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Battery Modeling

2.1 Background

Battery modeling plays an important role in estimating battery states which include state
of charge (SOC), state of health (SOH), state of energy (SOE), and state of power (SOP).
These states can hardly be measured directly and have to be estimated based on battery
models. The batteries in electric vehicles (EVs) are operating in a complex and highly
dynamic environment, which means they possess highly time-varying characteristics.
Electrochemical models (EMs), black box models, and equivalent circuit models (ECMs)
have been used to describe such characteristics. EMs apply partial differential equations
(PDEs) to describe the electrochemical reaction process inside batteries [1]. These mod-
els generally have high accuracy but their computation burden is too heavy to integrate
into on-board battery management systems (BMSs) for EVs. Black box models such as
neural network (NN) models require a large amount of experimental data to train the
models. Since the parameters of the trained NN models do not have physical mean-
ings, the obtained NN models can only be used in similar working conditions that the
experimental data are collected from [2]. This limits the applications of the NN models
into on-board BMSs for EVs. ECMs use electrical circuits to represent battery terminal
behaviors [3, 4]. They are compatible with the circuits of BMSs for EVs and can be easily
embedded into BMSs. This chapter first provides a brief introduction of EMs and black
box models, and then explains ECMs as well as the methods to identify the parameters
of ECMs in detail.

2.2 Electrochemical Models

EMs describe physical and electrochemical processes in the anode, separator, and
cathode regions of batteries by using thermodynamics and electrochemical kinetics
equations [5]. Based on the theories of porous electrodes and concentrated solutions,
a pseudo-two-dimensional (P2D) model has been proposed to model lithium-ion
batteries (LiBs). It consists of coupled nonlinear PDEs, including the diffusion equation
of lithium ions inside active particles and electrolytes, the solid phase balance equation,
and the electrolyte phase balance equation in three regions of LiBs. The internal struc-
ture of a LiB used to derive the P2D model is shown in Figure 2.1. A LiB is composed
of porous electrodes, the separator, and current collectors. The negative electrode is
mainly made of carbon, graphite and silicon. The positive electrode is mainly made of
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Figure 2.1 Internal structure of a LiB for P2D.

metal oxide. The separator has a porous structure. In the first charge/discharge cycle,
an ion-conducting protective but electronically insulating passivation layer, also known
as the solid electrolyte interphase (SEI), is formed on the surface of the anode due to
the interface reaction between the anode and the electrolyte.

Lithium ions diffuse in the electrolyte through the SEI while electrons are transported
in the external circuit. The P2D model contains two dimensions. One dimension is from
the negative electrode toward the positive electrode along the x-axis and the other is the
radial dimension of the spherical particle along the r-axis. The particles are considered
to be distributed throughout the electrodes and are embedded at each position along
the x-axis. In the P2D model, the adjacent particles are not directly coupled.

During the discharge process, an internal electrochemical reaction process can be
described as follows. At the anode, active particles react with the electrolyte at the elec-
trolyte interface and the concentration of lithium ions decreases at the surface of the
active particles, resulting in a concentration gradient inside the active particles and the
diffusion of lithium ions from inside of the particles to the surface of the particles. Sub-
sequently, lithium ions deintercalate from the interface of the active particles, releasing
lithium ions into the electrolyte. These lithium ions diffuse through the separator to
the cathode. At the cathode, lithium ions are embedded in the surface of the active
particles, leading to the formation of a lithium ion concentration gradient inside the
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active particles. Then, the lithium ions diffuse and migrate from the outside to the inside
of the active particles. Simultaneously, the electrons compensate the charge balance.
Since the porous separator is an electron insulator, electrons have to flow in the external
circuit through a load, which converts chemical energy into electrical energy. During
the charge process, lithium ions and electrons travel in the reverse direction.

According to the P2D model, the dynamic characteristics of LIBs can be simplified
into the following three parts: first, lithium ions can be described by the equations
for the conservation law of matter and the conservation law of electrons in the
internal solid phase and liquid phase diffusion process. Secondly, the potential of
the solid phase in the positive and negative electrodes and the liquid phase in the
electrolyte can be described by the conservation of the charge equation. Thirdly,
the electrochemical reaction that occurs on the surface of the active particles can
be described by Butler–Volmer (BV) kinetics. Although the P2D model can fully
describe the physical-electrochemical reaction inside a battery, the model contains a
large number of PDEs and model parameters. To improve the model efficiency, it is
necessary to reduce order and simplify the P2D model. The one-dimensional model and
single particle model are two examples of the reduced P2D model. Although EMs can
accurately describe dynamic behaviors and battery states, the complexity of the model
and the excessive consumption of resources hinder their application in BMSs for EVs.
However, they are still used to develop charging strategies, thermal management, and
energy management of batteries through simulation or in the laboratory environment
with high computing power.

2.3 Black Box Models

Black box models can simulate a complex relationship between external parameters of
batteries without knowing their internal electrochemical reaction process, such as the
relationship of the SOC to battery terminal voltage and discharge current. Although bat-
teries appear deceptively simple, they are very sophisticated electrochemical systems as
elaborated in EMs. First, they embody a set of interacting physical and chemical pro-
cesses which convert chemical energy into electrical energy and vice versa. Secondly,
besides the main electrochemical reaction, there are also some side reactions, such as
corrosion and self-discharge. Thirdly, battery performance is greatly influenced by envi-
ronmental conditions as well as charging and discharging current profiles. The black box
models, such as NN models, mimic the learning process of a human brain to obtain the
key patterns within a multi-dimensional information domain through automatic train-
ing. A NN model consists of an input layer, some hidden layers, and an output layer.
Inside the NN, each single neuron is connected to other neurons of a previous layer
through adaptable weights. Knowledge is usually stored as a set of connection weights.
Training is the process of modifying the connection weights in some orderly fashion
using a learning algorithm, in which the input is presented to the NN along with the
desired output, and the weights are then adjusted so that the NN attempts to produce
the desired output. Typically, the learning process training is stopped when the average
error between the desired and actual outputs of the NN model over the training data sets
is less than a predetermined threshold. The learning time is dictated by various factors,
including the complexity of the problem, the number of training data, the structure of
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Figure 2.2 NN model for the relationship of SOC to terminal voltage and current for a battery.

the NN model, the learning parameters, and the learning algorithm. Figure 2.2 shows a
three-layer NN model to describe the relationship between the SOC and terminal volt-
age as well as current [6]. In this NN model, terminal voltage and current are in the
input layer, four neurons in the hidden layer, and the SOC in the output layer. Battery
temperature, current, and internal resistance can also be used as the inputs while battery
available capacity can be chosen as an output [7].

During the modeling process, since the NN model for battery capacity is indepen-
dent of battery type, it can readily be applied to any other types of batteries provided
that the corresponding experimental data are available to train the NN model. In addi-
tion to the NN models, support vector machines [8] and fuzzy learning [9] can also be
used to build black box models. A large amount of experimental data is required for
training to obtain accurate black box models. Under the influence of uncertain oper-
ating conditions such as temperature and driving cycles of EVs, it is difficult to obtain
a sufficient experimental data in advance to train black box models for BMSs in real
EVs [10].

2.4 Equivalent Circuit Models

ECMs have been studied for BMS development in EVs. They are the lumped models with
relatively few numbers of parameters. The ECM can depict static and dynamic charac-
teristics. The static characteristic is described by equilibrium potential or open circuit
voltage (OCV), which is represented by an ideal voltage source. The OCV is usually
monotonically related to the SOC, aging levels, and operating temperatures; it is usu-
ally used to estimate SOC. The dynamic characteristic is described by the combination
of polarization and hysteresis voltages with ohmic resistance and resistance–capacitor
(RC) networks.
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2.4.1 General n-RC Model

Based on the analysis of battery terminal voltage behavior, a general n-RC model is
presented in Figure 2.3 [11]. Ri represents the internal resistance which is the sum of
electrode material resistance, electrolyte resistance, diaphragm resistance, and contact
resistance. RC networks denote the polarization effects with polarization resistance RDi
and polarization capacitor CDi, i= 0, 1,…, n. iL is the load current (positive for discharge
and negative for charge), U t is the terminal voltage, and UDi is the polarization voltage.

According to Kirchhoff’s current law, the relationship between output voltage and
input current can be expressed by

Ut(s) = Uoc(s) − iL(s)
(

Ri +
RD1

1 + RD1CD1s
+ · · · +

RDn

1 + RDnCDns

)

(n = 0, 1, 2, · · · · · ·) (2.1)

which leads to the transfer function as

G(s) =
Ut(s) − Uoc(s)

iL(s)
= −

(
Ri +

RD1

1 + RD1CD1s
+ · · · +

RDn

1 + RDnCDns

)
(2.2)

2.4.2 Models with Different Numbers of RC Networks

To apply the n-RC model into BMSs in EVs, the model shown in Eq. (2.2) is transferred
from the frequency domain into the time domain. In the next section, the mathematical
expressions of the models with different numbers of RC networks will be analyzed in
the time domain.

2.4.2.1 Rint Model
When n= 0, the n-RC model is simplified to a Rint model, the relationship between the
output voltage and the input current under this model is expressed as

G(s) =
Ut(s) − Uoc(s)

iL(s)
= −Ri (2.3)

Ut,k = Uoc,k − RiiL,k (2.4)

where U t,k denotes the terminal voltage, Uoc,k denotes the OCV, and iL,k stands for the
load current at kth sampling time. We can reformulate Eq. (2.4) as

yk = Φ0,k𝜃0,k (2.5)
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Figure 2.3 n-RC model for a LiB.
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where yk = Ut, k is the system output variable. For the Rint model, 𝚽0, k = [1 iL, k] is the
system data matrix, and 𝛉0,k =

[
Uoc,k − Ri

]T is the system parameter vector.

2.4.2.2 Thevenin Model
When n= 1, the n-RC model is simplified to a Thevenin model

G(s) =
Ut(s) − Uoc(s)

iL(s)
= −

(
Ri +

RD1

1 + RD1CD1s

)
(2.6)

By defining EL(s) = Ut(s) − Uoc(s), we obtain

G(s) =
EL(s)
iL(s)

= −
Ri + RD1 + RiRD1CD1s

1 + RD1CD1s
(2.7)

A bilinear transformation method

s = 2
Δt

1 − Z−1

1 + Z−1 (2.8)

is employed for the discretization of Eq. (2.7), and we obtain

G(Z−1) = −

RiΔt + RD1Δt + 2RiRD1CD1

Δt + 2RD1CD1
+

RiΔt + RD1Δt − 2RiRD1CD1

Δt + 2RD1CD1
Z−1

1 +
Δt − 2RD1CD1

Δt + 2RD1CD1
Z−1

(2.9)

under Z plane, where Δt is the system sampling interval.
In Eq. (2.9), we define

⎧⎪⎪⎪⎨⎪⎪⎪⎩

a1 = −
Δt − 2RD1CD1

Δt + 2RD1CD1

a2 = −
RiΔt + RD1Δt + 2RiRD1CD1

Δt + 2RD1CD1

a3 = −
RiΔt + RD1Δt − 2RiRD1CD1

Δt + 2RD1CD1

(2.10)

Therefore, ohmic resistance Ri can be solved from Eq. (2.10) as

Ri =
a3 − a2

1 + a1
(2.11)

Substituting Eq. (2.10) into Eq. (2.9) leads to

EL,k = a1EL,k−1 + a2iL,k + a3iL,k−1 (2.12)

As mentioned earlier, the OCV mainly depends on battery SOC zk , temperature T ,
and aging status Age. Mathematically, it can be expressed as

Uoc,k = f (zk ,Tk ,Age,k) (2.13)

Differentiating Eq. (2.13) with respect to time t results in

dUoc

dt
=

𝜕Uoc

𝜕z
dz
dt

+
𝜕Uoc

𝜕T
dT
dt

+
𝜕Uoc

𝜕Age

dAge

dt
(2.14)


