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SUMMARY

Accurate state of health (SOH) prediction is significant to guarantee operation
safety and avoid latent failures of lithium-ion batteries. With the development
of communication and artificial intelligence technologies, a body of researches
have been performed toward precise and reliable SOH prediction method based
on machine learning (ML) techniques. In this paper, the conception of SOH is
defined, and the state-of-the-art prediction methods are classified based on their
primary implementation procedure. As an essential step in ML-based SOH algo-
rithms, the health feature extraction methods reported in the literature are
comprehensively surveyed. Next, an exhausted comparison is conducted to elab-
orate the development of ML-based SOH prediction techniques. Not only their
advantages and disadvantages of the application in SOH prediction are reviewed
but also their accuracy and execution process are fully discussed. Finally, pivotal
challenges and corresponding research directions are provided for more reliable
and high-fidelity SOH prediction.

INTRODUCTION

To cope with global warming and climate change, electric vehicles (EVs) have been considered as a favor-

able alternative to conventional fuel vehicles (Guo et al., 2021a). Although the performance of EVs has been

promoted significantly, their safety and user acceptance highly depend on the performance of energy stor-

age systems (Zhang et al., 2021a). Currently, lithium-ion batteries dominate the energy storage solutions in

EVs (Hosen et al., 2021). However, the performance of lithium-ion batteries degrades with operation,

thanks to the deterioration of their electrochemical constituents, showcasing internal resistance increase

as well as capacity and power attenuation (Tian et al., 2021). Battery aging can be affected by multiple

coupled influences such as electrochemical reactions, mechanical stress, and operation temperature

(Lee et al., 2021). To guarantee operation safety of lithium-ion batteries in their lifespan, comprehensive

life state knowledge accounts for a critical role in high-performance management in EV applications

(Meng et al., 2021). State of health (SOH), usually specified by the percentage of present full charge/

discharge capacity over the rated value, has been widely exploited to evaluate the physical degradation

level of lithium-ion batteries (Bian et al., 2021a). Usually, lithium-ion batteries are deemed as end of life

(EOL) and become unqualified for EV applications when SOH drops below 80% or the internal resistance

doubles (Jia et al., 2021).

As an inner state quantity that cannot be directly measured, SOH prediction methods have been widely

investigated, and a body of state-of-the-art techniques has emerged (Tian et al., 2019). Even so, SOH pre-

diction is still a bottleneck task, due to its multi-coupling characteristics of temperature, charging rate, and

depth of discharge (DOD) (Shu et al., 2020d). It is, therefore, imperative to elaborate these methods and

summarize these pros and cons for performance promotion in wider engineering applications (Xu et al.,

2021b). Recent developments in communication and artificial intelligence (AI) technologies inspire the sub-

stantial exploitation of machine learning (ML)-basedmethods in SOHprediction (Pan et al., 2020). Owing to

its easy application and independence on the detailed knowledge in terms of degradation mechanism,

ML-based methods are widely investigated for SOH estimation promotion (Goud et al., 2021). Li et al. re-

views the ML algorithms including Gaussian process regression (GPR), neural network (NN), relevance vec-

tor machine (RVM), autoregressive model (AM), and support vector machine (SVM) with respect to their

viability and efficiency in SOH estimation based on real-world data (Li et al., 2019d). Ng et al. compare

equivalent circuit models (ECMs) and physics-based models and outline an exhaustive survey for the

application of ML techniques in battery state prediction (Ng et al., 2020). However, the ML algorithms
iScience 24, 103265, November 19, 2021 ª 2021 The Author(s).
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Table 1. An overview of the SOH review papers

Ref. Content Drawbacks

Ungurean

et al., 2017

The prediction methods of SOH and RUL are

introduced and evaluated.

ML-based algorithm framework and

implementation factors are not discussed.

Meng and Li,

2019

Battery health management progress is

expounded in a chronological order.

Only a few ML methods are discussed for SOH

estimation.

Tian et al.,

2020a

General review on SOH estimation methods is

conducted.

The execution process of ML algorithm is not

described extensively.

Xiong et al.,

2018a

The algorithm and execution process of direct

measurement and model-based SOH estimation

methods are delivered.

ML-based algorithms are not introduced

comprehensively.

Lipu et al.,

2018

The prediction method of SOH and RUL are

comprehensively introduced.

Some of the mentioned algorithms can be

summarized as the same type method.

Li et al.,

2019d

GPR, NN, RVM, AM, and SVM algorithms used

for SOH estimation are reviewed.

Some ML methods are still not fully involved.

Ng et al.,

2020

The promise of ML techniques used for SOH and

SOC estimation are showcased.

Health feature generation process is neglected.

This study 1) The health features introduced in the literature are systematically surveyed.

2) The configuration, execution, and mathematical calculation procedure of predicting SOH based
on commonly used ML algorithms are classified and elaborated.

3) The key challenges and corresponding future research trends are discussed in depth.
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elaborated in the existing literature are not comprehensive, and their efficiency and application potential

are still not fully discussed. On the other hand, a critical step when leveraging ML-based methods for

SOH estimation is to select proper feature variables, which, to the authors’ knowledge, are seldom dis-

cussed in previous review works. Some noteworthy SOH review literature and their limitations are

compared in Table 1.

To bridge these investigation gaps, a detailed review of health feature generation and ML prediction

methods utilized in SOH prediction for lithium-ion batteries are reviewed in this study. By introducing

the up-to-date achievements in SOH estimation, an exhausted survey in terms of direct calibration, fil-

ter-based, andML-basedmethods is provided. Particularly, the ML-basedmethod is investigated in depth,

and their configuration, execution procedure, and mathematical calculations are discussed with detail.

Moreover, health features, as one of the pivotal parameters during implementing ML algorithms, are sys-

tematically summarized, and their efficiency, feasibility, and viability are compared. Furthermore, the

application limitation in the literature is discussed, and the future research trend is suggested from

different perspectives. This review will help automotive engineers and experts better grasp and under-

stand the existing SOH prediction methods and developing trend. In addition, the review will supply

some insights that will contribute to the development of next-generation intelligent battery management

system (BMS).

The remainder of this article is structured into five sections: Overview of SOH prediction methods section

introduces the conventional definition of SOH and discusses themerits and drawbacks of existing SOHpre-

diction methods. Study of feature extraction section provides a comparative insight description of feature

generation methods. Machine learning-based SOH prediction section explains the fundamental steps to

predict SOH with ML-based methods. The challenges and research directions in terms of the implementa-

tion of ML-based methods for SOH prediction are presented in Challenges and future trend of machine

learning methods section. Finally, Conclusions section outlines the conclusions of this review study.

OVERVIEW OF SOH PREDICTION METHODS

Conventional definition of SOH

The SOH indicates the percentage of current energy/power output capability over the nominal value (Liu

and Xu, 2020). Like most mechanical/electrical systems, the performance of lithium-ion battery indispens-

ably degrades with operation. To be specific, the battery capacity declines and its resistance increases
2 iScience 24, 103265, November 19, 2021
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Figure 1. Classification and comparison of battery SOH prediction methods
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when the battery ages, and therefore, characterizing SOH variation can be suggested with the expression

of capacity and resistance change. In some applications (such as hybrid EVs), where the power capacity is

more important than the energy amount, the internal resistance is often considered as an SOH metric, and

it can be formulated (Vidal et al., 2020) as

SOH=
REOL � RPresent

REOL � RNew
(Equation 1)

where REOL, RPresent, and RNew, respectively, represent the battery resistance at EOL, present, and fresh

states. In this measurement, the batteries are perceived at EOL when their internal resistance becomes

doubled, i.e., REOL = 2RNew (Farmann et al., 2015). By contrast, for application scenarios (e.g., EVs), where

the available energy state plays more important role, the capacity is mostly regarded for SOH measure,

which can be defined as

SOH=
Qmax

Qn
3 100% (Equation 2)

whereQmax andQn denote the maximum discharge capacity at the current cycle and the nominal capacity

when the battery is fresh. Note that the internal resistance can be gauged by electrochemical impedance

spectroscopy (EIS) (Koseoglou et al., 2021), calculated by hybrid pulse power characterization (HPPC) test

(Shu et al., 2020a), or estimated by advanced identification algorithms (such as genetic algorithm [GA]

[Chen et al., 2019c] and recursive least square [RLS] [Shu et al., 2020c]). The internal resistance can be easily

interfered by experimental temperature and state of charge (SOC). However, the capacity can be directly

accumulated by ampere-hour (Ah) integration and thus is deemed as a more practical quantity to describe

SOH, although it is contingent upon operation temperature and current. The existing definition of SOH

estimation, consequently, is mainly represented by capacity variation unless specified.
Available methods of SOH prediction

For the purpose of tracking these deterioration behaviors, battery SOH perdition approaches are simply

sorted into direct calibration, filter-based, and ML-based methods, as shown in Figure 1.

Direct calibration methods

Two direct calibration methods for ascertaining SOH include measuring the capacity and internal resis-

tance. A complete discharge after full charge is needed to measure the capacity. As well known, Ah
iScience 24, 103265, November 19, 2021 3



Figure 2. Generic operation framework for SOH prediction using filter-based methods
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integration method is one of the most representative methods. After the battery is fully charged by con-

stant current–constant voltage (CC–CV) protocol, the Ah integration method is hired to measure the dis-

charged capacity (Xiao et al., 2020). Then, SOH can be calculated by (Eqution 2). On the other hand, internal

resistance can also represent aging state, and it delineates the voltage drop when the load current is con-

ducted. Tomeasure internal resistance, pulse discharge and EIS are twomainstreammethods (Zhang et al.,

2020b). In the pulse dischargingmethod, a high-rate pulse current excitation is imposed on the test battery,

and the Ohm’s law is employed to calculate the internal resistance as

R0 =
DU0

DI0
(Equation 3)

whereDU0 andDI0 indicate the pulse voltage change and current variation. In frequency domain, EIS can be

leveraged to measure impedance over a wide frequency range. The different frequency sinusoidal currents

are stimulated, the corresponding voltages are measured, and the impedance spectrum is calculated

(Islam and Park, 2020). Thesemethods based on direct calibration are simple and easy to implement. More-

over, it exhibits low computational complexity. Nonetheless, these methods are strict for test conditions

and intractable to be applied in practice.

Filter-based methods

Filter-based parameter estimation has also been widely exploited to assess the aging state of lithium-ion

batteries with the help of advanced filter techniques. Usually, ECM (Song et al., 2021) and electrochemical

model (EM) (Wu et al., 2021) are leveraged to mimic the dynamic and static characteristics of lithium-ion

batteries, and then filters/observers with closed-loop control and feedback functionality are tailored to

estimate the aging state (Naseri et al., 2020). The filter-based methods have been widely accepted for bat-

tery SOH estimation, and the generic operation framework for SOH prediction using filter-based methods

is sketched in Figure 2.

To simulate the electric behaviors of lithium-ion batteries, the ECM model is proposed due to its simple

structure and easy parameter identification. Currently, the ECM can be divided into integral-order models

(IOMs) and fractional-order models (FOMs). The simplest IOM is the internal resistance model, which con-

sists of an open circuit voltage (OCV) source and a resistor connected in series (Johnson, 2002). It is simple

but does not account for the polarization and diffusion effect occurring inside of the battery. Yann Liaw

et al. develop the first-order ECM, which is efficient in mimicking the charging and discharging behavior

of lithium-ion batteries by employing one resistor-capacitor (RC) network (Yann Liaw et al., 2004). The

first-order ECM canmodel the voltage response under different current loads, and the RC network can filter

signals by passing fixed frequency information and suppressing the remaining frequency scopes (Sarrafan

et al., 2020). Also, more complex ECMs, such as the second-order RC-model-based ECM, Partnership for a

NewGeneration of Vehicles (PNGV) model (Johnson, 2002), and general nonlinear (GNL) model, are widely

developed to characterize the subtle variation of battery charge and discharge behavior (Hossain et al.,
4 iScience 24, 103265, November 19, 2021
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2020). More RC networks may describe more complex behaviors occurring inside of batteries, while un-

doubtedly complicating the model calculation and aggravating the computation burden. In practice,

the first- and second-order IOM are preferred. Nevertheless, IOMs usually lack physical and chemical

meanings, which encumbers the further investigation of inner mechanisms of lithium-ion batteries. One

improvement of IOMs is FOM, which appends constant phase element (CPE) derived through fitting EIS

to substitute the ideal capacitor in IOM (Xiong et al., 2019). Hu et al. exploit an FOM to analyze the degra-

dation mechanism and estimate the battery SOH (Hu et al., 2018). Regarding parameter identification of

ECMs, GA (Jiang et al., 2021), particle swarm optimization (PSO) (Bian et al., 2021b), RLS (Ouyang et al.,

2020), and their extensions (He et al., 2020b) can be deemed as the desired solutions.

Kalman filter (KF) is one of the most widely used estimation methods and has attracted considerable atten-

tions for model parameter and state estimation (Meng et al., 2019b). The feedback and correction mech-

anism are employed in KF to eliminate the noise and approach the real value continuously. Various

KF-based extensions have been advanced to account for more complicated and higher nonlinear SOC esti-

mation, and these solution representatives include extended KF (EKF) (Beelen et al., 2021), adaptive EKF

(AEKF) (Shrivastava et al., 2021), unscented KF (UKF) (Marelli and Corno, 2021), adaptive UKF (AUKF) (Li

et al., 2020b), adaptive sigma-point KF (ASPKF) (Sun et al., 2021), cubature KF (CKF) (Peng et al., 2019),

adaptive CKF (ACKF) (Li et al., 2021c), square root CKF (SRCKF) (Shu et al., 2021a), etc. Usually, two essential

steps are involved in KF-based estimation, in which the state prediction is firstly implemented to estimate

the current output, and then the estimation is updated and corrected to achieve more authentic output. To

reduce the computation lost, Yan et al. introduce the Lebesgue sampling method integrating EKF to pre-

dict SOH (Yan et al., 2019). However, KF-based algorithms assume that the statistical characteristics of

noise are known beforehand, and in addition, they are sensitive to model errors. To tackle these shortcom-

ings, H-infinity filter (HIF) is proposed by introducing the H-infinite norm and boundary condition. Yu et al.

applies the RLS for parameter identification of the first-order ECM, and then the adaptive HIF (AHIF) is

advanced for capacity estimation (Yu et al., 2019). Because SOC shows strong correlation with operating

conditions such as various temperature and different SOH, SOH and SOC are usually jointly predicted

to improve the accuracy and reliability by means of an interaction manner. Feng et al. hire the first-order

ECM to delineate the dynamics, and the cascade terminal sliding-mode observers (SMOs) are raised to syn-

chronously determine the model parameters, SOC and SOH of lithium-ion batteries (Feng et al., 2020b).

Ouyang et al. employs a fractional-order model and UKF to estimate SOC, and the SOH is predicted by

the Gaussian linear model with six commonly used OCV models (Ouyang et al., 2021). Considering the

slow time-varying characteristics of SOH, multi-scale estimation is proposed in recent literature. On the ba-

sis of the first-order ECM, Song et al. exercises EKF with dual time scales to identify model parameters, SOC

and SOH, and a Cramer-Rao bound analysis is addressed to quantify the effect of the current outline on

prediction accuracy (Song et al., 2019). Although ECMs show less computational complexity, their accuracy

needs to be further promoted. Moreover, the parameters of ECMs cannot provide the physical information

of battery, such as ion concentration, current density, etc. Consequently, EMs, taking into account the mo-

tion of lithium ions, electrochemical kinetics, and material attributes, have been progressively developed

(Bi and Choe, 2020).

EMs are developed based on the operation principle of batteries to delineate the internal electrochemical

dynamics, and they are usually comprised of a suite of nonlinear partial differential equations (Liu et al.,

2021c). The implementation principle and procedure based on EMs with filter algorithms to predict SOH

are similar as those based on ECMs. Nevertheless, EMs are complex to solve and usually unfavorable for

online application and state estimation. Currently, some researches are focused on state estimation of

lithium-ion batteries by establishing a simplified pseudo-two-dimensional (P2D) EM (Feng et al., 2020a).

Meanwhile, the single-particle model (SPM) with less computation intensity and acceptable precision

has also been widely exploited in SOH estimation (Zhang et al., 2020a). Liu et al. firstly derives a nonlinear

state-space function from the simplified P2Dmodel, and then the particle filter (PF) is formulated to identify

the average lithium concentration and estimate SOC and SOH (Liu et al., 2020a). Khodadadi Sadabadi et al.

designs an enhanced SPM to depict the variation of parameters coupled with battery deterioration, and

SOH is calibrated based on the number of mole cyclable lithium and the identified internal resistance (Kho-

dadadi Sadabadi et al., 2021).

The simplified battery model combined with advanced filtering method features favorable dynamic char-

acteristics, which can meet the requirement of online application. However, the filter-based approaches
iScience 24, 103265, November 19, 2021 5
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heavily rely on the physical or electrochemical modeling performance of degradation behavior when por-

traying the descent trajectory of the battery capacity. The model is usually a set of algebraic and differential

equations or empirical equations, which is more suitable for specific application scenarios. Moreover, the

authenticity immensely depends on the structure and precision of the built model.

Machine-learning-based methods

With the rapid development of processing capability, data storage, and communication technologies, SOH

prediction based on ML algorithms has received widespread attention (Gou et al., 2021). Figure 3 elucidates

the generic implementation procedure when exploitingML algorithms to estimate SOH, and as can be seen, it

normally includes four phases: offlinemeasurement, feature generation,model training, andmodel validation.

In the first step, the original data, including current, voltage, temperature, and time, are measured and re-

corded by means of offline experiments. Next, a set of health features with k dimensions are extracted

from the original measure data with d dimensions to represent the key variations during degradation; that

said, k<d. The third step is to train the ML model with the inputs of health features and output of SOH, and

the model parameters are also optimized and tuned in this step. The final step is to validate the constructed

model and predict SOH. ML algorithms are efficient in SOH prediction, as they do not need to interpret the

implicit electrochemical reactions occurring inside of lithium-ion batteries. Meanwhile, the prediction method

of SOH by ML algorithms does not require developers to understand the material characteristics and electro-

chemical characteristics of battery. With the development of advanced ML algorithms, the estimation accu-

racy, generalization, learning performance, and convergence speed have been substantially promoted.

Next, an overview of feature extraction and ML algorithms will be provided and discussed.

STUDY OF FEATURE EXTRACTION

Feature extraction is a pivotal step to implement ML algorithms, and it can highly affect the prediction perfor-

mance of SOH. More relevant and practical feature input will certainly generate more accurate predictions.

Here, different feature variables formodel trainingwill be summarized, and the feature variables are excavated

from four perspectives, including incremental calculation, time, envelope area, and model parameter, as

demonstrated in Figure 4. The detailed procedure of these health features is expounded below.

Incremental calculation-based health feature

Incremental capacity (IC) curve is an effective manner to quantify battery capacity loss and is calculated by

differentiating the voltage based on capacity variation (Schaltz et al., 2021). Thus, the relationship between

capacity and voltage can be calculated as
6 iScience 24, 103265, November 19, 2021
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Q =

Z
Idt

V = f ðQÞ; Q = f�1ðVÞ
(Equation 4)

where Q, I, and V , respectively, denote the charging capacity, current, and voltage; f ðQÞ is the mapping

function from Q to V; f�1 means the inverse of f . The derivative of f�1 to V can be formulated as

G=
�
f�1
�0
=
dQ

dV
=
Idt

dV
= I

dt

dV
(Equation 5)

To acquire IC curves, the voltage interval is usually set to 1 mV, and the IC curve for one new cell is plotted in

Figure 5A. Owing to the sampling error and environmental interference, the original IC curves are polluted

by noise, thus hindering the extraction of health features. To eliminate noise, filtering technologies, such as

KF (Tang et al., 2018), moving average technique (Li et al., 2020c), Savitzky-Golay filter (Merla et al., 2016),

and Gaussian filter (Zhang et al., 2019a), are usually employed. Hu et al. classifies health features into mea-

surement features and calculation features and evaluates the effects of four noise reduction methods,

including Gaussian filtering, wavelet transformation, differential filtering, and moving average filtering dur-

ing data processing (Hu et al., 2021). The comparison results show that Gaussian filtering provides better

elimination performance of the noise before health feature generation. Figure 5B demonstrates the IC

curves filtered by KF for a nickel cobalt manganese (NCM) battery, where the variation from black to purple

represents the attenuation degree of SOH. All the peaks gradually decrease and move toward higher

voltage area. Furthermore, peak I disappears after 300 cycles, and only peak II exists all the time. In addition,

different health features are distinguished from IC curves to characterize the aging variation of lithium-ion

batteries. He et al. employs an improved Lorentzian function to fit the IC curve and sketches the voltage

plateau of lithium-ion batteries (such as lithium-iron phosphate batteries), then the peak height, voltage,

and area are extracted to calibrate the SOH by a linear model (He et al., 2020a). To improve the resilience

against noises, Tang et al. proposes the Luenberger–Gaussian-moving-average filter to flatten the IC

curves, and the observed IC peaks are applied to establish the SOH prediction model (Tang et al., 2020).

Li et al. investigates the influence of different filtering methods, different charging rates, and different

filtering windows to finally determine an efficient IC/differential voltage (DV) curve (Li et al., 2018a).

The published literature for SOH prediction based on IC curve is tabulated in Table 2. As can be observed,

IC curve highly depends on charging current rate. When the battery is charged with a higher rate current,

the peak values of IC curves will be easily overwhelmed by the overpotential. To quickly and efficiently un-

earth the most valued entropy-related information during charging process, differential temperature (DT)

method is introduced to distinguish the effective health features (Shibagaki et al., 2018). To now, there exist

two different methods to obtain the DT curve. Wang et al. acquires the DT curve through differentiating the

measured temperature to voltage during the galvanostatic charge, which is called DTV and calculated ac-

cording to (Equation 6) (Wang et al., 2021). On the other hand, the DT curve is roughly inferred using finite

difference over l sampling time, defined as DTt and expressed in (Equation 7).
iScience 24, 103265, November 19, 2021 7



Figure 5. The evolution of the IC curves

(A) The original IC curves.

(B) The IC curves after smoothed.
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DTV =
dT

dt

�
dV

dt
=
dT

dV
(Equation 6)
DTtðkÞ=dT

dt
ðkÞzTðkÞ � Tðk � lÞ

l
(Equation 7)

where T means the surface temperature of lithium-ion batteries. Tian et al. finds that theDTt profiles during

constant current (CC) charging process are highly correlated to SOH, and then partialDTt profiles are lever-

aged to construct a map with SOH based on SVM (Tian et al., 2020b).

Time-based health feature

Although IC analysis can account for the aging behavior from internal mechanism, it is imperative to differ-

entiate and filter the data when obtaining IC or DT curves, increasing the difficulty of data processing. Fig-

ure 6 depicts the CC–CV charging profiles at different cycles, where the charging time for CC process

decreases gradually. Inversely, the charging time for the constant voltage (CV) charging process increases

distinctly. Thus, the charging time during respective CC and CV process can be abstracted as health fea-

tures, as illustrated in Figure 7. Usually, lithium-ion batteries will not be fully charged or charged from

empty in practice. Obtaining health features, therefore, from the partial charging curves more comply

with actual situation. By this manner, the time asked to change from a low voltage to high value is consid-

ered and applied as the health feature (Tan and Zhao, 2020), and the specific calculation is formulated as

ti = ti;V2
� ti;V1

(Equation 8)

where ti represents the charging duration from V1 to V2 at the ith cycle and ti;V2
and ti;V1

denote the time to

reach V2 and V1 at the ith cycle. Richardson et al. divides the prespecified CC voltage for a duration into

multiple segments, and the time charging from the beginning voltage to the homogeneous value is taken

as the health feature (Richardson et al., 2018). Furthermore, the influences of duration, the lowest voltage,

and the number of segments are compared. Considering that different voltage ranges will highly impact

the accuracy of SOH prediction, Meng et al. exploits the nondominated sorting GA II (NSGA-II) and grid

search techniques to adaptively choose the optimal multiple and single voltage ranges (Meng et al.,

2019a).

Analogously, the duration when the battery current varies in the same range during the CV charging mode

can also be employed as a health feature, as exhibited in Figure 8, where the duration monotonously in-

creases with respect to cycling operation. Then, the SOH predictor is fabricated via the cycle-varying partial

charging duration (Deng et al., 2019). Because the battery temperature can be also gauged directly, the

time interval of isothermal increment can also be extracted to reflect the battery aging state (Tagade

et al., 2020). The health feature generation method based on time slot has the advantages of easy calcu-

lation. However, the charging or discharging process needs to cover the feature extraction range. In addi-

tion, this method is highly sensitive to the current, and when the charging current changes during the cycle,

the built model may not be applicable.

Envelope-area-based health feature

By observing the evolution of battery voltage, current, and temperature during the charging process, it can

be found that as battery ages, the envelope area of charging curve (including voltage and temperature)

gradually decreases. During the ith cycle of CC charging process, the envelope area ranging from V1 to

V2 can be calculated as
8 iScience 24, 103265, November 19, 2021



Table 2. Health features generated from IC curves

Curve Phase Current rate Health features Ref.

dQ/dV Charging 1C/0.75C Regional capacity Tang et al., 2018

dQ/dV Charging 1/2C Position Li et al., 2018a

dT/dV Charging 0.75C Peak position, peak and valley values Wang et al., 2021

dQ/dV Discharging Load profiles Peak value Jiang et al., 2018

dQ/dV Charging 0.05C/0.25C/0.5C/0.75C/1C Peak value and position Wang et al., 2017

dQ/dV Discharging Load profiles Peak value Tian et al., 2018
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sV ;i =

Z tV2

tV1

VðtÞdt (Equation 9)

Similarly, during the ith cycle of CV charging process, the envelope area from I1 to I2 is determined by

sI;i =

Z tI2

tI1

IðtÞdt (Equation 10)

Note that the envelope area represented by (Equation 10) is equivalent to the charging capacity from I1 to

I2. Deng et al. applies a voltage division method to equally divide the discharging voltage intoNp sections,

and the accumulated capacity in each segment as well as the capacity difference of two cycles are calcu-

lated. Then, the standard deviations of the discharge capacity curve and capacity difference are extracted

as the health feature (Deng et al., 2021). Xiong et al. chooses the charging capacity within a commonly used

voltage range of 3.6 V–4.2 V to reflect the battery healthy state. The experimental data test with 1 C and 2 C

current at 25�C and 40�C are collected to validate the variability of the proposed health features (Xiong

et al., 2018b). Hu et al. repeatedly implements a five-stage CC charging and 1C CC discharging strategy

in the battery pack until the pack life reaches its EOL. The charging capacities, the slopes of corresponding

voltage curves, voltage drop at the current switching point, and peak voltage at the current switching point

are generated as the health features (Hu et al., 2020). Nonetheless, these feature generationmethods need

to charge or discharge the battery for a quite long time, and the accuracy and the sampling frequency of

measures have great influence on the extracted characteristic parameters.

Model-parameter-based health feature

In addition to the aforementioned methods, there exist some health features generated from battery

models that have been reported in the literature. The resistance, polarization, and capacitance resistances

can be detected or identified based on the measures with the help of battery model and related algo-

rithms. Pan et al. identifies the parameters of the Thevenin model via the RLS algorithm, and the experi-

mental results show that the resistance and polarization resistances increase almost linearly with capacity

attenuation (Pan et al., 2018). What is more, this linear relationship does not depend on current loading.

Hence, theses parameters can be considered as health features to quantify the degradation state. Bian

et al. builds a high-order polynomial equation to describe the relationship between OCV and SOC, and

an OCV-based model is constructed and verified for SOH prediction (Bian et al., 2020). Tan et al. hires

the Spearman method to compare the correlation between SOH and ohmic resistance, polarization resis-

tance, and capacitance as well as electrochemical polarization at different SOC. Finally, these parameters

at SOC values of 60%, 70%, and 80% are selected as the inputs of the built SVMmodel to estimate SOH (Tan

et al., 2021). Since these health features are obtained by constituting the battery model and parameter

identification, they are not easily affected by the change of cycle current and showcase preferable adapt-

ability. However, the model construction and parameter identification will increase the computational

burden, and the model accuracy and identification algorithm will also influence the extraction of health fea-

tures. In a nutshell, each feature generation method has its advantages and shortcoming, and a comple-

mentary technique should be enrolled to reveal the underlying mechanism of battery aging. To facilitate

the reasonable health feature selection, these feature generation methods are summarized in Table 3.

MACHINE-LEARNING-BASED SOH PREDICTION

To now, significant progress has been achieved in predicting battery SOH based on ML. According to the

configuration, execution procedure, and mathematical calculation, this review study groups these ML
iScience 24, 103265, November 19, 2021 9



Figure 6. The CC–CV charging voltage profiles

(A) CC–CV voltage curves.

B) CC–CV current curves.
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methods into four major types: feedforward NN algorithms, recurrent NN algorithms, classification and

regression algorithms, as well as probabilistic algorithms, as shown in Figure 9, and the main peculiarities

of these ML algorithms are compared and summarized in Table 4.
Feedforward neural network algorithms

Backpropagation neural network

Backpropagation (BP) NN is firstly proposed by Rumelhard and McClelland in 1986 (Rumelhart et al.,

1986). It can be regarded as a typical multilayer feedforward NN, and its topology mainly includes an

input layer, a few hidden layers, and an output layer (Houlian and Gongbo, 2018). The error back prop-

agation algorithm is mostly widely accepted in guided learning algorithms. If the error between the

predicted value and the expected output does not meet the accuracy requirement, the error will be

propagated backward from the output layer, and the weight and threshold will be adjusted, so that

the error between the output of the network and the expected output can be gradually converged until

the accuracy requirement is met (Chen et al., 2019a). The input and output characteristics in the hidden

layer can be expressed as 8<: Sk =
Xn
i = 0

vk;ixi + qk;i

zk = f ðSkÞ
(Equation 11)

where nmeans the neuron number of the input, vk;i denotes the weight between ith input and neuron, qk;i
stands for the neuron threshold, and f ð,Þ is the activation function. Usually, Sigmoid function shown in

(Equation 12) is selected as the activation function (Dai et al., 2019). Similarly, the input and output charac-

teristics in the output layer can be formulated as

f ðSÞ= 1

1+ e�lS
(Equation 12)8 Xq
<: Sj =

k =0

uj;kzk + qj;k

yj = f
�
Sj

� (Equation 13)

where l determines the compression of the activation function, and uj;k and qj;k denote the weight and

threshold of the output, respectively. In BP NN, backpropagation refers to the back propagation of error

signal and the correction of weight. If some error exists between the output and the labeled value, the

error is propagated back from the output layer to the input layer and is distributed to the neurons of

each layer, thereby contributing to basis correction of the weight of neurons. The backpropagation oper-

ation works through computing the gradient of the loss function with respect to each weight by the chain

rule and iterating backward from the last layer to avoid redundant calculations of intermediate terms in

the chain rule. This process of signal forward propagation and error back propagation is conducted

repeatedly until the error of network output is reduced to an acceptable level or the specified number

of the training times is reached. To optimize the initial weight and threshold of traditional BP NN, Yao

et al. proposes differential evolution (DE) to reduce the iteration amount of BP NN (Yao et al., 2019).

Obviously, the complexity of BP NN is not only related to the number of net layers but also close to

the amount of input variables. If only one health feature with strong correlation can be leveraged to suf-

ficiently characterize the SOH degradation, the number of layers can be reduced, and consequently the

computational complexity is mitigated.
10 iScience 24, 103265, November 19, 2021



Figure 7. The time asked to change from a low voltage to higher value

(A) CC and CV charging time.

(B) Charging time for different voltage range.
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Radial basis function neural network

The formation of radial basis function (RBF) NN is similar to multilayer forward network (Chen et al., 2018a).

Compared with BP NN and other algorithms, it features faster convergence, and the activation function for

the hidden layer is usually nonlinear; hence, the network can approximate any nonlinear function (Guo et al.,

2021c). For the selection of RBF, the Gaussian function in the hidden layer node is usually employed as

yi =4ðx;mi; siÞ=
Xm
i = 1

exp

��kx � mik2
2s2

i

	
(Equation 14)

where m denotes the average and smeans the standard deviation (Sbarufatti et al., 2017). The output func-

tion of the RBF can be formulated as

Y =

 XN
i = 1

yi,wi

!
+B2 (Equation 15)

In one study, She et al. exploits the IC analysis and Gaussian filter method to derive the peak values of IC

profiles, which are applied to epitomize the aging state of batteries. Then, the RBF NN is exerted to inves-

tigate the internal relationship between peak value and aging level based on real-world operation data

(She et al., 2019). In another work, Lin et al. develops an adaptive tunable RBF NN for SOH estimation of

lithium-ion batteries by integrating the Brownian motion and PF without relying on physics-based models,

in which Brownian motion and PF are hired to model the dynamic aging behavior of lithium-ion batteries

and identify the model parameters in real time, respectively (Lin et al., 2021).

Extreme learning machine

Extreme learning machine (ELM) features faster training speed than traditional learning algorithms while

insuring the estimation accuracy (Huang et al., 2006). The input weight and bias in the ELM model are

set randomly to reduce the time of parameter optimization (Lipu et al., 2019). By supposing that n samples,

i.e., ðXi ;YiÞ, are collected, where Xi˛Rn means the input data and Yi˛Rn indicates the corresponding output,

the output of ELM with m hidden layer neurons can be formulated as

tj =
Xm
i = 1

big
�
ui,Xj +b

�
i
; j = 1;2; :::; n (Equation 16)

where gð,Þ represents the activation function and a typical format is shown in (Equation 17), ui =

½ui1;ui2;/;uin�T and bi = ½bi1;bi2;/;bim�T are the weight vectors, and bi means the bias of the ith hidden

neuron (Yang et al., 2021). By randomly initializing ui and bi , the optimal solution can be formulated in

(Equation 18):

g
�
ui,Xj +bi

�
=

1

1+ eðui,Xj +biÞ (Equation 17)

b +

b =H Y (Equation 18)

where H+ denotes the Moore–Penrose generalized inverse of H, which can be presented as

Hðu1;.um; x1;.xn;b1;.bmÞ=
24gðu1,x1 +b1Þ . gðum,x1 +bmÞ

« . «
gðu1,xn +b1Þ . gðum,xn +bmÞ

35 (Equation 19)
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Figure 8. The time interval of equal current decrease during CV charging process
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An example of successful application of ELM in predicting SOH is illustrated by Liu et al. (2020b), who le-

verages the ELM to map the implicit dependency between voltage variance during time interval and

healthy state. The ELM can lead to better prediction accuracy with faster calculation speed and the average

root-mean-square error (RMSE) of less than 0.5%, compared with the traditional artificial NN (ANN) and

SVM. Chen et al. fuses the metabolic mechanism and ELM-based SOH recognition to reveal the latest

aging trend in the case of small data samples (Chen et al., 2021a). The simulation results justified that

the presented metabolic ELM can attain better regression than the least square SVM (LSSVM) and GPR,

and the estimation precision is more accurate than those of other models. Although ELM features faster

calculation and better prediction accuracy, it is a batch-based algorithm, indicating that it needs to obtain

all the training data during the training phase and then conduct training and testing instead of updating

online with the arrival of new data. To overcome this defect, an online sequence ELM (OSELM) is introduced

for online learning and parameters update (Liang et al., 2006). The training process of OSELM contains

initialization phase and sequential learning phase. In the first stage, by supposing that the number of

data to be trained is N0, and the number of hidden layer neuron nodes is L0, the output matrix H0 of the

initial hidden layer can be calculated as

H0 =

24 gðu1,x1 +b1Þ . g
�
um,x1 +bL0

�
« . «

g
�
u1,xN0

+b1

�
. g

�
um,xN0

+bL0

�
35 (Equation 20)

According to the generalized inverse calculation method, the initial output weight b0 can be yielded as

b0 =D0
�1HT

0Y0 (Equation 21)

where D0 = HT
0H0. In the sequential learning stage, the problem becomes minimizing k



H0

H1

�
b�



Y0

Y1

�
k.

Considering initialization of training samples and newly updated data, the output weight b1 can be

calculated:

b0 =D1
�1



H0

H1

�T

Y0

Y1

�
(Equation 22)

where

D1 =



H0

H1

�T

H0

H1

�
0

=D0 +HT
1H1 (Equation 23)

Thus, the output weight b1 can be formulated as

b1 = b0 +D1
�1HT

1 ðY1 � H1b0Þ (Equation 24)

To account for the impact of random time-varying discharge current, Xu et al. develops an OSELM based

on the beetle antenna search (BAS) algorithm (Xu et al., 2021a). To improve the online learning ability and

update mechanism of OSELM, Tian et al. proposes a drift detection method based on the Bernstein

inequality algorithm to guide the OSELM and save the learning time. The experimental results show that

the improved OSELM can reduce the learning time by up to 88.87%, and the mean absolute error (MAE)

can be limited within 1% (Tian and Qin, 2021).
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Table 3. Summary and comparison of different health features

Features Advantages Disadvantages

Incremental

calculation-

based

U It is easy to explore the mechanism
of battery aging

U It shows a strong linear relationship
with SOH

U It is sensitive to current and sampling
frequency

U It needs difference operation and filtering

Time-based U Easy to acquire

U Lower computation complexity

U Fixed current

U The charging or discharging process needs to
cover the feature extraction range

Envelope-area-

based

U Easy to acquire

U Lower computation complexity

U It takes a long time to charge or discharge

U It is sensitive to current and sampling frequency

Model-based U It is not affected by current load

U It has strong adaptability

U Higher computation complexity

U Highly depend on model accuracy and
identification algorithm
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Elman neural network

The construction of Elman NN is shown in Figure 10, and a one-step delay mechanism is imbedded in the

hidden layer to promote the global stability and time-varying ability of Elman NN (Zhao et al., 2020). The

unit of input layer accounts for only the signal transmission, whereas the output layer takes charge of

weighting (Li et al., 2019a). The context layer is responsible for memorizing the output value of the hidden

layer apriority, which can be considered as a one-step delay operator (Singh et al., 2021). The output of the

hidden layer is connected to the input with feedback, so as to achieve dynamic modeling. The nonlinear

state space function of Elman NN can be formulated as8<:
xjðtÞ= f ðu1xcðtÞ+u2uðt � 1ÞÞ; j = 1; 2;.n
xcðtÞ= xðt � 1Þ
yqðtÞ=gðu3xðtÞÞ;q= 1;2;.; r

(Equation 25)

where u1, u2, and u3 denote the weight matrix between the context layer and the hidden layer, the input

layer, and the hidden layer, as well as the hidden layer and the output layer. gð,Þmeans the activation func-

tion in the output layer (Li et al., 2019c). Currently, Elman NN is widely exerted to diagnose the battery SOH

and identify the in situ battery capacity. Chen et al. conducts the empirical mode decomposition (EMD) to

firstly dispose the phenomenon of capacity recovery. Then, the autoregressive moving average (ARMA)

model and Elman NN are respectively leveraged by training the subsequent time series data and the res-

idue data to realize SOH prediction (Chen et al., 2019d). Li et al. carries out accelerated aging test to probe

into the capacity degradation characteristics and hires Elman NN to perform battery capacity prognosis in

real time (Li et al., 2019b).
Recurrent neural network algorithms

Recurrent neural network

For feedforward NN, the input and output dimension is usually fixed and cannot be changed arbitrarily.

When processing sequential data, traditional feedforward NN lacks the ability of incorporating historical

information (Shu et al., 2021b). To enable that the feedforward NNs can process the sequence data with

varying length, recurrent NN (RNN) is advanced to memorize the historical information with different

lengths by using neurons with self-feedback (Zhao et al., 2019). At time step t, the information from the pre-

vious layer xt and the previous position ht�1 are inputted into the recurrent neuron. As such, the output is

determined by not only the present input but also the data at time step t�1. The procedure can be formu-

lated as

ht = f ðuhxxt +uhhht�1 +bhÞ (Equation 26)� �

yt = f uyhht +by (Equation 27)

where uhh means the weight matrix between hidden layer and output layer at adjacent time steps. uhx

stands for the weight matrix between input layer and hidden layer. bh and by represent the bias parameters

(Chen et al., 2021b). As a typical time series forecasting algorithm, RNN can be performed in both single

and multiple steps. Compared with one-step-ahead forecasting, multi-step-ahead forecasting tasks are
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Figure 9. Classification of ML-based SOH prediction algorithms
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more intractable, because this kind of forecasting needs to deal with additional complications, such as

accumulation of errors, reduced accuracy, and increased uncertainty (Xu et al., 2019). A multi-step-ahead

time series prediction task mainly accounts for forecasting the next L values ½yt + 1;/; yt + L� of a historical

time series data, and L>1 defines the forecasting horizon. In our study, yt means the output data at time

step t, and it contains a series of output values, yt = ½yt;1;/;yt;L�. Eddahech et al. harnesses RNN to predict

the battery SOH of lithium-ion batteries with the consideration of EIS measure (Eddahech et al., 2012).

Chaoui et al. estimates both SOC and SOH simultaneously by means of the designed RNN (Chaoui and

Ibe-Ekeocha, 2017). Although RNN can capture historical information for a certain duration, the input of

traditional RNN hidden layer will involve the original data information with time recursion, resulting in

the loss of context information. Therefore, the range of context information that can be used in practical

applications of traditional RNN structure is limited, causing the problem of gradient vanishing.

Long short-term memory recurrent neural network

To conquer the discussed shortcomings of traditional RNN, LSTM network is put forward, which contains a

memory cell in its multi-layer framework (Ren et al., 2021). The difference between LSTM and RNN is that

there exists only one state in a single loop unit, and four states are included in one single cycle unit of LSTM,

as delineated in Figure 11 (Liu et al., 2021d). Compared with RNN, LSTM keeps a persistent unit state, which

is used to decide what information needs to be forgotten or kept (Li et al., 2021a). Accordingly, the compu-

tation procedure of LSTM is presented as8>>>>>><>>>>>>:

fk = sðbf + IPkIWf +OPk�1OWf Þ
ik = sðbi + IPkIWi +OPk�1OWiÞ
gk = tanh

�
bg + IPkIWg +OPk�1OWg

�
ck = ck�1fk +gkik
O = sðbO + IPkIWO +OPk�1OWOÞ
OPk = tanh

�
pk

�
,O

(Equation 28)

where f , i, O, and c, respectively, represent the forget, input, output gates, and memory cell. b$ indicates

the bias of forget gate.OW$ and IW$ correspondingly denote the weights for last output and input. IPk de-

notes the input of current step, andOPk�1 means the output of step k� 1. pk is an internal variable of LSTM

cells; s means the activation function, and the sigmoid function is usually selected to restrict the output

value between 0 and 1; tanh is defined as the hyperbolic function (Tan and Zhao, 2020).

On the basis of LSTM framework, Hong et al. acquires a battery degradation model oriented for real work

scenario through fitting the relationship between aging factors and different operation conditions (Hong

et al., 2021). Li et al. applies the LSTM to construct the capacity prediction network under real-world oper-

ating environment, and the voltage and time samples from the raw partial charging process are chosen as

the model input (Li et al., 2021b). The model’s application potential is validated in an on-board manage-

ment unit with different scenarios. Liu et al. employs the EMD method to decompose the original capacity

information into some intrinsic mode functions (IMFs) along with a residual. Then, the GPR network is em-

ployed to match the IMFs, and the LSTM network is developed to predict the residual. Thus, the long-term
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Table 4. Comparison of ML algorithms in SOH estimation

Method Advantage Disadvantage

BP-NN d Flexible and simple execution

d Reasonable accuracy

d Lower operating efficiency

RBF-NN d Good performance

d Global approximation

d Lower operating efficiency

d It is easy to fall into local optimality

ELM d Less computation

d Faster learning speed

d Sensitive to the number of hidden neurons

Elman-NN d Adaptation to time-varying characteristics

d Fast approaching speed

d Slow training operation

d It is easy to fall into local optimality

RNN d Efficient for data with sequential properties d Gradient disappearance or explosion

LSTM d Successful tracking under long-term dependency

d Selective storage of data

d Complex training execution

d Difficultly to accelerate training

GRU d Captures long-term sequential dependencies

d Addresses the gating mechanism in LSTM

d Needs a lot of training data

d It demands a considerable storage tool

RVM d Better sparsity

d Free from Mercer restraint

d Avoids overfitting and underfitting

d High computational load with large datasets

d Not appropriate for long-term prediction

d Lack of stability

SVM d Acceptable accuracy in high dimensional systems

d Quick and accurate estimation

d High complex computation

d Lack of sparseness

RF d Higher robust

d The processing of complex data is very efficient

d Not suitable for high dimensional systems

d Sensitive to the number of random trees

GPR d Easy covariance to generate uncertainty estimation

d Easy interpretability of features

d Sensitive to the kernel functions

d High computational cost
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dependence and indeterminacy caused by capacity degradation can be quantified (Liu et al., 2021b). In

addition to the above one-step-ahead prediction, Zhang et al. uses only a small amount of online data

to predict the multi-step-ahead capacity based on LSTM RNN, and by this manner accurate RUL can be

obtained in advance (Zhang et al., 2018). Li et al. connects the input gate and forget gate of LSTM network

by a fixed connection, contributing to simultaneous determination of old information and new data. In

addition, an accurate and robust multi-step SOH and RUL estimation algorithm is designed based on

the variant LSTM RNN (Li et al., 2020a). However, the nonlinear and nonstationary SOH variation generated

by local regenerations and fluctuations deteriorate the prediction performance of SOH. To deal with ca-

pacity regeneration, Yu addresses the EMD to decouple the global tendency and different fluctuations

of SOH signals, and a multi-step-ahead modeling strategy is developed to predict real degradation ten-

dency of the battery SOH (Yu, 2018). Although LSTM can accurately predict long series of data, its structure

is complex, and many intrinsic parameters need to be tuned, making it intractable for online application.

Gated recurrent unit neural network

Gate recurrent unit (GRU) NN is an extended format of RNN based on gate control, and it integrates the

input and forgetting gates of LSTM into an update gate (Yang et al., 2019). Compared with LSTM NN, its

structure is simpler, and the training and prediction efficiency is higher. Figure 12 exhibits the general

configuration of GRU NN. As can be found, the former hidden state ht�1 and the current input xt indirectly

influence the current hidden state ht , similar as that in traditional RNN (Hannan et al., 2021). Inversely, the

GRU NN employs ‘‘update gate’’ to determine how much previous information should be passed and

‘‘reset gate’’ to determine how much information should be discarded (Chen et al., 2019b). The mathemat-

ical formulation of GRU NN can be presented as8>>>>>>><>>>>>>>:

zt = s
�
Wzxt +Wzht�1 +by

�
rt = s

�
Wx

r xt +Wh
r ht�1 +br

�
~ht = tanh

�
Wx

hxt +Wh
h ðht�1$rtÞ+bh

�
ht = zt$~ht + ð1� ztÞ$ht�1

(Equation 29)
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Figure 10. Schematic diagram of Elman NN
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Compared with LSTM NN, GRU NN has fewer parameters and leads to faster training speed in the case of

large amount of data. Ungurean et al. devises an online SOH determination algorithm based on GRU NN

(Ungurean et al., 2020). The comparisons results show that the performances of GRU network are similar

with that of LSTM, while about 25% parameters need not to be tuned. Because of the drastic merit in short-

ening the training time, GRU NN becomes a promising solution when it comes to predict SOH. Fan et al.

proposes a hybrid NN, including GRU NN and convolutional NN (CNN), to learn the shared information

and time dependencies of charging voltage variation and SOH, and theMAE is restricted within 4.3%, man-

ifesting its effectiveness (Fan et al., 2020). To delineate the uncertainty of battery deterioration and avoid

overfitting, Wei et al. establishes a model combining Monte Carlo dropout technique and GRU NN to fore-

cast battery capacity with the input of constant voltage charge duration (Wei et al., 2021).
Classification and regression algorithms

Support vector machine

SVM shows high efficiency in solving nonlinear and high-dimensional model fitting and classification with

less samples (Chen et al., 2018b). The SVM algorithm deals with the linear inseparability of sample data

based on kernel functions (Roman et al., 2021). It maps the vector to a higher dimensional space, separates

the data on both sides of the hyperplane by determining two parallel hyperplanes, and maximizes the dis-

tance between the two parallel hyperplanes (Cai et al., 2020). The related nonlinear problem of SVM can be

formulated as

minw;b =
1

2
uT,u

s:t: yi � u,xi � b%ε

u,xi +b � yi%ε

(Equation 30)

where ε is toleration deviation, the coefficients u and b can be solved by introducing Lagrange multipliers

ai and a�
i , and the approximation function can be expressed as

f ðxÞ=
Xn
i = 1

�
ai � a�

i

�
Kðx; xiÞ+b (Equation 31)

Current health diagnostic methods primarily employ SVM as a regression technique for continuous values,

and the process is known as support vector regression (SVR), which is attained by searching for a minimum

margin fit instead of a maximummargin classifier. For instance, Feng et al. identifies the support vectors of

SVR according to the charging statistics of fresh batteries (Feng et al., 2019). The implementation of the

developed method only needs 15-min charging data, making it applicable for on-board SOH diagnosis.

In another example, Guo et al. reconstructs the battery terminal voltage profiles based on a linear interpo-

lation method to eliminate the noise, and avoid extraction of wrong health features from IC curve, then an
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SVR model is built to map the health feature and the battery SOH (Guo et al., 2021b). To alleviate the prob-

lem of intensive calculation when facing with a large amount of sampling data, the least squares SVM

(LSSVM) is advanced to convert the quadratic programming problem into a linear programming problem.

Yang et al. establishes an improved Thevenin model to explore the affinity between internal parameters

and battery state (Yang et al., 2018a). Then, a PSO-LSSVMmethod is leveraged to supply accurate and reli-

able SOH prediction, wherein the PSO is harnessed to search the optimal model parameters of LSSVM and

improve the fidelity of global optimization. Although the LSSVM algorithm has gained massive progress, it

lacks critical criterion in the process of support vector selection, making the algorithm lack of sparsity and

robustness. Shu et al. amplifies the quadratic Renyi criterion and applies it to screen support vectors; the

comparison results indicate that the proposed framework can control the SOH estimation error within 2%,

outperforming that by the traditional NN, SVM, and LSSVM models (Shu et al., 2020b).

Relevant vector machine

Relevant vector machine (RVM) is a sparsely supervised probability learning algorithm based on Bayesian

estimation. It incorporates the structure of prior parameters with auto-correlation decision and can remove

irrelevant data points, so as to obtain the sparse probability model (Tipping, 2001). As such, the RVM can

compensate the shortcomings of SVM and provide a probability explanation for optimal solution (Chang

et al., 2017). In RVM, the nonlinear probability model between input and output is presented as8<: yðx;uÞ=
XN
i =1

uikðx; xiÞ+u0

ti = yðx;uÞ+ εi

(Equation 32)

Hu et al. considers the RVM as a probability kernel regression algorithm to map the implicit correlation of

the battery capacity on healthy features that are generated from the measured charging current and

voltage (Hu et al., 2015). To prevent overfitting and improve the generalization of RVM, Guo et al. utilizes

principal component analysis (PCA) method to reduce feature dimensionality and combines PSO and RVM

to find the optimization hyperparameters during model training. The proposed PSO-based RVM frame-

work can limit all the relative error within 2% during the operating temperature of 24�C–43�C (Guo

et al., 2019). Jia et al. constructs the RVM model to predict health state with the multiple inputs of current

and voltage sample entropy, and the sudden and unusual change of capacity degradation is preprocessed

using the wavelet denoising method (Jia et al., 2021).

Random forest

Random forest (RF) algorithm is a progressive method based on decision tree, and it can be used in both

classification and regression (Zhang et al., 2019b). The generation structure of RF is presented in Figure 13,

and it works by generating multiple classifiers/models, each of which learns alternatively andmakes predic-

tion independent. These predictions are finally combined into a single prediction based on the bagging

algorithm, and on this account it performs better than a single classification prediction (Liu et al., 2021a).
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For each tree’s construction, partial original sample data are selected in the bagging process, and the re-

maining samples are deemed as out-of-bag (OOB) samples to assess the performance of regression tree.

By this manner, the problem of overfitting can be drastically mitigated, and the generalization capability of

the RF can be improved by the built-in validation characteristics.

The RF is easy to train and robust against outliers, yet the delivered function is often discrete rather than

continuous. In an earlier study, Li et al. exerts the RF algorithm to capture the capacity deterioration per-

formance of lithium-ion batteries. The model is examined by different number of trees and is proved more

accurate than GPR (Li et al., 2018b). A recent study excavates two healthy indicators from the operation

data collected through the driving, charging, and parking missions of a number of EVs. Then, a data-driven

SOH predictor based on RF algorithm is developed after incorporating the behaviors of end users and

ambient conditions. The experimental results demonstrate that the developed predictor leads to precise

SOH prediction with the maximum error of 1.27% (Mawonou et al., 2021). Considering the slow variation

and weak predictability of the battery degradation, Zhang et al. designs a hybrid prediction model

combining RF, artificial bee colony (ABC), and general regression NN (GRNN) to rank the importance of

health features and predict battery degradation state (Zhang et al., 2021b).
Probabilistic algorithm

Gaussian process regression

GPR is a nonparametric model, which can attain state prediction under Bayesian framework (Lyu et al.,

2021). Unlike other regression algorithms such as NN, GPR adopts the statistical mechanism to grasp

the learning process (Che et al., 2021). Richardson et al. manifests the strong feature abstraction ability

of GPR in forecasting battery capacity (Richardson et al., 2017). Zhou et al. constructs an SOH prediction

network by using the actual diverse data stemming from different batch batteries, and the GPR method

is developed to evaluate the credibility of the estimation results (Zhou et al., 2021). Chehade et al. proposes

a collaborative GPR method that integrates the capacity data from all the cells to capture both the corre-

lations among cycles as well as their cross-correlations (Chehade and Hussein, 2020). Yang et al. fabricates

a GPR framework to forecast SOH over the entire cycle life, and the time of CC mode duration, the time of

CV mode duration, the slope of the curve at the end of CC charging stage, and the vertical slope at the

corner of the CC charging curve are considered as the input of GPR model (Yang et al., 2018b).
Integrated learning

Integrated learning aggregates the outputs of diverse learning algorithms to reach a final decision. The

main objective of integrated learning is to reduce the risk of choosing a single learning algorithm with

poor performance and promote the performance of individual algorithm by employing an intelligent

ensemble of different individual algorithms. It has been widely used in financial crises prediction (Kim

and Sohn, 2012), land-cover mapping (Kavzoglu and Colkesen, 2013), and image classification (Han and

Liu, 2015). Integrated learning combined with ML has been demonstrated to achieve satisfactory perfor-

mance in RUL prediction. However, the utilization of integrated learning for SOH estimation is still lacked.
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Actually, random forest is one of the integrated learningmethods, and it works by generatingmultiple clas-

sifiers/models, each of which learns and makes predictions independently (Lee et al., 2020). These predic-

tions are finally integrated into a single prediction based on the bagging algorithm, and on this account, it

performs better than individual prediction. In addition to random forest, Shen et al. applies eight deep con-

volutional NN (DCNN) to pretrain the source model based on 10-year daily cycling data. Then, the learned

parameters of the DCNN models are transferred from the source task to the target task via the transfer

learning algorithm (Shen et al., 2020). These models are then integrated to build a synthetic learningmodel

for capacity estimation. Li et al. introduces an integrated learning method by producing differential data

samples and composing the output of a series of NNs to estimate the SOH of lithium-ion batteries (Li

et al., 2019e). Gou et al. designs an integrated model by fusing ELM and random vector functional link

NN (RVFLNN) to track the degradation trend, and the nonlinear autoregressive (NAR) algorithm is

advanced to reduce the RUL prediction error of each learning model (Gou et al., 2020). In the commonly

used integrated learning methods, once the weights of each learner are assigned, they remain unchanged

during the prediction process. Nevertheless, the prediction performance of individual learners may fluc-

tuate in different periods. On this regard, Cheng et al. introduces an induced ordered weighted averaging

(IOWA) operator to attain time-varying weight allocation of RBF NN, gray model (GM), autoregressive in-

tegrated moving average (ARIMA), and SVM. By summing the weighted prognostic results of each mem-

ber, the integrated estimation of battery capacity is finally achieved (Cheng et al., 2020).

Based on the earlier discussion, the state-of-the-art research output in terms of SOH estimation based on

ML methods is expounded. The detailed synopsis of the evaluation performance based on ML methods is

tabulated in Table 5, and it can be found that more and more ML-based methods are devoted to SOH
iScience 24, 103265, November 19, 2021 19



Table 5. The detailed synopsis of the prediction results for the SOH based on ML methods

Method Ref. Health feature Feature sources Index Precision

BP NN Yao et al., 2019 Battery pack charge cutoff total voltage; discharge

cutoff total voltage; battery internal resistance

Charging and

discharging

MAE 5%

RBF NN She et al., 2019 The peak values of IC curves Charging and

discharging data

Average RMSE 0.5%

Lin et al., 2021 Kullback–Leibler distance based on the kernel density

estimation and hidden Markov model

Discharging Average RMSE 0.75%

ELM Liu et al., 2020b Voltage variance during equal time interval Discharging MAE 2.5%

Chen et al., 2021a The increment of ohmic internal resistance and

polarized internal resistance

Discharging MAE 1.93%

Xu et al., 2021a Discharge time; CC charging time; charging capacity;

the minimum value of IC; the maximum of the

temperature change curve

Charging and

discharging

MAE 0.4%

Tian and Qin, 2021 Discharge time, voltage upward appreciation after

discharge, variance of a random walk cycle voltage

curve

Random discharge

data

MAE 1%

Elman NN Chen et al., 2019d CC mode duration CC charging RMSE 0.95%

Li et al., 2019b The known charged capacities in past cycles Charging MAE 2.3%

LSTM Hong et al., 2021 Pack voltage, brake pedal stroke value, motor speed,

vehicle speed, current, SOC, average temperature, the

maximum temperature, cell voltages

Dynamic driving RMSE

MAE

0.23%

0.13%

Li et al., 2021b Voltage and time samples Charging curves MAE 4.26%

Li et al., 2020a Voltage, temperature, current, time Discharging Average RMSE 2.16%

GRU Ungurean et al., 2020 Battery capacity at cycle t SOC MAE 2.91%

Fan et al., 2020 Voltage, current, temperature Charging curve MAE 4.3%

Wei et al., 2021 Charging voltage saturation time Charging curve RMSE 1.41%

SVM Feng et al., 2019 15-min charging segment Charging curve MAE 3%

Yang et al., 2018a The parameter identification results of the Thevenin

model

Dynamic cycle RMSE 2%

Shu et al., 2020b Duration of voltage ranges Charging MAE 2%

RVM Hu et al., 2015 Initial charge voltage; CC and CV charge capacity, final

charge voltage and current

Charging curve RMSE

MAE

0.92%

2.07%

Guo et al., 2019 Capacity, charge time, temperature and current/

voltage decline at CV/CC phase

Charging curve RMSE 4.3%

RF Li et al., 2018b Charging capacity in a specific voltage range Charging curve RMSE 1.3%

Mawonou et al., 2021 Mileage; discharge energy, histogram of the daily

covered distances, histogram of average driving speed

per driving event, SOC variation, charging

temperature, total number of days

Driving; Charging;

Parking

MAE 1.27%

GPR Yang et al., 2018b Time of CC mode duration, time of CV mode duration,

the slope of the curve at the end of CC charging stage,

the vertical slope at the corner of the CC charging

curve

Charging curves RMSE 6%

Liu et al., 2019 Historical capacity, storage SOC level, temperature NA RMSE 1.05%

Integrated

learning

Shen et al., 2020 Voltage, current, and charge capacity values Charging curves RMSE 1.503%

Li et al., 2019e Abscissa of the peak point of the IC curves, the equal

voltage drops, the area near the peak point, the ratio of

CC mode, the ordinate of the peak point of IC curves,

the sample entropy of discharging voltage

Charging and

discharging

RMSE 2.84%

Gou et al., 2020 Duration of equal charging voltage difference Charging curves RMSE 0.8%
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estimation based on real operation data, and the MAE and RMSE can be respectively restricted within 3%

and 2%. Moreover, most of the features in these applications are extracted from the charging process. In

actual operations of EVs, lithium-ion batteries are discharged stochastically, and the operation cycle is

determined by the driver and road information. It is intractable to encounter an ideal regular discharge sce-

nario and therefore is difficult to extract the health features related to SOH from the discharging opera-

tions. On the contrary, when EVs are charged, the batteries can be in a regular and deterministic charging

process, thus contributing to online SOH estimation. In short, to apply these ML algorithms based on real-

world battery data, it is critical to extract useful health features.
CHALLENGES AND FUTURE TREND OF MACHINE LEARNING METHODS

Although ML-based methods have delivered momentous contributions toward accurate SOH prediction,

they also encounter a number of challenges and have long way to achieve high-fidelity SOH estimation. The

challenges and suggested resolution perspectives for ML-based methods will be discussed in this section.
Selection of machine learning method

As a typical electrochemical system, the performance degradation of lithium-ion battery is related to not only

current state of use but also historical operation information. The capacity deterioration of lithium-ion batte-

ries in aging process is usually a time series problem with the number of cycles as the input. To forecast SOH

more accurately, it is a reasonable scheme to process the cycle life of batteries based on time series data.

GPR, RNN, LSTM, and GRU are essentially time series prediction techniques. Among them, RNN, LSTM,

and GRU belong to nonprobabilistic approaches and can furnish only a predicted point in model regression.

However, on account of the uncertainties from distinct operation data sources, includingmeasure noise, state

estimation error, and load uncertainty, capturing the prediction uncertainty of conditional distribution re-

mains challenging. The GPR is developed in terms of the normal distribution principle and can give probabil-

ity density function (PDF). It enables to detect the rule by processing the variation of training data, estimate

and generate prior distribution using training data, and calculate posterior distribution function based on the

Bayesian principle, thereby attaining the estimation of posterior distribution. When GPR model is applied to

practical problems, it can output themean value and give the confidence interval at the same time, so that the

effectiveness of the prediction results can be enhanced. On this account, probabilistic estimation algorithms

aremore preferable for SOHprediction. Formodel training complexity, it not only depends on the complexity

of the designed ML algorithms but also is related to the dimension of inputted health features. When one

health feature with strong correlation with SOH is found, a reliable SOH value can be obtained through

designing a simple ML algorithm. On the contrary, if the correlation is weak, a complex ML algorithm may

not attain the desired SOH estimation, while increasing the computational intensity of BMS. On the other

hand, when the input variables are kept the same, the model complexity also affects the training time. For

instance, hundreds of epochs are essential to achieve accurate SOH estimation when a traditional RNN is

trained and exploited. However, to reach the same accuracy, the number of training epochs required by

the LSTMRNN is usually less than 50 (Zhang et al., 2018). Thus, compared with LSTMRNN,more training dura-

tion is entailed for traditional RNN. Nonetheless, in contrast to GRU RNN, LSTM RNN includes input gate,

output gate, and forgetting gate, whereas GRU RNN includes only reset gate and update gate. The param-

eters of GRU RNN that need to be adjusted are less than those of LSTM RNN, thus the training expense is

cheaper. In addition, GPR provides a flexible framework for probabilistic regression and is widely used to

solve the high-dimensional, small-sampling nonlinear regression problems. However, the nonparametric

characteristics of GPR directly leads to larger amount of calculation. In the training process, the hyperpara-

meters are generally obtained through the optimal edge likelihood method. Each gradient calculation needs

to conduct the inversion operation of the covariance matrix. When dealing with large dataset, the amount of

calculation will become a bottleneck to restrict the application of GPR (Chen et al., 2020). In practical appli-

cations, the training time of constructing anML algorithmwith acceptable performancemay take up to tens of

minutes. Nonetheless, the SOH estimation of lithium-ion batteries is forecasted once per cycle at most, and

the interval time is much longer than the training time. Hence, it is feasible to conduct online regular training

of ML algorithms to attain accurate prediction of SOH. To shorten the model training time, the number of

health feature selection can be reduced during the experiment. In addition, some dimensionality reduction

methods, such as principal component analysis (PCA) (Fei et al., 2021) and local linear embedding (LLE) algo-

rithm (Hong and Zeng, 2021), may also be an effective manner to reduce the dimension of health features and

correspondingly shorten the model training time.
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However, each ML algorithm has its pros and cons; how to choose the best forecasting model is a perma-

nent gambit. Fortunately, the fusion of multiple ML models can often improve the overall prediction per-

formance, as described in Figure 14. In short, model fusion can improve the final prediction ability more or

less, and different sub-models have different approximation ability on different aspects (Aykol et al., 2021).

Thus, the mutually beneficial functionality of each sub-model can contribute to a better estimation of SOH

together.
Incremental learning

Current SOH estimation algorithms of lithium-ion batteries mainly consider the effectiveness of estimation

under specific temperature and charging and discharging conditions. These experiments are usually con-

ducted under laboratory conditions, which are difficult to simulate under time-varying dynamic operation

conditions. To be concrete, the complicated operation conditions and operating environment of EVs lead

to wide temperature variation range and large current fluctuation, which can be remedied by two manners:

(1) sufficient training data preparation under different environments and (2) incremental learning. In the first

way, model training needs to involve as many operation conditions as possible, and the model is often

complex and inefficient. However, to improve model training efficiency and real-time applicability of

SOH estimation, it is preferred to reduce the training data size and simplify the model complexity.

Although, incomplete data selection often leads to low reliability and awkward estimation performance

of the preselected algorithm; by contrast, when more feature data are selected, the operation speed

will slow down, and the model training will be more time-consuming. Moreover, a large number of data

will undoubtedly increase the offline test time and entail more experimental resources. How to trade off

the algorithm complexity and SOH estimation performance needs to be further investigated.

Most of these algorithms are in batch learningmode; that said, it is assumed that all training samples can be

obtained at one time before training. After learning these samples, the learning process will terminate, and

no new knowledge will be imported. However, in practical applications, the training samples are difficult to

be sufficiently prepared for one time, and the information reflected by the samples may gradually change

over time. If new samples containingmore valuable information arrive, the well-trainedML algorithm needs

to learn all the data again. Thus, the training process will consume more extra time, and hence the batch

learning algorithm may not meet this demand. By contrast, the incremental learning algorithm can update

the knowledge andmodify and strengthen the previous knowledge gradually. By this manner, the updated

knowledge can adapt to the newly arrived data without learning all the data again. It is mainly manifested in

two aspects: on one hand, as it does not need to save historical data, it reduces the storage space, and on

the other hand, incremental learning canmake full use of the historical training results in the current sample

training, which significantly reduces the expense of subsequent training (Losing et al., 2018). Thus, the in-

cremental learning is another way to mitigate the problem of data size, and the schematic diagram is de-

picted in Figure 15. As battery degrades, more experimental data will be collected, including stochastic

loading information and fickle ambient temperatures. These historical data can be in turn exploited to train

and refine the original model. Through rolling optimization and incremental learning, the training dataset

will become more comprehensive, and the adaptability of the SOH estimation will be gradually promoted.
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Numerous incremental and online algorithms have been spurred by adding the incremental setting to ex-

isting batch methods, such as online sequential extreme learning machine (OS-ELM) (Liang et al., 2006),

online random forest (ORF) (Pernici and Bimbo, 2014), incremental support vector machines (ISVM) (Losing

et al., 2018), self-organizing incremental neural network (SOINN) (Shen and Hasegawa, 2008), and Hoeffd-

ing tree (Domingos and Hulten, 2000). These incremental learning algorithms can be considered as poten-

tial schemes that can reduce the data size and computation labor of model training for SOH prediction.

Cloud-terminal cooperated estimation

ML methods need to find the high-dimensional nonlinear relationship between input and output and

entail considerable calculation and storage room to existing BMSs. With the development of communi-

cation technologies, more operation data can be wirelessly transmitted to the cloud monitoring plat-

form. In this context, more complicated and advanced ML methods can be developed in cloud platform

due to its strong computing power and timely data acquisition. One typical cloud and on-board BMS-

based hierarchical SOH estimation framework is shown in Figure 16, where the measure information,

including current, voltage, and temperature, are collected and some immediate management tasks,

such as safe control are achieved by on-board BMS. Then, the battery signals are sent to the cloud con-

trol system. By this manner, the EV management platform can easily acquire the operation data of

lithium-ion batteries and track the use process of the battery in an all-round way, thereby overcoming

the limitation of on-board SOH estimation and providing strong computation, massive storage, and

viable SOH prediction. In addition, different battery types, different temperatures, and different oper-

ating condition data can be obtained to expand the battery operation database through multi-EV moni-

toring. Through the cloud-terminal cooperative estimation framework, the data or features of other

similar batteries can be learned to facilitate model construction and remedy the information loss caused

by the limited on-board data. It will break through the resource limitation of traditional embedded hard-

ware terminals and make full use of immense computing capacity and massive storage capability. Thus,

the enabling ML-based algorithms can be easily implemented to supply high-quality SOH estimation. To

conclude, it can be presumed that online SOH estimation based on cloud-terminal cooperation will

become the future direction.

Conclusions

This study furnishes an opportune and comprehensive review for the development of battery SOH pre-

diction methods, with the focus on recent exploitations based on ML technologies. The overview,

merits, and defects of SOH estimation approaches, including direct calibration, filter-based, and

ML-based methods, are sufficiently compared and analyzed. ML methods are widely leveraged for

SOH prediction, as they do not need complex physical model and conduct well in modeling highly

nonlinear dynamic systems. As a key step in ML algorithms, health feature generation methods re-

ported in the literature are intuitively classified, and the features of incremental calculation, time, en-

velope area, and model parameters are discussed. Furthermore, the detailed discussions in terms of

the state-of-the-art ML-based SOH prediction algorithms, configuration, and execution process are

elaborated. Finally, some challenges and perspectives for future development of ML-based SOH pre-

diction techniques are provided. Manifold discerning and noteworthy research directions are discussed

with regard to promoting adaptation, extendibility, accuracy, and reduction of training data. In a

nutshell, ML-based SOH prediction methods will become one of the research focuses and will generate

a profound influence on shaping future transportation electrification. Moreover, the key conclusion and
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analysis summarized by this review would be momentous for EV applications incurred by the evolution

of ML applications and would furnish an explicit suggestion to researchers and manufacturers on the

advancement of EVs.

Limitations of the study

In this paper, we mainly focus on the retrospect of SOH prediction method for lithium-ion batteries based

on machine learning. However, lithium-ion battery degradation mechanism analysis and SOH prediction

from the perspective of electrochemistry under varying temperatures and different current rates are

beyond the discussions of this work and require further investigations.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Critical commercial assays

Battery Lishen LR2170SA 4.0Ah

Software and algorithms

Matlab MathWorks https://www.mathworks.com

CT4008 NEWARE https://en.neware.com.cn/
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by

the Lead Contact, Zheng Chen (chen@kust.edu.cn).
Materials availability

This study did not generate new unique reagents.

Data and code availability

All data reported in this paper will be shared by the lead contact upon request.

This work is an experimental study of state of health for lithium-ion battery and there is no code generated.

Any additional information required to reanalyze the data reported in this work paper is available from the

Lead Contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

The battery adopted in this investigation is a commercial prismatic lithium-ion battery with nickel-cobalt-

manganese (NCM) as the cathode and graphite as the anode. The separator consists of polypropylene (PP)

with ceramic coating.
METHODS DETAILS

Experimental battery parameters

The nominal capacity of the NCM/graphite battery used in this research is 4 Ah with the nominal voltage of

3.6 V.
Equipment used in the experiment

The charge/discharge machine used in this paper is CT4008, which is developed by Neware (Shenzhen) Co.

LTD. During the experiments, the temperature was set at 25�C.
QUANTIFICATION AND STATISTICAL ANALYSIS

The original data are collected on an NEWARE Battery Testing System (CT4008). Figures are produced by

Matlab from raw data.
ADDITIONAL RESOURCES

Any additional information about the cell assembly, tests and data reported in this paper is available from

the lead contact on request.
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