN method are
greatly reduced. Nevertheless, the estimation performance under
unsupervised setting is not as good as that under semisupervised
condition. The problem is caused by the limitation of the pseu-
dolabels and unaligned feature representation. The quality of
the pseudolabels depends on the pretrained estimators and data
correlation between source and target domains. It is worth noting
that on some cases the errors of source pretrained model can be
small. For instance, the RMSE in the case of 0 ◦C→ 25 ◦C is
27.4%while that of 0 ◦C→ −10 ◦C achieves the smallest within
2.8%. It is because that the difference of the domain shift causes
different errors. Tested data between the ambient temperatures
of 0 ◦C and−10 ◦C shares slighter domain shift than that of data
between 0 ◦C and 25 ◦C.

The total results from one temperature to others are shown
in Table VI. Similar with semisupervised experiments, MMD
metric-based model and adversarial training model with source
data are included as the baseline models for comparison to
show the superiority of our method. The proposed SFTTN
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Fig. 5. Cross-domain SOC estimation results of different groups of transfer settings on (a) MAE and (b) RMSE under unsupervised scenario.

TABLE VI
SOURCE-FREE CROSS-DOMAIN TRANSFER ESTIMATION RESULTS FROM ONE TEMPERATURE TO OTHERS UNDER UNSUPERVISED SCENARIO

outperforms other baseline models in all the transfer cases.
Although adversarial training and MMD methods make some
improvement compared with source pretrained model in some
cases, the MAEs and RMSEs are still large and they require
coexistence of source and target data.

C. Source-Free Cross-Domain Transfer Results From
Panasonic 18650PF to LG 18650HG2 and A123

Similar with abovementioned experiments, we take source
pretrained model, MMD method and adversarial training
method as the baseline methods while only SFTTN can work
without source data. The results of cross-battery experiments
are shown in Tables VII and VIII. It is worth noting that
the errors of pretrained model are even smaller than those of
MMD and adversarial training. The model without transfer stage
even outperforms methods, which integrate transfer approaches,
which seems contrary to our cognition. The abnormal results
indicate the generalization problem that often arises in MMD and
adversarial training. Even the domain discrepancy is minimized,

the model can still be far from the ideal one. Despite all the risks,
our method achieves best performance for all the tested cases
with errors no larger than 3.6%.

The results indicate that SFTTN can quickly and effectively
retrain an SOC estimator for one battery from a pretrained
model of another battery. Normally, if we want to train an SOC
estimator for one battery type, we need to collect massive reliable
data in the laboratory (data-driven methods) or to analysis the
chemical properties and construct model for the battery (model-
based methods). Other transfer methods need training data from
both batteries while our method only needs real-time running
data from one battery. However, with our method, the training
cost can be greatly reduced.

D. Source-Free Online Testing at Changing Temperatures

We take source pretrained model, MMD method and adversar-
ial training method as the baseline methods. The results of online
testing at changing temperatures are shown in Table IX. As
shown in the table, the errors tested at changing temperatures are
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TABLE VII
SOURCE-FREE CROSS-DOMAIN TRANSFER RESULTS FROM PANASONIC 18650PF TO LG 18650LG2

TABLE VIII
SOURCE-FREE CROSS-DOMAIN TRANSFER RESULTS FROM PANASONIC 18650PF TO A123

TABLE IX
SOURCE-FREE ONLINE TESTING RESULTS AT CHANGING TEMPERATURES

a little larger than those tested at fixed ambient temperatures. The
average errors of our method are 6.11% and 8.56%. Considering
our method can work with only unlabeled target data, which
can largely reduce time cost, the results are within acceptable
range.

Our method remains effective at changing temperatures. The
model can quickly update itself with real-time collected data.
By contrast, other transfer models are static, which can cause

large errors at changing environment. The results indicate the
superiority of SFTTN in online applications.

E. Discussion

There are some interesting issues worth discussing.
First issue is the relationship between SOC and SOH. SOH

refers to the percentage of the maximum available capacity to
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the rated capacity, representing the health degradation of the
battery. Interestingly and expectedly, SFTTN can also be applied
in cross-domain SOH estimation. From another perspective,
battery of different SOH can be seen as different types of
batteries. Thus, SFTTN has great potential in cross-domain SOH
estimation.

Second issue is about the impact of significant factors in
real-time applications that can affect the performance of model,
such as measurement uncertainty, wrong initialization, and bat-
tery aging. For other transfer methods, abovementioned factors
can cause performance degradation of the estimation model.
However, SFTTN can deal with these problems perfectly by
transferring them into source-free cross-domain transfer issue.
First, abovementioned discussion has shown that SFTTN can
transfer models between batteries with different aging degrees.
Second, suppose a model is trained with inaccurate measured pa-
rameters and wrongly initialized model weights. The pretrained
model can perfectly estimate previous wrong data, but cannot
predict accurate values for following correctly measured param-
eters, because the training data and testing data are differently
distributed. Since there is a gap between the data distributions,
SFTTN can be utilized to transfer the wrongly trained model
and adapt it to following correct data.

VI. CONCLUSION

In this article, we propose a novel transfer framework named
SFTTN to tackle the challenges of distribution discrepancy and
data limitation in cross-domain SOC estimation under different
ambient temperatures. We propose a more difficult yet more
practical source-free scenario where source data are absent and
only source pretrained model and target data can be available.
For better domain-invariant feature representations learning, we
employ 2D-CNN layers and BiLSTM layers as the feature ex-
tractor. By pretraining differently initiated estimators in source
domain and minimizing the estimation discrepancy of target
data gained by the estimators, the domain shift is alleviated.
Abundant comparative experiments demonstrate that SFTTN is
able to achieve comparable or better performance comparing
with other methods on both traditional SOC estimation at fixed
temperatures and cross-domain SOC estimation at varying am-
bient temperatures. There are still drawbacks of SFTTN. For
example, just like other data-driven methods, the performance
of SFTTN depends on accurate measurement of parameters.
Relevant discussion has shown that SFTTN can also be utilized
for cross-domain SOH estimation.

REFERENCES

[1] H. Weiss, T. Winkler, and H. Ziegerhofer, “Large lithium-ion battery-
powered electric vehicles—from idea to reality,” in Proc. ELEKTRO, 2018,
pp. 1–5.

[2] M. U. Ali, A. Zafar, S. H. Nengroo, S. Hussain, M. Junaid Alvi, and
H.-J. Kim, “Towards a smarter battery management system for electric
vehicle applications: A critical review of lithium-ion battery state of charge
estimation,” Energies, vol. 12, no. 3, 2019, Art. no. 446.

[3] M. O. Qays, Y. Buswig, M. L. Hossain, and A. Abu-Siada, “Recent
progress and future trends on the state of charge estimation methods to
improve battery-storage efficiency: A review,” CSEE J. Power Energy
Syst., vol. 8, no. 1, pp. 105–114, 2020.

[4] R. Xiong, J. Cao, Q. Yu, H. He, and F. Sun, “Critical review on the battery
state of charge estimation methods for electric vehicles,” IEEE Access,
vol. 6, pp. 1832–1843, 2017.

[5] K. Movassagh, A. Raihan, B. Balasingam, and K. Pattipati, “A critical look
at coulomb counting approach for state of charge estimation in batteries,”
Energies, vol. 14, no. 14, 2021, Art. no. 4074.

[6] X. Bian, Z. Wei, J. He, F. Yan, and L. Liu, “A two-step parameter opti-
mization method for low-order model-based state-of-charge estimation,”
IEEE Trans. Transport. Electrific., vol. 7, no. 2, pp. 399–409, Jun. 2021.

[7] A. Bavand, S. A. Khajehoddin, M. Ardakani, and A. Tabesh, “On-
line estimations of li-ion battery SOC and SOH applicable to par-
tial charge/discharge,” IEEE Trans. Transport. Electrific., vol. 8, no. 3,
pp. 3673–3685, Sep. 2022.

[8] Y. Fan, J. Wu, Z. Chen, H. Wu, J. Huang, and B. Liu, “Data-driven state-of-
charge estimation of lithium-ion batteries,” in Proc. 8th Int. Conf. Power
Electron. Syst. Appl., 2020, pp. 1–5.

[9] Z. Du, L. Zuo, J. Li, Y. Liu, and H. T. Shen, “Data-driven estimation of
remaining useful lifetime and state of charge for lithium-ion battery,” IEEE
Trans. Transport. Electrific., vol. 8, no. 1, pp. 356–367, Mar. 2022.

[10] C. Li, F. Xiao, Y. Fan, G. Yang, and W. Zhang, “A recurrent neural network
with long short-term memory for state of charge estimation of lithium-ion
batteries,” in Proc. IEEE 8th Joint Int. Inf. Technol. Artif. Intell. Conf.,
2019, pp. 1712–1716.

[11] X. Shu, G. Li, Y. Zhang, S. Shen, Z. Chen, and Y. Liu, “Stage of
charge estimation of lithium-ion battery packs based on improved cubature
kalman filter with long short-term memory model,” IEEE Trans. Transport.
Electrific., vol. 7, no. 3, pp. 1271–1284, Sep. 2020.

[12] H. S. Bhattacharyya, A. Yadav, A. B. Choudhury, and C. K. Chanda,
“Convolution neural network-based soc estimation of li-ion battery in ev
applications,” in Proc. 5th Int. Conf. Elect., Electron., Commun., Comput.
Technol. Optim. Techn., 2021, pp. 587–592.

[13] A. Herle, J. Channegowda, and D. Prabhu, “A temporal convolution
network approach to state-of-charge estimation in li-ion batteries,” in Proc.
IEEE 17th India Council Int. Conf., 2020, pp. 1–6.

[14] G. Javid, M. Basset, and D. O. Abdeslam, “Adaptive online gated recurrent
unit for lithium-ion battery SOC estimation,” in Proc. 46th Annu. Conf.
IEEE Ind. Electron. Soc., 2020, pp. 3583–3587.

[15] J. Li, K. Lu, Z. Huang, L. Zhu, and H. T. Shen, “Transfer independently
together: A generalized framework for domain adaptation,” IEEE Trans.
Cybern., vol. 49, no. 6, pp. 2144–2155, Jun. 2019.

[16] J. Li, M. Jing, H. Su, K. Lu, L. Zhu, and H. T. Shen, “Faster domain
adaptation networks,” IEEE Trans. Knowl. Data Eng., vol. 34, no. 12,
pp. 5770–5783, Dec. 2022.

[17] J. Li, K. Lu, Z. Huang, L. Zhu, and H. T. Shen, “Heterogeneous domain
adaptation through progressive alignment,” IEEE Trans. Neural Netw.
Learn. Syst., vol. 30, no. 5, pp. 1381–1391, May 2019.

[18] K. M. Borgwardt, A. Gretton, M. J. Rasch, H.-P. Kriegel, B. Schölkopf, and
A. J. Smola, “Integrating structured biological data by Kernel maximum
mean discrepancy,” Bioinformatics, vol. 22, no. 14, pp. e49–e57, 2006.

[19] K. Saito, K. Watanabe, Y. Ushiku, and T. Harada, “Maximum classifier
discrepancy for unsupervised domain adaptation,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2018, pp. 3723–3732.

[20] E. Tzeng, J. Hoffman, K. Saenko, and T. Darrell, “Adversarial discrim-
inative domain adaptation,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2017, pp. 7167–7176.

[21] J. Li, E. Chen, Z. Ding, L. Zhu, K. Lu, and H. T. Shen, “Maximum
density divergence for domain adaptation,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 43, no. 11, pp. 3918–3930, Nov. 2021.

[22] J. Li, Z. Du, L. Zhu, Z. Ding, K. Lu, and H. T. Shen, “Divergence-agnostic
unsupervised domain adaptation by adversarial attacks,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 44, no. 11, pp. 8196–8211, Nov. 2022.

[23] L. Shen, J. Li, J. Liu, L. Zhu, and H. T. Shen, “Temperature adaptive transfer
network for cross-domain state-of-charge estimation of li-ion batteries,”
IEEE Trans. Power Electron., vol. 38, no. 3, pp. 3857–3869, Mar. 2023.

[24] Y. Qin, S. Adams, and C. Yuen, “Transfer learning-based state of charge
estimation for lithium-ion battery at varying ambient temperatures,” IEEE
Trans. Ind. Informat., vol. 17, no. 11, pp. 7304–7315, Nov. 2021.

[25] K. S. Ng, C.-S. Moo, Y.-P. Chen, and Y.-C. Hsieh, “Enhanced coulomb
counting method for estimating state-of-charge and state-of-health of
lithium-ion batteries,” Appl. Energy, vol. 86, no. 9, pp. 1506–1511,
2009.

[26] P. Ningrum, N. A. Windarko, and S. Suhariningsih, “Estimation of state of
charge (SoC) using modified coulomb counting method with open circuit
compensation for battery management system (BMS),” J. Adv. Res. Elect.
Eng., vol. 5, no. 1, pp. 15–20, 2021.



6862 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 38, NO. 6, JUNE 2023

[27] Z. Ren, C. Du, Z. Wu, J. Shao, and W. Deng, “A comparative study of the
influence of different open circuit voltage tests on model-based state of
charge estimation for lithium-ion batteries,” Int. J. Energy Res., vol. 45,
no. 9, pp. 13692–13711, 2021.

[28] A. Gismero, E. Schaltz, and D.-I. Stroe, “Recursive state of charge
and state of health estimation method for lithium-ion batteries based on
coulomb counting and open circuit voltage,” Energies, vol. 13, no. 7, 2020,
Art. no. 1811.

[29] C. Unterrieder, M. Lunglmayr, S. Marsili, and M. Huemer, “Battery state-
of-charge estimation prototype using EMF voltage prediction,” in Proc.
IEEE Int. Symp. Circuits Syst., 2014, pp. 622–625.

[30] W.-Y. Kim, P.-Y. Lee, J. Kim, and K.-S. Kim, “State of charge and
equivalent internal resistance estimation for a multi-cell application based
on cell-difference-model,” in Proc. IEEE Energy Convers. Congr. Expo.,
2019, pp. 2664–2668.

[31] J. Zhang et al., “Variable-order equivalent circuit modeling and state
of charge estimation of lithium-ion battery based on electrochemical
impedance spectroscopy,” Energies, vol. 14, no. 3, 2021, Art. no. 769.

[32] P. Shrivastava, T. K. Soon, M. Y. I. B. Idris, and S. Mekhilef, “Overview of
model-based online state-of-charge estimation using Kalman filter family
for lithium-ion batteries,” Renewable Sustain. Energy Rev., vol. 113, 2019,
Art. no. 109233.

[33] Y. Tian, R. Lai, X. Li, L. Xiang, and J. Tian, “A combined method for
state-of-charge estimation for lithium-ion batteries using a long short-term
memory network and an adaptive cubature Kalman filter,” Appl. Energy,
vol. 265, 2020, Art. no. 114789.

[34] F. Naseri, E. Schaltz, D.-I. Stroe, A. Gismero, and E. Farjah, “An enhanced
equivalent circuit model with real-time parameter identification for battery
state-of-charge estimation,” IEEE Trans. Ind. Electron., vol. 69, no. 4,
pp. 3743–3751, Apr. 2022.

[35] G. Fan, X. Li, and R. Zhang, “Global sensitivity analysis on temperature-
dependent parameters of a reduced-order electrochemical model and ro-
bust state-of-charge estimation at different temperatures,” Energy, vol. 223,
2021, Art. no. 120024.

[36] X. Lin, Y. Tang, J. Ren, and Y. Wei, “State of charge estimation with the
adaptive unscented Kalman filter based on an accurate equivalent circuit
model,” J. Energy Storage, vol. 41, 2021, Art. no. 102840.

[37] E. Galiounas, T. G. Tranter, R. E. Owen, J. B. Robinson, P. R. Shear-
ing, and D. J. Brett, “Battery state-of-charge estimation using machine
learning analysis of ultrasonic signatures,” Energy AI, vol. 10, 2022,
Art. no. 100188.

[38] M. A. Hannan, D. N. How, M. B. Mansor, M. S. H. Lipu, P. J. Ker, and
K. M. Muttaqi, “State-of-charge estimation of li-ion battery using gated
recurrent unit with one-cycle learning rate policy,” IEEE Trans. Ind. Appl.,
vol. 57, no. 3, pp. 2964–2971, May 2021.

[39] J. Li, W. Ziehm, J. Kimball, R. Landers, and J. Park, “Physical-based
training data collection approach for data-driven lithium-ion battery state-
of-charge prediction,” Energy AI, vol. 5, 2021, Art. no. 100094.

[40] M. A. Hannan et al., “SOC estimation of li-ion batteries with learning
rate-optimized deep fully convolutional network,” IEEE Trans. Power
Electron., vol. 36, no. 7, pp. 7349–7353, Jul. 2021.

[41] S. Shen, M. Sadoughi, M. Li, Z. Wang, and C. Hu, “Deep convolutional
neural networks with ensemble learning and transfer learning for capac-
ity estimation of lithium-ion batteries,” Appl. Energy, vol. 260, 2020,
Art. no. 114296.

[42] C. Vidal, P. Kollmeyer, E. Chemali, and A. Emadi, “Li-ion battery state of
charge estimation using long short-term memory recurrent neural network
with transfer learning,” in Proc. IEEE Transp. Electrific. Conf. Expo, 2019,
pp. 1–6.

[43] Y. Liu, J. Li, G. Zhang, B. Hua, and N. Xiong, “State of charge estimation of
lithium-ion batteries based on temporal convolutional network and transfer
learning,” IEEE Access, vol. 9, pp. 34177–34187, 2021.

[44] C. Bian, S. Yang, and Q. Miao, “Cross-domain state-of-charge estimation
of li-ion batteries based on deep transfer neural network with multiscale
distribution adaptation,” IEEE Trans. Transport. Electrific., vol. 7, no. 3,
pp. 1260–1270, Sep. 2021.

[45] W. M. Kouw and M. Loog, “A review of domain adaptation without
target labels,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 43, no. 3,
pp. 766–785, 2019.

[46] P. Baldi and P. J. Sadowski, “Understanding dropout,” in Proc. Adv. Neural
Inf. Process. Syst., 2013, pp. 2814–2822.

[47] J. Si, S. L. Harris, and E. Yfantis, “A dynamic ReLU on neural network,”
in Proc. IEEE 13th Dallas Circuits Syst. Conf., 2018, pp. 1–6.

[48] J. A. Kumar and S. Abirami, “Ensemble application of bidirectional LSTM
and GRU for aspect category detection with imbalanced data,” Neural
Comput. Appl., vol. 33, no. 21, pp. 14603–14621, 2021.

[49] P. Kollmeyer, “Panasonic 18650PF li-ion battery data,” Mendeley Data,
vol. 1, no. 2018, 2018, doi: 10.17632/wykht8y7tg.1.

[50] M. Naguib, P. Kollmeyer, and M. Skells, “Lg 18650hg2 li-ion battery
data,” Mendeley Data, vol. 1, 2020, doi: 10.17632/b5mj79w5w9.2.

[51] Center for advanced life cycle engineering battery research group, 2012.
[Online]. Available: https://web.calce.umd.edu/batteries/data.htm

[52] I. Oyewole, A. Chehade, and Y. Kim, “A controllable deep transfer learn-
ing network with multiple domain adaptation for battery state-of-charge
estimation,” Appl. Energy, vol. 312, 2022, Art. no. 118726.

[53] P. Kollmeyer, C. Vidal, M. Naguib, and M. Skells, “LG 18650HG2 li-ion
battery data and example deep neural network XEV SOC estimator script,”
Mendeley Data, vol. 3, 2020, doi: 10.17632/cp3473x7xv.3.

[54] F. Sun, X. Hu, Y. Zou, and S. Li, “Adaptive unscented Kalman filtering for
state of charge estimation of a lithium-ion battery for electric vehicles,”
Energy, vol. 36, no. 5, pp. 3531–3540, 2011.

[55] I. Babaeiyazdi, A. Rezaei-Zare, and S. Shokrzadeh, “State of charge
prediction of EV li-ion batteries using EIS: A machine learning approach,”
Energy, vol. 223, 2021, Art. no. 120116.

https://dx.doi.org/10.17632/wykht8y7tg.1
https://dx.doi.org/10.17632/b5mj79w5w9.2
https://web.calce.umd.edu/batteries/data.htm
https://dx.doi.org/10.17632/cp3473x7xv.3


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


