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Reduced-Coupling Coestimation of SOC and SOH
for Lithium-Ion Batteries Based on
Convex Optimization

Dianxun Xiao

Abstract—Model-based state-of-charge (SOC) and state-of-
health (SOH) estimation for lithium-ion batteries has been widely
applied in electrified vehicles, while the SOC and SOH estimators
are highly coupled and nonlinear in conventional techniques. This
leads to a bulky design of observer network and complicates the
stability analyses. In this article, a new reduced-decoupling SOC
and SOH coestimation algorithm based on convex optimization
is proposed. This scheme estimates the battery SOC from the
battery model and does not require the classic Coulomb-counting
method. Therefore, it can decouple the capacity estimation from
the SOC estimator and reduce the strong interaction existing in
conventional coestimation methods. Besides, all state variables can
be solved together by one estimator, which is straightforward and
avoids the complicated observer network. Owing to the decoupling
design, the stability of the proposed method becomes more intuitive
and can be always guaranteed according to the convexity analy-
sis without using other stabilizing approaches. In consequence, a
weak-interaction and robust coestimation algorithm of SOC and
SOH can be realized by the proposed technique. The experiments
on a 5.4-Ah lithium polymer battery are implemented to validate
the feasibility of the algorithm.

Index Terms—Convex optimization, cost function, decoupling,
electrified vehicle (EV), lithium-ion battery (LIB), state of charge
(SOQ), state of health (SOH).

I. INTRODUCTION

ITHIUM-ION batteries (LIBs) attract extensive attention
L in electrified vehicles (EV) as energy storage components
due to their desirable merits such as high power density, high
output voltage, and wide operating temperature [1]. A battery
pack composes of various LIB cells to generate high power and
large capacity; and thus, a battery management system (BMS)
is adopted to ensure the battery cells performing in an optimal
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condition. In the BMS, the prediction of the state-of-charge
(SOC) and the diagnostic of the state-of-health (SOH) are the
core functions which represent the rest of energy and reflect
the battery aging, respectively. As the SOC and SOH are highly
coupled in the electrochemical process and hard to be measured,
a coestimation technique is required in the BMS.

Currently, existing battery SOC estimation techniques can
be categorized into two types [2]: model-free and model-based
methods. The Coulomb-counting scheme is the representation
of the model-free estimation, which directly derives the SOC
by the ampere—hour method. However, its accuracy is signifi-
cantly degraded by temperature variation, C-rate, initial SOC,
and accumulated current sensor errors [3]-[5]. Another direct
solution is the open-circuit voltage (OCV) technique which
estimates the SOC through the predefined SOC-OCV table [6],
while a long rest period is required to stabilize the battery
cell. As an alternative, electrochemical impedance spectroscopy
(EIS) is measured in impedance spectroscopy methods, and
parameters such as ohmic resistance and charge resistance which
are parts of SOC function can be analyzed [7]-[9]. Nevertheless,
it is sensitive to noises and requires accurate measurement.

Recently, diverse model-free intelligent schemes have been
well documented to address the strong nonlinearity and un-
certainties of the battery. Fuzzy logic is a typical data-driven
scheme to modeling the battery by the nonlinear relationship
of input data [10], [11]. For instance, a fuzzy logic system
was designed based on the measured EIS data to describe the
states-of-battery cells [10]. The authors in [11], employ a fuzzy
model to characterize the relationship among the OCV, SOC,
and discharge current, and a Kalman filter is further used for
state estimation. Besides, strategies involving machine-learning
techniques are obtained extensive attention, roughly including
support vector machines (SVMs) [12]-[14], and artificial neural
networks (ANN) [15]-[17]. In [12], an automated learning tool
for SOC prediction was designed based on an SVM for regres-
sion, which well estimates the SOC under various operating
conditions. In [15], an ANN trained offline by experimental
data offers the state-space model for an extended Kalman filter
(EKF)-based SOC estimator with high accuracy. Moreover, an
enhanced learning-machine technique using recurrent neural
network (RNN) with long short-term memory was proposed in
[17] to estimate the SOC under different ambient conditions.
However, the accuracy of the data-driven schemes relies on the
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size and quality of training sets, which requires more work on
offline data measurement and testing.

Model-based SOC estimation strategies can offer better ro-
bustness to uncertainties and noises with less offline tuning
effort, which have been emphasized in EV applications. These
methods combine the battery model with the Coulomb counting
to recalibrate the estimated SOC, thereby reducing the inte-
gration errors. This category includes proportional-integral (PI)
observer [ 18], H-infinity filter [19], and Kalman filter [20]-[26],
and particle filter [27], [28]. In [18], PI controllers were adopted
to converge the voltage prediction error and recalibrate the
SOC estimation in the coulomb counting process. The method
is concise and robust to initial SOC values, while the model
nonlinearity and noises can easily degrade the performance. To
enhance the estimation accuracy, various advanced observation
techniques are therefore proposed to replace the classic PI
controllers. In [19], an H-infinity filter with optimal gains was
applied to reduce the adverse impacts of colored noises and
increase the SOC estimation accuracy. Furthermore, Kalman
filters that are optimum state estimator against white Gaussian
noises are emphasized in the battery SOC estimation. Among
these, the EKF shows good adaptation and robustness to model
nonlinearity and thus was used for SOC estimation based on
advanced battery models in [20]-[23]. To improve the robustness
to parameter variation and system noises further, adaptive EKFs
(AEKF) that adaptively updates the measurement and process
noise covariance were implemented in [24]-[26]. Moreover,
particle filters can be used to replace the Kalman filter in the
applications where non-Gaussian noises are dominant. The suc-
cessful applications can be found in estimating the SOC and
battery parameters [27], as well as the maximum available power
state [28]. In summary, most of the model-based techniques
adopt a standard prediction—correction structure, that is, the
Coulomb-counting scheme combined with the battery model
predicts the states, and the error-driven observer is employed as
a corrector to converge the prediction errors. However, when
the battery cell is aged, the capacity and internal resistance
would deviate from the nominal values, which lead to large SOC
estimation errors. Therefore, it is essential to consider the battery
aging, namely, the SOH, when estimating the SOC.

The battery SOH can be expressed by either the internal
resistance or the maximum capacity, which can be indirectly
estimated. Practically, a doubled internal resistance or a twenty-
percent capacity fade represents the fully aging [36]. To esti-
mate the two parameters in real-time applications, model-based
SOH estimation schemes together with SOC estimation are
widely analyzed in the literature. In [29], Hu, et al. proposed
a multiscale framework with dual EKFs to estimate the SOC
and capacity on two time-scales, where the micro EKF takes
charge of SOC estimation in every sampling cycle, and the
slowly-varying macro EKF estimates the capacity. Due to the
highly coupled capacity and SOC coestimation, the dual EKF
should be carefully designed to minimize the mutual influence.
Another multi time-scale SOC and SOH coestimation based on
nonlinear predictive filters were analyzed in [30], where two
coupled nonlinear observers for SOC and capacity estimation are
also required. As an alternative, sliding-mode observers (SMO),
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such as integral-type terminal SMO and dual-SMO in [31] and
[32], respectively, represent the coestimation method on the
same time scales. All the terminal voltage, OCV, polarization
voltage, internal resistance, and capacity are estimated by five
highly coupled SMO, and the design for numerous parameters is
complicated. In [33], authors proposed a more straightforward
solution combining the EKF for SOC estimation and a recursive
least square (RLS) algorithm for SOH estimation. Although the
coupling issue still exists, the algorithm becomes more compact.

To summarize, the SOC and SOH estimation methods
in the literature are highly nonlinear and coupled. Due
to the strong dependence of SOC estimation on battery capacity,
the insufficient precision of capacity diagnostic may further
reduce the SOC estimation accuracy. It significantly increases
the difficulty in observer design since several interactive ob-
servers/filters should be taken into consideration; but more im-
portantly, much more attention needs to be paid into stability
analyses due to the complicated feedback paths. However, local
stability and global stability cannot be easily guaranteed simul-
taneously due to the high complexity of coestimation methods.
Therefore, it is necessary to propose a new coestimation solution
with weak coupling and robust stability, thereby simplifying the
algorithm by fewer observers.

In this article, a new reduced-coupling SOC and SOH coesti-
mation scheme based on convex optimization is proposed. The
proposed method abandons the classic prediction—correction
structure in conventional methods but estimates the battery
SOC/SOH in a new perspective, i.e., numerical optimizer. This
approach can solve the optimal solutions of the battery model
equations by a numerical searching technique. In detail, a cost
function of SOC errors and internal resistance errors is built as a
target function. By searching the local minimum of the cost func-
tion with a multiple-step Newton’s method, the estimation errors
can be minimized, and optimal estimates of SOC and internal
resistance can be found in each sampling cycle. Afterward, the
capacity is estimated separately according to the estimated SOC.
Compared to conventional schemes, the proposed approach has
several advantages.

1) It essentially decouples the SOC estimation and capacity

estimation. The proposed technique directly solves the
SOC through the battery model equations, without the
usage of the Coulomb-counting method to accumulate the
SOC. Therefore, the battery capacity can be decoupled
from the SOC estimation as an independent variable, and
the strong interaction between the SOC estimation and
capacity estimation is eliminated.

2) All the state variables, such as SOC, capacity, and internal
resistance, can be estimated by one optimization solver,
which avoids the complicated observer network design,
e.g., five sliding-mode observers adopted in [31] and [32],
and reduces the number of tunable parameters.

3) The global stability of the proposed numerical solver is
always guaranteed due to the global minimum in the con-
vexity region. Therefore, no additional stabilized designs
(such as widely applied Lyapunov candidate functions)
are required, which further simplifies the estimator and
benefits the implementation.
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Fig. 1. Block diagram of conventional SOC and SOH coestimation methods.

To validate the feasibility of the proposed SOC and SOH
coestimation algorithm, experimental tests based on a 5.4 Ah
Lithium polymer battery cell are implemented with real-time
drive cycles.

II. CONVENTIONAL MODEL-BASED SOC/SOH
COESTIMATION METHODS

Model-based battery SOC and SOH coestimation techniques
offer high estimation accuracy and robust performance, which
make them more suitable for EV applications. A general block
diagram of the conventional model-based coestimation scheme
is shown in Fig. 1. The battery current and terminal voltage are
measured by sensors, and zero-order holders denote the digital
sampling system in which input signals (current and voltage) are
sampled at a fixed frequency.

In conventional coestimation approaches, the Coulomb-
counting method is often used to accumulate the battery SOC by
ampere—hour integration, which can be expressed in the discrete
form at the kth sampling cycle

Sk +1) = 5 (k) — 2WAT

Cy (k)
where the circumflex ‘A’ denotes the estimated variable, z is the
SOC, iy is the input current, Cj, is the battery capacity, Vr is the
terminal voltage, AT is the sampling period, and F(-) represents
the observer function. Then, a voltage equation E(-), which is
varied according to the battery model, is used to predict the
terminal voltage, as follows:

+F Ve (k) =V (B)] ()

Vr(k+1)=E [2(k+1),iy(k),Ro(k+1)|. (2

where R is the internal resistance of the battery. The predic-
tion error between the measurement Vr(k + 1) and prediction
Vi (k + 1) can be used for the observer F(-) to force the SOC
estimate to converge.

Asobservedin (1) and (2), the SOH represented by the internal
resistance and capacity has influence on the SOC estimation;
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therefore, additional observers are required to estimate the two
variables. As a standard approach in the literature, the nonlinear
observer with different structures and gains, i.e., F1(-) and Fs(-),
are applied to configure the resistance and capacity estimators,
as follows:

Ry (k+1) = Ry (k)

+F [VT(k)—VT(k),é(k),C*b(k),...]

Cy(k+1)=Cy (k)

+ By [V (k) = Vi (k).

Q>
—~
=N
=
=
[e=]
—
x>
SN—
—_

The estimated SOH variables are further used in the SOC
estimation (1) and (2) to improve the estimation accuracy when
the battery cell is aged. As can be seen, the SOC and SOH
estimations are highly coupled and affected by each other.

Although various observers and filters in the literature can
offer good estimation accuracy, the highly interactive SOC and
SOH estimations would complicate the observer design. First,
several nonlinear estimators should be separately designed for
SOC, internal resistance, and capacity estimations, and each
of them would involve different observer structures and gains
to ensure local stability. Then, the global stability issue needs
to be taken into account due to the coupling and nonlinearity.
Moreover, the steady state and dynamic performance of each
estimate state is also strongly interactive and requires careful
parameter tradeoff design. Accordingly, it is valuable to sim-
plify the estimator design by decoupling the SOC and SOH
estimations, especially to separate the capacity estimation that
is typically used for battery aging diagnostics.

III. PROPOSED CONVEX OPTIMIZATION BASED
REDUCED-COUPLING SOC AND SOH COESTIMATION SCHEME

As the SOC and SOH coestimation is a multiobjective and
nonlinear estimation problem, it is better to use the online
optimization technique to simplify the algorithm. In this article,
a new convex optimization-based method is implemented to
estimate the battery SOC and SOH with reduced couplings.
The convex optimization is capable of handling complicated
multiobjective optimization problems with a simple structure,
and global stability can be easily guaranteed. By using the
convex optimization, the intricate prediction—correction-based
observer network shown in Fig. 1 is abandoned; instead, the
optimal values of estimates can be searched simultaneously in a
convex region by using only one numerical solver.

The overall block diagram of the proposed method is shown
in Fig. 2. The SOC and internal resistance estimations are
implemented through a convex optimization solver based on
the battery model, while the capacity is estimated separately
according to the estimated SOC. In detail, the outer loop in
Fig. 2 represents the kth sampling cycle where the battery
current and terminal voltage are sampled, and the battery ca-
pacity is calculated independently based on the estimated SOC.
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exp[—AT/(R1Cy)]. The battery parameters Ry, Ry, and C; can
be obtained from experimental data using the genetic algorithm
(GA). However, the internal resistance has a large variation when
the battery cell is aged; and thus, online estimation of the Ry is

The battery SOC and internal resistance can be estimated from
the output current and terminal voltage. Conventionally, the SOC
estimation is based on the Coulomb-counting method, but in
order to decouple the capacity estimation, only the battery model

Fig. 2. Overall block diagram of the proposed SOC and SOH coestimation method based on convex optimization.
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Fig. 3.  First-order equivalent circuit battery model. equations, as (5), are used in this article.

A Newton searching method is embedded in the sampling cycle
to search the local minimum of a cost function (that consists of
estimation errors) by n-times iterations. This Newton searching
technique helps to directly solve voltage—current differential
equations of the battery model and find their optimal numerical
solutions, without the usage of ampere-hour integration and
additional observers. Thus, the capacity estimator is decoupled
from the SOC estimation and the algorithm can be simplified.
Moreover, the updated internal resistance can further reduce the
adverse impacts of battery aging on the SOC estimate. A robust
noise suppression capability is also achieved by the proposed
approach, which ensures high estimation accuracy.

A. Cost Function Based on the Battery Model

The article adopts a simple first-order equivalent circuit bat-
tery model, as shown in Fig. 3. Battery dynamics are represented
by a resistance-capacitor module with an internal resistance
in series. According to [38], the model can offer acceptable
estimation accuracy, while it has less computational burden. The
current and voltage equations of the battery are expressed in

discrete form as follows:
VT(]{?) = Voc[z(k)] — RliRl(k) — Rolb(k) (5)
iri(k+1) = Keiri(k)+ (1 — K.)ip(k)

where V. is the OCV and ip; is the current flowing into the
resistor R;. The K. is a constant value expressed by K. =

In this section, a cost function based SOC and R estimation
method is proposed, which can be expressed as

Gr(k,n) = G2(k,n) + 1,1 G?(k,n) (6)

where G'7 is the total cost function, GG, is the cost function of
the voltage, G is the cost function of the polarization-resistor
current ir;, and X; is the weighting factor. The (k, n) denotes
the cost function in the nth Newton iteration at the kth sampling
instant. The GG, and G, can be derived based on the battery
model

Go(k,n) = Vip(k) — Vocl2(k,n)] + Ryiig, (k,n)
+ Ro(k,n)iy(k)

Ge(k,n) =g, (k,n) — Keig, (k,n —1)
— (1= K,)ip(k —1).

N

The cost function is aimed to find the optimal solution in each
sampling cycle. The battery output current i, (k) and terminal
voltage Vi (k) are first sampled in the kth sampling cycle. The
estimated i, (k,n), 2(k,n), and Ro(k,n) are then updated by
n-times Newton searching within the kth sampling interval. If
the G, and G, can converge to zero, all the estimates will be
accurately estimated.

However, in practical applications, measurement noises and
fast-varying battery current would degrade the estimation accu-
racy. To further reduce the noises, the cost function is enhanced
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with three state filters, as follows:
Gr(k,n) = G5(k,n) + 1 [G2(k,n) + G?C(km)]
+)\2G2z(kan> +)‘3G?R(k/’an> (8)

where G ¢c, G, and G ¢ are the cost function of the current
filter, SOC filter, and internal-resistance filter, respectively.

As the battery voltage, current, resistance, and SOC are on
different scales, weight factors should be added to tune the
weights of all subcost functions. The A, 3 present the weight
factors of SOC and resistance estimation filters, respectively.
The current filter G4 shares the same weighting factor A; with
the G as they are on the same scale. A large weight factor of
the state filter can offer better noise rejection capability while
reducing the response rate. Therefore, the tuning process is a
tradeoff but still simple in the proposed method, which will be
discussed later.

The subcost functions of filters can reduce the noises in each
Newton iteration, as follows:

ch(k’n) = %Rl (kvn) - %R1 (k - 1)
sz(kvn) = ZA’(k,TL) - é(k - 1) 9)
GfR(k7n) = I%O(kvn) - RO(k - 1)

Therefore, if the total cost function G (k,n) is minimized,
all the estimated variables will converge to the actual values.

Itis worth noting that if higher order equivalent circuit battery
models or other battery models are used, the cost function can
be modified accordingly.

B. Newton Searching Technique for the Cost Function

To search the minimum cost function in each sampling cycle,
the Newton searching method is adopted. This method can
guarantee fast convergence if the convergence trajectory is in
a convex region. The searching equations can be expressed as
follows:

01 =—J (Zrn-1) /H (Zpn-1)

iEk,n = ik@nfl + (Sik:,nfl (10)

minimize G ()

where #j,,, = [ig, (k,n) 2(k,n) Ro(k,n)] denotes the esti-
mated state variables in the kth sampling cycle and the nth
Newton iteration. H is the Hessian matrix (3 x 3 matrix), and J
is the Jacobian matrix (3 x 1 matrix), which are the second-order
and first-order partial derivatives to the state variables &y,
of the cost function, respectively. The matrixes H and J are
given by

9°Gr  9°Gr _9°CGr
O, Oin02 Bin,0Ro
.y _ | @2Gr 02y 926Gy
H (&) = 020in, 927 920 R, (I
9°Gr  9°Gr  9°Cr
ORo0in, 0Ro0:  ORZ (km)
.\ [2Gr acr aGr 7
J(@rn) = | Gip, 92 ok } (12)
(k,n)

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 35, NO. 11, NOVEMBER 2020

where

= 2R? + 211 + 2)o,
Hyy = —2R, dgf“7H13 = 2Rqiy

z

2 2
Hoi = Hia, Hap = 2(%2)” — 2G, T e + 223,
= —2i,%ec H3) = Hys, Hsy = Has,

Hss = 27% + 2Ay4

J1 = 2R1G, + 201G, + 2)\2ch,
Jo = —2G, Dee + 223Gy,

J3 = 2G i + 2)»4GfR.

H,, and J;, (xand y = 1,2,3) are the elements of the matrixes.
The derivative of the OCV over the estimated SOC can be
calculated by polynomials or stored by lookup tables.

By (10), a descending direction can be defined to search
the local minimum of the cost function by n-times Newton
iterations. Due to the Newton minimization being embedded
in the kth sampling cycle, the battery output current 4,(k) and
terminal voltage Vi (k) keep constant when the Newton iteration
is implementing. Only the state variables &, are updated
n times until reaching the maximum number of iterations or
satisfying an acceptable tolerance 7,. This ending condition
of the Newton searching in the kth sampling cycle can be
expressed as

1f (n = max No. of iterations) U (G (Zkn) < nz). (13)

The proposed Newton searching method is depicted in detail
in Fig. 2. At the end of the Newton iteration, the newest updated
variables &}, ¢,,q are set as the optimal estimation outputs, i.e.,
2, = & cna. In the next sampling period, the Newton searching
is reapplied and iterated again from n = 1 to its ending condition
(13) based on the (k + 1)th sampled current and terminal voltage.
Furthermore, to achieve the warm initialization that can accel-
erate the iteration, the estimated values in the previous sampling
cycle are set as the initial values of the Newton searching in the
next sampling cycle.

By the proposed Newton searching approach, the local mini-
mum of the cost function can be found in each sampling period.
The estimated variables, including SOC and internal resistance
that minimize the cost function, can be regarded as the optimal
results. Moreover, the capacity value is not used in the proposed
optimization process, and thus the strong coupling between
the SOC and capacity estimation is eliminated. Although the
internal resistance Rg still has some couplings with the SOC
estimation, it can be estimated together with the SOC by simply
adding a subcost function AgG?p r(k,n) in (8). Therefore, the
proposed technique does not require a separated design of the
resistance estimator, thereby avoiding the sophisticated observer
network and simplifying the algorithm and its implementation.

C. Capacity Estimation

The battery capacity can be estimated separately and then used
for aging diagnostic. A simple way analyzed in [33] is adopted
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in this article, as

o bk, (AT
R O T

where the accumulated current over the SOC difference in IV,
sampling cycles is used for capacity estimation. Considering the
battery aging is a slowly time-varying state, /N. can be chosen
as large as possible or employing a low-pass filter to obtain a
stable and ripple-free estimated capacity.

(14)

IV. CONVEXITY AND STABILITY ANALYSIS

Generally, the cost function can be minimized to zero if all
convergence trajectories are in a convex region. Therefore, in
order to prove the stability and convergence of the proposed
optimization method, the convexity of the cost function should
be analyzed.

A. Cost Function With Only Current Filter

The unique local minimum of the cost function is necessary
to avoid the ambiguous convergence. The ideal local minimum
points should be around the zero-estimation-error point that
indicates the estimation is accurate. To analyze the distribution
of the cost function, the estimated values at the (k— 1 )th sampling
instant are regarded as the actual values, and the estimation errors
are considered at the kth instant [34]

:ﬁkfl = Tact

-’f:k,n = Tact Amk,n
where x is the state variables the same as (10), and Ax denotes
the estimation error. It can establish a relationship between the
cost function and estimation errors at each sampling cycle. The
SOC-OCV curve of the experimental battery cell and weight
factors are given in Section V.

For the sake of simplicity, the cost function in (8) without the
SOC and resistance filters is first analyzed. According to (15),
the cost function in (8) can be rewritten by removing the last two
terms and considering the estimation errors, as follows:

15)

Gr(A) = Go(A) + A [GHA) + G7.(A)]  (16)
where A = [Aig,, Az, ARy]. The G,(A), G.(A), and
Gjc(A) can be expressed by

Go(A) = Voc zact (k)] — Voc[zace (k) + Az(k, n)]
— RiAig, (k,n) — ARo(k,n)ip(k) (17)

Go(A) = —Aig, (k,n) + keAig, (k,n — 1)
Ge(A) = Aig, (k,n).

Due to the cost function G (A) always being nonnegative, it
can be easily found that when G7(A), 41 GZ(A), and 4,1 G7,(A)
are all zero, the local minimum values of Gr(A) will be zero
as well. Therefore, the local minimum coordinates satisfy the
following expressions

{ Voo lzact] — Voo zact + Az] + ARgip = 0

18
Aig, =0 (1%
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where the marks of instants, such as (k) and (k,n), are removed
for convenience. It is intuitive that there would be multiple local
minimums A; = [0, Az;, ARy ;] in (18), which may lead to
incorrect convergence.

To analyze the convergence of the optimization, the convexity
should be investigated. If the cost function is locally convex,
the initial states that locate in the convex region can converge
to the local minimums. Also, if the global convexity of the cost
function can be guaranteed, the local minimum will be the global
minimum that can be reached within finite iterations [35]. The
cost function G (A) is said to be convex when its Hessian
matrix H given in (11) is positive semidefinite. This positive
semidefinite of H can be defined when all the leading principal
minors of H are positive, which yields

Hll
H21

H12

my = Hyp >0, mg = o
22

19)

where | e | denotes the determinant of a matrix. For the cost
function (16), the iAo and A3 are zero when calculating H
in (19).

However, due to the high complexity of the Hessian matrix, it
is challenging to solve (19) analytically. In the proposed method,
the convex region of the cost function, as well as the solutions of
(18), are illustrated by plotting. An arbitrary operating condition
of the battery cell is chosen as an example, where the actual
values of the states are z,.; = 50%, Rpact = 0.01 Q, and ig1act =
2 A, as well as the battery current being I,y = 10 A. The SOC
error Az ranges from —50% to 50%, the resistance error AR
is considered from —10 to 10 m{2, and the current error Aig,
is zero because of (18). The numerical results by solving (18)
and (19) are shown in Fig. 4(a). In the case where no SOC and
resistance filters are considered, the solutions of (18) are not
unique and distribute in various SOC errors and resistance errors.
These solutions are all the local minimums of the cost function
as they are confined with the convex region depicted by the gray
area. The convergence to the local minimums can be guaranteed
if the estimation errors are within the convex region. However,
the infinite local minimums lead to incorrect convergent results
that are not around the original. Outside the convex region, no
convergence guarantees can be issued [34].

Therefore, the convex optimization cannot be ensured if the
cost function without the SOC and resistance filters is adopted.

B. Cost Function With Both Current and SOC Filters

As aforementioned in (18), the cost function without the SOC
and resistance filters can only ensure the current estimation error
being zero. The infinite local minimums of the SOC and resis-
tance estimates can be eliminated by adding a SOC estimation
filter to the previous cost function (16), which gives

Gr(B) = G2(A) + A [G2A) + G(8)] + 712G (A)
(20)
where the SOC filter considering estimation errors is expressed
by

Gp. (D) = Az. 1)
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The SOC filter offers a certain local minimum value for SOC
estimation, that is Az = 0 when )\.QGQZ (A) = 0. Therefore, the
issue of the infinite local minimums is solved, and the unique
convergence result can be ensured. To verify it and analyze
the convex region, the numerical analysis by plotting is also
conducted, as shown in Fig. 4(b). It is evident that the cost
function reduces along with the decrease of the estimation errors,
and there is only one optimal solution where the estimation
errors are both zero. As the convexity is guaranteed in the whole
region, the local minimum becomes the global minimum, and
all the initial states can finally converge to the global minimum
within finite iterations. Therefore, the estimation is an online
nonlinear optimization issue which can be solved by lessening
the proposed cost function.

However, the gradient, along with the R, error-axis, is quite
small, which means a minor disturbance on the estimated in-
ternal resistance would lead to a long convergence time or even
infinite the convergence process. Thus, the estimator is not active
if using this cost function.

C. Cost Function With All Current, SOC and
Resistance Filters

As an improvement, the internal-resistance filter is also con-
sidered in this article, which is the final design that has been
mentioned in (8). The finalized cost function is recalled here
with the consideration of estimation errors, as follows:

Gr(A) = GH(A) + 41 [G2(A) + GF.(A)]

+ 20G7.(A) + 23GFR(A). (22)

This filter Az ch r(k,n) has no effect on the local minimum
as it also gives the AR,y = 0, but it can improve the robustness
to the noises and improve the resistance estimation accuracy.
Fig. 4(c) shows the contour plots and the convex region of the
cost function (22). Compared to Fig. 4(b) where no internal-
resistance filter is used, the gradient along the resistance error
increases alot, and there is no effect for the SOC estimation. The
proposed method can thereby quickly converge the resistance
errors with strong robustness to the external disturbance.

V. EXPERIMENTAL RESULTS

A. Experimental Setup and Testing Conditions

To validate the feasibility of the proposed SOC and SOH
coestimation technique, experiments are performed based on
a 5.4-Ah Lithium polymer battery cell. The detailed nominal
specifications and the weight factors of the cost function are
listed in Table I. The experimental setups are as shown in
Fig. 5, including three-channel Arbin BT2000 tester and two
environmental chambers. All data were measured by an Arbin
cycler at a sampling frequency of 10 Hz.

The measured SOC-OCYV relationship is depicted in Fig. 6.
This feature is captured by a constant—current-constant—voltage
(CCCV) test, where a small C-rate (C/15) is used to charge
and discharge the battery cell to minimize battery dynamics
and ohmic losses, and then the average of the discharging and
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TABLE I
PARAMETERS OF THE TESTED BATTERY AND THE COST FUNCTION

Parameter Value
Type Lithium polymer cell
Nominal voltage 37V
Nominal capacity 5.4 Ah
Nominal current 27A
A1 50
Az 20
Az 2000

3 Channel Arbin
Cycler

Thermotron Espec Environmental

Environmental Chamber

Chamber

Fig. 5.

Experimental setups.

4.2

4.0 1

3.8F J

OCV (V)

3.6 J

3.4 ]

2 20 40 60 80 100
SOC (%)

Fig. 6.  SOC-OCYV relationship for the tested battery.

charging curves are used as the final SOC-OCV characteristic. It
is worth noting that the SOC-OCYV curve exhibits a flat change
in the region between 35% and 52% SOC. This characteristic
is more sensitive to measurement noises and increases the chal-
lenge to estimate battery SOC in the overall operating range.
In the article, three drive cycles are used for experimental
validation. All the reference current waveform is generated from
an electric vehicle model under a series of UDDS, US06, and
HWEFET drive cycles. The drive cycle-A that consists of the bat-
tery currentranging from —2 C-rate to 2 C-rate is shown in Fig. 7,
where the terminal voltage, battery current, and actual SOC are
given. The ambient temperature of the drive cycle-A is 35 °C.
This drive cycle is used for initial validation of the proposed
coestimation scheme. Other two drive cycles with larger C-rate
and different ambient temperatures will be introduced later.
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B. Verification of the Cost Functions

The experimental results using drive cycle-A is shown in
Fig. 8, which verify the proposed cost function design and
convexity analyzed in Section IV. The initial SOC is set at
50%, and several cost functions are compared by experiments. In
Fig. 8(a), the proposed cost function with all state filters in (22) is
first adopted, while the cost function with only the current filter
in (16) is applied at 145 min for comparison purpose. As can be
seen, the proposed cost function containing all state filters has a
convergent SOC estimation result, but the estimation becomes
unstable after removing the SOC and resistance filters due to
the infinite and uncertain local minimums, as shown in Fig. 4(a).
Then, the cost function with the current and SOC filters in (20) is
verified and enabled at 145 min in Fig. 8(b). Although the issue
of multiple local minimums is solved according to Fig. 4(b), the
gradient along the Ry-axis, which is close to zero, leads to a long
convergence process, and the estimated SOC is even unchanged
after 145 min.

Accordingly, all the state filters are required to guarantee the
global minimum and convexity, and the overall estimated SOC
with the proposed cost function is shown in Fig. 8(c). The abso-
lute SOC error is shown in the figure, and the root-mean-square
error (RMSE) is 1.467% that can be calculated by

- sz\;l (Zi — Zact,i)z
RMSE = \/ N .

(23)

Meanwhile, the proposed method can converge the SOC
estimate from the initial 50% SOC error to zero in a relatively
short time of 12 s.

In addition, the SOH estimation represented by the internal
resistance and capacity is shown in Fig. 8(d). From the results,
the estimated internal resistance can match the offline identifica-
tion value, that is 11.5 m{2 by the GA. The battery capacity can
be calculated separately in (14) by the accumulated current over
the difference of the estimated SOC between two time points,
where N, is set as 87 000 that denotes 8700 s (sampling period
equal to 0.1 s) in this article. It is worth noting that the selection
of N, has no effect on the optimization algorithm due to the
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(b) Cost function (20) with current and SOC filters. (c) Cost function (22) with all state filters. (d) SOH estimation.

isolated capacity estimation. Before 145 min, the capacity is
assumed as its nominal value, and then the capacity estimation
is enabled to update the battery aging. It is worth noting that
the proposed capacity estimation result has some ripples since
less than one drive cycle is used for aging estimation. In actual
applications, a higher and ripple-free capacity estimation accu-
racy can be obtained by increasing the calculation interval N,
or adding a low-pass filter with very low cutoff frequency, as the
battery aging is much slow. Therefore, the capacity estimation
can be done over several charging/discharging cycles, thereby
enhancing the accuracy.

For the proposed method, three weight factors A 2 3 in the
total cost function expressed by (8) determine the estimation per-
formance. The tuning process of the parameters is a tradeoff but
still simple. First, the weight factor A3 for the internal-resistance
filter affects the noise suppression of the internal resistance
estimation and can be easily assigned. Since the battery aging
and temperature variation are slow, the internal resistance R is a
slowly time-varying value. A relatively large value of A3 can be
select to filter out ripples in the internal-resistance estimate R,
and thus improving the SOH estimation accuracy. Therefore, the
tuning of A3 is simple and does not require much effort. Once
the A3 is assigned, the tuning of other weight factors A o is a
tradeoff between steady-state and transient estimation accuracy.
As the polarization (i.e., the parallel resistor-capacitor element in

the battery model) determines the transient modeling accuracy,
the large weight factor A, for the polarization-resistor current
i R, can enhance the convergence rate, but it would reduce the
relative weight of the SOC estimation filter and hence cause
the SOC estimation to be more sensitive to noises. Similarly, an
excessively large weight factor A, of the SOC estimation filter
would suppress the transient performance. Accordingly, if the
measurement contains large noises, smaller 1; and larger A5 are
expected to filter the noises in estimates, and vice versa. In the
test, the weight factors are set as 50, 20, and 2000, respectively.

To summarize, only two parameters in the cost function need
to be tuned according to the specific applications, and other
SOH-dependent parameters can be simply configured due to
their slow-varying variation and the decoupling achieved by the
proposed optimization technique.

C. Selection of the Number of Iterations

As the SOC-OCV relationship is nonlinear, the proposed
cost function is not quadratic and thus the algorithm cannot
converge within one iteration in every sampling cycle [37].
However, thanks to the convexity proved in Section IV, the
proposed optimization-based coestiamtion method can converge
in a limited number of iterations. In this section, the selec-
tion of the maximum iteration number is analyzed by using
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experimental data. Fig. 9 compares the RMSE of SOC esti-
mation with different numbers of iterations. When the number
of iterations is only one, a larger SOC estimation error can be
found in the both the entire and flat regions, which indicates the
optimization process can not be completed in one iteration. After
selecting the number of iterations to three, the estimated SOC
can track the actual value with a smaller RMSE. However, there
will be not much improvement on estimation accuracy when
further increasing the iteration times. Therefore, three iterations
are enough to complete the proposed coestimation algorithm.
A larger number of iterations can be selected to further improve
the estimation accuracy, especially in the flat region, while the
article choses the number of iterations as three, which can offer
acceptable accuracy and have less computational burden.

D. Performance Comparison With Other Methods

To show the superiority of the proposed strategy compared to
other model-based methods, the estimation results of the existing
SOC estimation strategies and coestimation schemes are used for
the comparison. The initial SOC values of all schemes are set as
50%. The drive cycle-A is used for the comparative analysis.

Fig. 10 shows the comparative results with PI- [18] and
EKF-based [20] SOC estimations, where Fig. 10(a) and (b)
are the results for a fresh battery cell, and Fig. 10(c) and (d)
depict the estimation by considering battery aging with doubled
internal resistance and 20% capacity fade. The parameters are
tuned to ensure the same convergence time for all techniques,
i.e.,0.2min (12 s), which means the same dynamic performance;
and the SOC estimation errors are used for a fair comparison.
In Fig. 10(a), the absolute errors of SOC estimation in both the
PI-based and proposed methods are similar in most cases, while
the maximum absolute errors (MAE) of the PI-based observer
in the flat SOC-OCYV region (35%—-52%) increases to MAE =
6.831%, and the proposed strategy only has the MAE = 3.367%.
This flat feature leads to higher noise sensitivity, and hence it
can be used to compare the estimation performance. For the
EKF-based scheme, as shown in Fig. 10(b), it has a lower error
than the PI-based method, which is MAE = 4.829% in the flat
region, but it is still larger than that of the proposed strategy.
Furthermore, the SOC estimation errors become worst for the
conventional SOC estimation techniques with the mismatched
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internal resistance and capacity values due to battery aging, as
shown in Fig. 10(c) and (d). The battery SOH has a significant
influence on the PI- and EKF-based estimators, and large esti-
mation errors appear in all operating range. On the contrary, the
proposed convex optimization-based coestimation can online
update the SOH, and is thereby capable of tracking the battery
aging and maintaining high estimation accuracy. For intuitive
comparison, the RMSE and maximum errors for all methods
are listed in Table II.

In addition, the proposed coestimation method is compared
to other coestimation techniques. In Fig. 11(a), a recent work
combining EKF and RLS for SOC and SOH coestimation [33]
is used when battery aging happens. The parameter tuning is
the same as the single EKF, and the convergence time is also
12 s. Compared to the result of the single EKF in Fig. 10(d),
the EKF-RLS-based coestimation can update the battery aging
and has higher accuracy than the EKF without tracking the
SOH. The proposed method, however, still shows better SOC
estimation accuracy in the flat region (RMSE = 1.412%) than
the EKF-RLS scheme (RMSE = 2.680%). Another widely
concerned coestimation technique, the dual SMO (DSMO) in
[32], is used for the comparative experiment considering fully
aging, as shown in Fig. 11(b). To reduce the scattering issue
in the DSMO, the convergence time cannot be shorter as 12 s,
and thereby the parameter tuning of the DSMO is based on the
same SOC error after convergence for a fair comparison. As
can be observed, although the DSMO can estimate the SOC
well by considering the battery aging, the convergence process
of the DSMO coestimation method is much longer, which is
around 12.5 min. Accordingly, the RMSE over the entire region
15 3.610% for the DSMO, which is more significant than 1.459%
of the proposed method.

E. Estimation Results With Other Drive Cycles and
Ambient Temperatures

The performance of the proposed scheme is further validated
with high C-rate drive cycles and under different ambient tem-
peratures. Compared to the previous drive cycle-A (2 C-rate @
35°C), thedrive cycle-B (10.2 C-rate @ 25 °C) and drive cycle-C
(12.5 C-rate @ 25 °C) are used and shown in Figs. 12 and 13,
respectively.

Fig. 14 shows the comparative estimation results by using
drive cycle-B, of which C-rate = 10.2 C and temperature =
25 °C. All tunable parameters of the proposed method, EKF-
RLS, and DSMO are the same as the ones used in the drive
cycle-A. The RMSE in the entire drive cycle and the MAE after
convergence are summarized in Table III. Since the drive cycle-B
does not cover the flat SOC region (35%-52%), the results in the
flat region are not listed. As can be seen, the convergence time
of the EKF-RLS method and the proposed scheme are still 12 s,
due to the unchanged control parameters. The RMSEs of the pro-
posed and EKF-RLS are similar, which are 1.502% and 1.653%,
respectively. However, the proposed method has smaller estima-
tion ripples, and the MAE after convergence is 3.214% which
is nearly half of the error in the EKF-RLS method (7.056%).
Besides, the comparison with the DSMO is also shown.
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TABLE II
RMSE AND MAE OF SOC ESTIMATION AMONG DIFFERENT TECHNIQUES IN ENTIRE RANGE AND FLAT REGION (DRIVE CYCLE-A: 2 C-RATE @ 35 °C)

100§

SOC (%)

Convergence Fresh (%) Aging (%)
Techniques Ti mge RMSE RMSE MAE RMSE RMSE MAE
(entire) (flat) (flat) (entire) (flat) (flat)
PI[18] 12 sec 1.988 3.026 6.831 3.219 4.704 15.14
EKF [20] 12 sec 1.740 2.423 4.829 2.470 2.730 12.72
EKF-RLS [33] 12 sec 1.770 2.563 5313 1.826 2.680 5.928
Dual SMO [32] 12.5 min 3.702 1.529 4.193 3.610 1.570 4.683
Proposed 12 sec 1.467 1.412 3.367 1.459 1.412 3.367
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Fig. 11.
(b) Dual SMO.

Comparative experiments with conventional coestimation techniques considering battery aging (drive cycle-A: 2 C-rate @ 35 °C). (a) EKF-RLS.
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Significant ripples in the estimated SOC can be found in the
DSMO method due to the large C-rate, and the convergence
time is also much longer as 12.5 min than the proposed method.

Furthermore, a higher C-rate test (12.5 C) at 25 °C was
implemented by using drive cycle-C. Compared to the drive
cycle-B, the flat SOC-OCV region is covered by the drive
cycle-C and can be used to evaluate the robustness to noises
under the larger C-rate. Similarly, the EKF-RLS and DSMO
coestimation methods are compared to the proposed scheme,
while all tunable parameters of the three methods are the same
as the previous ones. As shown in Fig. 15 and Table IV, the
proposed method and the EKF-RLS have a faster convergence
rate and lower SOC estimation errors than the DSMO method.
While, the proposed estimation scheme is more accurate in
the flat SOC-OCYV region compared to the EKF-RLS method,
which is similar to the comparative test by using drive cycle-A.
The RMSE in the entire range, RMSE in the flat region, and
MAE in the flat region of the proposed scheme are 1.627%,
1.57%, and 3.772%, respectively. The convergence time is
around 12 s.
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(drive cycle-B: 10.2 C-rate @ 25 °C). (a) EKF-RLS. (b) Dual SMO.

TABLE III
RMSE AND MAE OF SOC ESTIMATION BY USING DRIVE CYCLE-B:
10.2 C-RATE AND 25 °C

Techniques Convergence RMSE MAE
q Time (entire) (after convergence)
EKF-RLS [33] 12 sec 1.653 7.056
Dual SMO [32] 12.5 min 6.279 10.186
Proposed 12 sec 1.502 3214
TABLE IV

THE RMSE AND MAE OF SOC ESTIMATION BY USING DRIVE CYCLE-C:
12.5 C-RATE AND 25 °C

Techniques Convergence RMSE RMSE MAE
q Time (entire) (flat) (flat)
EKF-RLS [33] 12 sec 1.864 2.633 5.436
Dual SMO [32] 12.5 min 6.470 2.485 8.967
Proposed 12 sec 1.627 1.570 3.772

Therefore, the proposed coestimation scheme shows bet-
ter performance than conventional coestimation methods in
different C-rate conditions and at different ambient tempera-
tures.

The SOH estimation results of the proposed scheme in drive
cycle-B and drive cycle-C are shown in Fig. 16. The capacity is
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(drive cycle-C: 12.5 C-rate @ 25 °C). (a) EKF-RLS. (b) Dual SMO.

TABLE V
CAPACITY ESTIMATION AT VARIOUS AGING LEVELS
Actual
capazity (Al) 54 5.13 5.1 495 435
Estimated
capazity(Al) 5412 5.108 5.072 5.011 4.268
Error (Ah) -0.012 0.022 0.028 -0.061 0.082

estimated by (14), which is isolated to the SOC and resistance
estimation. As shown, the internal resistance R, and capacity
(' can be well estimated but containing some ripples due to the
large C-rate. Since the capacity fade due to aging is slowly time-
varying, a low-pass filter can be used for the capacity estimation
to achieve ripple-free estimation and accurate aging diagnosis,
which is shown in Fig. 16 as well.

Then, the capacity estimation results at different aging levels
are summarized in Table V. The drive cycle-B and drive cycle-C
are used for the battery cell to accelerate the battery aging due
to the high C-rate current. The estimated capacity is derived by
using the low-pass filter. As observed, the battery capacity from
the fresh battery cell (5.4 Ah) to the end of life (4.35 Ah) can be
well estimated.
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cycles @ 25 °C. (a) Drive cycle-B. (b) drive cycle-C.

VI. CONCLUSION

The article proposes a new SOC and SOH coestimation
method with reduced coupling based on convex optimization.
This numerical estimator can directly solve the SOC through the
battery model, without the usage of Coulomb-counting method;
and therefore, it avoids the strong coupling between the SOC
and capacity estimations. Meanwhile, the internal resistance can
be estimated by simply modifying the cost function, which is
more compact and avoids the complicated design of observer
network. Moreover, the detailed convex analysis proves the
convergence of the proposed optimization on the whole state
plane. In experiments, a 5.4 Ah Lithium polymer battery cell
under a mixed drive cycle was used to validate the proposed
method. The comparative study between the conventional and
proposed methods verifies that the proposed strategy can offer
good estimation accuracy of SOC and SOH.
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