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Accurate State of Charge Estimation With Model
Mismatch for Li-Ion Batteries: A Joint Moving

Horizon Estimation Approach
Jia-Ni Shen , Jia-Jin Shen, Yi-Jun He , and Zi-Feng Ma

Abstract—The accurate state of charge (SOC) estimation plays
a significant role in charge/discharge control, balance control, and
safe management of lithium-ion batteries (LIBs). However, due
to the model mismatch issues, either from battery inconsistency
or battery dynamic characteristics difference, the accuracy of the
model-based SOC estimation method is usually unsatisfactory. To
solve this problem, a joint moving horizon estimation (joint-MHE)
approach that can simultaneously estimate the model parameter
and state is proposed here. In this paper, the circuit-equivalent
battery model is first constructed by parameterizing the circuit pa-
rameters as polynomial function of SOC. Then, by the sensitivity
analysis, the update parameters are selected and added to the state-
space model as additional states. Finally, the joint-MHE strategy
is conducted for the simultaneous parameter and SOC estimation.
To investigate the performance of the proposed method thoroughly,
three model mismatch conditions are considered, including battery
inconsistency, battery dynamic characteristics difference, and the
combination of both. The results demonstrate that the joint-MHE
approach is an effective way to solve the model mismatch prob-
lem. Moreover, compared to joint extended Kalman filtering, the
proposed approach can offer a more reliable, robust, and accurate
SOC estimation of LIBs under various model mismatch conditions.

Index Terms—Equivalent circuit model (ECM), joint moving
horizon estimation (joint-MHE), lithium-ion batteries (LIBs),
model mismatch, state of charge (SOC).

I. INTRODUCTION

A LTHOUGH lithium-ion batteries (LIBs) powered electric
vehicles have experienced rapid development in recent

years, the increasing number of battery-related failures and acci-
dents indicates that the efficient and safe usage of LIBs still faces
a great challenge [1], [2]. Therefore, the advanced battery man-
agement system (BMS) that can provide the safe and reliable
operation of LIBs attracts more and more attention. A typical
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BMS possesses the facilities, such as battery state monitoring,
charge/discharge control, and balance control. Among them, the
estimation of battery state of charge (SOC) is a most important
function to the overall system performance [3]. SOC represents
the battery residual capacity. It cannot be detected directly, and
needs to be inferred from the measurements. However, in real
applications, the measurement information is very limited, in-
cluding only current, voltage, and temperature. Moreover, LIBs
dynamic behaviors are strongly nonlinear and affected by many
coupling factors. Thus, how to accurately estimate SOC be-
comes greatly difficult. To solve this problem, various methods
have been proposed during the last decades.

The SOC estimation methods can be roughly classified into
two types: model-free approaches and model-based approaches.
In model-free approaches, Coulomb counting (CC) method [4],
and open circuit voltage (OCV) method [6] are two common
ways. The CC method is simple and easily implemented online,
but the accuracy usually suffers from the initial SOC error and
the measured current noise accumulation. The OCV method
could provide an accurate SOC estimation. However, since a
long time is required for the state equilibrium [7], [8], it is only
suitable for performing estimation in an offline manner rather
than online application. It should be noted that, no matter for CC
method or OCV method, the main drawback lies on its open-
loop manner. Due to the lack of feedback strategy, the devia-
tion between estimated and true values cannot be eliminated in
model-free approaches and then might result in an unacceptable
SOC estimation error. In contrast, the model-based approaches
are conducted in a closed-loop way. By using an estimation al-
gorithm, it could continuously correct SOC error in terms of the
measured current, voltage, and temperature, and then provide
more accurate SOC estimates. Although this superior has been
extensively proven in various literatures, the model-based ap-
proaches still have some difficulties in face of commercial BMS
application, most notably that the model mismatch could bring
the adverse effect to the estimation performance.

It is well recognized that the battery model accuracy is criti-
cal to the performance of model-based approaches. However, in
LIBs, such complex systems, the model mismatch issues, result-
ing from either intrinsic or extrinsic factors, universally exhibits
and would worsen the SOC estimation accuracy severely. The
first model mismatch is between the testing battery and the
operation battery, originating from the battery-to-battery incon-
sistency during the manufacture processes [8], [9]. The second
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model mismatch lies in the difference between the battery model
under testing operation conditions and that under unseen opera-
tion conditions, namely dynamic characteristics difference [10].
Finally, the battery aging, which continually induces the inter-
nal resistance increase and usable capacity loss along with the
battery life, would lead to the model mismatch in time scale
[11]. It could be seen that the model mismatch issues are un-
avoidable in both manufacture process and operation process,
and they have been the main obstacles for the application of
model-based approach in commercial BMS.

Recently, in order to improve estimation accuracy under
model mismatch cases, joint and dual extended Kalman fil-
tering (EKF) [12]–[14] as well as recursive least square (RLS)
approach [15] have been widely proposed. By means of the si-
multaneous estimation strategy of SOC and model parameter,
these approaches can provide good SOC estimates, but still have
some limitations. First, most of these studies focus only on the
model mismatch problem from battery aging, whereas the other
two cases, i.e., battery inconsistency and battery dynamic char-
acteristics, are rarely taken into consideration. Moreover, from
an algorithmic point of view, the joint and dual EKF have the
risk of failure in dealing with poor initial SOC guess [16], [17],
whereas the efficiency of RLS is relatively low in combination
with highly nonlinear battery models [18]. Hence, it is necessary
to seek for a more robust algorithm and carry out the comprehen-
sive investigation of model mismatch problems, especially these
from battery inconsistency and battery dynamic characteristics.

Our previous work has shown that, in comparison to EKF,
the moving horizon estimation (MHE) approach has faster con-
vergence in the condition of bad initial SOC guess and can
achieve more reliable estimation performance over the whole
SOC range [19]. In this paper, we extend the previous works
and develop the joint MHE (joint-MHE) strategy for achiev-
ing the high SOC estimation accuracy under model mismatch
conditions. There are two salient contributions delivered to the
literature: first, from the view of algorithm, the feasibility of
joint-MHE is originally explored for accurate SOC estimation
using a less accurate battery model; and second, from the view
of model mismatch issues, various model mismatch cases are
investigated thoroughly, i.e., the battery inconsistency, the bat-
tery dynamic characteristic difference and the combination of
both. The study will provide a potential promising solution strat-
egy for the application of model-based approach in commercial
BMS. To the best of our knowledge, there are rarely related
studies so far.

The structure of this paper is organized as follows. First, the
state-space model is formulated based on ECM for parameter
update and SOC estimation. Next, the joint-MHE strategy for
SOC estimation is illustrated in detail. Then, by using the experi-
mental datasets, the effectiveness of the proposed method is ver-
ified and the performance of joint-MHE, joint-EKF, and MHE is
thoroughly compared. Finally, the main conclusions are drawn.

II. METHODOLOGY

A. Battery Model

To describe the dynamic characteristics of LIBs, various mod-
els are proposed in last decades and can be classified as elec-

Fig. 1. Diagram of the first-order ECM.

trochemical model [20], [21], equivalent circuit model (ECM)
[22]–[24], and data-driven model [25]. Among them, ECM is the
most widely used one in model-based approach due to its good
accuracy and the low computational cost. Based on the different
combination of circuit elements, such as current sources, volt-
age source, resistors, and resistance–capacitance (RC) network,
the ECM can describe the battery behaviors at different model
accuracy level. In general, the higher the RC order, the better
the model accuracy and the lower the computational efficiency.
Considering the balance between the model accuracy and the
model complexity [19], [26], the first-order ECM is employed
in this paper. The diagram of the first-order ECM is described
in Fig. 1. The OCV VOC represents the voltage source and de-
scribes the static characteristics of the battery. A resistance R0
and an RC network R1C1 represent the ohmic effect and polar-
ization effect during the dynamic operation respectively. I de-
notes the current source that is positive in discharging condition
and negative in charging condition. All these circuit parameters
are related to SOC and temperature. However, since the main
aim of this paper is to verify the effectiveness of the joint-MHE-
based SOC estimation method, only the SOC is considered here
and all experiments are conduct at a constant temperature.

According to the definition, the SOC at time t can be expressed
as the ratio of remaining capacity to nominal capacity

SOCt = SOC0 − 1
Cn

∫ t

0
Iτ dτ (1)

where SOC0 is the initial value of SOC at time t0 , and Cn is
the actual capacity of a battery. Note that since the capacity loss
inducing from the battery aging is out of scope of this study, all
the experiments are conducted on a fresh battery and its capacity
can be seen as a constant.

According to the electric circuit analysis, the battery dynamic
behavior modeled by the first-order ECM can be written as
follows:

dV1

dt
=

I

C1
− V1

R1C1
(2)

Vb = VOC(SOC) − V1 − IR0 (3)

where V1 is the polarization voltage across R1C1 and Vb is the
battery terminal voltage. VOC(SOC) refers to an analytical OCV
function of SOC, which is parameterized by using a monotone
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polynomial OCV model as follows [27]:

VOC(SOC) =
M∑

j=0

αjSOCj (4)

where αj is the polynomial coefficient and M is the polynomial
order. During the battery operation, αj can be seen as an in-
variant constant for a specific battery without consideration of
aging effect.

Hence, the complete battery dynamic model is obtained. For
the efficient integration with state estimation algorithms, (1) and
(2) are transformed into their analytical forms over time interval
[tk , tk+1] and are expressed as (5) and (6), respectively

SOCk+1 = SOCk − IkΔt

Cn
(5)

V1,k+1 = V1,k exp
(
− Δt

τ1,k

)
+ IkR1,k

[
1 − exp

(
− Δt

τ1,k

)]

(6)

where Δt presents the sampling time and τ1,k = R1,kC1,k

presents the time constant of RC network at time t1 ,k . Cor-
respondingly, the terminal voltage at time tk can be represented
as follows:

Vb ,k = VOC(SOCk ) − V1,k − IkR0,k . (7)

The time-varying circuit parameters R0,k , R1,k and C1,k rep-
resented as SOC dependent polynomial functions are given,
respectively, as follows:

R0,k = R0(SOCk ) =
N∑

j=0

β1jSOCk
j (8)

R1,k = R1(SOCk ) =
N∑

j=0

β2jSOCk
j (9)

C1,k = C1(SOCk ) =
N∑

j=0

β3jSOCk
j (10)

where β1j , β2j , and β3j are the polynomial coefficients and N
is the polynomial order.

B. Augmented Nonlinear State-Space Model

To estimate the SOC using the model-based approach,
the ECM described in (5)–(7) must be transformed into its
discrete-time state-space form. If denote state vector xk =
[SOCk , V1,k ]′, system input uk = Ik , and system measurement
yk = Vb,k , the standard discrete state-space model can be ex-
pressed as follows:

xk+1 = F (xk , uk ) + wk (11)

yk = h (xk , uk ) + vk (12)

where wk is the process white Gaussian noise with zero mean
and covariance matrix Qk , and vk is the measurement white
Gaussian noise with zero mean and covariance matrix Rk .
The nonlinear functions of F (xk , uk ) and h(xk , uk ) are given,

respectively, as follows:

F (xk , uk ) =

⎡
⎢⎣

1 0

0 exp
(
− Δt

τ1,k

)
⎤
⎥⎦

[
SOCk

V1,k

]

+

⎡
⎢⎢⎣

−Δt

Cn

R1,k

[
1 − exp

(
− Δt

τ1,k

)]
⎤
⎥⎥⎦ Ik (13)

h (xk , uk ) = VOC(SOCk ) − V1,k − IkR0,k . (14)

Note that although the polynomial coefficients in (8)–(10)
are offline identified by laboratory testing data, they would vary
with batteries and dynamic testing protocols in practice. It means
that if these parameters are uncorrected in a real-time manner,
the SOC estimation performance would deteriorate. However,
if all parameters are updated online, the computing cost would
be extremely huge and optimization would be more difficult. To
solve this problem, the sensitivity analysis of polynomial co-
efficients is conducted here for the update parameter selection.
Based on the sensitivity analysis results, it could been found
that a slight variation of relatively high-order polynomial co-
efficients in (8)–(10) would result in a significant variation of
circuit parameters, and then might lead to an unstable termi-
nal voltage prediction. Moreover, the constant terms and the
circuit parameters are of the same order of magnitude. Hence,
in this study, three constant terms, namely β10 , β20 , and β30 ,
are selected as the online updating parameters for compensat-
ing the circuit parameter mismatch issue. The state vector is
then augmented as zk = [SOCk , V1,k , β10,k , β20,k , β30,k ]′ and
the nonlinear function in (13) is correspondingly formulated as
follows:

F (zk , uk ) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 0 0 0 0

0 exp
(
− Δt

τ1,k

)
0 0 0

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎢⎢⎣

SOCk

V1,k

β10,k

β20,k

β30,k

⎤
⎥⎥⎥⎥⎥⎥⎦

+

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

−Δt

Cn

R1,k

[
1 − exp

(
− Δt

τ1,k

)]

0
0
0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Ik . (15)

It could be seen that although the constant terms of polyno-
mials serve as the additional states, the augmented state-space
model in (14) and (15) is still nonlinear due to the polarization
voltage calculation equation. By using this augmented nonlinear
state-space model, the joint estimation of parameters and SOC
could be obtained.
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C. Moving Horizon Estimation

Based on the probability theory, the optimal estimate of
the state at time k given {yk}T

k=0 is a function F of
the conditional probability density of the state given the
system measurements, which is represented as {ẑk}T

k=0 =
F (ρ(z0 , . . . ,zT |y0 , . . . ,yT )). By using the Bayesian rule, this
optimal state estimate can be transformed into the maximization
of the conditional probability density as follows:

{ẑk}T
0 = arg max ρ (z0 , . . . ,zT |y0 , . . . ,yT ) . (16)

For the Gaussian–Markov process model in (14) and (15),
maximizing ρ(z0 , . . . ,zT |y0 , . . . ,yT ) is equivalent to the
full information optimization problem, which is shown as
follows [29]:

J
(
{ẑk}T

0

)
=arg min ‖z0 − ẑ0‖2

P0
+

T∑
k=0

‖yk − h (zk , uk )‖2
R

+
T −1∑
k=0

‖zk+1 − f (zk , uk )‖2
Q (17)

where P0 is the weighting matrix to penalize the deviation of ini-
tial estimate. It could be seen that the computational complexity
of this optimization problem would rapidly increase with the
sampling time. To solve this problem, the MHE strategy is pro-
posed [28]–[30]. By introducing a horizon length L, the entire
time interval at sampling time tT can be separated into two
parts [0, . . . ,tT −L ] and [tT −L+1 , . . . , tT ]. The full information
optimization problem can be reformulated as follows:

J
(
{ẑk}T

0

)
=arg min ‖z0 − ẑ0‖2

P0
+

T −L∑
k=0

‖yk − h (zk , uk )‖2
R

+
T −L∑
k=0

‖zk+1 − f (zk , uk )‖2
Q +

T∑
k=T −L+1

‖yk − h (zk , uk )‖2
R

+
T −1∑

k=T −L+1

‖zk+1 − f (zk , uk )‖2
Q . (18)

If we combine the former three terms into one and define it
as arrival cost ϕT −L+1(zT −L+1) [28], [31], the joint estimation
problem of parameters and SOC at time tT can be expressed as
a nonlinear constrained optimization problem in the following
equations:

arg min
zT −L + 1 ,{wk }T −1

T −L + 1

ϕT −L+1 (zT −L+1)

+
T∑

k=T −L+1

‖yk − h (zk , uk )‖2
R

+
T −1∑

k=T −L+1

‖zk+1 − f (zk , uk )‖2
Q (19)

s.t. ϕT −L+1 (zT −L+1) = ‖zT −L+1 − z̄T −L+1‖2
PT −L + 1

(20)

⎡
⎢⎢⎢⎢⎢⎣

SOCk+1

V1,k+1

β10,k+1

β20,k+1
β30,k+1

⎤
⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎣

1 0 0 0 0

0 exp
(
− Δt

τ1,k

)
0 0 0

0 0 1 0 0
0 0 0 0 1
0 0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

SOCk

V1,k

β10,k

β20,k

β30,k

⎤
⎥⎥⎥⎥⎦

+

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

−Δt

Cn

R1,k

[
1 − exp

(
− Δt

τ1,k

)]

0
0
0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

Ik +

⎡
⎢⎢⎢⎢⎣

w1,k

w2,k

w3,k

w4,k

w5,k

⎤
⎥⎥⎥⎥⎦

k = T − L + 1, . . . , T (21)

Vb ,k = VOC(SOCk ) − V1,k − IkR0,k + v1,k ,

× k = T − L + 1, ..., T (22)

R0,k = β10,k +
N∑

j=1

β1jSOCk
j , k = T − L + 1, ..., T (23)

R1,k = β20,k +
N∑

j=1

β2jSOCk
j , k = T − L + 1, ..., T (24)

C1,k = β30,k +
N∑

j=1

β3jSOCk
j , k = T − L + 1, ..., T (25)

τ1,k = R1,kC1,k , k = T − L + 1, ..., T (26)

0 ≤ SOCk ≤ 1, k = T − L + 1, ..., T (27)

where z̄T −L+1 presents the prior estimate of states at time
tT −L+1 . The constraints in (27) are used to ensure the reasonable
estimated values of SOC. Generally, the covariance matrices Q
and R are considered as constants in the estimation process, co-
variance matrix P is iteratively updated using the EKF method
shown in as follows [32]:

Pk+1 = BkQkB′
k + Ak (Pk − PkC ′

k

× (Rk + CkPkC ′
k )−1CkPk )A′

k (28)

where Ak is the Jacobian matrices of f(zk , uk ) with respect to
states. Bk is the Jacobian matrices of f(zk , uk ) with respect
to noises. Ck is the Jacobian matrix of h(zk , uk ) with respect
to states.

According to the above descriptions, it could be seen that
every estimation in the MHE strategy only relies on the latest
L measurements, whereas the past measurement information
is summarized in the arrival cost. By repeatedly solving the
finite horizon optimization problem defined in (19)–(27), the
joint-MHE can realize the simultaneous parameter and state
estimation in a real-time manner.

Fig. 2 depicts the flowchart of the proposed strategy. The
offline battery model is first built by identifying the polynomial
functions of circuit parameters in ECM. Then, by the sensitivity
analysis, the update parameters are selected and added to the
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Fig. 2. Flowchart of the joint-MHE model construction for online SOC
estimation and parameter update.

state-space model as additional states. Finally, after optimizing
the covariance matrices of process and measurement noises,
the joint-MHE model is established and then conducted for
the online SOC estimation and parameter update. Both offline
battery model and online estimation model are constructed based
on the collected datasets from I–V profiles of LIBs.

Here, two criteria including the root-mean-square error
(RMSE) and absolute error (AE) are used to evaluate the SOC
estimation performance of the proposed method

RMSE =

√√√√∑T
k=1

∣∣∣SÔCk − SOCk

∣∣∣2
T

(29)

AEk =
∣∣∣SÔCk − SOCk

∣∣∣ (30)

where SÔCk is the estimated value of SOCk .

III. EXPERIMENTAL

The testing datasets are acquired through the battery test
bench, which comprises a battery test system, a programmable
temperature test chamber, and a host computer for programming
test profile and storing experimental data. The measurement ac-
curacy of current and voltage is 0.05% and logged at frequency
of 1 Hz. The tested battery is an NMC LIB with 20-Ah nominal
capacity, 3.6 V nominal voltage. The battery test bench conducts
four typical characteristic tests at 298 K, including the discharge
capacity test, the constant current discharge test (CCDT), a hy-
brid pulse power characterization (HPPC) test, and a dynamic
stress test (DST). Before every test, the battery is rested for 2 h
after charged to its full capacity.

The HPPC test is used to establish the offline model, iden-
tify the tuning parameters, and investigate the performance of
the joint-MHE approach in condition of battery inconsistency.
Fig. 3(a) shows the voltage response profile composed of one
HPPC cycle and one 1.0C-rate discharge period. In each HPPC
cycle, the battery is first discharged by 2.5C-rate current for 10 s

Fig. 3. HPPC test. (a) One HPPC cycle followed 1C-rate discharge period.
(b) Voltage response of complete HPPC test.

and then charged by 2.0C-rate current for 10 s after a 40-s rest.
In each 1.0C-rate discharge period, the battery is discharged to
the preset SOC. The complete HPPC test from 100% to 0%
SOC is shown in Fig. 3(b), which is composed of the repetition
of HPPC cycle, 1.0C-rate discharge period, and rest periods.
The DST and CCDT are performed to further validate the SOC
estimation performance. Fig. 4(a) shows the voltage response
profile of one DST cycle with seven discrete power levels. The
entire DST composed of repeated DST cycle from 100% to 10%
SOC is shown in Fig. 4(b). The CCDTs are conducted at three
discharge rates over the whole SOC range, including 0.5C-rate,
1.0C-rate, and 1.2C-rate.

IV. RESULTS AND DISCUSSION

The offline battery model construction and tuning parameter
identification in joint-MHE are first performed on the HPPC test
datasets. Then, the SOC estimation performance of joint-MHE
in model mismatch cases is thoroughly evaluated based on the
datasets from CCTDs, HPPC, and DST, and compared to that
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Fig. 4. DST test. (a) One DST cycle. (b) Voltage response of complete DST
test.

of joint-EKF and MHE. All the three algorithms are coded and
implemented in MATLAB.

The detailed procedure of offline model construction
and tuning parameter determination is available in the
previous work [19]. The covariance matrices in joint-
MHE are optimized as: P = diag(100 0.1 0.01 0.1 100000),
Q = diag(0.01 0.001 0.001 0.01 1000), and R = 1000. The hori-
zon length L is set as 20. Fig. 5 shows the joint-MHE estimation
results during the complete HPPC profile. It could be seen that
the estimated SOC is almost the same as the true SOC and the
corresponding RMSE value of SOC is 0.77%, and the estimated
battery voltage could well match the measured voltage and the
corresponding RMSE value of battery voltage is 2.8 mV.

The following section will thoroughly investigate the effec-
tiveness of the joint-MHE approach in three model mismatch
conditions, i.e., battery inconsistency, battery dynamic char-
acteristics difference, and the combination of both. Moreover,
two methods, i.e., joint-EKF and MHE, are utilized here for
the performance comparisons. To make it fair, the covariance
matrices in joint-EKF and MHE are also optimized based on
HPPC test datasets. The covariance matrices in MHE are set as:
P = diag(100 1), Q = diag(0.1 0.01), and R = 10, and those

Fig. 5. Results of SOC estimation and battery voltage estimation using
joint-MHE for the HPPC test.

in joint-EKF are set as: P = diag(1000 1 0.01 1 100000), Q =
diag(1000 1 0.01 1 100000), and R = 1000. Considering that
the true initial SOC value is hard to obtain in practical, the ini-
tial SOC guess is fixed to 50%, no matter what the true SOC
value is.

A. Battery Dynamic Characteristics Difference

The CCDT and HPPC tests have great dynamic characteris-
tics difference. Therefore, when we use the offline ECM model
based on HPPC test dataset to predict the terminal voltage re-
sponses of CCDT test, the RMSE values of voltage would reach
up to 73.3, 29.2, and 38.0 mV for 0.5C-rate, 1.0C-rate, and
1.2C-rate, respectively. It illustrates that without properly tun-
ing the parameters, the offline constructed model might produce
large model prediction error in other operation protocols. To
validate the effectiveness of the proposed method in model mis-
match condition, the joint-MHE is conducted in three CCDT
cases and compared to the joint-EKF and the MHE. The SOC
estimation comparisons are, respectively, shown in Fig. 6(a),
(c), and (e), the corresponding AE comparisons are, respec-
tively, shown in Fig. 6(b), (d), and (f), and the RMSE results are
summarized in Table I.

From Fig. 6(a), (c), and (e), it is observed that the estimated
SOC profiles of MHE deviate from the true SOC in 1.0C-rate
and 1.2C-rate CCDT cases, whereas the estimated SOC pro-
files of joint-MHE and joint-EKF can well match with the true
SOC in all three cases. Particularly in 1.2C-rate CCDT case, it
could be found that MHE still produces the obvious deviation
after tracking the first several SOC values. The main reason
is the dynamic characteristics difference during the operation
range. At first seconds, the model mismatch level might be rel-
atively low and within the robustness ability of MHE. However,
along with the battery operation, the parameter mismatch prob-
lem becomes more and more serious until beyond the MHE
ability. It illustrates that without online parameter correction,
the MHE has a risk of failure to accurately estimate SOC in the
unseen operational conditions. In contrast, joint-MHE and joint-
EKF can provide the high SOC estimation accuracy due to the
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Fig. 6. Comparison of SOC estimation results and AE in three CCDT cases with SOC0 guess of 50%. (a) and (b) 0.5C-rate. (c) and (d) 1.0C-rate.
(e) and (f) 1.2C-rate.

TABLE I
RMSE COMPARISON OF JOINT-MHE, JOINT-EKF, AND MHE IN THREE CCDT

CASES WITH SOC0 GUESS OF 50%

effectiveness of simultaneous parameter and state estimation
strategy in reducing the adverse effect of model mismatch issue
on estimation. Furthermore, Fig. 6(b), (d), and (f) show that in
all three CCDT cases, joint-MHE generally produces smaller
errors than joint-EKF over the whole range. The same results
also can be drawn in Table I. Take 1.0C-rate CCDT case as an
example, the RMSE value of joint-EKF is 4.17%, whereas that
of joint-MHE is only 1.46%. This implies that the optimiza-
tion estimation strategy allows joint-MHE to achieve the higher
accuracy than joint-EKF.
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Fig. 7. Comparison of SOC estimation results in four HPPC cases with parameter bias of −20% and SOC0 guess of 50%. (a) SOC0 = 90%. (b) SOC0 = 60%.
(c) SOC0 = 40%. (d) SOC0 = 20%.

In addition, Fig. 6(a), (c), and (e) illustrate that joint-MHE and
MHE are able to recover from the bad initial SOC guess within
several seconds in CCDT cases, which is much faster than joint-
EKF. This observation is also confirmed by the AE profiles in
Fig. 6(b), (d), and (f). Take 1.0C-rate CCDT case as an exam-
ple, the SOC estimation errors of MHE and joint-MHE could
drop to 5% after the few first seconds, whereas joint-EKF takes
about 100 s to achieve such a low estimation error level. The
faster convergence speed of MHE and joint-MHE approaches
illustrates that the optimization-based estimation approach is
more effective than the iterative update based approach. More-
over, compared to EKF, which has only current observation for
updating, the utilization of more measurements in one estima-
tion makes MHE provide better estimation accuracy and faster
convergence speed.

All the CCDT comparison results demonstrate that, profiting
from the strategy of simultaneous parameter and state estima-
tion, joint-MHE could effectively tackle the model mismatch
problem originating from the battery dynamic characteristics
difference, and achieve much faster and more accurate SOC
estimation in the poor initial guess condition.

B. Battery Inconsistency

The battery inconsistency is another important origin of
model mismatch. In an ECM, circuit parameters, i.e., the ohmic

resistance R0 , polarization resistance R1 , and capacitance C1 ,
always vary with batteries, yielding the model parameter vari-
ation in battery-to-battery. Considering that the circuit param-
eters and their corresponding polynomial constant terms are of
the same order of magnitude, the polynomial constant terms are
used as the variation parameters here. Furthermore, to charac-
terize the different model mismatch degrees, 4% biases, i.e.,
±10%, ±20%, ±30%, and ±40% are added to the nominal
values of polynomial constant terms. E is used to denote the
percentage bias for simplicity.

The comparisons of SOC estimation results in four HPPC
cases with parameter biases of −20% and +20% are shown in
Figs. 7 and 8, respectively. It is observed that MHE almost fails
to converge to the true SOC in all cases, whereas joint-MHE and
joint-EKF are able to provide stable and satisfactory estimates.
These results indicate that both underestimation and overesti-
mation of model parameters could significantly deteriorate the
SOC estimation performance, and the strategy of simultaneous
parameter and state estimation is an effective way to handle
this problem. Furthermore, compared to joint-EKF, joint-MHE
could provide more accurate SOC estimation and recover from
the incorrect initial SOC guess within less time, which benefits
from both the utilization of sufficient enough information and
the adoption of optimization strategy. Moreover, for the nega-
tive parameter bias of −20%, joint-MHE and joint-EKF show
the slight underestimates in all cases, whereas for the positive
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Fig. 8. Comparison of SOC estimation results in four HPPC cases with parameter bias of +20% and SOC0 guess of 50%. (a) SOC0 = 90%. (b) SOC0 = 60%.
(c) SOC0 = 40%. (d) SOC0 = 20%.

TABLE II
RMSE COMPARISON OF JOINT-MHE, JOINT-EKF, AND MHE IN FOUR HPPC CASES WITH PARAMETER BIASES OF ±20% AND SOC0 GUESS OF 50%

parameter bias of +20%, joint-MHE could almost perfectly
match the true SOC after the convergence.

Table II shows the RMSE comparison among joint-MHE,
joint-EKF, and MHE in four HPPC cases with parameter bias
of ±20%. From Table II, it is found that the RMSE values of
joint-MHE are obviously smaller than that of joint-EKF and
MHE in all cases. The maximum RMSE of joint-EKF and
MHE are 3.96% and 11.13%, respectively, whereas that of
joint-MHE is only 1.86%. All the results show that the joint

estimation algorithms are much less sensitive to the model mis-
match problem originating from battery inconsistency and can
provide more accurate SOC estimates. Moreover, although both
joint-MHE and joint-EKF show the satisfactory accuracy, joint-
MHE seem to be favored due to its better stability and faster
convergence. The higher accuracy of joint methods results from
the parameter update strategy, whereas the lowest error of joint-
MHE is due to the way of using sufficient measurements in one
estimation.
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Fig. 9. Comparison of SOC estimation results in HPPC cycle with SOC0 of 60% and SOC0 guess of 50% in different parameter bias cases. (a) E = ±10%.
(b) E = ±20%. (c) E = ±30%. (d) E = ±40%.

TABLE III
RMSE COMPARISON OF JOINT-MHE AND JOINT-EKF IN HPPC CYCLE WITH SOC0 OF 60% AND SOC0 GUESS OF 50% IN DIFFERENT PARAMETER BIAS CASES

To further investigate the model correction ability of joint-
MHE and joint-EKF, two joint estimation methods are then
applied to the HPPC cycle with SOC0 of 60% in different pa-
rameter bias cases, i.e., ±10%, ±20%, ±30%, and ±40%. The
SOC estimation comparisons are shown in Fig. 9, and the cor-
responding RMSEs are summarized in Table III. From Fig. 9,
it is observed that although the estimation accuracy of both
methods generally decreases with the increasing of parame-
ter bias degree, joint-MHE can accurately track the true SOC
profile in all cases, whereas joint-EKF fails to converge when
parameter bias reaches −40%. Moreover, joint-MHE shows the
better convergence performance. From Table III, it is found
that two joint estimation methods have the comparable esti-
mation accuracy in the positive biases cases, whereas joint-
MHE has higher accuracy in the negative biases cases, es-
pecially the large negative bias case. Take parameter biases

Fig.10. Results of SOC estimation and battery voltage estimation using joint-
MHE for the DST test with SOC0 guess of 50%.
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Fig. 11. Comparison of SOC estimation results in four DST cases with parameter bias of −20% and SOC0 guess of 50%. (a) SOC0 = 90%. (b) SOC0 = 60%.
(c) SOC0 = 40%. (d) SOC0 = 20%.

of −30% and −40% as examples, the RMSEs of joint-EKF
are 4.57% and 25.02%, respectively, whereas those of joint-
MHE are only 1.28% and 2.52%, respectively. These compari-
son results imply that joint-MHE possesses a stronger ability
of model parameter correction in the case of higher degree
of model mismatch. It could be reasonable to say that com-
pared to joint-EKF, joint-MHE has a stronger robustness and
can provide a more reliable and accurate SOC estimation when
there exist model parameter biases originating from battery
inconsistency.

C. Combination of Battery Inconsistency and Battery
Dynamic Characteristics Difference

Compared to the HPPC profile in Fig. 3, the DST profile in
Fig. 4 shows more complex dynamic characteristics and conse-
quently used to validate the effectiveness of joint-MHE under
the variable power discharge regimes.

The estimation results in Fig. 10 show that the estimated
SOC is almost the same as the true SOC and the corre-
sponding RMSE value of SOC is 0.78%, and the estimated

battery voltage could well match the measured voltage and the
corresponding RMSE value of battery voltage is 3.2 mV. It
again demonstrates that joint-MHE could effectively perform
accurate SOC estimation with complex fast dynamic operation
regimes.

Then, to further explore the performance of joint-MHE in the
presence of model mismatch mainly from battery inconsistency,
four DST cycles with SOC0 of 90%, 60%, 40%, and 20% and
two parameter biases of −20% and +20% are studied. Figs. 11
and 12 show the SOC estimation comparison of joint-MHE and
joint-EKF in four DST cases with parameter biases of −20%
and +20%, respectively. Table IV summarizes the correspond-
ing RMSEs. It is observed that although both algorithms can
provide the satisfactory SOC estimates in all cases, joint-MHE
performs better in terms of estimation accuracy and convergence
speed. Moreover, for the case in which both algorithms have the
comparable SOC estimation accuracy, joint-MHE can estimate
the battery voltage more accurately, especially in the presence of
abrupt changes in voltage responses. This observation is shown
in Fig. 13(a) and (b). Again, stronger robustness of joint-MHE
is demonstrated.
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Fig. 12. Comparison of SOC estimation results in four DST cases with parameter bias of +20% and SOC0 guess of 50%. (a) SOC0 = 90%. (b) SOC0 = 60%.
(c) SOC0 = 40%. (d) SOC0 = 20%.

TABLE IV
RMSE COMPARISON OF JOINT-MHE, JOINT-EKF, AND MHE IN FOUR DST TESTS WITH PARAMETER BIAS OF ±20% AND SOC0 GUESS OF 50%

Fig. 13. Results of battery voltage estimation. (a) For 40% DST test with parameter bias of −20%. (b) For one enlarged DST cycle during the 40% DST test.
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V. CONCLUSION

To effectively tackle model mismatch issues, the joint-MHE
approach that can simultaneously estimate the model parameter
and state is proposed here. In this paper, the circuit-equivalent
battery model is first constructed by parameterizing the circuit
parameters as polynomial function of SOC. Then, by the sen-
sitivity analysis, the update parameters are selected and added
to the state-space model as additional states. Finally, the joint-
MHE strategy is conducted for the simultaneous parameter and
SOC estimation. To investigate the performance of the proposed
method thoroughly, three model mismatch conditions are con-
sidered, including battery inconsistency, battery dynamic char-
acteristics difference, and the combination of both. Moreover,
two methods, i.e., joint-EKF and MHE, are utilized for the per-
formance comparisons. It is observed that MHE cannot converge
in most cases due to the lack of online parameter correction,
whereas both joint strategies can provide relatively accurate and
reliable SOC estimation. Furthermore, in the comprehensive
comparison of two joint methods, joint-MHE shows the bet-
ter estimation performance. First, the joint-MHE has stronger
model correction ability. In relatively extreme battery inconsis-
tency case, such as the parameter bias of −40% in HPPC, the
joint-EKF fails, whereas the joint-MHE can still conduct the
accurate and reliable estimation. Second, joint-MHE can gener-
ally provide more accurate and stable SOC estimation. Even in
some cases where the SOC estimation performance of both are
comparable, joint-MHE can track the battery voltage much bet-
ter. Finally, in face of bad initial SOC guess, joint-MHE shows
faster convergence speed and stronger robustness. The SOC es-
timation RMSE of joint-MHE is smaller than 2% in most cases.
To conclude, the proposed joint-MHE can be seen as an effec-
tive method for the accurate and reliable SOC estimation in the
presence of model mismatch, and consequently would be a po-
tential promising solution for real application of model-based
SOC estimation approach in commercial BMS.
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