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Although the lithium-ion batteries (LIBs) have been increasingly applied in consumer electronics, electric vehicles,
and smart grid, they still face great challenges from the continuously improving requirements of energy density, power
density, service life, and safety. To solve these issues, various studies have been conducted surrounding the battery design
and management methods in recent decades. In the hope of providing some inspirations to the research in this field, the
state of the art of design and management methods for LIBs are reviewed here from the perspective of process systems en-
gineering. First, different types of battery models are summarized extensively, including electrical model and multi-physics
coupled model, and the parameter identification methods are introduced correspondingly. Next, the model based battery
design methods are reviewed briefly on three different scales, namely, electrode scale, cell scale, and pack scale. Then, the
battery model based battery management methods, especially the state estimation methods with different model types are
thoroughly compared. The key science and technology challenges for the development of battery systems engineering are
clarified finally.
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1. Introduction
Nowadays, the lithium-ion batteries (LIBs) have been the

most favored secondary batteries in both mobile and station-
ary applications.[1,2] Compared to other kinds of secondary
batteries, LIBs have the advantages of high gravimetric and
volumetric energy and power density, low self-discharge rate,
and long cycle and calendar lifetime.[3] When used in prac-
tice, the battery performance requirements are usually differ-
ent under different application scenarios. In the electric vehi-
cles application, the batteries are required to provide the longer
driving range and higher charging rate. In the energy storage
system application, the batteries are preferred with longer ser-
vice life and operational stability.[4] Whatever, the pursuit of
high specific energy, long service life, and high security bat-
teries is and will still be the hot scientific issue in this field.[5]

To achieve this goal, on one hand, the new materials and the
new chemistry systems are developed constantly; on the other
hand, more and more attention is paid to the advanced battery
design methods, battery manufacturing techniques, and bat-
tery management strategies, which have shown great effects
on the overall battery performance.

The process systems engineering (PSE) is an interdisci-
plinary research field, which focuses on the development and
application of modeling, simulation, and optimization meth-
ods to assist in the optimal design, operation, control, schedul-
ing, and planning of complex processes.[6] Inspired by its ap-

plication in petrochemical industry and pharmaceutical indus-
try, some studies proposed the PSE concept to the battery in-
dustry with the intent of accelerating the design optimization
process and realizing optimal operation of LIBs.[7,8]

This works aims to present a systematical review of the
battery modeling, simulation, and optimization methods in ex-
isting literatures, especially focusing on their applications in
battery design and management. The remainder of this arti-
cle is structured as follows. First, different battery modeling
and simulation approaches for both electrical model and multi-
physics coupled model are summarized, and the parameter
identification methods are introduced correspondingly. Then,
the model based battery design methods on three different
scales are introduced extensively, namely, electrode scale, cell
scale, and pack scale. Furthermore, the battery model based
battery management methods, especially the state estimation
methods combined with different model types are thoroughly
compared. Finally, the key science and technology challenges
for the development of battery system engineering are clari-
fied, in the hope of providing some inspirations to the research
in this field.

2. Modeling and simulation of LIBs

The importance of battery modeling lies in the fact that
it can describe the internal and external battery characteris-
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tics varying with different structures and different operation
conditions, which is great helpful to perform the optimal de-
sign and management of LIBs. Since the battery is a system
for the transformation and storage of electric energy, the es-
sential function of a battery model is to describe the relation-
ship between the current and voltage response. The existing
battery electrical models can be broadly divided into three
categories: equivalent circuit model (ECM), electrochemical
model, and empirical model.[8,9] The ECM, composed of elec-
trical elements such as resistance and capacitance, has been
widely used in battery management system (BMS),[10] as it
provides trade-off between model complexity and accuracy.
The electrochemical model, which describes the battery be-
haviors based on the differential algebraic equations,[11] is
much more complex. And thus, it is mainly used in the battery
design applications. The empirical model is simple and calcu-
lation efficient, however, the accuracy is usually too low to the
unseen battery operating regions.[12]

Besides the battery electrical response modeling, the bat-
tery thermal behaviors are also concerned by researchers.[13]

Temperature is one critical factor on battery performance. On
one hand, the low temperature could restrict the diffusion and
reaction rate, which would result in the larger internal resis-
tance and the lower power capability. On the other hand, the
excessive temperature could accelerate the side reaction rate,
which would accelerate battery degradation and even cause
thermal runaway.[14,15] Therefore, it is necessary to develop
the accurate electrical–thermal coupled models for assisting
in the optimal design and management of LIBs, especially for
the large format battery.[16] However, the accurate description
and prediction of battery thermal behaviors are usually diffi-
cult. The main reason is that the heat generation mechanism
of batteries is complex and the nondestructive measurement of
the battery temperature distribution is still a challenging task.

Furthermore, the parameters in electrical model or
electrical-thermal coupled model would continuously vary

with the battery degradation, which would result in
poor prediction performance of the electrical and thermal
behaviors.[17] Therefore, it is necessary to account for the bat-
tery degradation in the view of the whole battery service life. It
means that the thermal and mechanical stress induced battery
degradation model could be developed and coupled with the
electrical–thermal model, or aging related electrical and ther-
mal parameters should be properly online adjusted with the
battery degradation.

2.1. Electrical model
2.1.1. Equivalent circuit model

The ECMs can be established based either on the
battery charge/discharge curves or on the electrochemical
impedance spectroscopy (EIS). The former is named as time-
domain ECM, while the latter is called as frequency-domain
ECM. Both types of ECMs have been widely studied in the
literatures.[18–20] Figure 1 shows four typical kinds of ECMs
for LIBs.

The Rint model is the simplest ECM, composed of one re-
sistor and one voltage source connected in series, as shown in
Fig. 1(a). The voltage response of this model can be described
as follows:

UT =UOC− IR, (1)

where UT is the terminal voltage of the battery; UOC is the open
circuit voltage (OCV); I is the current through the battery; and
R is the internal resistance. As the Rint model is simple, it
has low terminal voltage simulation accuracy, especially when
the current changes quickly and the relaxation phenomenon
appears. The relaxation phenomenon could arise from the in-
terface capacitance between electrolyte and solid material, as
well as the solid and liquid phase diffusion properties.[18] To
improve the simulation accuracy under relaxation condition,
the ECMs with parallel resistors and capacitors network are
proposed.
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Fig. 1. Four typical kinds of ECMs for LIBs: (a) Rint model; (b) Thevenin model; (c) n-RC model; (d) frequency domain ECM.
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Figure 1(b) shows the Thevenin model, composed of Rint
model and one-RC network. The general framework of time-
domain ECM with n-RC circuit is shown in Fig. 1(c). The ter-
minal voltage of an N-order Thevenin model can be calculated
by the following equations:

U0 = IR0, (2)
dUi

dt
= − Ui

RiCi
+

I
Ci

, (3)

UT = UOC−U0−
N

∑
i=1

Ui, (4)

where U0 is the voltage drop across R0, and Ui is the voltage
drop of the i-th RC pair. In theory, the increasing order of the
RC networks can bring the better model fitting performance,
but the computational cost would increase and the over-fitting
risk may rise as well.

Figure 1(d) shows the general architecture of frequency-
domain ECMs. The frequency-domain ECM can be estab-
lished with the EIS or with time-domain test like dynamic
stress test and hybrid pulse power characterization test.[19]

Usually, the frequency-domain ECMs contain the constant
phase element (CPE) and the Warburg element, where a par-
allel pair of resistor and CPE is also called ZARC element. In
some cases, especially in the application of half-cell, the EIS is
an effective tool to separate physic-chemical processes in dif-
ferent time constants, such as the solid diffusion process, the
electrochemical reaction process, and the solid electrolyte in-
terface (SEI) film dynamics.[20] However, in the application of
full-cell, the separation of different dynamic steps is more dif-
ficult, and the meaning of the circuit parameters could be more
ambiguous. Even though, the parameters of the frequency-
domain ECM are significant indicators for battery aging state.

Unlike the time-domain ECMs, some elements in the
frequency-domain ECMs are defined in the frequency domain,
such as the ZARC element and Warburg element. By apply-
ing to the time-domain charge/discharge operation, one way
is to convert the ZARC and Warburg elements into series RC
pairs, where the number of RC pairs is selected based on the
balance between calculation complexity and approximation
accuracy.[21,22] Another way is to use the fractional order cal-
culus method, which transfers the frequency-domain ECM to
a fractional order model.[23,24] In some studies, the hysteresis
phenomenon is considered, and a hysteresis model is added.
The hysteresis phenomenon may originate from the existence
of several possible thermodynamic equilibrium potentials or
arise from the lithium ion uneven distribution limited by dif-
fusion, as a result, the relationship between OCV and state
of charge (SOC) is path dependent.[25,26] As numerous ECMs
have been proposed, researchers have tried to do comparative
studies on the performances of different kinds of ECMs, not
only for dynamic simulation applications[26] but also for the
management applications.[27]

It is worth noted that the analytical solution could be eas-
ily obtained for the ordinary differential equations (ODEs)
based time-domain ECMs. Hence, the numerical calcula-
tion of ECMs can be simply and efficiently performed, which
would be helpful to carry out online ECM based state estima-
tion and operation control in BMS.

2.1.2. Electrochemical model

The pseudo-two-dimensional (P2D) model proposed by
Newman et al.[11] is the most famous electrochemical model
for LIBs, which is also referred as Doyle–Fuller–Newman
model.[28] The P2D model adopts the partial different equa-
tions (PDEs) to describe the mass conservation and charge
conservation in the solid and liquid phases, and uses the
Butler–Volmer (B–V) equation to describe the electrochemi-
cal reaction at the active material/electrolyte interface. These
equations can be easily obtained from related references[11,28]

and will not be listed here.
The original P2D model neglects the current distribution

at the current collectors, as they have relative high electrical
conductivity comparing to the active materials and electrolyte.
This assumption helps to build a simple model, while is un-
able to describe the non-uniform performance at the electrode
plane region. To extend the P2D model to a higher dimension,
two different approaches have been proposed. One is to use a
number of P2D sub-models that are connected in parallel by
the current collector. It is assumed that no mass transfer be-
tween each sub-model, and the terminal voltage and current
through each sub-model are governed by the charge balance
equations of the current collector.[29] The other is to extend the
original governing equations to the 3D form in which the ions
and electronics can transfer not only in the electrode thickness
direction but also in the in-plane direction.[30] Although the
extended P2D models have higher computational complexity,
they provide a possibility to investigate the non-uniform dis-
tributions of current density and active material usage in the
electrode plane direction. With such models, one can study
the effects of cell design factors such as the tab location, tab
size, and the cell size.

As solving the problem of nonlinear PDEs is time con-
suming, various simplification methods of P2D model have
been proposed.[31] The single particle (SP) model is the most
popular one among them. It is assumed that the solid phase
conductance is high enough and the lithium ion concentration
distribution in the electrolyte phase can be neglected. As a
result, the particles on the same electrode have the same prop-
erties, and then each electrode can be treated as a single par-
ticle. In the SP model, the particle surface current density is
obtained directly based on the applied current and the surface
area of each electrode. The electrochemical reaction at each
electrode is modeled by the B–V equation. The voltage drop
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through the electrolyte, solid state matrix, and current collec-
tor is simulated using a lumped resistor.[32,33] Since the as-
sumption of uniform electrolyte concentration might produce
a low simulation accuracy, especially under large C-rate con-
ditions, some researchers take the electrolyte concentration
into consideration, and then re-add the governing equations
with the mass and charge conservation equations in the liquid
phase.[34,35]

For effectively solving the P2D model, different numeri-
cal methods have been proposed. The finite-difference method
(FDM) is the first adopted one, which has been implemented
in Dualfoil.[36] The finite-volume method (FVM) and finite-
element method (FEM) are used successively. Although the
implementation of these methods requires the strong mathe-
matical foundation and programming ability, benefiting from
the development of commercial computing software, the sim-
ulation based on P2D model is much easier for today’s re-
searchers. For the SP model, besides the aforementioned nu-
merical methods, the analytical solution can be obtained under
some specific operation conditions by applying a polynomial
approximation for the solid concentration in the solid state dif-
fusion equations.[37] Generally, the increase of both discrete
node number and model dimension would lead to higher com-
putational complexity, and the detailed discussion can be re-
ferred to the study of Ramadesigan et al.[38]

2.1.3. Empirical model

The empirical models only focus on the external current–
voltage response rather than the internal electrical or elec-
trochemical mechanism. Shepherd model, Unnewehr uni-
versal model, and Nernst model are three typical empirical
models.[12] Although the empirical models have concise math-
ematical forms and high calculation efficiency, they usually
have poor generalization performance.

Nowadays, with the great development in the area of ma-
chine learning and artificial intelligence, more advanced data-
driven empirical models, e.g., support vector machine[39] and
neural network,[40] have been proposed to perform modeling
of LIBs. These data-driven models could usually provide bet-
ter prediction accuracy than the traditional empirical models.
However, these black-box models are hard to be understood
and the model complexity is relatively high. Moreover, to ob-
tain a robust data-driven model, massive high-quality training
data are needed, which are high cost in practice. Until now, the
studies on data-driven models lack a comprehensive compari-
son on model accuracy and calculation complexity. However,
compared to the ECM and electrochemical model, the simula-
tion of the empirical model, described as analytical forms, is
usually much easier and more efficient.

2.2. Multi-physics coupled model

The heat generation inside battery usually has great im-
pact on the battery temperature, which could consequently se-
riously influence the whole battery operation performance.[41]

To accurately model the heat generation process, Bernardi et
al.[42] proposed a general equation, which can calculate the
heat generation rate from different heat sources, including
electrochemical reactions, phase changes, mixing effects, and
Joule heating. Although the general equation has high accu-
racy, it is usually difficult and time-consuming to accurately
obtain all heat generation sources. Hence, a simplified ver-
sion of Bernardi’s equation has been developed. By neglect-
ing the heat generations from phase changes and mixing ef-
fects, and regarding the heat capacity as a constant, the heat
sources in the simplified Bernardi’s equation could be sum-
marized into two parts, i.e., reversible and irreversible heat.
The irreversible heat is mainly caused by over potential during
operation including ohmic losses, charge-transfer over poten-
tials, and mass transfer limitations. The reversible heat, also
called as entropic heat, is related to the entropy change of the
active material at both positive and negative electrodes.

Battery degradation occurs not only during the
operation[43,44] but also during the storage,[45] which are re-
ferred as cycle aging and calendar aging, respectively.[46,47]

A battery consists of several components, i.e., current col-
lectors, positive electrode, negative electrode, separator, and
electrolyte. Due to the internal and external factors, each com-
ponent has the risk of failure during the battery service life.
However, no matter what the specific failure mechanism, they
all induce two phenomena, i.e., capacity fading and resistance
increasing.[17,48–50] At the negative electrode, the formation,
growth, and updating of the SEI could consume the cycleable
lithium and electrolyte, which would cause the reduction of
capacity and liquid phase volume fraction as well as the in-
crease of the transportation resistance in electrolyte. More-
over, lithium plating occurring at negative electrode would
contribute to the capacity fading, especially at the end of bat-
tery life.[51] In addition, the crack evolution caused by the
mechanical stress during lithium insertion/extraction could re-
sult in capacity loss.[52–55] At the positive electrode, the main
degradation mechanisms include the solvent oxidation and the
active material loss. The solvent oxidation occurs as a result of
high voltage operation, which may cause film formation at the
interphase of positive electrode/electrolyte. The low electrical
conductivity of the formatted interface film may lead to the
loss of electronic contact between primary particles and result
in resistance increase.[56] The active material loss is caused by
the material dissolution, structural degradation, and fracture
propagation throughout the lithium insertion/extraction.[57,58]

To simulate the multi-physics response of batteries, dif-
ferent types of multi-physics coupled models have been devel-
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oped. Figure 2 shows the coupling strategies among different
models. The electrical model usually simulates the current–
voltage response behavior, and calculates the heat generation
rate and electrical dependent side reaction rate for providing
the inputs of thermal model and aging model, respectively.
The thermal model obtains the heat generation rate from both
electrical model and aging model, and provides the tempera-
ture dependent electrical and aging parameters to the electrical
model and aging model, respectively. The aging model sim-
ulates the aging behavior and provides the aging dependent
electrical parameters and heat generation rate for the electrical
model and the thermal model, respectively.
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Fig. 2. Coupling strategies among battery multi-physics models.

2.2.1. Electrical–thermal coupled model

Many kinds of pure thermal models have been devel-
oped for LIBs, such as 2D thermal model[59] and 3D thermal
model.[60] In a pure thermal model, the heat generation term
is usually determined empirically, which would result in poor
prediction performance for unseen modeling region. There-
fore, the electrical–thermal coupled model needs to be devel-
oped, in which the heat generation rate could be predicted ac-
curately based on the electrical model. There are mainly two
kinds of electrical-thermal coupled models: ECM–thermal
coupled model and electrochemical–thermal coupled model.
In both of them, the ECM and electrochemical models can
be extended to multi-dimensions, and the thermal model also
can be established as 0D, 1D, 2D, and 3D. Generally, with the
higher dimension, the model accuracy would improve, but the
computational cost would correspondingly increase. Hence,
to meet specific application requirement, the coupled models
with suitable coupling strategies could be developed.

Among the ECM–thermal coupled models, the lumped
parameters ECM–0D thermal model is most widely studied
due to its high calculation efficiency.[61] The lumped param-
eter ECM–1D thermal model and lumped parameter ECM–
3D thermal models have been developed for detailed thermal
characteristics description of pouch type cells.[62] The higher-
dimension ECM is used to better model the electrical proper-
ties. For example, 2D ECM–2D thermal model[63–65] and 2D

ECM–3D thermal model[66–69] were proposed for the simula-
tion of pouch type battery, in which the potential and current
density distribution on the electrodes can be obtained using the
2D ECM.

Among the P2D electrochemical–thermal coupled mod-
els, the P2D electrochemical–0D thermal coupled model has
been constructed for the battery state estimation. However,
as the numerical solution of complex electrochemical model
is time consuming, its online application relies on the de-
velopment of efficient solving algorithms and the model re-
duction methods such as orthogonal decomposition and or-
thogonal collocation.[70–72] The P2D electrochemical–thermal
coupled models with higher dimension are usually used for
battery design purpose. Thermal models with higher dimen-
sion are developed to simulate the temperature distribution,
like P2D electrochemical–1D thermal coupled model[73,74]

and P2D electrochemical–3D thermal coupled model.[75–78]

Electrochemical models with higher dimension are also devel-
oped to study the non-uniform property in the electrode plane,
such as 2D electrochemical–thermal coupled model[79] and
3D electrochemical–thermal coupled model.[80–83] In these
studies, the P2D models are either directly extended to higher
dimension,[80,81] or implemented with parallel strategy.[82,83]

The SP electrochemical–0D thermal coupled model is the
most widely studied SP–thermal coupled model,[84,85] which
favors the online application.[86] Also, there are some studies
about the SP–thermal coupled model with higher dimension.
Baba et al.[87] proposed an SP electrochemical–3D thermal
coupled model to simulate the electrical and thermal distri-
bution of a cylindrical cell, in which the SP model was con-
nected in parallel between the current collector pair. The simi-
lar model was also adopted by Darcovich et al.[88] in the mod-
eling of prismatic cells.

2.2.2. Electrical–degradation coupled model

To accurately model the long-term battery behaviors, the
degradation effect during the battery service life needs to be
properly included. Some studies regard the side reactions
as the dominant origin of degradation and then couple this
process with different battery models. Safari et al.[89] pro-
posed an SP electrochemical–degradation coupled model, in
which the growth of SEI was considered as the main capac-
ity fading source and the solvent diffusion in the SEI film and
solvent-reduction kinetics were modeled to determine the side
reaction rate. Lin et al.[90] proposed a P2D electrochemical–
degradation coupled model for a graphite/LiMn2O4 cell, in
which side reactions containing Mn dissolution in cathode,
SEI growth and Mn deposition in anode, electrolyte oxida-
tion and salt decomposition in liquid phase were model quan-
titatively. Pinson et al.[91] proposed an SP electrochemical–
degradation coupled model, in which only the SEI related ag-
ing mechanism was considered. When apply to the porous
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electrodes, the simulation results showed that the growth of
SEI varies slightly throughout the electrode, even at high rates.
Delacourt et al.[92] also proposed an SP electrochemical–
degradation coupled model for graphite/LiFePO4 cell, in
which the side reaction kinetics and solvent diffusion limita-
tions at both electrodes were taken into account. A pseudo 3D
electrochemical–degradation coupled model was proposed by
Awarke et al.,[93] in which the degradation phenomenon was
modeled by the SEI growth occurring in the anode. The non-
homogeneous SEI growth arising from non-uniform current
distribution was analyzed, while the temperature effects were
not considered.

The stress evolution during lithium intercala-
tion/deintercalation is regarded as another important origin
of battery degradation. Although some studies have coupled
the diffusion-induced stress model with a P2D[94,95] or SP
model,[96] the degradation phenomenon is not explicitly asso-
ciated with stress. In addition, some efforts have been taken
to simulate the effects of stress on SEI fracture[97] and par-
ticle crack[98,99] on particle scale, which makes it possible
to develop a universal degradation model for different types
of batteries. To take both side reactions and stress effects into
consideration, some efforts have been taken to combine the SP
model with stress and side reactions to give a comprehensive
simulation on battery degradation.[100–102]

2.2.3. Electrical–thermal–degradation model

To better describe the electrical and thermal dynamics
behaviors during the whole LIBs service life, the electrical–
thermal–degradation models have been developed in recent
years. Xie et al.[103] proposed a P2D electrochemical–1D
thermal–degradation coupled model to describe the dynam-
ics behaviors of graphite/LiMn2O4 cell, in which the SEI
film related side reactions in the negative electrode were con-
sidered. Lamorgese et al.[104] adopted the similar model
for the graphite/LiCoO2 cell. Yang et al.[105] proposed a
P2D electrochemical–0D thermal-degradation coupled model,
which includes the side reactions on anode and the loss of ac-
tive material of cathode caused by mechanical stress. How-
ever, due to the model complexity, the electrical–thermal–
degradation coupled model is usually hard to use in online
applications. Even for the battery design application, the com-
putational cost seems still too high. Therefore, how to reduce
the model complexity and develop the effective model reduc-
tion methods needs to be further explored.

The simulation of multi-physics coupled models is more
complicated. Except for the lumped parameters ECM–0D
thermal model that can be easily solved discretely, almost all
other coupled models contain complex PDEs. Hence, the nu-
merical calculation methods such as FDM, FEM, and FVM are
usually adopted. Besides, for the coupled models that are com-
posed of sub-models with different dimensions, the volume-

average strategy is usually adopted to realize the parameters
transfer between different sub-models.

2.3. Parameters identification

Parameters identification is a vital step for constructing
the battery model. In a battery model, only a few parameters
can be measured directly, while others need to be estimated
based on experimental data, e.g., measured current–voltage re-
sponse profiles or current–voltage–temperature response pro-
files. Hence, it is essential to properly carry out experiments to
obtain data for parameter estimation. A generalized electrical
and thermal parameter estimation problem can be formed as
the following weighted least-square optimization problem:

min obj =

(
w1

N

∑
i=1

(
Uexp,i−Usim,i (𝑥,𝑦)

)2

+w2

N

∑
i=1

(
Texp,i−Tsim,i (𝑥,𝑦)

)2

)
, (5)

subject to
h(𝑥,𝑦) = 0,
g(𝑥,𝑦)6 0,
𝑥 ∈ [𝑥min,𝑥max] ,
𝑦 is integer,

(6)

where 𝑥 is the model parameters; 𝑦 is the model structure
parameters; Uexp and Texp are the experimental voltage and
temperature data, respectively; Usim and Tsim are the simu-
lated voltage and temperature, respectively; w1 and w2 are
defined to adjust the weights of voltage error and tempera-
ture error, respectively; h(𝑥) is the equations of equality con-
straints, which is often related to the battery model; and g(𝑥)
is the equations of inequality constraints. In general, the pa-
rameter identification problem of battery model is essentially
a nonlinear programming (NLP) problem. In most cases, it
is treated as a single-objective optimization problem, which
aims to minimize the terminal voltage or temperature differ-
ence between the simulated and experimental results. How-
ever, if the electrical and thermal parameters need to be iden-
tified simultaneously, the optimization problem might be for-
mulated as a multi-objective problem.[73] Moreover, when the
function form which describes the relationship between pa-
rameters and battery states is variable, the simultaneous opti-
mization problem of the function structure 𝑦 and parameters
𝑥 would arise, which can be formulated as a mixed-integer
nonlinear programming (MINLP) problem.[106]

In practical application, the parameter identification pro-
cedure is usually different according to the different battery
model type. For the ECM model, the OCV–SOC relation-
ship is usually modeled by a predefined analytical function and
the OCV model parameters could be independently estimated
by OCV–SOC experimental data.[107] Other state dependent
circuit parameters in the ECM model, e.g., ohmic resistance,
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charge transfer resistance, and capacitance, are usually esti-
mated by the charge/discharge current–voltage response pro-
files. Both one- and two-step approaches have been utilized
to the circuit parameters estimation. In the two-step approach,
the circuit parameters are first estimated one-by-one from the
pulse charge/discharge current–voltage response profiles at
different SOC values and then the circuit parameters look-up
table is established with respect to SOC. The circuit parame-
ters at unseen SOC are obtained by the interpolation method.
Another way is to construct analytical functions, e.g., polyno-
mial or exponential function, by means of the circuit param-
eters and SOC data in look-up tables.[108–110] In the one-step
approach, the coefficients of the predefined functions for state
dependent circuit parameters are directly estimated by fitting
the current–voltage response profiles over a whole SOC range.
Although the parameter estimation optimization problem in
the one-step approach is much more complex, the established
model is usually more accurate and stable.

The number of parameters in the electrochemical model
is much larger than that of parameters in the ECM, mak-
ing the parameter estimation process more difficult. Differ-
ent optimization algorithms have been adopted for the optimal
parameter identification of the electrochemical model, such
as genetic algorithm,[28,73] particle swarm algorithm,[111] and
heuristic algorithm.[112] Experiments based on half-cells are
usually conducted for the essential model information such as
the OCV–SOC relationship at each electrode. Even though the
parameter identification based on the half-cell testing can re-
duce the number of model parameters, how to obtain a global
optimal solution is still difficult as there exhibits multiple lo-
cal optima in the parameter optimization problem. In addi-
tion, during the solution process of the parameter optimization
problem, the time-consuming electrochemical model needs to
be simulated repeatedly. Therefore, the efficient global opti-
mization algorithm should be paid more attention in future.

When identify the thermal parameters in a multi-physics
electrical–thermal coupled model, there are usually two
ways. One way is to use the experimental data from
various thermal property tests such as accelerating rate
calorimeter,[113] thermal impedance spectroscopy,[114] and
heat flow calorimeter.[115] Another way is to estimate accord-
ing to the temperature evolution profiles based on a thermal
model.[73] Although the thermal parameters might vary with
the battery states such as SOC,[116,117] temperature,[118] and
aging,[119] the effects of battery state on thermal parameters
are usually ignored in the electrical–thermal coupled model.
It should be noted that the effective estimation of the aging
dependent thermal parameters is still a challenging task and
needs to be further explored.

3. Optimal design methodology of LIBs
Optimal tuning design parameters of LIBs is important to

the battery performance improvement. At present, the most
common way is the trial and error method, which optimizes
the design parameters based on the iterative experiments. It
is intuitive, but high experimental cost and time consuming.
Alternatively, the computer aided design method is more effi-
cient. By resorting to the accurate mathematical models and
efficient simulation methods, the optimization algorithms can
tune the design parameters of LIBs with respect to different
optimization objectives. It is worth noting that, to meet dif-
ferent application requirements, the optimal design of LIBs
usually needs to balance between the different battery perfor-
mance criteria, e.g., energy density, power density, service life,
and safety. Moreover, to meet the different design require-
ments, the battery model type needs to be selected properly
according to the design scale, i.e., electrode, cell, and pack.
For example, the P2D electrochemical model can be used to
study the effects of electrode thickness and porosity on battery
specific energy and specific power. A 3D electrical–thermal
coupled model can be used to study the effects of cell size, tab
size, and position on the electrical and thermal consistency, as
well as the specific energy and power. In some cases, a battery
module model could be used for the optimal design of thermal
management system. To conclude, the model based optimal
design strategy can not only improve the battery overall per-
formance, but also greatly reduce the battery design time and
cost.

3.1. Design on electrode scale

In general, the parameters on electrode scale mainly con-
tain the thickness and porosity of positive and negative elec-
trodes, and the particle size distribution. The optimization
of the electrode scale parameters is usually conducted based
on the P2D based model. In the ECM, the electrode scale
parameters are not considered, while in the SP model, the
non-uniformity in the thickness direction is neglected, which
make them seldom used in the electrode scale parameter op-
timization. According to the various requirements on the bat-
tery performance improvement, the optimization parameters
of electrode scale mainly include electrode thickness,[120–122]

electrode porosity,[123] positive and negative electrode capac-
ity ratio,[124] and particle size.[125]

To maximize the specific energy or discharge capacity,
some works proposed to optimize the electrode thickness and
porosity based on the P2D model. Srinivasan et al.[126] carried
out the optimization of the electrode thickness and porosity
of graphite/LiFePO4 battery, which achieved maximum spe-
cific energy at given discharge time (from 10 h to 2 min).
In this study, the porosity of the negative electrode remained
constant while the thickness of the negative electrode was
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changed according to the ratio of the positive and negative
active materials. The similar strategy was adopted by Ap-
piah et al.[127] to optimize the electrode thickness and poros-
ity of graphite/LiNi0.6Co0.2Mn0.2O2 battery, in which the P2D
model was modified to include the effect of contact internal
resistance difference. De et al.[128] proposed a multi-step op-
timization approach to optimize the electrode thickness and
porosity of both electrodes, in which the optimization vari-
ables were added one by one during the optimization proce-
dure. Dai et al.[129] maximized the energy density of the bat-
tery by optimizing the porosity of the positive and negative
active materials and the thickness of the positive electrode,
meanwhile a direct search method was adopted for optimiza-
tion. The results of graded electrode porosity design were then
compared with the results of uniform porosity design.

When conducting the particle size optimization, the P2D
model must include the stress and the side reaction effects,
otherwise the particle size of the active materials would fa-
vor to be as small as possible for decreasing the solid diffu-
sion polarization. Golmon et al.[130] combined the P2D model
with a mechanical model to simulate the stress introduced by
lithium diffusion, in which the stress level was bounded by a
maximum value to control the capacity fading rate. In this
study, the local porosity and local particle radii at each fi-
nite element node of both electrodes greatly increased the op-
timization variables, hence, the globally convergent method
of moving asymptotes of Svanberg was adopted to handle
the complex optimization problems. Liu et al.[131] used an
P2D electrochemical–degradation coupled model to simulta-
neously maximize specific energy and specific power and min-
imize the capacity loss with respect to electrode thickness,
electrode porosity, and particle size. The elitist non-dominated
sorting genetic algorithm (NSGA-II) was adopted to solve the
multi-objective optimization problem.

For large format batteries, the effects of electrode scale
parameters on battery thermal performance are usually taken
into account. Zhao et al.[75] studied the effects of electrode
thickness on battery performance using P2D elelctrochemcial–
3D thermal model. Mei et al.[76] studied the effects of elec-
trode thickness, electrode porosity, and particle size on bat-
tery electrochemical and thermal performance. In addition,
some studies have focused on designing structured electrode
using electrochemical model. Cobb et al.[132,133] proposed
co-extruded electrode structures to improve the battery energy
density, and simulation study was taken using a dimension-
extended P2D model. Nemani et al.[134] proposed a bi-
tortuous, anisotropic graphite anodes structure to improve the
ion transportation, and the equations of the P2D model were
extended to 2D to carry out the simulation. However, the in-
dustrial production of such structured electrode remains quite
difficult. In general, given predefined current profile, most

optimal design problems on electrode scale can be formu-
lated as single objective optimization problems with respect
to maximize the specific energy or discharge capacity. If the
charge/discharge current is considered to be an additional op-
timization variable, multiple objectives need to be simultane-
ously optimized for balancing the tradeoff between specific
energy and specific power.[135]

3.2. Design on cell scale

The design parameters on cell scale mainly refer to elec-
trode size, tab size and location, number of stacks, etc. Usu-
ally, with the scale up of battery size, the non-uniformity of
both electrical and thermal distributions will become more se-
vere, and then the battery charge/discharge performance and
service life will deteriorate significantly.[136,137] Hence, the
design strategy on the cell scale is quite important, especially
for large format batteries.

In general, both 2D and 3D models can be employed for
the optimization of cell scale parameters. Based on the ECM–
thermal coupled model, Kim et al.[138] studied the effects of
the electrode size and tab location on the potential, current
density, and temperature distributions with a 2D electrical–
thermal coupled model. Kosch et al.[139] studied the effects
of tab location and size on the temperature distribution of a
pouch type cell using a 2D ECM–thermal coupled model. A
2D ECM–3D thermal coupled model was proposed by Wu
et al.[67] and used for the thermal design of pouch cell,[140]

in which the temperature distributions of cells with different
electrode sizes and different tab locations were systematically
compared.

Also, there have been studies about the optimization of
cell scale parameters based on the electrochemical model. Mei
et al.[141] used a P2D electrochemical–3D thermal model to
study the effects of tab dimension on the thermal performance
of pouch type cell. Zhang et al.[142] studied the impacts of tab
locations and electrode size on the temperature distribution of
pouch type cell, in which the uniformity of temperature dis-
tribution under different design configurations was studied by
a P2D electrochemical–2D thermal coupled model. Samba et
al.[30] studied the influence of the position of the tab on the
current density, voltage, and temperature distribution by es-
tablishing a 3D electrochemical–3D thermal coupled model
for a pouch cell with single electrode plate pair. Rieger et
al.[29] used a 3D electrochemical–2D thermal–2D stress cou-
pled model to study the effects of tab position on the battery
performance, except for the uniformity of temperature and cur-
rent density distribution, the mechanical criteria were also in-
troduced for rating different designs.

It is found that the optimization of design parameters on
cell scale is usually realized by parametric studies, while the
optimization algorithms are seldom explicitly used to perform
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design optimization. The main reason is that the simulation of
2D or 3D coupled model used on cell scale is time-consuming,
which hinders the direct application of the optimization algo-
rithm to some extent. In addition, the simultaneous consider-
ation of multiple performance criteria such as energy density,
service life, uniformity, and cost would further increase the
optimization difficulty greatly. Hence, more efficient global
optimization algorithms are expected for such complex multi-
objective battery design optimization problems.

3.3. Design on pack scale

A battery pack usually consists of dozens even hundreds
of cells, which makes the thermal issues increasingly promi-
nent. To guarantee the safe operation and extend battery life,
the battery pack should be carefully designed not only to
avoid local heat accumulation but also to improve the tem-
perature consistency among cells. On the pack scale design
optimization, both cell arrangement and cooling strategy usu-
ally need to be simultaneously optimized. In general, a sim-
ple electrical–thermal coupled model,[143] or even empirical
thermal model,[144] is used to simulate the cell heat genera-
tion characteristics. By the combination of such simple ther-
mal models with computational fluid dynamics simulation, the
gap spacing between cell, the flow speed of air or liquid can
be optimized to achieve uniform temperature distribution and
lower maximum temperature rise. Although these simplified
battery models are helpful to reduce the computational com-
plexity, their generalization ability and the effectiveness of op-
timal pack design schemes need to be further verified.

Besides, more precise battery models have been intro-
duced to assist in the optimal design on the pack scale. Tong
et al.[145] studied the effects of operational and design param-
eters on the pack performance using liquid cooling strategy, in
which the internal physical property distribution of each bat-
tery was simulated with an electrochemical–thermal coupled
model. Based on that, an electrochemical–thermal coupled
model combined with 2D thermal–fluid conjugate model was
proposed to study the effects of different cell arrangements
on the temperature distribution in a battery module.[146] A
2D electrochemical–2D thermal coupled model was used by
Bandhauer et al.[147] to study different cell designs (8 A·h and
20 A·h) and cooling strategies on the temperature and current
distributions during dynamic loads operation. Darcovich et
al.[148] compared different cooling plate configurations of bat-
tery pack, in which an SP electrochemical–3D thermal model
was used to simulate the battery performance. An air cool-
ing strategy for battery pack was developed by Sun et al.[149]

based on a 3D battery module thermal model, in which each
cell was simulated using an ECM–3D thermal coupled model.
The similar model was also used to develop a liquid cooling
system for a battery module,[150] moreover, an analytical opti-
mization approach was developed for the identification of op-
timal design concept. Zhao et al.[151] studied the effects of
different cooling strategies on the temperature rise and gra-
dient of a pouch cell using a 2D ECM–2D thermal coupled
model, in which both surface and tab cooling strategies were
compared.

Table 1. Summary of model based battery design methods on electrode, cell, and pack scales.

Scale Model type Design variable Design objective Methods and reference

Electrode

P2D Electrode thickness and porosity Specific energy; Specific power; Parametric study[126,127]

Optimization[128,129]

P2D-stress/P2D-
degradation

Electrode thickness and porosity
Particle size

Specific energy; Specific power;
Stress

Optimization[130,131]

P2D-thermal Electrode thickness; Electrode
porosity

Specific energy; Specific power;
Temperature distribution; Maxi-
mum temperature;

Parametric study[75]

Optimization[76]

Cell

ECM-thermal Electrode size; Tab location; Tab
size

Potential, current, Temperature,
SOC distributions.

Parametric study.[138–140]

Electrochemical-thermal Electrode size; Tab location; Tab
size

Potential, current, Temperature,
SOC distributions.

Parametric
study[30,141,142]

Electrochemical-thermal
combined with stress

Electrode size; Tab location; Tab
size

Potential, current, Temperature,
SOC distributions.

Parametric study[29]

Pack

ECM-thermal cell arrangement related parame-
ters; cooling strategy related pa-
rameters;

Maximum temperature; Tempera-
ture distribution;

Parametric
study[143,145–148,151]

Electrochemical-thermal cell arrangement related parame-
ters; cooling strategy related pa-
rameters;

Maximum temperature; Tempera-
ture distribution;

Parametric study[149]

Optimization[150]

The application of more accurate battery model is ex-
pected to increase the effectiveness and reliability of the bat-
tery pack design. However, the introduction of accurate bat-
tery would significantly increase the model complexity on the
pack scale and consequently might result in very high simula-

tion computational cost, especially combined with optimiza-
tion algorithms. To tackle this issue, the advanced modeling
strategies, which possess high accuracy and high efficiency,
are expected to be developed. Moreover, with the intend of re-
ducing the computational cost, the coupling strategies between
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the cell scale and pack scale requires more attention. In addi-
tion, like the design on the cell scale, the multi-objective opti-
mization method on the pack scale needs to be further studied.
The references in battery design on different scales are sum-
marized in Table 1, in which the methods are classified based
on the adopted battery model.

4. Management method of LIBs
Each type of LIBs has its own safe operating area (SOA),

including but not limited to the operating voltage window, op-
erating temperature, and operating current.[152] Once the op-
eration conditions exceed the SOA, the LIBs are prone to un-
dergo the irreversible damage even safety accident. It should
be pointed out that these constraints are not simple box con-
straints, and some constraints are highly dependent on the state
of the battery. For example, the trigger temperature of the ther-
mal runaway is related to the SOC of the battery, while the
limit of charge current lies on the battery temperature. For a
complex battery system, the single cell safety is the basis of the
whole system. Therefore, ensuring each cell operating within
its SOA is the critical requirement of BMS on various scales.

During the battery operation, the battery states, such as
SOC, state of health (SOH), state of power (SOP), and inter-
nal temperature, need to be monitored in real time.[153] These
battery states not only are necessary information to users, but
also help to improve the battery management efficiency, which
makes them become the cores of BMS. However, suffering
from the nonlinear dynamic characteristics and the aging be-
havior under long-term cycling, accurate battery state estima-
tion is usually difficult. To solve this problem, various model-
based state estimation algorithms have been proposed, and be-
come the key research issues in BMS.[154]

In this paper, the state estimation and internal temperature
monitoring methods will be discussed in details. Other issues
such as equalization,[155,156] safety management,[157–159] ther-
mal management,[13,16] and fault diagnosis[160] are not cov-
ered, as some of them are realized by model-free methods
and some functions are comprehensively reviewed in existing
literatures.[153]

4.1. SOC estimation

As illustrated by Li et al.,[161] the SOC of battery could be
defined from different perspectives. From the thermodynam-
ics perspective, the SOC describes the lithium ion concentra-
tion in an electrode or in two electrodes of a single cell. From
the engineering perspective, the SOC is used to describe the
remaining useful capacity of battery, which can be defined as

SOC =
Qres

Qmax
, (7)

where Qres is the remaining useful capacity, and Qmax is the
maximum capacity.

The A·h-counting method is the simplest way for SOC
determination. With the measured current and known initial
SOC, the SOC at any moment can be calculated by

SOC(t) = SOC0−

∫ t

0
ηIdt

Qmax
, (8)

where SOC0 is the initial SOC, η is the coulombic efficiency,
and I is the measured current.

Although the A·h-counting method is easily imple-
mented, it has several defects. First, the current measurement
noise integrates during the iteration process. Second, the bat-
tery capacity fades with aging cannot be corrected. Moreover,
the accurate initial SOC is hard to obtain in real applications.
Although some works proposed the SOC–OCV relationship to
improve the initial SOC accuracy, this method is only available
under long-term standing conditions. Furthermore, for the bat-
teries with very flat OCV curve like LiFePO4, the SOC estima-
tion from SOC–OCV relationship may also have great errors.
Some other specific operation conditions can also be used for
SOC calibration, for example, when the battery is charged or
discharged to preset cut-off certification conditions, the SOC
can be determined as 100% and 0%, respectively. It should
be pointed out that, the calibration methods mentioned above
face the risk of failure, because the application scenarios of the
battery and the usage habits of specific users vary widely.

To solve this problem, the model-based SOC estimation
methods have been developed, which are the combinations of
battery model and state estimation algorithms. Figure 3 gives
a general framework of model based battery SOC estimation
methods. During battery state estimation, a battery model is
used to predict the battery terminal voltage. The model pre-
dicted terminal voltage is then compared with the measured
value, the errors are then taken as the input of the estimation
algorithms. The obtained battery SOC is used to update the
input of the battery model and sate equation.

battery

SOC

measured voltage 

battery model
model voltage

estimation 
algorithm

ASh-counting

current

Fig. 3. General flow chart of model based battery SOC estimation
method.

The ECM model and SP model are two main model
types for SOC estimation. Based on ECM, different estima-
tors have been constructed by adopting different estimation
algorithms. The mostly used one is the Kalman filter (KF)
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family, including extended Kalman filter (EKF),[162–164] un-
scented Kalman filter (UKF),[165,166] and sigma-point Kalman
filter (SPKF).[167,168] Other methods such as particle filter
(PF),[169] sliding mode observer,[170] H-infinity observer,[171]

proportional-integral observer,[172] Luenberger observer,[173]

moving horizon estimation (MHE)[174,175] combined with
ECM for SOC estimation have also been developed. Based on
the SP model, the EKF,[176,177] UKF,[178] PF,[179] Luenberger
observer,[180,181] adaptive PDE observer[182] based estimators
were studied. In addition, some researchers have tried to use
the combination of P2D model and KF based algorithms to
realize the SOC estimation.[183–185] Although the KF based
estimator has proven the good performance, it still has several
challenges in real applications. First, the noise covariances are
difficult to determine. The unsuitable choice of noise covari-
ances would not only reduce the estimation accuracy, but also
result in the risk divergence. Moreover, the hard constrains
cannot be added to the algorithms directly. Hence, adaptive
EKF (AEKF),[186] adaptive UKF (AUKF),[187] and adaptive
PF (APF)[188] have been proposed to update the noise covari-
ances matrix.

To improve the SOC estimation accuracy under wide
operation temperature region, different methods have been
proposed to integrate the effect of temperature on parame-
ters. One method is to adopt a temperature-compensated
model, in which the temperature is measured and treated as
an input to correct the model parameters. From this view,

the combinations of temperature-compensated ECMs and
EKF,[189] UKF,[190] PF,[191] the combination of temperature-
compensated SP models and Luenberger observer,[86] are pro-
posed successively. Another method is to adopt an electrical–
thermal coupled model, in which the temperature and SOC
are estimated simultaneously during the SOC estimation.
Following this way, Bizeray et al.[70] proposed an P2D
electrochemical–thermal coupled model and EKF based bat-
tery state estimation method. Notice that the time-step of EKF
was set as 5 s to reduce the computation time.

Table 2 compares different SOC estimation methods, in
which the advantages and disadvantages are compared be-
tween A·h-counting method, OCV based method, and model
based methods. Numerous model based SOC estimation meth-
ods have been proposed over the past decades. However, it is
hard to determine which one is most suitable for real appli-
cations. Since the evaluation of SOC estimation methods is
multi-dimensional, containing the computational complexity,
estimation accuracy, and robustness, more comparative stud-
ies need to carry out.[192–196] From the perspective of model,
it is widely recognized that although the P2D model is most
accurate, it is too complex to implement in the real-time appli-
cations. By contrary, the ECM is much simpler and can meet
the usual accuracy requirement. This makes it widely accepted
by researchers from different fields. The SP model provides
a compromise between the accuracy and the complexity, and
shows a good estimation stability in the long-term.

Table 2. Comparison between different SOC estimation methods.

Method Advantage Disadvantages
A·h-counting Easy to implement. Accuracy depends on the initial SOC value. Fault with long term cur-

rent measurement accumulative error. Self-discharge rate, coulomb ef-
ficiency needed.

OCV based Easy to implement. Long rest time required. Fault when OCV-SOC curve is flat.
Model based Initial SOC value insensitive.

No rest time needed.
More efforts on the modeling and estimator design. Software demand
increasing.

4.2. SOH estimation

SOH is an indicator for battery aging state, which can
be defined by capacity fading and internal resistance increas-
ing. The following equations give respectively the definition
of SOH by battery capacity and internal resistance:

SOH =
Cap(t)
Capnew

, (9)

SOH =
Rend−Rint (t)
Rend−Rnew

, (10)

where Capnew is the capacity of a new battery; Cap(t) is the
battery capacity at time t; Rend is the internal resistance when
the battery reaches the end of life; Rnew is the internal resis-
tance when the battery is fresh; and Rint(t) is the battery inter-
nal resistance at time t.

In the past decades, different model-free methods have

been proposed for the SOH estimation, herein, model refers
specifically to the model described in Section 2. In some
works, the capacity loss or the capacity serves as the SOH
indicator, which is presented as a function of time and oper-
ation conditions such as current, temperature, DOD, and cy-
cle number.[197–199] Besides that, some researchers used the
feature extraction based on battery charge/discharge curve to
obtain the battery capacity.[200–203] Since the operation condi-
tions of battery are quite unpredictable, this method is limited
for the on-line usage.

Model based SOH estimation method is regarded as an
effective way to enhance the estimation accuracy. When the
internal resistance serves as the SOH indicator, the EIS based
SOH estimation methods are widely studied. By establishing
the frequency-domain ECM, the internal resistance associated
with internal reaction and transfer phenomena can be identi-
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fied, and then the SOH can be evaluated.[204] Because of the
high cost of test equipment,[205] the difficulty of excluding the
effects of SOC and temperature on internal resistance, the im-
plementation of EIS for on-line usage is still challenging.

Either use the capacity or the internal resistance as the
SOH indicator, the alternative way for the SOH estimation
is the combination of battery model and observer/filtering al-
gorithms. Usually, joint or dual estimation techniques are
adopted, which can obtain the estimation of SOC and SOH
simultaneously.[206] Figure 4 compares the general frame-
works of joint and dual estimators for SOC and SOH. In a
joint estimation approach, a single sate vector is used for both
parameters and state estimation. The internal resistance or ca-
pacity, as an indicator of SOH, is added in the state equation.
Then both SOC and SOH are estimated simultaneously in each
iteration. While in a dual estimation approach, two estimators
are used in parallel, one is used for the SOC estimation and the
other one is used for the SOH estimation.

battery

SOC

SOH

measured voltage 

battery model
model voltage

estimation 
algorithm

ASh-counting
aging equation

current

measured voltage 

SOC
estimator

SOH
estimator

current

SOC

SOC, SOH

(a) (b)

Fig. 4. Comparison of joint and dual estimation methods for SOC and SOH:
(a) joint estimation method; (b) dual estimation method.

Based on ECM, the EKF,[207,208] least squares
estimation,[209] PF,[210] dual sliding mode observer[211] for
SOH estimation have been proposed. Notice that, unlike
SOC, SOH usually varies slowly during the operation, there-
for, the battery SOH can be estimated on a longer time scale.
Combined estimation methods such as two EKF,[212] EKF
combined with recursive least squares[213,214] have also been
developed. Based on the SP model, the SOH estimation
is realized using PF,[215] least squares method,[216] sliding
mode observers,[217] adaptive output-injection observer,[218]

adaptive PDE observer,[182] and trinal proportional-integral
observers.[219]

4.3. SOP estimation

SOP is defined as the maximum power that a battery
can deliver or receive on upcoming time scale, generally
several seconds, meanwhile, ensuring the safe operation of
battery.[220] It is an essential battery state especially for vehicle
usage during operations such as acceleration, climbing, or re-
generative braking. SOP depends on many other battery states
such as SOC, temperature, and SOH. Therefore, the SOP esti-
mation performance is strongly affected by the accuracy of the
SOC, temperature, and SOH estimation.[221]

A direct way to obtain SOP is to establish the relation-
ship of SOP with SOC, temperature, and SOH. Generally, the
empirical function or look-up table is first constructed off-line
based on the pre-designed laboratory tests. Then, the SOP
estimation is conducted by bringing the online measurement
data into the preset equation or look-up table. This method is
simple and easy to implement. However, since the effect of
the load history is neglected, there might be great estimation
errors in real applications.[222]

Model-based method is an effective way to improve the
estimation accuracy of SOP. Based on ECM,[220,223,224] ECM–
thermal coupled model,[225,226] and SP model,[227] various
SOP estimation methods have been proposed and compared
in details.[228] In these methods, the battery model is used to
obtain the maximum power capability such that the SOC and
the simulated voltage are kept within the preset region, mean-
while, temperature constrains are satisfied based on a thermal
model.[226] In order to reduce the calculation complexity and
meet the real-time requirement, battery models have to be sim-
plified, which might introduce the errors into the estimation
process. Therefore, how to choose a proper model complex-
ity is critical in the real applications. When conducting the
SOP estimation, the boundary method is most widely used,
which is directly based on the design boundaries and the op-
eration boundaries. Besides that, considering the nonlinear
properties of the battery model, the SOP estimation can also
be treated as an optimization problem, where the objective
is the maximum battery power within the preset time region,
and the constraints are the allowed SOC, voltage, and tem-
perature. By solving this problem, the SOP estimates could be
obtained effectively. Although the adoption of optimization al-
gorithms such as Karush–Kuhn–Tucker (KKT) conditions[229]

and genetic algorithm[230] allows more accurate estimation, its
computational cost is higher when compared to the traditional
methods.

4.4. Internal temperature estimation

In most existing BMS, the battery temperature is directly
determined by the sensor measurement at battery surface.
However, in practice, the battery internal temperature could
greatly differ from the surface temperature, especially under
extreme operation conditions such as large current rate.[231,232]

It means that even the surface temperature is within the al-
lowed region, the unexpected reactions still possibly happen
inside due to the high internal temperature. Hence, to extend
battery life and reduce thermal safety risks, it needs to monitor
the internal temperature in real-time.

To realize the real-time monitoring of battery internal
temperature, some researchers tried to use embedded ther-
mocouples or fiber sensors to obtain the internal temperature
directly.[233,234] Although it is intuitive, the installation of ther-
mocouples and fiber sensors is difficult during the assembly
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process and would affect the battery performance. Alterna-
tively, some non-intrusive methods like EIS[235,236] have been
used, however, they are restricted in the practical application
because of the complicated test procedure and the expensive
equipment. The model-based method provides another way
to get an accurate estimation of the internal temperature. Lin
et al.[237] proposed an adaptive observer for the core temper-
ature estimation based on a two-state lumped parameter ther-
mal model, in which the reversible heat generation and SOC
dependence of internal resistance were neglected. Zhang et
al.[238] proposed a KF based internal temperature estimation
method, in which a simplified ECM–thermal coupled model
was used while the SOC effects on the ECM parameters were

neglected. The similar thermal model was also adopted and
combined with KF by Sun et al.[239] Kim et al.[240] proposed a
1D thermal model and dual KF based method for internal tem-
perature monitoring, in which polynomial approximation was
used for the thermal model reduction. Dai et al.[241] proposed
an equivalent electrical network thermal model combined with
adaptive KF approach for the internal temperature estimation.
In these works, the SOC is an essential parameter for a model
based internal temperature estimator, because both reversible
and irreversible heat generation rates are calculated based on
it. Table 3 summaries the applications of battery models in
battery state estimation.

Table 3. Summary of battery state estimation methods used in literature.

State Models adopted Methods and references

SOC

ECM based model EKF,[162–164] UKF,[165,166] SPKF,[167,168] PF,[169] Sliding mode observer,[170] H-infinity
observer,[171] Proportional-integral observer,[172] Luenberger observer,[173] MHE,[174,175]

AEKF,[186] AUKF,[187] APF[188]

SP based model EKF,[176,177] UKF,[178] PF,[179] Luenberger observer,[86,180,181] Adaptive PDE observer[182]

P2D based model Linear KF,[183] EKF,[70] PF,[184] output error injection observer[185]

SOH

ECM based model EKF,[207,208] least squares estimation,[209] PF,[210] dual sliding mode observer,[211] two EKF,[212]

EKF with recursive least squares[213,214]

SP based model PF,[215] LS,[216] sliding mode observer,[217] adaptive output-injection observer,[218] adaptive PDE
observer,[182] trinal proportional-integral observers[219]

SOP
ECM based model Constraints based calculation,[220,223–226] Optimization based estimation[229,230]

SP based model SP model[227]

Internal temperature ECM-thermal Adaptive observer,[237] KF,[238,239] Dual KF,[240] Adaptive KF[241]

5. Conclusion

The implementation of the process systems engineering
concept is an effective way to accelerate the optimal design
process and realize the optimal management of LIBs. In
this paper, different kinds of battery models, simulation ap-
proaches, and optimization methods are reviewed with a focus
on their applications in battery design and management. For
this, scientific and technical literatures are studied and all ap-
proaches are classified in various groups.

Different LIB models have been developed over the past
decades. They differ significantly in the basic principle, model
accuracy, and model complexity. However, most of the pro-
posed methods have been developed for the new batteries. It
is necessary to extend these models to be suitable for dealing
with aged batteries.

Both derivate-based and derivate-free optimization meth-
ods have been applied to the various application areas of
LIBs, e.g., parameter estimation, battery design, and battery
management. However, these methods without proper design
might not guarantee the optimization stability and efficiency.
Therefore, more attention should be paid to the development
of more specific optimization methods, which can ensure their
robustness and efficiency in the model parameter estimation,
design optimization, and management for LIBs.

Most of the developed optimal design methods for LIBs
are based on the battery models. Due to the high model com-
plexity, performing model based optimal battery design is usu-
ally time consuming. Therefore, how to achieve the tradeoff
between model complexity and model accuracy is crucial to
the efficient implementation of design optimization. Although
the electrochemical based multi-physics coupled model has
proven a possibility of battery design parameter optimization
in one optimization procedure, only few related studies have
been conducted. In addition, not only the quantitative battery
performance criteria but also the relationship among quantita-
tive criteria need to be further proposed and studied.

Although model-based state estimation methods have
been widely developed in the past decades, most methods are
only focused on handling one state or two states estimation
issues. With the higher requirement of BMS, the joint estima-
tion algorithms for multiple states, such as SOC, SOH, SOP,
and internal temperature in one integrated framework are wor-
thy of further exploration and development in the future.

To conclude, various advanced modeling, simulation, and
optimization methods have been developed for optimal design
and management of LIBs during the last decades. However,
successful applications of these advanced approaches to prac-
tical battery industry are rarely reported. Hence, further stud-
ies should be focused on the development of proper solution
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approach to satisfy the practical application requirements. In
addition, it is worth noting that the development of a software
platform with integrated modeling, simulation, and optimiza-
tion methods of LIBs could be greatly helpful to accelerate
the advanced techniques to practical industrial applications of
LIBs.
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[55] Réthoré J, Zheng H, Li H, Li J and Aifantis K E 2018 J. Power Sources

400 383
[56] Kostecki R, Lei J, McLarnon F, Shim J and Striebel K 2006 J. Elec-

trochem. Soc. 153 A669
[57] Funayama K, Nakamura T, Kuwata N, Kawamura J, Kawada T and

Amezawa K 2015 Electrochem 83 894
[58] Li J, Zhang Q, Xiao X, Cheng Y T, Liang C and Dudney N J 2015 J.

Am. Chem. Soc. 137 13732
[59] Samba A, Omar N, Gualous H, Firouz Y, Van Den Bossche P, Van

Mierlo J and Boubekeur T I 2014 Electrochim. Acta 117 246
[60] Madani S S, Schaltz E and Kær S K 2019 Energies 12 679
[61] Wang Q K, He Y J, Shen J N, Ma Z F and Zhong G B 2017 Energy 138

118
[62] Du S, Jia M, Cheng Y, Tang Y, Zhang H, Ai L, Zhang K and Lai Y

2015 Int. J. Therm. Sci. 89 327
[63] Kwon K H, Shin C B, Kang T H and Kim C S 2006 J. Power Sources

163 151
[64] Kim U S, Yi J, Shin C B, Han T and Park S 2011 J. Power Sources 196

5115
[65] Kim U S, Yi J, Shin C B, Han T and Park S 2013 J. Electrochem. Soc.

160 A990
[66] Goutam S, Nikolian A, Jaguemont J, Smekens J, Omar N, Van Dan

Bossche P and Van Mierlo J 2017 Appl. Therm. Eng. 126 796
[67] Wu B, Li Z and Zhang J 2015 J. Electrochem. Soc. 162 A181
[68] Rheinfeld A, Kosch S, Erhard S V, Osswald P J, Rieger B and Jossen

A 2016 J. Electrochem. Soc. 163 A3046
[69] Chacko S and Chung Y M 2012 J. Power Sources 213 296
[70] Bizeray A M, Zhao S, Duncan S R and Howey D A 2015 J. Power

Sources 296 400
[71] Northrop P W C, Ramadesigan V, De S and Subramanian V R 2011 J.

Electrochem. Soc. 158 A1461
[72] Cai L and White R E 2010 J. Electrochem. Soc. 157 A1188
[73] Zhang L, Wang L, Hinds G, Lyu C, Zheng J and Li J 2014 J. Power

Sources 270 367
[74] An Z, Jia L, Wei L, Dang C and Peng Q 2018 Appl. Therm. Eng. 137

792
[75] Zhao R, Liu J and Gu J 2015 Appl. Energy 139 220
[76] Mei W, Chen H, Sun J and Wang Q 2019 Sustain. Energy Fuels 3 148
[77] Guo M, Kim G H and White R E 2013 J. Power Sources 240 80
[78] Hosseinzadeh E, Genieser R, Worwood D, Barai A, Marco J and Jen-

nings P 2018 J. Power Sources 382 77
[79] Xu M, Zhang Z, Wang X, Jia L and Yang L 2014 J. Power Sources 256

233
[80] Ghalkhani M, Bahiraei F, Nazri G A and Saif M 2017 Electrochim.

Acta 247 569

068201-14

https://doi.org/10.1016/j.rser.2015.12.239
https://doi.org/10.1016/j.rser.2015.12.239
https://doi.org/10.1016/j.jclepro.2019.01.081
https://doi.org/10.1002/anie.201105006
https://doi.org/10.1146/annurev-chembioeng-061010-114116
https://doi.org/10.1149/2.0251701jes
https://doi.org/10.1016/j.compchemeng.2019.04.028
https://doi.org/10.1002/er.4433
https://doi.org/10.1016/j.rser.2015.12.009
https://doi.org/10.1016/j.rser.2015.12.009
https://doi.org/10.1016/j.jpowsour.2014.01.057
https://doi.org/10.1016/j.jpowsour.2016.03.042
https://doi.org/10.1149/1.2221597
https://doi.org/10.1016/j.rser.2019.06.040
https://doi.org/10.1016/j.rser.2019.06.040
https://doi.org/10.1149/1.3515880
https://doi.org/10.1149/1.3515880
https://doi.org/10.1016/j.ijheatmasstransfer.2019.06.075
https://doi.org/10.1016/j.ijheatmasstransfer.2019.06.075
https://doi.org/10.1016/j.jlp.2017.05.029
https://doi.org/10.1016/j.jlp.2017.05.029
https://doi.org/10.1016/j.rser.2016.05.033
https://doi.org/10.1016/j.rser.2016.05.033
https://doi.org/10.1016/j.jpowsour.2005.03.172
https://doi.org/10.1149/1.2054868
https://doi.org/10.1016/j.jpowsour.2015.05.059
https://doi.org/10.1149/2.030207jes
https://doi.org/10.1109/TIA.2005.847280
https://doi.org/10.1109/TIA.2005.847280
https://doi.org/10.1149/1.3543710
https://doi.org/10.1149/1.3543710
https://doi.org/10.1016/j.jpowsour.2013.01.094
https://doi.org/10.1016/j.apenergy.2017.07.003
https://doi.org/10.1016/j.apenergy.2017.07.003
https://doi.org/10.1016/j.jpowsour.2015.06.140
https://doi.org/10.1016/j.jpowsour.2015.06.140
https://doi.org/10.1016/j.jpowsour.2011.10.013
https://doi.org/10.3390/en4040582
https://doi.org/10.1016/j.jpowsour.2012.03.009
https://doi.org/10.1016/j.jpowsour.2012.03.009
https://doi.org/10.1149/2.1051614jes
https://doi.org/10.1016/j.electacta.2014.08.115
https://doi.org/10.1016/j.jpowsour.2016.07.036
https://doi.org/10.1016/j.jpowsour.2016.07.036
https://doi.org/10.1016/j.jpowsour.2005.05.070
https://doi.org/10.1016/j.jpowsour.2005.05.070
https://doi.org/10.1149/1.1393279
https://doi.org/10.1109/VPPC.2013.6671682
https://doi.org/10.1109/VPPC.2013.6671682
https://doi.org/10.1109/ACC.2014.6858617
https://doi.org/10.1109/ACC.2014.6858617
https://doi.org/10.1149/1.2054684
https://doi.org/10.1016/j.jpowsour.2012.09.084
https://doi.org/10.1016/j.jpowsour.2012.09.084
https://doi.org/10.1149/2.018203jes
https://doi.org/10.1016/j.enconman.2005.06.013
https://doi.org/10.1016/j.enconman.2005.06.013
https://doi.org/10.1016/j.enconman.2011.06.003
https://doi.org/10.1002/fam.2690
https://doi.org/10.1002/fam.2690
https://doi.org/10.1149/1.2113792
https://doi.org/10.1149/1.2113792
https://doi.org/10.1016/j.jpowsour.2013.02.067
https://doi.org/10.1016/j.jpowsour.2013.02.067
https://doi.org/10.1016/j.electacta.2005.09.014
https://doi.org/10.1016/j.electacta.2009.09.077
https://doi.org/10.1016/j.electacta.2009.09.077
https://doi.org/10.1016/j.electacta.2015.12.161
https://doi.org/10.1016/S0378-7753(01)00783-2
https://doi.org/10.1016/j.jpowsour.2015.07.100
https://doi.org/10.1016/j.jpowsour.2015.07.100
https://doi.org/10.1149/1.1838857
https://doi.org/10.1016/j.jpowsour.2008.01.028
https://doi.org/10.1016/j.jpowsour.2018.02.063
https://doi.org/10.1016/j.jpowsour.2018.02.063
https://doi.org/10.1149/1.2185287
https://doi.org/10.1016/j.jpowsour.2012.01.036
https://doi.org/10.1016/j.nanoen.2019.06.016
https://doi.org/10.1016/j.jpowsour.2018.07.106
https://doi.org/10.1016/j.jpowsour.2018.07.106
https://doi.org/10.1149/1.2170551
https://doi.org/10.1149/1.2170551
https://doi.org/10.5796/electrochemistry.83.894
https://doi.org/10.1021/jacs.5b06178
https://doi.org/10.1021/jacs.5b06178
https://doi.org/10.1016/j.electacta.2013.11.113
https://doi.org/10.3390/en12040679
https://doi.org/10.1016/j.energy.2017.07.035
https://doi.org/10.1016/j.energy.2017.07.035
https://doi.org/10.1016/j.ijthermalsci.2014.11.018
https://doi.org/10.1016/j.jpowsour.2006.03.012
https://doi.org/10.1016/j.jpowsour.2006.03.012
https://doi.org/10.1016/j.jpowsour.2011.01.103
https://doi.org/10.1016/j.jpowsour.2011.01.103
https://doi.org/10.1149/2.146306jes
https://doi.org/10.1149/2.146306jes
https://doi.org/10.1016/j.applthermaleng.2017.07.206
https://doi.org/10.1149/2.0831501jes
https://doi.org/10.1149/2.0701614jes
https://doi.org/10.1016/j.jpowsour.2012.04.015
https://doi.org/10.1016/j.jpowsour.2015.07.019
https://doi.org/10.1016/j.jpowsour.2015.07.019
https://doi.org/10.1149/2.058112jes
https://doi.org/10.1149/2.058112jes
https://doi.org/10.1149/1.3486082
https://doi.org/10.1016/j.jpowsour.2014.07.110
https://doi.org/10.1016/j.jpowsour.2014.07.110
https://doi.org/10.1016/j.applthermaleng.2018.04.014
https://doi.org/10.1016/j.applthermaleng.2018.04.014
https://doi.org/10.1016/j.apenergy.2014.11.051
https://doi.org/10.1039/C8SE00503F
https://doi.org/10.1016/j.jpowsour.2013.03.170
https://doi.org/10.1016/j.jpowsour.2018.02.027
https://doi.org/10.1016/j.jpowsour.2014.01.070
https://doi.org/10.1016/j.jpowsour.2014.01.070
https://doi.org/10.1016/j.electacta.2017.06.164
https://doi.org/10.1016/j.electacta.2017.06.164


Chin. Phys. B Vol. 29, No. 6 (2020) 068201

[81] Li H, Liu C, Saini A, Wang Y, Jiang H, Yang T, Chen L, Pan C and
Shen H 2019 J. Power Sources 438 226974

[82] Xu M, Zhang Z, Wang X, Jia L and Yang L 2015 Energy 80 303
[83] Allu S, Kalnaus S, Elwasif W, Simunovic S, Turner J A and Pannala S

2014 J. Power Sources 246 876
[84] Guo M, Sikha G and White R E 2011 J. Electrochem. Soc. 158 A122
[85] Prada E, Di Domenico D, Creff Y, Bernard J, Sauvant-Moynot V and

Huet F 2012 J. Electrochem. Soc. 159 A1508
[86] Tanim T R, Rahn C D and Wang C Y 2015 Energy 80 731
[87] Baba N, Yoshida H, Nagaoka M, Okuda C and Kawauchi S 2014 J.

Power Sources 252 214
[88] Darcovich K, MacNeil D D, Recoskie S and Kenney B 2018 Appl.

Therm. Eng. 133 566
[89] Safari M, Morcrette M, Teyssot A and Delacourt C 2009 J. Elec-

trochem. Soc. 156 A145
[90] Lin X, Park J, Liu L, Lee Y, Lu W and Sastry A M 2013 J. Electrochem.

Soc. 160 A1701
[91] Pinsona M B and Bazant M Z 2013 J. Electrochem. Soc. 160 A243
[92] Delacourt C and Safari M 2012 J. Electrochem. Soc. 159 A1283
[93] Awarke A, Pischinger S and Ogrzewalla J 2013 J. Electrochem. Soc.

160 A172
[94] Lin X, Hao X, Ivanco A, Liu Z and Jia W 2018 J. Electrochem. Soc.

165 A2255
[95] Renganathan S, Sikha G, Santhanagopalan S and White R E 2010 J.

Electrochem. Soc. 157 A155
[96] Li J, Lotfi N, Landers R G and Park J 2017 J. Electrochem. Soc. 164

A874
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