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Abstract: Temperature has an important effect on the battery model. A dual-polarization equivalent
circuit model considering temperature is established to quantify the effect of temperature, and the
initial parameters of the model are identified through experiments. To solve the defect of preset noise,
the H-infinity filter algorithm is used to replace the traditional extended Kalman filter algorithm,
without assuming that the process noise and measurement noise obey Gaussian distribution. To
eliminate the influence of battery aging on SOC estimation, and considering the different time-varying
characteristics of the battery states and parameters, the dual time scale double H-infinity filter is used
to jointly estimate the revised SOC and available capacity. The simulation results at two temperatures
show that, compared with the single time scale, the double time scale double H-infinity filter reduces
the simulation time by nearly 90% under the premise that the accuracy is almost unchanged, which
proves that the proposed joint estimation algorithm has the dual advantages of high precision and
high efficiency.

Keywords: lithium-ion battery; dual-polarization equivalent circuit model; state of charge; available
capacity; dual time scale

1. Introduction

An accurate state of charge (SOC) and available capacity estimation is an important
function of a battery management system (BMS). The battery model is an important factor
affecting estimation accuracy. The equivalent circuit model is a kind of lithium-ion battery
model with the most extensive application and research results. Hu et al. [1] analyzed
and compared the differences between twelve different equivalent circuit models from
the three dimensions of model accuracy, operation complexity, and robustness. Based
on the first-order RC equivalent circuit model, Liaw et al. [2,3] analyzed and identified
the parameters from two aspects: external characteristics of charge and discharge and
electrochemical impedance spectrum. Xiong et al. [4] estimated the SOC based on the
second-order RC equivalent circuit model and obtained precise estimation results. The
fractional-order model established by Hu et al. [5] also has high accuracy, and the SOC
estimation error obtained under different working conditions can be kept within 0.02.
Liu et al. [6] took full advantage of the strong robustness of the fractional-order model
and estimated SOP based on a second-order fractional-order model, and obtained ideal
estimation results. However, most of the equivalent circuit models in the existing research
are established under constant temperature, and only a few consider the influence of
temperature. Wang et al. [7] considered the influence of temperature and battery capacity in
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modeling, and a particle filter was used to estimate SOC at different ambient temperatures.
Huang et al. [8] established a power-input electrothermal coupling model by taking power
as input. Xu et al. [9] studied the SOC estimation at different ambient temperatures through
the electrothermal coupling model. Aung et al. [10] also studied the effects of charge and
discharge ratio and temperature on battery parameters and realized real-time updates of
battery parameters.

In terms of SOC estimation of the lithium-ion battery, model-based Kalman filter
series are the most widely used algorithms at present. Based on the fractional-order model,
references [11,12] used a series of Kalman filter algorithms to realize the accurate estimation
of SOC. Wang et al. [13] used a double extended Kalman filter to estimate SOC under
constant current and dynamic discharge conditions. Xu et al. [14] used machine learning
method for modeling and sigma point Kalman filter to estimate SOC. Zhang et al. [15]
used the improved adaptive Kalman filter algorithm to enhance the robustness of SOC
estimation. Tian et al. [16] estimated SOC by combining long and short-term memory
(LSTM) neural network and adaptive cubature Kalman filter, and the maximum error was
guaranteed within 4%. The Kalman filter series algorithms require that the noise must meet
the Gaussian distribution, but affected by various factors, the vehicle battery management
system is difficult to obtain prior knowledge of noise. Lin et al. [17] used H infinite filtering
algorithm to accurately estimate the battery energy state without assuming the statistical
characteristics of noise. Similarly, Li et al. [18] used an H-infinity filter algorithm to estimate
SOC and achieved relatively ideal estimation results.

In addition, there are two definitions of SOC at present. The first definition takes the
rated capacity as the denominator of SOC, and the other definition selects the maximum
capacity as the denominator. However, regardless of which definition, the denominator
of SOC is a fixed value. However, with the aging of the battery and capacity attenuation,
the SOC does not reach the set value and the battery can no longer charge and discharge,
which reduces the user experience [19]. This can be avoided if the available capacity is used
as the denominator.

Plett [20] first proposed to use the extended Kalman filter algorithm to construct a dual
filter framework. One filter is used for parameter estimation and the other filter is used
for state estimation so as to jointly estimate the SOC and available capacity of the battery.
Hua et al. [21] proposed a double nonlinear predictive filter for the SOC and capacity
estimation of batteries. The capacity is regarded as a component of the model parameter
vector and estimated together with the SOC. The feasibility of this method is verified by
using the UDDS conditions. The robustness of the algorithm is improved by updating the
relevant model parameters, but the two filters work at the same time, which reduces the
stability of the algorithm and increases the computational burden [22,23].

Although many achievements have been made in the joint estimation of SOC and
available capacity of a lithium-ion battery, there are still some problems that have not
been fully solved. On the one hand, the model parameters and states may produce cross-
interference during the joint estimation process, which will affect the estimation results. On
the other hand, the battery states have fast time-varying characteristics, and the parameters
have slow time-varying characteristics. Using the same time scale will cause the model
parameters to be updated too frequently, which will reduce the stability of the estimation
algorithm, increase the operation load and reduce the response speed.

To sum up, in Section 2, to quantify the effect of temperature on the battery model, a
dual-polarization equivalent circuit model considering temperature was established, and
the initial parameters of the model were obtained through experiments. In Section 3, in
order to solve the problem that the Kalman filter series algorithms need to preset noise,
the H-infinity filter was used to estimate SOC; at the same time, in order to avoid the
impact of battery aging on SOC estimation, another time-scale H-infinity filter was used to
estimate the available capacity, which realized the dual guarantee of operation efficiency
and estimation accuracy and the joint estimation of SOC and available capacity.
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2. Battery Modeling
2.1. Dual-Polarization Equivalent Circuit Model Considering Temperature

The temperature has a great influence on the performance and service life of the
battery. At low temperature, the chemical reaction inside the battery is slow, which is easy
to increase the internal resistance and reduce the capacity; at high temperature, the chemical
reaction is intense, which is easy to cause rapid self-discharge. Therefore, it is necessary to
quantify the effect of temperature on the battery. The parameters in the dual-polarization
model without considering temperature will not change with temperature, which makes the
temperature robustness of the model very poor. The dual-polarization model considering
temperature is used to quantitatively express the temperature dependence of all parameters
of the battery model, so as to improve the robustness of the model.

The schematic diagram of the dual-polarization equivalent circuit model considering
temperature is shown in Figure 1. Wherein, Ud represents the terminal voltage of the
battery, V; I is current (positive for charge and negative for discharge), A; OCV is the open
circuit voltage, V; R0 is ohmic internal resistance, Ω; R1 and R2 are polarization internal
resistance, Ω; C1 and C2 are polarization capacitors, F; T is ambient temperature, ◦C. R0,
R1, R2, C1, and C2 are all temperature-dependent. The polarization internal resistance and
polarization capacitance are used to represent the polarization phenomenon of the battery,
and the corresponding voltages are U1 and U2, respectively, V.
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Figure 1. The schematic diagram of the dual-polarization equivalent circuit model consider-
ing temperature.

According to Kirchhoff’s law of current and voltage, the dynamic equation of the
model can be expressed as: 

•
U1 = − U1

R1C1
+ I

C1

•
U2 = − U2

R2C2
+ I

C2

Ud = OCV + IR0 + U1 + U2

(1)

where
•

U1 and
•

U2 represent the rate of change of voltages U1 and U2, respectively.
The SOC of the battery can be expressed as [16]:

SOC(t) = SOC(t0) +
∫ t

t0

η I(t)
3600QN

dt (2)

where, SOC(t) and SOC(t0) represent the values of SOC at time t and t0 respectively; η is
the charge and discharge efficiency, which is usually taken as 1 during discharge and 0.98
during charge; QN represents the rated capacity of the battery, Ah.
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The definition of SOC is revised in this study:

SOC(t) = SOC(t0) +
∫ t

t0

η I(t)
3600Q

dt (3)

where Q is the actual available capacity of the battery.
Set the sampling time as ∆T and discretize Equations (1) and (2) to obtain:

U1(k) = exp(−∆T
R1C1

)U1(k− 1) + R1 I(k)[1− exp(−∆T
R1C1

)]

U2(k) = exp(−∆T
R2C2

)U2(k− 1) + R2 I(k)[1− exp(−∆T
R2C2

)]

Ud(k) = OCV(k) + I(k)R0(k) + U1(k) + U2(k)

SOC(k) = SOC(k− 1) + η∆T
3600Q I(k)

(4)

The parameters to be identified in the model are:

θ = [ R0 R1 C1 R2 C2 OCV Q ] (5)

2.2. Initial Parameter Identification of Model

The battery test system used is shown in Figure 2.
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identification, and dynamic condition test including dynamic stress test (DST) test and 
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Figure 2. Battery test system.

The test object is 18,650 ternary lithium-ion battery. The specific parameters are shown
in Table 1.

Table 1. Main performance parameters of 18,650 cell.

Nominal
Capacity (mAh)

Nominal
Voltage (V)

Charge Cut-Off
Voltage (V)

Discharge Cut-Off
Voltage (V)

Charge Cut-Off
Current (A)

2700 3.6 4.2 2.5 0.27

The basic performance test of the battery includes static capacity test (SCT) for mea-
suring the initial capacity of the battery, double pulse test for obtaining SOC-OCV curve,
hybrid pulse power characteristic (HPPC) for battery resistance-capacitance parameter
identification, and dynamic condition test including dynamic stress test (DST) test and
federal urban driving schedule (FUDS). The identification results are shown in Figures 3–5.
Refer to [9] for specific identification methods.
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Figure 4. The mapping between SOC, temperature, and ohmic resistance.

It should be noted that through the double pulse test at different temperatures, it was
found that the OCV of the battery fluctuates little with temperature. Therefore, in order
to facilitate calculation, ignoring the influence of temperature on OCV, the OCV at 25 ◦C
ambient temperature was used to approximate the OCV at all temperatures, and the final
OCV was the average value of OCV measured under discharge pulse and charging pulse,
as shown in Table 2. The empirical formula, as shown in Equation (6), was used to fit the
relationship curve between SOC and OCV [24].

OCV(SOC) = C1 + C2SOC + C3
1

SOC
+ C4 ln(SOC) + C5 ln(1− SOC) (6)
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Figure 5. The identification results of R1, R2, C1, and C2, where the left column is discharge and the
right column is charge.

Table 2. OCV measurement results at 25 ◦C.

SOC OCVd/V OCVc/V OCV/V

0.1 3.34 3.45 3.4
0.2 3.46 3.52 3.49
0.3 3.57 3.59 3.58
0.4 3.62 3.64 3.63
0.5 3.69 3.74 3.72
0.6 3.75 3.82 3.79
0.7 3.86 3.9 3.88
0.8 3.94 4 3.97
0.9 4.02 4.1 4.06

It can be seen that the values of the four polarization parameters, R1, R2, C1, and C2,
change under different temperatures, SOC, and charge-discharge directions. The initial
values of polarization parameters were determined by looking up the table according to
the current ambient temperature, SOC, and charge-discharge direction of the battery. For
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ohmic internal resistance R0, since the influence of charge-discharge direction was very
small, the influence of ambient temperature and SOC were only considered.

3. Joint Estimation of SOC and Available Capacity
3.1. Overview of Joint Estimation Algorithms

Among the model-based SOC estimation algorithms, Kalman series filter algorithm
has the characteristics of high accuracy and a small amount of calculation, but it also has
some limitations:

(1) The process noise and measurement noise are required to be a white noise obeying
Gaussian distribution. However, in practical application, the vehicle battery system
will be affected by complex environmental factors, so it is difficult to obtain the prior
knowledge of noise;

(2) The estimation accuracy has a strong correlation with the accuracy of the model.
When the model accuracy is not enough or the model accuracy gradually decreases
with the change of dynamic conditions, the estimation error of this method will be
larger and larger.

In order to overcome the demands of Kalman filter algorithms on noise and accurate
model, a H-infinity filter algorithm with lower requirements on model accuracy and
stronger robustness to various noise disturbances was introduced.

The following discrete linear systems are established:{
xk+1 = Akxk + Bkuk + ωk
yk = Ckxk + Dkuk + υk

(7)

where xk represents the state variable; uk represents the input variable; yk represents the
output variable; Ak is the state matrix; Bk is the input matrix; Ck is the observation matrix;
Dk is the input-output matrix; ωk is process noise, generated by modeling error; vk is the
measurement noise, generated by the measurement noise of current and voltage.

In order to avoid the situation that EKF algorithm needs to assume noise information
in advance, the H-infinity filtering algorithm defines the cost function J:

J =

N−1
∑

k=0
‖xk − x̂k‖2

Sk

‖x0 − x̂0‖2
P−1

0
+

N−1
∑

k=0
(‖ωk‖2

Q−1
k

+ ‖υk‖2
R−1

k
)

(8)

where P0 represents the initial state error covariance matrix; Qk and Rk represent the process
noise covariance matrix and the measurement noise covariance matrix; Sk is designed
according to the designer’s attention to each state quantity.

It can be seen from Equation (8) that the cost function of the H-infinity filter is a
proportional value, whose denominator is related to the error of the system and numerator
is related to the error of the estimated value. The main purpose of establishing the cost
function is to reflect the proportional relationship between estimation error and noise
interference. It is difficult to directly minimize the cost function, so it is necessary to select
a performance boundary, that is:

J < 1/θ (9)

In order to get the optimal result, appropriate x̂k need to be founded to minimize the
cost function. Assuming that nature is our opponent (there is interference), it hopes to
maximize the cost function through special x0, ωk and υk. Therefore, when x0, ωk and υk
make the cost function maximum, it is necessary to find an appropriate x̂k to make the cost
function minimum. By reintegrating Equations (8) and (9), combining Equation (7), the
following can be obtained:
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J∗ = −1
θ
‖x0 − x̂0‖2

P−1
0

+
N−1

∑
k=0

[
‖xk − x̂k‖2

Sk
− 1

θ
(‖ωk‖2

Q−1
k

+ ‖yk − Ckxk − Dkuk‖2
R−1

k
)

]
< 0 (10)

Therefore, the H-infinity filter can be simply described as: when x0, ωk and υk make
J* maximum, find a suitable x̂k to make J* minimum. From the derivation process, the
H-infinity filter does not assume the statistical characteristics of noise in advance, which is
its biggest advantage over the Kalman filter.

By finding the minimum J*, the recursive relationship shown in Equation (11) can
be obtained. 

Kk = AkPk(I − θSkPk + CT
k R−1

k CkPk)
−1

CT
k R−1

k

x̂k+1 = Ak x̂k + Bkuk + Kk(yk − Ck x̂k − Dkuk)

Pk+1 = AkPk(I − θSk + CT
k R−1

k CkPk)
−1

AT
k + Qk

(11)

In addition, the battery state has fast time-varying characteristics, while the parameters
have slow time-varying characteristics. If the battery state and parameters are estimated
with the same time scale, the stability of the estimation algorithm will be reduced, the
operation load will be increased, and the response speed will be reduced because the
parameters change too frequently. Therefore, this study uses two different time scales to
jointly estimate SOC and parameters, including available capacity. For SOC, the micro time
scale is used for estimation, and the parameter correction is carried out under the macro
time scale. The two-time scales are relatively fixed, and the macro scale is a fixed multiple
of the micro-scale.

Establish a nonlinear discrete system in two time scales:
xk = f (xk−1, θl−1, uk−1) + ωk−1

θl = θl−1 + ρl−1

yk = g(xk, θl , uk) + υk

(12)

where, θl represents parameter variable; ρl is the parameter white noise; The noise co-
variance matrix in the state estimation is expressed by Px

k , Qx
k , Rx

k , and Sx
k , and the noise

covariance matrix in the process of parameter identification is expressed by Pθ
l , Qθ

l , Rθ
l , and

Sθ
l . k represents the micro time scale of state estimation, that is, state estimation is performed

once at each sampling time point; l represents the macro time scale of parameter estimation,
which is numerically equal to the product of k times Lz. Lz is the scale conversion limit,
that is, parameter estimation is carried out every Lz sampling time points; The schematic
diagram of dual time scale dual filter algorithm is shown in Figure 6.

The specific calculation process of dual time scale double H-infinity filtering algorithm
is as follows:

(1) Establish a nonlinear discrete system:
xk = f (xk−1, θl−1, uk−1) + ωk−1

θl = θl−1 + ρl−1

yk = g(xk, θl , uk) + υk

(13)
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Define:

Ak−1 =
d f
(

x, θ̂−k , uk−1
)

dx

∣∣∣∣∣
xk=x̂+k−1

(14)

Cx
k =

dg
(
x, θ̂−k , uk

)
dx

∣∣∣∣∣
xk=x̂−k

(15)

Cθ
l =

dg
(
x̂+k , θ, uk

)
dθ

∣∣∣∣∣
θl=θ̂−l

(16)

(2) Initialize:
Lz = 30, k = 0, l = 0 (17)

x̂+0 = E(x0), Px,+
0 = E

[
(x0 − x̂0)(x0 − x̂0)

T
]

(18)

θ̂+0 = E(θ0), Pθ,+
0 = E

[
(θ0 − θ̂0)(θ0 − θ̂0)

T
]

(19)

(3) Time update of status:
x̂−k = f

(
x̂+k−1, θ̂+l , uk−1

)
Px,−

k = Ak−1Px,+
k−1 AT

k−1 + Qx
k−1

Sx
k =

(
Lx

k
)TSx

k Lx
k

(20)

(4) Measurement update of status:

ex
k = yk − g(x̂−k , θ̂+l , uk)

Kx
gk

= Px,−
k

(
I − δxSx

k Px,−
k +

(
Cx

k
)T(Rx

k
)−1Cx

k Px,−
k

)−1(
Cx

k
)T(Rx

k
)−1

x̂+k = x̂−k + Kx
gk

ex
k

Px,+
k = Px,−

k

(
I − δxSx

k Px,−
k +

(
Cx

k
)T(Rx

k
)−1Cx

k Px,−
k

)−1

(21)
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(5) Time scale update: k = k + 1, prepare the state estimation at time k and judge
whether k can be divided by Lz. If so, l = l + 1, and continue to the next step. Otherwise,
return to step (2).

(6) Time update of parameters:
θ̂−l = θ̂+l−1

Pθ,−
l = Pθ,+

l−1 + Qθ
l−1

Sθ
l =

(
Lθ

l
)TSθ

l Lθ
l

(22)

(7) Measurement update of parameters:

eθ
l = yk − g(x̂−k , θ̂−l , uk)

Kθ
gl
= Pθ,−

l

(
I − δθSθ

l Pθ,−
l +

(
Cθ

l
)T(Rθ

l
)−1Cθ

l Pθ,−
l

)−1(
Cθ

l
)T(Rθ

l
)−1

θ̂+l = θ̂−l + Kθ
gl

eθ
l

Pθ,+
l = Pθ,−

l

(
I − δθSθ

l Pθ,−
l +

(
Cθ

l
)T(Rθ

l
)−1Cθ

l Pθ,−
l

)−1

(23)

It should be noted that according to the new definition of SOC, the relationship
between SOC and OCV will change in the whole life cycle of the battery. For example, when
the available capacity of the battery decreases, the OCV under the same SOC will change
compared with the new battery. Considering this, the SOC-Q-OCV mapping is established,
as shown in Figure 7, and the fitting relationship is shown in Equations (24) and (25).

OCV(Q, SOC) = α0 + α1SOC + α2
1

SOC
+ α3 ln(SOC) + α4 ln(1− SOC) (24)

α0, α1, α2, α3, and α4 are quadratic functions of available capacity Q.

[ α0 α1 α2 α3 α4 ]
T
= Λ× [ Q2 Q 1 ]

T (25)

where Λ is a 5 × 3 coefficient matrix.
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Figure 7. The mapping between SOC, available capacity, and OCV.

3.2. Simulation and Experimental Verification

After 200 cycles of charge and discharge, the DST working condition data at 25 ◦C
ambient temperature were used for simulation verification. At this time, the real value
of the available capacity of the battery was 2560 mAh, and the initial real value of SOC
was 0.95. The initial value of SOC in the algorithm was set to 0.85, and the initial values
of each parameter were determined according to the identification results in Section 2.2.
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After comparison, for balancing accuracy and complexity, the scale conversion limit Lz of
dual time scale was set to 30 s. The model simulation results are shown in Figure 8, and the
estimation results of SOC and available capacity are shown in Figures 9 and 10.
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Figure 8. Model simulation results in DST condition: (a) Comparison of simulation voltage and true
voltage; (b) The error of simulation voltage.
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Figure 9. Estimation results of SOC in DST condition: (a) Comparison of estimated SOC and true
SOC; (b) The error of estimated SOC.
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Figure 10. Estimation results of available capacity in DST condition: (a) Comparison of estimated
available capacity and true available capacity; (b) The error of estimated available capacity.

In order to further verify the effectiveness at low temperature, the DST working condi-
tion data at 5 ◦C ambient temperature after 300 cycles are used for simulation verification.
At this time, the real value of the available capacity of the battery is 2207 mAh, and the
initial real value of SOC is 0.95. The initial value of SOC in the algorithm is set to 0.85, and
the initial values of each parameter are determined according to the identification results in
Section 2.2. The model simulation results are shown in Figure 11 and the estimation results
of SOC and available capacity are shown in Figures 12 and 13.
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Figure 11. Model simulation results in DST condition under low temperature environment: (a) Com-
parison of simulation voltage and true voltage; (b) The error of simulation voltage.
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Figure 12. Estimation results of SOC in DST condition under low temperature environment: (a) Com-
parison of estimated SOC and true SOC; (b) The error of estimated SOC.
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Figure 13. Estimation results of available capacity in DST conditions under a low-temperature
environment: (a) Comparison of estimated available capacity and true available capacity; (b) The
error of estimated available capacity.

At the same time, the single time scale double H-infinity filter was used for simulation
analysis; that is, SOC estimation and parameter estimation used the same time scale. All
the above results are summarized in Tables 3–5.
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Table 3. Simulation error of dual time scale algorithm.

200 Cycles
25 ◦C

300 Cycles
5 ◦C

Average
Error

Maximum
Error

Average
Error

Maximum
Error

Model (mV) 4 10 6 12
SOC 0.004 0.010 0.013 0.040

Available capacity (mAh) 4 10 15 52

Table 4. Simulation error of single scale algorithm.

200 Cycles
25 ◦C

300 Cycles
5 ◦C

Average
Error

Maximum
Error

Average
Error

Maximum
Error

Model (mV) 3 9 5 10
SOC 0.003 0.009 0.011 0.037

Available capacity (mAh) 3 11 16 50

Table 5. Comparison of calculation time between two algorithms.

Single Time Scale Dual Time Scale

200 Cycles
25 ◦C

300 Cycles
5 ◦C

200 Cycles
25 ◦C

300 Cycles
5 ◦C

Simulation time (s) >30 >30 <4 <4

The results show that the model error, SOC estimation error, and available capacity
estimation error are in acceptable range whether single time scale or dual time scale.
The model error and SOC estimation error obtained by single time scale algorithm are
slightly lower than those of double time scale. For available capacity, the accuracy of
the two is almost the same. However, the simulation time of dual time scale double H-
infinity filter is nearly 90% less than that of single time scale, which greatly improves the
operation efficiency.

4. Conclusions

Firstly, to quantify the influence of temperature on battery model parameters, a dual-
polarization equivalent circuit model considering temperature is established, and the initial
parameters are obtained through experiments. The verification results show that the
maximum error of the model is only 12 mV, even at low temperature. Based on the model, a
dual time scale double H-infinity filter algorithm is proposed to jointly estimate the revised
SOC and available capacity. Compared with the Kalman filter series algorithms, H-infinity
filter does not need to assume noise. Besides, The selection of double time scale not only
ensures the estimation accuracy, making the SOC estimation error and available capacity
estimation error almost the same as that of single time scale, which can be maintained
within 4% and 52 mAh even at low temperature, but also shortens the simulation time by
nearly 90%, which has higher engineering application value.

In future research, the battery model will be further improved. The fractional-order
model will be used to realize the algorithm proposed in this study, and coupled with the
thermal model to further accurately quantify the influence of temperature. In addition, the
filtering algorithm will be combined with deep learning to further improve the estimation
accuracy of parameters and states, and lower temperature is used to verify the algorithm.
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