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The current and temperature are two important factors that influence the performance of lithium-ion
batteries. An improved battery model considering dynamic currents and various temperatures is
proposed and then applied to battery modeling and state-of-charge (SOC) estimation. A novel capacity
model is also employed to reflect real-time capacity degradation. The battery parameter dependencies
on current, temperature, and SOC are constructed with a novel semi-empirical approach that combines
hundreds of data points obtained from enhanced multiple hybrid pulse power characterization
(EMHPPC) tests with the derivation of the Arrhenius equation and the Current-overpotential equation.
Finally, the proposed model integrating the unscented Kalman filter (UKF) is employed to estimate the
battery SOC. The verification results indicate that the improved method can significantly improve the
accuracy of both battery modeling and SOC estimation for broad ranges of current rates and
temperatures.

Keywords: Lithium-ion battery; State-of charge; Capacity degradation; Current dependency;
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1. INTRODUCTION
The popularity of fuel vehicles has aggravated global energy shortages and environmental
pollution problems [1]. Electric vehicles (EVs) have attracted worldwide attention for their clean,
environmentally friendly advantages. Excellent energy density and cycle life make lithium batteries the
main or auxiliary power source that is widely used in EVs [2-4]. Establishing an accurate and stable
battery model and state estimation algorithm is a fundamental requirement for guaranteeing the safe
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and effective operation of batteries. However, there are still some challenging problems. For example,
the driving conditions of EVs are complex and changeable. The battery discharge rate can even reach
more than 5C in some passing or climbing situations [5]. The ambient temperature of EVs is also not a
static value. The temperature in the equatorial region is above 30℃ year round, while the temperature
in high latitudes can be below 0℃. Under conditions of dynamic current and varying temperature,
battery capacity will be degraded, and impedance parameters will also change significantly. This will
affect the battery modeling and state estimation.
In recent years, with the rapid development of intelligent algorithms, the mainstream method
has been to use on-line parameter estimation methods [6, 7] for battery modeling and state estimation
so that the model parameters can be adapted to changes in multiple factors, including the current and
temperature [8, 9]. However, there are still many problems in the application of on-line parameter
identification. For example, the accuracy of on-line parameter estimation is lower than that of the offline identification method, but the amount of calculation increases significantly. If the battery current
changes dramatically in a short time, the on-line parameter identification method cannot react in time,
resulting in an increased simulation error. Moreover, the on-line parameter estimation method is a
demand-oriented method [10] that is more concerned with the final output results, such as whether the
obtained terminal voltage and SOC meet the requirements rather than whether the battery parameters
can accurately follow the changes in temperature and current during the calculation process. It is more
fundamental to study the influence of the changeable external environment on the capacity, resistance,
and other core parameters of batteries, all of which are of great significance to researchers in their
study of the mechanism of batteries, the improvement in battery performance, and the choice of
suitable batteries used for EVs [11]. All of the above requirements rely on accurate off-line parameter
identification methods rather than the on-line parameter estimation method.
The existing off-line parameter identification methods [12-14] mainly focus on the effect of
temperature on battery performance. Lithium-ion batteries exhibit different capacity characteristics,
impedance characteristics, and polarization characteristics at different ambient temperatures [14]. It is
generally believed that there will be a degraded power performance [15] associated with lower
electrolyte conductivity, slower electrochemical reaction rate, and a decrease of the diffusion rate of
Li+ ions at low temperatures [12]. Several publications [16-18] used the Arrhenius equation to describe
the relationship between battery internal resistance, capacity, and temperature and achieved good
results. Much of the literature [13, 19, 20] has provided powerful evidence concluding that high
accuracy of battery modeling, SOC, and SOH estimation can be obtained when considering
temperature dependency. All the above studies can obtain reasonable precision and robustness by
using temperature-dependent battery models with small current profiles. However, when those models
that ignore the effects of current are applied to the highly dynamic load profiles commonly seen in
EVs, significant deviations will be found.
The resistance dependency characteristics and capacity of the battery are also affected by
current, but few related studies have been found. Waag [21] observed that the internal resistance of
lithium-ion batteries significantly decreases as the current increases, especially at lower temperatures.
Zhu [22] found an apparent reduction in the semicircle of the impedance with an increasing current
rate using the AC impedance technique at medium-frequencies. The current impedance characteristics
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can be mainly attributed to non-linear behavior, which can be described by the Butler-Volmer equation
(BVE) [23, 24]. This equation indicates that the charge transfer resistance tends to decrease when the
current becomes large. However, it is different to be applied in practical engineering due to the large
number of variables to be identified, in addition to the complicated calculations. Ratnakumar [25, 26]
simplified the BVE by ignoring the reverse electrochemical reaction at sufficiently high currents to
clearly express the linear relationship between the impedance and the reciprocal of the current
magnitude of lithium-ion batteries used in Mars Exploration Rovers. However, unacceptable errors
were obtained when this simplified equation is applied to the batteries for EVs, such as LFP batteries
and NMC batteries. Fleischer [27] and Zhu [28] retained the strong current term of the BVE and
achieved certain accuracy in lithium-ion batteries for EVs by assuming the same chemical reaction
rates at the anode and cathode and treating the active substance concentration at the interface and
electrode as a fixed value during the entire charge-discharge process. However, that ideal state does
not exist. There is a deviation in the reaction rates at the anode and cathode, and the concentration of
oxidants and reductants, both at the interface and electrode, vary dynamically under different currents,
temperatures, and SOCs. Moreover, when jointly considering the influence of current, temperature,
and SOC on the battery parameters, neither the Arrhenius equation nor the BVE can meet the
requirements well, so the parameter identification method must be further improved.
The primary purpose of studying the factors affecting battery performance is to apply them to
battery modeling and state estimation. Due to the importance of the SOC in battery management
system (BMS), SOC estimation methods have become a hot field in recent years. Several on-line SOC
estimation methods, such as machine learning method [29] and model-based method have been
developed by researchers, replacing the previous ampere-hour integration method and open circuit
voltage (OCV) method. With the development of advanced algorithms and the improvement of
computing performance, the use of machine learning methods has achieved vigorous application.
neural network [30], support vector mechanism [31], genetic algorithm [32] and other mechanical
learning methods are used for SOC estimation. The calculation processes of these machine learning
methods is similar. They all take a large amount of battery test data as input and process them in the
middle layer to establish the relationship between input and output, and finally output the needed
parameters, such as SOC. It is especially suitable in the simulation of highly non-linear battery systems
by optimizing a large amount of data to minimize errors. However, the machine learning method
requires a large amount of original data in the process of adapting to learning, and the entire training
process is long. Compared with machine learning methods, model-based methods also result in good
accuracy, but the amount of calculation is great reduced, making it more suitable for EV applications.
Several model-based methods for SOC estimation have been developed, such as the particle
filter algorithm [33, 34], H ∞ filter [35-37], and a series of improved Kalman filters [38-41]. These
filter techniques use the observation equation of the terminal voltage to correct the initial SOC guess
and reduce the accumulated error to obtain better robustness. The core work of the model-based
method is to select suitable battery models and algorithm tools [42, 43]. Choosing an appropriate
battery model can improve the accuracy of the state equation and observation equation, and an
appropriate algorithm tool is critical to the efficiency of the model-based method. There are many
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studies of algorithm tools, such as AEKF [44], SRUKF [45], and CKF [46]; however, the battery
model they use is often relatively simple. As analyzed above, current and temperature will cause
battery capacity degradation and the changes in battery parameters, thereby affecting the output of the
battery. Therefore, when an advanced algorithm tool is employed for SOC estimation, considering the
impact of dynamic currents and temperatures on the battery will improve its accuracy [9, 47, 48].
An accurate battery model is a prerequisite to ensure the accuracy of the model-based method.
Various kinds of battery models have been proposed in recent decades, such as the equivalent circuit
model (ECM) [49], electrochemical models [50, 51], and neural network models [52, 53].
Electrochemical model and neural network model are less common in engineering applications
because of their complex structure and excessive training data, respectively. However, due to its
convenient calculation and good accuracy, ECM is widely used in EVs [54, 55]. Some scholars [20]
have increased the number of resistance-capacitance (RC) networks to better express the polarization
effect of lithium-ion batteries or have regarded the ECM parameters as a function of temperature and
SOC to improve the modeling accuracy. In addition, battery parameters are also affected by the
current, and the current fluctuates significantly in the actual driving of EVs. However, only a few
scholars have considered the influence of current when modeling batteries. These studies are all based
on the approximation of the BVE, and the research that applies the current dependency model to state
estimation is even rarer [21-23]. As far as we know, there is no literature concurrently considering the
effects of current and temperature at the same time for battery modeling and integrating the closedloop filtering method for on-line SOC estimation.
The motivation of this work is to develop a novel and efficient capacity and battery parameter
identification approach for ensuring the accuracy of the battery model and SOC estimation under
dynamic conditions. The contributions of this article include 1) a second-order ECM is developed
considering the dependency of the parameters not only on temperature and SOC but also on current; 2)
an real-time capacity degradation model (RCDM) is proposed to calculate the actual capacity under
dynamic currents and temperatures; and 3) a novel semi-empirical approach for parameters
identification based on the transformation of the Arrhenius equation and Current-overpotential
equation is proposed. To illustrate the applicability of the model, the improved model integrating the
unscented Kalman filter (UKF) algorithm is extended and applied to SOC estimation. With the above
contributions, our study can enable easier availability of accurate values of actual capacity and
parameters for advanced battery management. Verification test results show that the proposed model
can better express the voltage response in battery modeling and achieve better accuracy in SOC
estimation.

2. BATTERY MODEL
2.1 ECM with current dependency, temperature dependency, and SOC dependency
The ECM uses a network of electrical elements such as voltage sources, resistors, and
capacitors to simulate the current-voltage dynamic behaviors of the battery. With the advantage of
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simplicity and high accuracy in characterizing the transient response and polarization effect of
batteries, it is frequently applied in research and engineering [55]. Usually, ECM only contains one RC
network, and the resistances and capacitances of the ECM are parameterized as a function of
temperature and battery SOC. We construct an improved ECM, as shown in Figure 1, with a secondorder RC network, and the battery parameters are jointly affected by current, temperature, and SOC to
more realistically represent the variable electrical behaviors of the battery used in EVs under complex
driving conditions.
Rep(I,T,SOC)

Rcp(I,T,SOC)

Cep(I,T,SOC)

Ccp(I,T,SOC)

Uep

Ucp

Ro(I,T,SOC)
Uo

UOCV(T,SOC)

+

Uterm

-

Figure 1. The equivalent circuit model.
In Figure 1, Ro is the ohmic resistance, which is produced by the active material, electrolyte,
and conductance of contacts. Rep and Cep are the electrochemical polarization resistance and
capacitance, respectively, and Rcp and Ccp are the concentration polarization resistance and capacitance,
respectively. All the resistances and capacitances depend on the battery SOC, temperature, and current.
UOCV is the OCV that depends on the battery SOC and temperature, Uo is the terminal voltage of Ro,
Uep and Ucp are the voltages of the 2RC networks, and Uterm is the terminal voltage of the battery. I is
the load current with a positive value in the discharging process and a negative value in the charging
process.
The improved ECM conforms to Kirchhoff's laws, and we can obtain:
Uterm  Uocv T , SOC   Uo  Uep  Ucp
(1)
Uo  IRo  I , T , SOC 
dU ep
U ep
I


dt
Rep  I , T , SOC  Cep  I , T , SOC  Cep  I , T , SOC 

dU cp
dt



U cp

Rcp  I , T , SOC  Ccp  I , T , SOC 



I
Ccp  I , T , SOC 

(2)
(3)
(4)

UOCV can be obtained by an OCV–SOC–T table [56], which is commonly used in battery
modeling. The identification method of the parameters (Ro, Rep, Rcp, Cep, and Ccp) involved in the ECM
will be elucidated in Section 3, and the SOC estimation algorithm will be introduced in Section 4.
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2.2 Real-time capacity degradation model
Capacity is one of the essential indicators to measure battery performance and is also the basis
of SOC estimation. The nominal capacity refers to the discharged electricity amount tested by the
battery manufacturer under specific conditions. However, the driving environment of EVs and the
driving habits of users are variable, thus there is a large difference between these and the battery
manufacturer test conditions. Therefore, the actual capacity of the battery has a particular difference
from the nominal capacity. For example, the actual capacity has a significant degradation at subzero
temperatures and can be decreased to only 30% of the nominal capacity at -25℃. The actual battery
capacity is also different under different numbers of cycles [57]. Usually, a polynomial function
formulated by fitting the experimental data is employed to address the relationship between actual
capacity and temperature as:
Cac (T )  aT 3  bT 2  cT  d
(5)
The capacity is an important input variable of the state equation for battery SOC estimation.
Real-time tracking of battery capacity is the key to ensuring the accuracy of SOC estimation. Most of
the existing research [13] only pays attention to the influence of temperature on the actual capacity of
the batteries. They adopts equation (5) to express the change of capacity during operation, however,
the actual capacity is also affected by the current. The tested capacity under different temperatures and
currents is shown in Figure 2. The battery's actual capacity decreases significantly with increasing
discharge current rate when the temperature is below 25℃, and the quantity of electric charge
discharged with a 3 C constant current is 93.2% of that with a 0.1C current at 5℃.

Figure 2. Tested battery capacity under different temperature and current.
However, there is little literature that can accurately reveal the dependency of actual capacity
on current. Moreover, it is also inappropriate to express that relationship by simply using a polynomial
or current correction factor obtained by fitting the total released capacity under different discharge
currents. Because the actual capacity obtained at this time is the final accumulation result of the entire
constant current discharge process, the loading current in EVs is not a constant and will change
drastically in a short time during acceleration, climbing, or braking. That final accumulation result
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cannot be used to represent the actual battery capacity at a certain current moment under dynamic
loading. To establish a RCD model, a novel concept called the capacity degradation rate dC(I, T) is
proposed to reflect the dynamic changes in battery capacity at each discharge instant. It is a function of
current and temperature and can be described as:
C (T )  C fin ( I , T )
dC ( I , T )  max
(6)
td ( I )
where Cmax(T) is the maximum capacity that the battery can release at temperature T. Since the
battery can be discharged more fully with a small current, Cmax(T) is approximately equal to the actual
capacity released with a 0.1C current-rate. Cfin(I, T) is the final released capacity with current I at
temperature T. Td(I) is the required time of battery discharge to the cut-off voltage with a constant
current I. td(I) is 3600 s with a 1C discharge current and 1800 s with a 2C discharge current.
Cmax(T) and Cde(t) can be formulated by fitting the experimental data as in equation (3) and
equation (4).
Cmax (T )  2.83e - 5T 3  3.43e - 3T 2  0.145T  18.2
(7)

Figure 3. Relationship between capacity and temperature.

I 3
I
I
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Figure 4. Capacity degradation rate.

(8)
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dC(I, T) is a measure of the sensitivity of the current to battery capacity degradation, and the
unit of dC(I, T) is mAh/s. The difference between Cmax(T) and Cfin(I, T) represents the total degradation
capacity after the battery is fully discharged with current I. Then, the quotient of the total degradation
capacity and total discharge time is the degradation capacity caused by the current I at each time point.
Therefore, the total degradation capacity can be obtained by integrating the capacity degradation rate
as:
t

Cde (t )   dC ( I , T )dt
0

(9)

Finally, the RCDM under dynamic current conditions is calculated by subtracting the total
degradation capacity Cde(t) from time 0 to t from the maximum capacity Cmax(T) that can be released at
temperature T.
Cac ( I , T , t )  Cmax (T )  Cde (t )
(10)

3. A SEMI-EMPIRICAL APPROACH FOR PARAMETERS IDENTIFICATION
3.1. Battery test bench
The parameter identification tests, and the verification tests performed in section 5 are all
carried out on the battery test platform, as shown in Figure 2. The test platform consists of 1) prismatic
lithium-ion batteries, and the key specifications are shown in Table 1; 2) a PC with a group of LAND
data software for charging/discharging process control and data acquisition, and MATLAB for data
analysis; 3) a LAND CT6001A(4CH) battery test system; and 4) a Biolab BLC-300 incubator in which
the tested batteries are placed. The sampling cables connect all the above devices, and the sampling
time of the current and voltage during the test process is 1 s.

Figure 5. The framework of the battery test bench.
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Table 1. The key specifications of the test batteries.
Type
LiFeO4

Nominal
voltage
3.2V

Nominal
capacity
20Ah

Upper cutoff voltage
3.65V

Lower cutoff voltage
2.5V

Maximum continuous
discharge rate
5C

3.2. Empirical approach for parameter identification
HPPC is a relatively effective experimental method to identify battery parameters at tested
points. It is composed of a 10 s constant current discharging process and a 10 s constant current
charging process with a 40 s interval. Usually, each current pulse must be separated by more than 1
hour to cause the battery to reach the equilibrium state.

Figure 6. Current profile of the EMHPPC.
However, hundreds of HPPC tests must be performed when the parameters are used to
simultaneously investigate the dependency on current, temperature, and SOC. Meanwhile, the onehour interval becomes a thorny problem because the total test time increases significantly as the
number of tests increases. In fact, the terminal voltage of the battery stabilizes after a 300-second
standstill after the HPPC test. At this time, the battery can be approximately in an equilibrium state.
Therefore, this paper uses the EMHPPC method to save experiment time, it includes four independent
HPPC tests with current-rates of 1/2C, 1C, 2C, and 3C, while the interval between each test is 300 s
instead of 3600 s. The current profile of an EMHPPC test cycle is shown in Figure 6.
The model-identification test procedures comprise numerous EMHPPC tests performed at
different temperatures (5℃, 15℃, 25℃, 35℃, 45℃). The tested SOC ranges from 100% to 0% with
an interval of 10%, and we add two test points at 95% SOC and 5% SOC to improve the accuracy of
the identification tests in the high and low ranges of SOC. The measured current, measured voltage,
and cumulative SOC at 35℃ are shown in Figure 7.
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Figure 7. Model-identification test profile at 35℃: (A) current; (B) voltage; (C) SOC.

3.3. Analysis of empirical results and construction of the semi-empirical method
The battery parameters (Ro, Rep, Rcp, Cep, and Ccp) can be extracted from the EMHPPC test
results by employing the Levenberg-Marquard algorithm. However, the utilization of empirical method
has limitations. It cannot simulate the changes in battery parameters under all operating conditions
with a limited number of test points even though hundreds of EMHPPC tests have been performed.

Figure 8. Empirical results (scatters) and resistances identification model (surface plots) of Ro(A),
Rep(B), Rcp(C) at different current-rates, temperatures, and SOC.

Int. J. Electrochem. Sci., 16 (2021) Article ID: 210424

11

Figure 9. Empirical results (scatters) and capacitances identification model (surface plots) of Cep(A),
Ccp(B) at different current-rates, temperatures, and SOC.

Therefore, it is necessary to analyze the empirical results, determine the parameter change
trends, study the influence mechanism of battery parameters by current, temperature, and SOC,
combine the empirical results and electrochemical mechanism, and finally establish a more accurate
parameter identification approach. The following section will expand on a thorough analysis and
modeling of the dependence of the parameters on current, temperature, and SOC using a semiempirical method. The resistances and capacitances extracted from the EMHPPC and the semiempirical approach are given in Figure 8 and Figure 9.

3.3.1. Investigation of the resistances dependency on temperature
All the resistances increase with decreasing temperature in Figure 8, but the change rate of
resistances at different temperatures is not the same. When the temperature is high, especially above
35℃, the resistances increase slightly with the temperature; by contrast, the resistances increase
significantly when the temperature is below 15℃. This is because the resistance is closely related to
the diffusion rate of Li+ ions [58]. Several publications [16-18] have indicated that the resistance is
closely associated with the diffusion rate of Li+ ions, and the relationship between the diffusion rate of
particles and temperature follows the Arrhenius equation. It can be given as:
Ea
k  A exp( 
)
(11)
RT
where k is the reaction rate constant, Ea is the activation energy, R is the Molar gas constant, T
is the temperature, and A is the Arrhenius constant.
This equation shows that the reaction rate constant k has an exponential relationship with
temperature, so the reaction rate decreases sharply at low temperatures. The battery resistance is
positively correlated with the reciprocal of the reaction rate constant (R = B/k, where B is a constant).
A lower reaction rate means that the particles with greater difficulty and the electrochemical reaction
rate of the positive and negative electrodes will be slow. This causes the distribution of Li+ ions in the
electrolyte to become uneven, exacerbating the electrochemical polarization effect and concentration
polarization effect. The conductivity of the electrolyte also decreases as the temperature decreases.
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Therefore, the resistances Ro, Rep, and Rcp all increase with decreasing temperature. Then, the battery
resistances can be denoted as:
B
Ea
RO  Rep  Rcp  exp(
)
(12)
A
RT
Taking the logarithm of both sides of equation (17), the dependency of the battery resistances
on temperature can be more clearly expressed as:
Ea B 1
ln( RO  Rep  Rcp ) 
ln
(13)
R
AT
The ln(RO + Rep + Rcp) versus 1/T is plotted here, which shows an approximately linear
relationship between them. Additionally, Figure 10 indicates that the Arrhenius equation can well
describe the relationship between resistance and temperature at different SOC and current-rates.

Figure 10. Temperature dependency of battery resistances at 1/2C (A) and 50% SOC (B). The
experiment data (scatters), the fitting results (dashed lines).

3.3.2. Investigation of the resistances dependency on current
As shown in Figure 8, the current dependency of the ohm resistance Ro can be neglected. When
the temperature is above 5℃, the value of Ro is basically unchanged with different current rates; when
the temperature is below 5℃, the resistance Ro slightly decreases as the discharge rate increases, which
is mainly due to the relatively noticeable temperature rise caused by the battery at high discharge
currents. The electrochemical polarization resistance Rep and the concentration polarization resistance
Rcp have the same trend affected by the current, and they both decrease with increasing current rate.
The mechanism of the current on the battery polarization resistance is mainly attributed to the nonlinear behavior of the charge transfer reaction. The Butler-Volmer equation is usually employed to
approximate that behavior as:

  nF 
  nF  
i  io  exp  a VO   exp   c VO  
(14)
 RT

 RT


Under dynamic current and temperature conditions, the application of BVE has limitations,
mainly due to accuracy issues. Therefore, this paper chooses the Current-overpotential equation to
express the relationship between the current and charge transfer resistance of lithium-ion batteries. It is
a more rigorous description of the laws of electrochemical kinetics. Actually, BVE is just an ideal state
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of the Current-overpotential equation by assuming that the concentration of the active material in
interface and electrodes is equal. However, that ideal state exists only when the current is small and the
solution concentration is absolutely uniform which is quite rare in EVs.
C
  nF  C
  nF  
i  io  O* exp  a VO   R* exp   c VO  
(15)
 RT
 CR
 RT

 CO
where A is the electrode active surface area, i is the transfer current, io is the exchange current
density, CO and CO* are the concentrations in the interface and anode of the oxidants, CR and CR* are
the concentrations in the interface and cathode of the reductants, αa and αc are the anodic and cathodic
transfer coefficients (αa + αc = 1, αa > 0, αc > 0), n is the number of electrons involved in the charge
transfer process, F is the Faraday constant, R is the gas constant, T is the temperature, and VO is the
overpotential.
The inverse of the hyperbolic function sinh(x) = 0.5∙[a∙exp(x) – b∙exp(−x)] is:
 x  x 2  ab 
sinh 1  x   ln 

(16)


a


The electrochemical reaction mechanisms at the anode and cathode during the charging and
discharging process of lithium batteries are very similar, so the cathode and anode transfer coefficients
can be assumed to be equal (αa = αc = 0.5) [22]. Using the substitutions λO = CO/CO*, λR = CR/CR*, and
K = 1/(2∙A∙io), and according to equation (8), the Butler-Volmer equation can be denoted as:
 Ki   Ki  2    
nF
O R

VO  ln 
(17)


2 RT
O


Then, the charge transfer resistance is defined as：
2


VO 2 RT  Ki   Ki   O R 
Rct 

ln
(18)

i
nFi 
O


For EVs, the transfer internal resistance of a lithium battery is approximately equal to the
internal polarization resistance, and the transfer current i is also considered to be approximately equal
to the battery terminal current I. Therefore, the relationship between polarization resistances and
current can be described as:
2


2 RT  KI   KI   O R 
Rp 
ln
(19)

nFI 
O


Some scholars [27] have retained the reverse electrochemical reaction under high current but
regarded the concentration ratio of the active material at the reaction interface and the electrode as a
fixed value. They have expressed the relationship between the internal polarization resistance of the
battery and the current as:
2 RT 
2
Rp 
ln KI   KI   1 
(20)


nFI 
Other researchers [25] believe that the reverse electrochemical reaction can be ignored when
the current is sufficiently high because the overpotential VO is high enough in this case. They regard
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the polarization resistance and the reciprocal of the current as having an approximately linear
relationship:
1
Rp  k  b
(21)
I
where k and b are the fitting constants.
It is worth noting that although regarding the concentration ratio of the active material at the
reaction interface and the electrode as a fixed value (λO = λR = 1) can reduce the calculation of BVE,
the error also increases significantly. Equation (20) which is derived from the BVE can no longer
accurately reflect the relationship between battery polarization resistance and current. Both the
concentration ratio of the active material at the reaction interface and electrode vary from 0 to 1.
Although the form of equation (21) is very simple, it ignores too many factors that must be considered,
and this approximate linear relationship is not applicable to lithium batteries.
The relationship between the internal polarization resistance and the current obtained in Section
3 is shown in Figure 11. It can be seen from the figure that the proposed equation can better describe
the relationship between the polarization internal resistance and current.

Figure 11. Current dependency of battery polarization resistances. The experiment data (scatters), the
fitting results (dashed lines).

3.3.3 Investigation of the parameters dependency on current, temperature, and SOC
Although equation (19) can be used to describe the current dependency on battery polarization
resistance, the polarization internal resistance is also affected by temperature. To interpret the coupling
relationships between polarization resistance, current, and temperature, equation (22) requires further
processing. According to porous electrode theory, the exchange current density io is an indicator of the
internal electrochemical reaction, which reflects the difficulty of charge moving from the electrolyte to
the reaction interface and is analogous to the reaction rate constant k in Arrhenius equation. So io
[59]can also be described by the Arrhenius equation as:
Ea
io  C exp( 
)
(22)
RT
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where C is a constant used to express the exponential relationship between exchange current
density and temperature.
Following equations (19) and (22) and using the substitutions aω1 = 2∙R/(n∙F), aω2 = 0.5/(A∙C), and
aω3 = Ea/R, the polarization resistance on current and temperature dependency can be given as:
2
 


 
a3
a3 

 T 



R ( I , T )  a1 ln a2 exp( ) I   a2 exp( ) I   O R  ln O 
(23)
I  
T
T 




 

where ω = ep for Rep, and ω = cp for Rep.
SOC is another crucial factor affecting battery impedance. As SOC decreases, active materials
in the electrolyte will be reduced, and the conductivity of electrolytes will also decrease, which leads
to increased resistance. The resistances have more significant fluctuations when the SOC is below
20%, especially the SOC is nearby 0%. At this time, most of the lithium-ions have been inserted into
the positive electrode when the SOC is below 20%, which will lead to the following results: 1) Large
amounts of compounds wrapper on the positive electrode so that the contact resistance will increase. 2)
Due to the reduction of the active materials, the electrochemical reaction rates of the positive electrode
and negative electrode decrease, and the electrochemical polarization becomes more intense. 3) The
concentration of lithium-ions at the positive electrode gradually approaches saturation, and it will be
more difficult for lithium-ions to diffuse and insert into the positive electrode, which will aggravate the
concentration polarization effect. Lower conductivity of the electrolytes and higher contact resistance
result in an increase in the ohm resistance Ro; a more intense electrochemical polarization effect and
concentration polarization effect lead to increases in the resistance Rep and Rcp.
However, there is no accurate model to describe the relationship between battery resistances
and SOC, so this paper employs a polynomial regression to approximate the resistance dependency on
SOC. Then, equation (23) can be extended as follows:
R ( I , T , SOC )  f ( SOC ) R ( I , T )
(24)

3

2


f ( SOC )  b1 SOC  b2 SOC  b3 SOC  b4
(25)
Figure 5e indicates that the ohmic resistance is basically unchanged under different currents
when the temperature is above 5℃. Then the ohmic resistance dependency on current can be seen as a
constant D, and the Arrhenius equation and polynomial function can also be used to express the ohmic
resistance dependency on temperature and SOC. Therefore, Ro is calculated by the formula:
Ro ( I , T , SOC )  g ( SOC)h( I ) Ro (T )
(26)
c
Ro (T )  c1 exp( 2 )
(27)
T
g ( SOC )  d1SOC 4  d 2 SOC 3  d 3SOC 2  d 4 SOC  d 5
(28)
h( I )  D
(29)
where aω1 ~ aω3 , bω1 ~ bω4 , c1, c2, d1 ~ d5, and D are the fitting parameters. It can be concluded that
equations (24) and (26) used to calculate the battery resistances can describe the experimental data
with high quality as shown in Figure 8.
The battery parameters that must be identified include not only resistances but also
capacitances (Cep and Ccp). As shown in Figure 9, the capacitance is also affected by the current,
temperature, and SOC. Unlike the resistance, the capacitance shows an upward trend with increasing
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temperature and current. Cep and Ccp fluctuate sharply over the whole SOC range, but overall, the
capacitances increase with climbing SOC. However, the current research focuses mainly on battery
resistance but less on capacity, and there is no specific mathematical model that can accurately express
the complicated relationship between capacitance and current, temperature, and SOC. In this study, the
Cep and Ccp values at different currents, temperatures, and SOCs are formulated from the empirical
results with the piecewise linear interpolation method shown in Figure 9.

4. SOC ESTIMATION METHOD CONSIDERING THE CAPACITY DEGRADATION
SOC estimation of batteries is a typical non-linear problem. There are many existing SOC
estimation methods to address non-linear problems, such as particle filter [60], neural network [61] and
a series of improved Kalman filter algorithms. All of these methods use advanced algorithms to
improve the accuracy of SOC estimation. The final SOC estimation accuracy obtained by those
algorithms is similar; however, the differences are in the specific calculation steps and algorithm
robustness. The general form of the state space equation of a non-linear system is represented as:
xk  f  xk 1, uk 1   ωk 1
(30)
yk  g  xk , uk   νk

(31)

where xk and yk are the prediction vector and measurement vector at time k, respectively, ωk-1 is
the prediction noise, and νk is the measurement noise, which is subject to a normal distribution, and uk
is the input control vector.
These advanced algorithms are nothing more than tools to improve the existing accuracy or
reduce the amount of calculation, and their state equations have not changed substantially. If you want
to further improve the accuracy of SOC estimation, you must not only rely on advanced algorithms but
also conduct more basic research on the state space equation and battery model. In this paper, the
RCDM proposed in Section 2 is used to improve the state space equation for SOC estimation. In
addition, based on the study of the influence of current and temperature on impedance introduced in
Section 3, a more accurate battery model is established to improve the accuracy of the input vector of
the state equation and observation equation. The improved state equation is shown as:
I k -1
SOCk  SOCk 1 
(32)
Cac ( I , T , t )
By combining the improved state and observation equation, the UKF algorithm with better
accuracy and stability is employed to estimate the SOC. The core idea of UKF [62-64] is to use the
unscented transformation to approximate the state distribution of the non-linear system calculation
results. UKF selects a minimal set of sampling points, called the sigma points, according to some
specific rules to estimate the mean and variance of the Gaussian variable after non-linear processing.
UKF has been successfully applied in battery SOC estimation and has achieved good accuracy. The
implementation details of the UKF are summarized in Table 2.
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Table 2. The specific steps of the UKF algorithm.
Summary of the UKF algorithm

Algorithm initialization :
Initial states: 𝑥̂𝑜 = 𝐸(𝑥𝑜 )
Initial covariance: 𝑃𝑜 = 𝐸[(𝑥𝑜 − 𝑥̂𝑜 ) ∙ (𝑥𝑜 − 𝑥̂𝑜 )𝑇 ]

Generate Sigma points:
xko1  xˆk 1




xki 1  xˆk 1 
xki n1  xˆk 1

 n  λ  Pk 1 i

 n  λ  Pk 1 i

Distribute weights:
λ
ωmo 
nλ
λ
ωco 
 1  α2  β
nλ
1
ωmi  ωci 
2 n  λ

Prediction update:
Update sigma points through prediction function:
xki |k 1  f xki 1

 

Compute the mean and covariance:
2n

xˆk |k 1  ωmi xki |k 1
i 0

Pxx ,k  ωci  xki |k 1  xˆk |k 1  xki |k 1  xˆk |k 1 
2n

T

i 0


Measurement update:
Update sigma points through measurement function:
yki |k 1  g xki |k 1





Compute the mean and covariance:
2n

yˆ k |k 1  ωmi yki |k 1
i 0

Pyy ,k  ωci  yki |k 1  yˆ k |k 1  yki |k 1  yˆ k |k 1 
2n

T

i 0

Compute the cross-covariance between the state and the measurement:

Pxy ,k  ωci  xki |k 1  xˆk |k 1  yki |k 1  yˆ k |k 1 
2n

T

i 0



Calculate the Kalman gain and update the state estimation and covariance:
Gk  Pxy ,k Pyy ,k 1

xk  xˆk|k 1  Gk  yk  yˆ k|k 1 
Pk  Pxx ,k  Gk Pyy ,k Gk T

end
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5. VERIFICATION AND DISCUSSION
5.1 Construction of battery model and SOC estimation
According to the battery model introduced in Section 2, the battery parameter identification
method introduced in Section 3, and the SOC estimation algorithm introduced in Section 4, the final
simulation model is built in the MATLAB/Simulink environment. The overall framework of the
improved ECM is shown in Figure 12. As a comparison, the battery model without current dependency
but with temperature dependency and a model with neither with current dependency nor temperature
dependency are also constructed. The battery parameters of the model that do not consider current are
identified by a constant current rate (1/2C) at different temperatures, and the battery parameters of the
model that only with SOC dependency are identified by a constant current rate (1/2C) at a fixed
temperature (25℃).

Figure 12. Schematic of the battery modeling and SOC estimation.
Unlike some previous research that used a constant discharge current to verify the accuracy of
the model, we conducted a validation test in which the input current was generated by an EV under a
dynamic situation. The New European Driving Cycle (NEDC) was employed to investigate the
dynamic behavior of the test batteries. NEDC uses a 1180 s cycle to simulate the driving situation of
EVs. It includes 780 s of urban road conditions and 400 s of suburban road conditions, and is based on
a time-velocity profile. In the validation test, a scaled dynamic current sequence transferred from the
time-velocity profile was applied to fit the specification of the test battery, as shown in Figure 13. The
dynamic current validation tests were performed from 5℃ to 45℃ at an interval of 10℃.
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Figure 13. The framework of the NEDC validation test.
The verification tests include not only the verification of the improved battery model
considering the dynamic current and temperature changes but also the SOC estimation. The mean
absolute error (MAE) calculated by equation (31) and root mean square error (RMSE) calculated by
equation (32) are employed to comprehensively evaluate the accuracy of our methods.
1 t
MAE   U exp  i   U sim  i 
(33)
t i 1
RMSE 

2
1 t
U exp  i   U sim  i  

t i 1

(34)

where 𝑈𝑒𝑥𝑝 denotes the experimental data, 𝑈𝑠𝑖𝑚 denotes the simulated data, and t denotes the
time of the data point.

5.2. Results of the model verification
The voltage responses of the three battery models and errors at temperatures of 5℃, 15℃,
25℃, 35℃, and 45℃ are shown in Figure 14. All of the simulated results of the three models have a
tendency similar to that of the experimental data at different temperatures. The difference is that the
errors between the simulated results of the three models and the experimental data. Figure 14 shows
that among the three models, the simulation curve of the proposed model that with current dependency
and temperature dependency has the best agreement with the experimental voltage profile and smallest
errors at each temperature.
As shown in Figure 14, in the preceding part of the NEDC curve, the running speed of the EV
is low, and the input test current is relatively small and stable. At this time, the impact of current on
modeling accuracy can be ignored, so the simulated results between the models with current
dependency and without current dependency are similar. However, as the speed of electric vehicles
increases, the battery current begins to increase rapidly and change drastically in the final stage of the
NEDC. At this moment, the current plays a crucial role in ensuring the modeling accuracy, so the
simulated voltage of the battery model, which considers the influence of the current, will be closer to
the experimental data. Meanwhile, in the high current range, the response voltage UCH of the model
with current dependency is higher than the response voltage UTH of the model without current
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dependency resulting from by the lower battery resistance RCH. This is consistent with our work
introduced in Section 3, showing that the internal resistance of the battery decreases with increasing
current.

Figure 14. The verification results and errors at 5℃ (A), (B); 15℃ (C), (D); 25℃(E), (F); 35℃(G),
(H); 45℃(I), (J).
Temperature is another crucial factor affecting modeling accuracy. As shown in Figure 15, the
battery model with temperature dependency has a smaller error in each test temperature than the
battery model that does not consider temperature. According to the Arrhenius equation introduced in
Section 3, the battery internal resistance decreases with the increasing temperature, so the battery
internal resistance RT at 5℃ and 15℃ is higher than the resistance RC at 25℃, and the battery internal
resistance RT at 35℃ and 45℃ is lower than RC at 25℃. We can obtain from the simulation results
that when the temperature is lower than 25℃, the simulation voltage UT considering the temperature is
lower than the simulation voltage UC without considering the temperature. In contrast, when the
temperature is lower than 25℃, the simulation voltage UT considering the temperature is higher than
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UC without considering the temperature. This is powerful support for the Arrhenius equation from the
side of the battery voltage response.
The MAE and RMSE during the entire NEDC of the three models depicted in Table 3 indicate
that the model with current dependency parameters can perform better than the other models in
responding to the dynamic behavior. The RMSE and MAE during the intense current region of the
three models shown in Table 4 confirm that when the current is high and intensively changes, the
current has been an essential factor affecting battery performance and cannot be ignored. It can be
observed that even at low temperatures with a large current output, the accuracy of the simulated
results can be improved significantly by the model complemented by current dependency parameters.
The simulated results and error analysis mentioned above show that the proposed model with
current dependency and temperature dependency is sufficiently accurate and suitable to track the
dynamic behavior of the battery under complex driving conditions.
Table 3. MAEs and RMSEs of modeling verification during the entire NEDC process.
5℃

15℃

25℃

35℃

45℃

Entire
NEDC

MAE

RMSE

MAE

RMSE

MAE

RMSE

MAE

RMSE

MAE

RMSE

Our method

0.0206

0.0236

0.0121

0.0137

0.014

0.0158

0.0157

0.0195

0.0185

0.0243

Method A

0.0264

0.0345

0.0182

0.0262

0.0163

0.0201

0.0204

0.0245

0.0227

0.0282

Method B

0.0492

0.0530

0.0262

0.0279

0.0163

0.0201

0.0213

0.0323

0.0265

0.0406

Table 4. MAEs and RMSEs of modeling verification during the intense current region.
Intense
current
Our method
Method A
Method B

5℃
MAE
RMSE
0.0188
0.0232
0.0365
0.0502
0.0595
0.0622

15℃
MAE
RMSE
0.0145 0.0161
0.0323 0.0415
0.023
0.0244

25℃
MAE
RMSE
0.013
0.0148
0.0198
0.0255
0.0198
0.0255

35℃
MAE
RMSE
0.008
0.0085
0.0183
0.0235
0.0421
0.0528

45℃
MAE
RMSE
0.0076
0.0081
0.0143
0.018
0.0532
0.0663

5.3. Results of the SOC estimation verification
The accuracy of SOC estimation is subject to the employed algorithm and battery model. There
is an abundance of literature focus on the SOC estimation algorithm, and powerful evidence shows that
the model-based SOC estimation method, especially KF family algorithms, is more suitable for electric
vehicle applications due to the low computational load, high accuracy, and good noise filtering
performance [42]. The core work of this paper is to propose the RCDM and establish a battery model
with current and temperature dependence to improve the accuracy of SOC estimation, rather than
developing a novel algorithm tool. Therefore, the UKF algorithm is selected for SOC estimation from
the various existing algorithms. The effect of capacity degradation, dynamic currents and temperatures
on SOC estimation will be discussed in the following sections. To observe the method accuracy in a
wide range of SOCs, the test process was composed of four continuous NEDCs. An incorrect SOC
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with an offset of 10% was used for the initial values of all three methods, and the reference SOC was
obtained by the Ampere-hour integral method.

5.3.1. Effect of capacity degradation on SOC estimation

Figure 15. Verification results at 5℃: temperature of battery (A), capacity estimation results (B), SOC
verification results (C) and errors (D) employing different capacity models.
To investigate the effect of the capacity on SOC estimation, the verification tests are performed
by employing the battery model introduced in section 2.1 and combined with three different capacity
models including the proposed RCDM, polynomial [13, 20], and capacity correction model (CCM) [9].
The polynomial model ignores the current effect on capacity and employs the equation (5) to express
the capacity change under dynamic currents and temperatures. The CCM uses correction factors to
reflect the degradation of maximum release capacity. And the reference capacity is the nominal
capacity.
The temperature of the tested battery during the verification process is shown in Figure 15(A).
In the first NEDC, the battery temperature rises with the increasing loading current, however, in the
remaining three NEDCs, the battery temperature only rises in the intense current region. When the
speed of EV is low, the battery heat dissipation rate is greater than the heating rate, causing the
temperature to drop. The capacity and SOC estimation results are shown in Figure (B), (C), (D). The
polynomial model can well track the temperature effect on capacity and the estimation results change
as the battery temperature fluctuations. However, the actual capacity is also influenced by the current
which the polynomial model does not reflect. Therefore, the SOC estimation error employing the
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polynomial capacity model will increase in each intense current region. The CCM employs the
temperature and current correction factors to estimate the actual capacity, however, current changes
significantly in the entire tested produce which resulting the current correction factor is also not a
constant. The fluctuated capacity estimation results will be distorted, leading to the increased error of
the final SOC estimation result as shown in Figure (C) and (D). Compared with the polynomial and
CCM, the proposed RCDM performs much better on SOC estimation. The capacity obtained by the
RCDM will not only increase with the temperature rise but also decrease with the increasing discharge
current rate. In the entire verification produce, the RCDM can well express the actual capacity under
dynamic currents and temperatures. The MAEs and RMSEs of SOC estimation results using different
methods are tabulated in Table 5. Although both the SOC estimation errors using different capacity
models are small, but overall, the proposed RCDM can provide more accurate and stable SOC
estimation results.
Table 5. MAEs and RMSEs of SOC verification employing different capacity models.
Capacity model

MAE

RMSE

RCDM
Polynomial
CCM

0.0047
0.0073
0.018

0.0054
0.0085
0.0219

5.3.2. Effect of current and temperature on SOC estimation
To investigate the effect of current and temperature on SOC estimation, the verification testes
are performed not only by employing the proposed method, but also the common method A [56, 65]
that considered the temperature influence and common method B [66] that considered neither the
current nor the temperature influence are used for comparison.
It can be seen from Figure 16 that all three methods will quickly improve the error caused by
the initial incorrect value after a short period and closely approach the reference SOC. However, our
method and method A have basically the same error response time, which is much less than that of
method B. Moreover, the SOC curve obtained by our method can track the reference SOC better than
those obtained by the other two methods in all the test processes at different temperatures. Especially
in the four intense-current regions, the error of our method did not fluctuate significantly with drastic
changes in the current and remained at a low level, similar to other regions. As a comparison, both the
errors of method A and method B increase significantly. At the same time, we have also observed that
the maximum error of common method A in the intense current regions decreased gradually over time,
that is,δT,4 <δT,3 <δT,2 <δT,1. This is because the UKF algorithm can improve the accumulation of errors
as the number of iterations increases, which also confirms the effectiveness of the UKF in estimating
battery SOC estimation. A similar trend was found in method B, but the maximum error of method B
in the four intense current regions does not strictly decrease with the increase in the number of
iterations due to the temperature factor.
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Figure 16. The SOC verification results and errors at 5℃ (A), (B); 15℃ (C), (D); 25℃(E), (F);
35℃(G), (H); 45℃(I), (J).

Table 6. MAEs and RMSEs of SOC verification during the intense current region.
5℃

15℃

25℃

35℃

45℃

Intense
current

MAE

RMSE

MAE

RMSE

MAE

RMSE

MAE

RMSE

MAE

RMSE

Our method

0.0017

0.0017

0.0038

0.0042

0.0049

0.0051

0.001

0.001

0.0009

0.0009

Method A

0.0072

0.0087

0.0097

0.0121

0.0089

0.0103

0.0083

0.01

0.0106

0.0119

Method B

0.038

0.0434

0.0287

0.0333

0.0089

0.0103

0.026

0.032

0.0258

0.0321

Table 6 shows the MAE and RMSE of the three methods in the intense current regions. Our
method has the smallest error at each test temperature. Compared to method A, the values of MAE and
RMSE for SOC estimation with the proposed battery model are reduced by 76.4% and 80.4%, 60.8%
and 65.3%, 44.9% and 50.5%, 87.9% and 90%, 91.5% and 92.4%, respectively. Compared to method
B, the values of MAE and RMSE for SOC estimation with our method are reduced by 95.5% and
96.1%, 86.8% and 87.4%, 44.9% and 50.5%, 96.2% and 96.9%, 96.5% and 97.2%, respectively. This
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indicates that our method with both current dependency and temperature dependency, and integrating
the UKF, can achieve higher accuracy in SOC estimation.

6. CONCLUSION
The current and temperature are critical factors that affect battery performance, and it is
necessary to consider them when battery modeling and SOC estimation are performed. An improved
ECM with current dependency and temperature dependency combined with a RCDM and semiempirical parameter identification method is proposed to more accurately reflect the non-linear
response of batteries under dynamic currents and various temperatures. The battery internal resistance
exhibits a decreasing trend as the current increases or temperature decreases. The current and
temperature dependency of the capacity and impedance parameters should not be ignored. Excellent
agreements are obtained between the simulation results elicited by our model and experimental data in
all the dynamic verification tests conducted over a wide range of temperatures. This proves that the
proposed model can improve the accuracy of battery modeling compared with the common models
that do not consider current. Subsequently, the proposed model, in conjunction with the UKF
algorithm, was used for SOC estimation verification. The results show that the proposed model can
better track the SOC in the intense current region. In this paper, we not only consider the impact of
temperature and SOC on battery performance, as have other scholars, but also investigate the influence
of current. Verification results show that under the complex driving conditions of EVs, higher
modeling, and SOC estimation accuracy can be achieved when considering current.
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