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A Lithium-Ion Battery-in-the-Loop Approach to Test
and Validate Multiscale Dual H Infinity Filters for
State-of-Charge and Capacity Estimation

Cheng Chen ~, Rui Xiong

Abstract—An accurate battery capacity and state estimation
method is one of the most significant and difficult techniques to
ensure efficient and safe operation of the batteries for electric ve-
hicles (EVs). Since capacity and state of charge (SoC) are strongly
correlated, the SoC is hardly to be accurately estimated without
knowing accurate battery capacity. Thus, a multiscale dual H infin-
ity filter (HIF) has been proposed to estimate battery SoC and ca-
pacity in real time with dual timescales in response to slow-varying
battery parameters and fast-varying battery state. The proposed
method is first evaluated and verified using off-line experimental
data and then compared with the single/multiscale dual Kalman
filters (KFs). The results show that the proposed multiscale dual
HIFs has better robustness and higher estimation accuracy than
the single/multiscale dual KFs. To further validate the feasibility
of the proposed method for EV applications, a lithium-ion battery-
in-the-loop approach is applied to verify the stability and accuracy
of the SoC estimation, and it is found that the SoC estimated from
the proposed method can converge to the reference value gradually
and be stabilized within 2%.

Index Terms—Battery in the loop, capacity, dual H infinity filters
(HIFs), lithium-ion battery, multiscale, state of charge (SoC).

I. INTRODUCTION

ITH the superiority of high specific energy and spe-
V w cific power, lithium-ion batteries are widely used in the

development of electric vehicles (EVs) [1], [2]. For safe and
efficient operation of EVs, it is essential for battery manage-
ment systems to accurately estimate the state of charge (SoC)
and capacity so that batteries can be balanced and managed
effectively in EVs [3], [4]. However, the estimation of battery
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SoC and capacity is challenging in uncertain and complex EV
environments.

There are various SoC estimation methods. They can gener-
ally be divided into four categories: lookup table methods [5],
ampere—hour methods [6], model-based methods [7]-[9], and
data-driven methods, including neural networks [10], fuzzy con-
trollers [11], and support vector regressions [12]. Among them,
the model-based methods provide the robust performance for
the SoC estimation due to their sustained error correction mech-
anism through the closed-loop feedback. In [7], the Thevenin
model is combined with the Lyapunov-based adaptive observer
to obtain the accurate SoC. In [8], the dual polarization (DP)
model is used to estimate the SoC based on the particle swarm
optimization (PSO). In [9], the resistance—capacitance (RC)
model with the nonlinear characteristics of SoC versus open-
circuit voltage (OCV) for Li-PB is used to estimate the SoC
with the sliding-mode observer. Obviously, the state estima-
tion algorithm and the battery model are the keys of the SoC
estimation. For the former, the Kalman filter (KF) and its im-
proved forms are typically the representative algorithms. The
extended KF (EKF) shows a good estimation of the SoC with
a fast convergence at erroneous initial values of SoCs in [10].
The unscented KF (UKF) is proved to have higher estimation
precision and less computational burden than the EKF due to
its no requirement of linearizing nonlinear model in [13]. The
adaptive UKF (AUKF) whose process and measurement noise
covariance can be adjusted adaptively in the estimation process
is proposed to obtain more accurate results than the UKF in [14].
As a general rule, the KFs can minimize the covariance of the
estimation error based on the assumptions of accurate battery
models and known statistical characteristics of noises, so they
do not make any guarantee of estimation error when the as-
sumptions are not met in the actual process. The H infinity filter
(HIF) based on the minimax error criterion, which is proposed
and improved in [15] and [16], can still guarantee estimation
accuracy in the worst case, and it is increasingly popular in the
field of state estimation [17]-[20]. The experimental results of
the SoC estimation in [21] show that the HIF can provide the
accurate SoC estimation at inexact or unknown statistical prop-
erties of the errors. Furthermore, the adaptive algorithms for
estimating noise covariance matrices are introduced in [22]. In
[23], the mixed Kalman/H-infinity filtering approach is proved
to have better performance than either of the algorithms indi-
vidually. For the latter, battery model parameters significantly

See http://www.ieee.org/publications_standards/publications/rights/index.html for more intormation.
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affect estimation performances, off-line identification of battery
parameters is not appropriate when the working environment
of batteries is changing. For the practical applications in EVs,
online identification of battery parameters is proposed to up-
date battery parameters regularly in [24] and [25], such as a
moving-window least square method in [25], which leads to the
exploration of the joint estimation of battery states and param-
eters such as a recursive least square (RLS) and an AEKF in
[26]. Since the RLS and the AEKF are independent modules
in this method, it is hard to ensure its convergence. In [27], the
combination of state estimation and parameter identification is
used to estimate the SoC and state of energy. The experimental
results show good accuracy and robustness.

In addition, the model-based methods usually obtain the SoC
state equation through an ampere—hour counting method, where
battery capacity is assumed to be a known parameter but actually
changing slowly with aging. To overcome this problem, many
methods have been investigated to estimate battery capacity in
real time [28]-[31]. The OCYV is utilized to obtain the accurate
SoC, which is then used to calculate the battery capacity online
[28], [29]. The accuracy of the calculated capacity depends on
the current, which is difficult to be measured accurately in EV
environments. In [30], the degradation models are established to
estimate battery capacity based on a series of experimental data,
which is very time consuming. In [31], battery capacity is con-
sidered as a system parameter and then a dual EKF is proposed
to estimate the SoC and capacity online. However, fast-varying
states (e.g., SoC) and slow-varying parameters (e.g., capacity)
require dual estimation methods in different timescales [32],
[33], which will not only increase the stability of the estimation
methods but also reduce their computation complexity.

Based on this rationale, this paper uses the HIF to construct
a multiscale dual HIF for the SoC and capacity estimation. To
further verify the reliability and accuracy of the proposed multi-
scale dual HIF for the SoC and capacity estimation, the battery-
in-loop test based on xPC target [34] is set up to closely simulate
EV operation environments for a real-time validation [35], [36].

The rest of this paper is organized as follows. The descrip-
tion of a discrete-time nonlinear system and the multiscale dual
HIF are presented in Section II. Section III describes the imple-
mentation of the multiscale dual HIF in battery systems for the
SoC and capacity estimation. The experimental and simulation
results as well as the evaluation of the multiscale dual HIF al-
gorithm are reported in Section IV. Section V further verifies
the multiscale dual HIF algorithm by the battery-in-loop test,
followed by the conclusions drawn in Section VI.

II. MULTISCALE DUAL HIFs

In this section, the HIF and the single-scale dual HIF are first
introduced as a preparation. Then, the multiscale dual HIF is
proposed to estimate system states and parameters based on the
multiscale discrete-time nonlinear system.

A. HIFs and Single-Scale Dual HIF's

Based on the principle of minimizing the maximum
estimation error, the HIF ensures the good estimation

performance even in the worst case, and it defines cost func-
tion as follows:
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where zj, is the system state and &y, is its guess value; x is the
initial system state and 2 is its guess value; wy, is the process
noise vector for system states; v; is the measurement noise
vector; Py, Q, R, and S) are the symmetric positive definite
matrices that should be chosen by designers based on the specific
applications. According to the mathematical deduction in [15]
and [16], the following recursive filtering algorithm is obtained:

Ky, = P (I - 68, P, + CYR;'C,P,) " CF R,
Tpo1 = ApZip + A Ky (yr — Crr)

Pii1 = Ay Po(I =68, Py + CF R\ CLP) T AF + Q1
(2)
where ¢ is the performance boundary designed by users; Ay
and CY; are the coefficient matrices; P is obtained by recursive
operation from Fy; and K, is the gain matrix at time tj.

The HIF estimates the states while providing the uncertainty
vector of the states which indicates the error bounds of the
estimated states. Three confidence levels of 65.3%, 95.4%, and
99.7% are very commonly adopted in practical applications.
The confidence level of 65.3% will cause the loss of high-
confidence results, while the confidence level of 99.7% will
bring about the overmuch low-confidence results. Thus, this
paper selects the confidence level of 95.4%, which means we
are 95.4% confident that the true state z; will be bounded by
Ty + 24/diag(Xy ), where Xy is the error covariance of state,
which is expressed by

Sk = — KpCp)Spa (I — KpCp)" + Ky Ry K. (3)

To achieve dual estimation of states and parameters, the pro-
cedure includes states update prepared for parameter identifica-
tion and parameters update that is premise of state estimation,
which is summarized in Table I.

The system parameters C? in (5) are the function of the system
states and can be calculated by

o0 dg (x,0,ur)  O0g(wp,up,0) n ag(x;“ukﬁ)dﬂ
b df - o0 o), df
(12)
where
dry _ Of (wp—1,up—1,0) | Of (@p—1,uk—1,0) dzy—y
o 00 Oxy_1 do -
(13)

The derivative calculations are recursive in nature and evolve
over time. The term dx /d0 is initialized to zero unless the priori
information gives a better estimate of its value. This algorithm
is initialized by providing the system states and parameters, the
matrices and performance boundary to the best guesses based
on the prior information.



TABLE I
ALGORITHM OF SINGLE-SCALE DUAL HIFs

Nonlinear System
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where 6, is the system parameter and ék is its guess value; 0 is the initial
system parameter and 0 is its guess value.
Fork € {1,2, ..., 00}, do the following calculation:
Step 1: Time-update equations for parameters
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B. Multiscale Dual HIF's

The dual HIF provide the dual estimation of states and param-
eters. In general, the states show the fast-varying characteristic
and the parameters show the slow-varying characteristic. The
following equation describes a multiscale discrete-time nonlin-
ear system:

Lr = f (xkflvglvukfl) + w1
=0 +p-1
yr = g (Tr, 0, up) + vg

(14)

where k indicates the timescale for system state estimation ac-
complished at the sampling time ¢, and here, k =0, 1, 2,...;
xp is the system state vector at the time ¢;; ! indicates the
timescale for system parameter estimation accomplished at the
sampling time ¢;, and here, [ = L, 2L, 3L, ... (L is the limit
value for scale conversion); 6; is the system parameter vector
updated at the time ¢;, which will be used to estimate system
states between the time t;. 1 and ¢;, 7, and [ = 0 means the ini-
tial value of the parameter, as shown in Fig. 1; wy is the system
input vector at time t,;p; is the process noise vector for system
parameters; and y;, is the system measurement vector at time ¢y

Therefore, the single-scale dual HIF in Table I is improved as
the multiscale dual HIF to estimate system states and parameters
with different timescales as summarized in Table II.
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Fig. 1. Timescales for state and parameter estimation.

TABLE 1T
ALGORITHM OF MULTISCALE DUAL HIFs
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Step 3: Judge whether & divided by L with no remainder. If so, make [ = [ + L
and continue to step 4; otherwise, return to step 1 and get ready for the
calculation of next sampling time.
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III. APPLICATION TO BATTERY SYSTEMS
A. Battery Model

It is important to select a suitable model for the application of
the earlier methods. There are many battery models, such as Rint
model, RC model, the Thevenin model, and the Partnership for a
New Generation of Vehicles (PNGV) model. Among them, the
Thevenin model is widely used because of its balance between
simplicity and accuracy [7], [26], [31]. So, the Thevenin model
is selected in this study and its equivalent circuit is shown in
Fig. 2.

According to circuit theory, this battery model can be de-
scribed by

Ut = Uoc - Up - iLRO

. 1 1 22)
U, = ———U, + —

! CpRp ! - CPZL

where U, is the terminal voltage; U,. is the OCV; U, is the
polarization voltage and U, is the time derivative of U,,; if, is
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Fig. 2. Thevenin model of a battery.

the current; R is the ohmic internal resistance; and C), and R,
are the polarization capacitance and resistance, respectively.

Considering slow-varying behaviors of a battery, we assume
that the battery is a time-invariant system and the load current
is constant at each sampling interval. As a result, (22) can be
converted into a difference equation by standard techniques,
where the discrete-time battery model is modified to a multiscale
model as

—At —At
Uypi1 = — U, .+ |1— — i, R
p.k+1 eXp(Cp,;Rp) p,k+|: eXp<C ,lRp,l>]ZL’k p.l

Ui = Upep — Up o — i 1 Roy
(23)
where At is the sampling period, and its value approximates
to be 1 s in this paper. According to the ampere—hour counting
method, the SoC state equation can be described as a discrete-
time form

n (i) ip At

o (24)

R+l = Rk —
where z;, is the SoC at the time ¢, iy, 5 is the load current at
time ¢j, n(ir 1) is the coulomb efficiency of the battery, and
C, is the battery capacity, which is a function of temperature
and aging level [37], [38]. Together with the model parameters
in (23), C,; is considered as a system parameter and will be
updated at the time ¢;.,, where the subscript [ x L means the
sampling period for the battery capacity.

The relatively stable SOC—OCV curve is usually used to cal-
ibrate battery SoC. In fact, this curve is affected by tempera-
ture and aging to a certain extent, which mainly reflects in the
change of battery capacity [37], [38]. To tackle the capacity
change, the capacity—SoC-OCV curve surface can be used in
the measurement-update process of SoC and capacity, and it is
obtained by the following equations.

First, the OCV can be described by an electrochemical equa-
tion

Uoe.k (Cavz, Zk) =y + a1z + OéQZ;% + 0432}3 + Oé4/2:k
+ asln(z) + agIn (1 — z;) (25)

where the coefficients of (25) are defined as the quadratic func-
tion of capacity as

[Oé() a1 (ig iy Qg Qi Oéﬁ]T =AXx [C(%,l OGJ I]T (26)

where oy, g, as, ag, ay, ai, o are the coefficients in the elec-
trochemical equation and A is a constant matrix and is obtained
by the experimental data.

Up to now, we have the system state vector zj and parameter
vector 6,

o = [Upr 2 ]" 27)

0= [Roy Ryy Cp Ca.,z]T (28)

Combining (23) and (24) yields the state and measurement
equations as follows:
( —At ) 0
exp | ——
Trp1 = f(ox, 01,ur) = Cp il Tk,

0 1
—At

1-— —— )iy R
+ [~ e (C,sz.,l>]ZL’k 7!

n(ir k)i At/ Cqy
Y. =49 (xka alauk) = Uoc‘k - U}),k - RO,liL,k:

(29)

where y;. = Uy, which is the battery terminal voltage, and
uy, = 11, 1, which is the battery current.

B. Implementation of Multiscale Dual HIF's in Battery Systems

According to the multiscale dual HIF shown in Table II, we
estimate the battery state vector with the known battery param-
eters, current, and terminal voltage and then use the new state
vector to update the parameter vector. Because the battery states
and parameters have different changing rates, we can update
those values in different timescales.

From (15), (25), and (29), we obtain all the matrices and
observation equations as

'e ( —At ) 0
wp [ =
Ay = |7 CpiRy (30)
I 0 1
r T
Ci=|-1 ‘9Um~(§;z,zk) :| (31)
L Z=2y
- T
. U, (Cy,2)
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Fig. 3. Implementation flowchart of multiscale dual HIFs.

p _ Uit exp( ~At )_iL,HAt eXp( —At )

R?;,lcp,l Cp,lRp,l Cp,lRp-,l Op-,lprl
oo ()

L.k P CyiR,

by = Up.i—1At exp( —At > 7iL7k,1At p< —At )

Cz,lRp,l Cp iRy Cz,z CpaRp,
by = n@r ) in KAt

Ca
(37

Fig. 3 shows the implementation flowchart of the multiscale
dual HIF in Table II. The detailed implementation procedure is
explained as follows.

While the batteries are discharging, the current and terminal
voltage of the batteries are measured in real time by their corre-
sponding sensors through the low-pass filter modules, and these
measured data transmits to the multiscale dual HIF to execute
the dual estimation which can be shown in the following five
steps:

1) Based on the initial value settings at the time ¢, HIF,
executes the time update and calculates the a priori pa-
rameter estimation &, and the matrix P, by (18). This
step prepares for the next state estimation.

2) After the time update of HIF,, the estimated terminal
voltage at the time ¢;, is obtained. The error between the
estimated and measured terminal voltages is used to ex-
ecute the measurement update of HIF, by the correction
of gain matrix, where the a posteriori state estimation
@} (2)) and the matrix P."" are computed by (19). In
this step, the optimal state estimation at the time % is
used to calculate the a priori state at the next time.

3) Judge whether £ divided by L with no remainder. If so,
make [ = [ 4+ L and continue to step 4); otherwise, return
to step 1) and get ready for the calculation of next sampling
time.

4) On the basis of step 2), HIF, executes the time update
and calculates the a priori parameter estimation éf and
the matrix Ple’* by (20). This step prepares for the next
parameter estimation.

5) After the time update of parameter estimation, HIFy is
ready to execute the measurement update with the a pos-
teriori state estimation and a priori parameter estimation
attime ¢;. Then, we obtain the a posteriori state estimation
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Fig. 4.

Physical map of battery test bench.

éf (CA’a+ ;) and the matrix Plg’+ calculated by (21), which
will return to step 1) and get ready for the calculation of
next sampling time.
There are totally 12 design parameters, including g, Py,
¢, RY, 5., S{ in the state estimation module and 0o, P, Q,
RY, 89, SY in the parameter estimation module. & is the initial
state vector including the initial SoC and the initial polarization
voltage. In this study, the initial SoC is set to 0.8 for the fully
charged battery and the initial polarization voltage is set to 0. Py’
is a2 x 2 symmetric positive definite matrix. The initial values
of Py (i,1) are set correspondingly to the error of the initial state
Z0(). If there is the bigger error of & (), P§ (¢,) should be set
to the bigger value too. Hence, P (2, 2) issetto 0.1 and B (1,1)
is set very closely to zero. Similarly, Q7 is a 2 X 2 symmetric
positive definite matrix. The initial values of Q7 (¢,%) are set
correspondingly to the level of system noise wy, (7). If there is the
higher level of noise wy, (7), Q7 (i,4) should be set to the higher
value too. I?j is a 1 x 1 symmetric positive definite matrix.
The initial value of Ry is set correspondingly to the level of the
measurement noise vy. 9, is a performance boundary related to
the model accuracy; smaller J, means a more accurate state-
space model. If the state-space model is believed to be accurate,
6, should be set very closely to zero. With the high accuracy
mode based on online parameter identification, §, is selected
to be less than 1. S} is a 2 x 2 symmetric positive definite
matrix. The initial values of S} (4, ¢) are determined on the basis
of the degree of interest in the states. If one state x, (¢) is more
interested than the other states, S} (7,4) corresponding to zy (i)
should be set to the bigger value. The state of the SoC is the
focus of this study, thus S7(2,2) is set to 10 and S7 (1,1) is
set to 1. In the same way, the parameters can be tuned in the
parameter estimate module.

IV. VERIFICATION AND DISCUSSIONS

A. Experimental Setup

The battery test bench is set up to acquire the experimental
data and is shown in Fig. 4, which consists of a battery testing
system (Arbin BT2000), three thermal chambers, a computer,
and the batteries or battery pack. The battery testing system
regulates battery charging and discharging with the established
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TABLE III
THE SPECIFICATIONS OF THE CELLS AND ITS RELATED PREPARATION TESTS

Battery types LMO NCM1
nominal capacity 35 2
(Ah)

Rated voltage (V) 3.7 3.6
Cut-off voltage (V) 4.2/3.0 4.1/3.0

Static capacity test, hybrid
pulse test, OCV test, and
driving cycles test at 25 °C

Static capacity tests; OCV
tests; and dynamic stress tests
at 10, 25, and 40 °C and at the

room temperature

Preparation tests

TABLE IV
COEFFICIENTS OF OCV FUNCTIONS-UOC(Z)

(o)) a7y 2 a3 g s g

4.827  —=2.197 2529 —1.128 0.02153 05104  —0.01409

strategy and collects currents and voltages, which are then sent
to the computer. The computer is used for the human—machine
interface and experimental data storage. The thermal chambers
are used to control the environment during the test.

The accuracies of the voltage and current acquisition of Arbin
BT2000 are about 0.05%. The batteries under test in this study
include two kinds of lithium-ion batteries and their specifica-
tions and related preparation tests are shown in Table III, where
the LMO means the LiMn» O, battery and the NCM means the
Li(NiCoMn)O, battery. One NCM battery (NCM1) is used in
the verification process while the other NCM battery (NCM2)
is used in the battery-in-loop verification.

The capacity test is to obtain the battery capacity prepared for
the hybrid pulse test; the hybrid pulse test is used to determine
the battery parameters off-line; both the driving cycles and dy-
namic stress test (DST) are used for verification and comparison
of the aforementioned estimation algorithms.

In Section IV-B, we use the data of LMO battery to compare
three algorithms that are the HIF, the EKF, and the dual HIF for
the SoC estimation with the known battery capacity, which aims
to prove the superiority of the HIF and the dual HIFs. In Sec-
tion IV-C, we use the data of NCM battery to demonstrate that
the multiscale dual HIF can provide more accurate estimation
of SoC and capacity than the single-scale dual HIF and EKF as
well as the multiscale dual EKF.

1) Data of LMO Battery: We can obtain the cell capacity
by means of the capacity test, the OCV function U, (z) in (25)
with the coefficients shown as Table IV and the other parameters
with the data of the hybrid pulse test and the OCV test. They
are all used to estimate the cell state with the off-line EKF and
HIF.

The battery in EVs will be fully charged but not be fully
discharged because of the endurance mileage and the battery
life, the SoC in the range of 100% to 20% is selected in this
study. The driving cycles is used to simulate the typical urban
driving cycle of EVs. Based on the Arbin data-logger, we apply
the current profile based on the driving cycles to the battery, as
shown in Fig. 5(a), and obtain the corresponding trajectory of
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Fig. 5. Testresults of driving cycles: (a) current profile (zoom) and (b) corre-

sponding response SoC.

TABLE V
CELL CAPACITY AT DIFFERENT TEMPERATURES

Temperature 10°C 25°C 45°C Room
Capacity (Ah) 2.0568 2.0806  2.1165 2.0960
1
—TI10
o 08F — 12
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Fig. 6.  SoC reference trajectory at 10 °C (T10), 25 °C (T25), 40 °C (T40),

and the room temperature (Troom).

SoC, as shown in Fig. 5(b), which is used as a reference (or true)
SoC, where it is assumed that the coulomb efficiency is 100%.

2) Data of NCM1 Battery: Similarly, we can obtain the cell
capacities at 10, 25, and 40 °C and the room temperature by
means of the capacity tests as shown in Table V. With the data
of the OCV tests at 10, 25, and 40 °C and the room temperature,
we obtain the OCV functions U,,.(C,, z) with different cell
capacities. Fig. 6 shows the SoC trajectories corresponding to
the DSTs at 10, 25, and 40 °C and the room temperature.

The experimental data at three different temperatures of 10,
25, and 40 °C are used to verify the estimation accuracy of
the multiscale dual HIF algorithm. The experimental data at
room temperature is used to validate its prediction accuracy and
stability.

B. Evaluation of HIF, EKF, and Dual HIF

Based on the experimental data of the LMO battery, the HIF,
EKF, and dual HIF are used to estimate SoC when the initial
value of SoC is erroneous and capacity is known. Their esti-
mation results are compared in terms of the accuracies of the
SoC and terminal voltage, the error bound of the SoC and their
convergence rates.

1) Evaluation of HIF and EKF: With the off-line parame-
ters, the HIF and the EKF are used to estimate SoC when the
initial value is erroneous. The terminal voltage and SoC estima-
tion results of the HIF and the EKF with the erroneous initial
SoC (80%) are plotted in Fig. 7.
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TABLE VI
COMPARISON OF EKF, HIF, AND DHIF wiTH ERRONEOUS INITIAL SOC
SETTING OF 80%
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Fig. 7. Comparison results of EKF and HIF: (a) estimated and measured

voltage and (b) corresponding error; (c) estimated and reference SoC; and
(d) corresponding error.
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Fig. 8. Comparison results of HIF and DHIF: (a) estimated and measured

voltage and (b) corresponding error; (c) estimated and reference SoC; and
(d) corresponding error.

It shows that the absolute value of voltage estimation error is
less than 0.06 V and the absolute value of SoC estimation error
is less than 1% when the SoC is estimated with the HIF. When
the SoC is estimated with the EKF, it has very similar estimation
accuracy to the HIF. However, the HIF has higher convergence
rate than the EKF, namely, the HIF can reach the true values in
70 s, while the EKF takes 140 s.

2) Evaluation of HIF and Dual HIFs: From the observation
of the aforementioned results, it is found that the fitting errors of
battery terminal voltage are slightly high due to the inaccurate
model with the parameters determined off-line. This inaccurate
model also affects the measurement-update procedure for the
SoC estimation. If we pay more attention to the SoC estimation
accuracy, it may result in large errors of terminal voltage or
other states, which will, in turn, cause the large auto-covariance
and error bound and, thus, increase the uncertainty of the SoC
estimation. The dual HIF (DHIF) can provide online estimation
of the model parameters, which can reduce the fitting errors of
terminal voltage and improve the SoC estimation. The terminal
voltage and SoC estimation results of the HIF and DHIF with
the erroneous initial SoC (80%) are plotted in Fig. 8.

It shows that the DHIF has the absolute value of voltage
estimation error less than 0.02 V in most of time except the
initial period and the absolute value of the SoC estimation error

RMS Error of RMS Error of Bounds Error of Convergence
Voltage (mV) SoC (%) SoC (%) Time of SoC (s)
EKF 12.99 1.04 0.20 140
HIF 12.23 0.96 0.20 70
DHIF 5.59 0.35 0.02 30
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Fig.9. Results of SDHIF and SDEKF: (a) estimated and measured voltage and

(b) corresponding error; (c¢) estimated and reference SoC and (d) corresponding
error; (e) estimated and reference capacity; and (f) corresponding error.

less than 0.5%. It is far superior to the HIF in terms of the
estimation accuracies of the SoC and terminal voltage, the error
bound of the SoC, and the convergence rate.

The comparison of the numerical results for the EKF, HIF,
and DHIF is summarized in Table VI.

C. Single-Scale Dual HIF and EKF and Multiscale Dual HIF
and EKF for SOC Estimation and Capacity

Based on the experiment data of the NCM1 battery, the mul-
tiscale dual HIF (L = 60), the single-scale dual HIF (L = 1),
the single-scale dual EKF (L = 1), and the multiscale dual EKF
(L = 60) are utilized to estimate the SoC and capacity when the
initial value of SoC and capacity are erroneous. Their results
will be evaluated in terms of the estimation accuracies of the
SoC, capacity, and terminal voltage as well as the convergence
rate of the SoC and capacity.

1) Comparison Between Dual HIFs and Dual EKF: With
the DST data at room temperature, the estimation results of the
single-scale dual HIF (SDHIF) and the single-scale dual EKF
(SDEKEF) are plotted in Fig. 9 and the estimation results of
the multiscale dual HIF (MDHIF) and the multiscale dual EKF
(MDEKF) are plotted in Fig. 10, where the erroneous initial
SoC is set to 80% and the erroneous initial capacity is set to
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Fig. 10.  Results of MDHIF and MDEKEF: (a) estimated and measured voltage

and (b) corresponding error; (c) estimated and reference SoC and (d) corre-
sponding error; (e) estimated and reference capacity; and (f) corresponding
error.

1.5 Ah while in fact the true SoC is 100% and the true capacity
is about 2 Ah.

Fig. 9(a) shows the measured voltages and the estimated ter-
minal voltages from both SDHIF and SDEKF, and Fig. 9(b)
shows that their estimation errors both are within 0.04 V. But,
SDHIF’s precision is higher than SDEKF between 0 and 30
min, which indicates that SDHIF is more stable than SDEKF
with the erroneous initial values. Fig. 9(c) and (d) indicates the
SoC estimation errors of SDHIF can not only converge to the
reference value in 5 min but also maintain within 1% after con-
vergence, and SDEKF has obviously lower convergence rate
than SDHIF. Fig. 9(e) shows the reference and estimated ca-
pacities from both SDHIF and SDEKEF, and Fig. 9(f) indicates
their capacity estimation errors. They both can converge to the
reference values within 2 min. Fig. 9(f) indicates that the capac-
ity estimation errors obtained from SDHIF can keep in 2% and
remain stable around 0% while the capacity estimation errors
obtained from SDEKF go beyond 2% at about 100 min and have
an increasing trend to negative half axis direction. The earlier
analyses indicate that SDHIF has better robustness and higher
estimation accuracy than SDEKF.

Similarly, Fig. 10(a) shows the measured and estimated ter-
minal voltages from both MDHIF and MDEKEF, and Fig. 10(b)
shows their voltage estimation errors; these errors are slightly
less than 0.03 V. The estimated terminal voltage from MDHIF
is more stable than MDEKF with the erroneous initial value.
Fig. 10(c) shows the reference and estimated SoCs from both
MDHIF and MDEKE, and Fig. 10(d) indicates their estimation
errors. They both can not only converge to the reference values
in 5 min but also keep in 1% after convergence. Fig. 10(c) also
indicates MDHIF has higher convergence rate than MDEKEF.
Fig. 10(e) indicates the reference and estimated capacities from
both MDHIF and MDEKEF, and Fig. 10(f) indicates their esti-
mation errors; they both can converge to the reference value in
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Fig. 11.  Results of SDHIF and MDHIF: (a) estimated and measured voltage

and (b) corresponding error; (c) estimated and reference SoC and (d) corre-
sponding error; (e) estimated and reference capacity; and (f) corresponding
error.

1 min. After convergence, MDHIF can keep the errors in 1%,
while MDEKEF can keep the errors in 2%. The earlier analyses
indicate MDHIF has better robustness and higher estimation
accuracy than MDEKF.

2) Evaluation of Multiscale and Single-Scale Dual HIFs:
With the DST data at room temperature, the estimation results
of SDHIF and MDHIF with the erroneous initial SoC (80%)
and the erroneous initial capacity (1.5 Ah) are plotted in Fig. 11.
Fig. 11(a) and (b) shows the measured and estimated terminal
voltages from SDHIF and MDHIF and their voltage estimation
errors, respectively. It can be seen from Fig. 11(b) that MDHIF
has slightly smaller estimation errors than SDHIF. Furthermore,
MDHIF has faster convergence rate than SDHIF, as shown in
Fig. 11(c). Fig. 11(d) indicates the SoC estimation errors from
MDHIF are less than those from SDHIF all the time. Fig. 11(e)
shows the estimated capacity from MDHIF converges to the
reference value faster than those from SDHIF, where the former
only takes one update and the latter takes many updates and
more time. Fig. 11(f) indicates the capacity estimation errors
from MDHIF are less than those from SDHIF all the time. The
aforementioned comparisons show that the multiscale algorithm
has better robustness and higher estimation accuracy than a
single-scale one.

The battery parameters change slowly, but a single-scale al-
gorithm frequently updates the parameters, which reduce the
stability of the parameters. This will weaken the state correc-
tion based on the terminal voltage and affect the state estimation
accuracy, which, in turn, affects the estimation accuracy of the
parameters. As a result, the single-scale algorithm greatly re-
duces the estimation accuracy and stability, which is consistent
with the experimental results, as shown in the earlier analysis.
Thus, the multiscale algorithm is superior to the single-scale al-
gorithm. The comparison of the numeric results obtained from
the single-scale and multiscale algorithms is shown in Table VII.
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TABLE VII
COMPARISON OF SINGLE-SCALE AND MULTISCALE ALGORITHMS

RMS Error of RMS Error of RMS Error of SimulationTime

Voltage (mV) SoC (%) Capacity (%) (s)
Single-scale dual EKF 11.08 1.59 1.24 2.26
Single-scale dual HIF 11.47 1.07 0.87 2.77
Multiscale dual EKF 10.37 0.90 0.79 1.58
Multiscale dual HIF 9.38 0.64 0.47 1.99
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Fig. 12.

Physical map of battery-in-loop test bench.

V. BATTERY-IN-LOOP VERIFICATION

In order to further verify the estimation accuracy of the SoC
and capacity, the battery-in-loop test bench based on xPC tar-
get is designed to closely simulate EV operation conditions for
a real-time validation of the multiscale dual estimation algo-
rithms.

A. Battery-in-Loop Test Bench

The battery-in-loop test bench is shown in Fig. 12. It consists
of host-PC, Target-PC, electrical load equipment, I/O interface,
and software part. The host-PC is used to design the models
and generate the executable codes in Real Time Workshop in
MATLAB/Simulink. These codes will be downloaded to the
Target-PC through TCP/IP. The target-PC executes the codes to
control and operate the electrical load equipment by CAN bus.
The electrical load equipment regulates battery charging and
discharging with the established strategy and collects currents
and voltages, which are then sent to the Target-PC through
CAN bus. In the Target-PC, these data of currents and voltages
is further imported to the model downloaded from host-PC for
further calculation [27].

With the continuous operations in Target-PC, this bench can
achieve the online estimation of the SoC and capacity in the real
working environment of the battery in EVs to the maximum
extent. It should be noted that the accuracies of the voltage and
current acquisition of electrical load equipment are about 0.5%,
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TABLE VIII
SPECIFICATION OF SELECTED TWO BATTERIES IN BATTERY-IN-LOOP TEST

Battery Species NCM2
Nominal capacity (Ah) 25
Rated voltage (V) 3.6
Cut-off voltage (V) 4.15/2.5
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Fig. 13.  Results of multiscale dual estimation of SoC and capacity in battery-

in-loop test: (a) comparison of estimated and measured voltage; (b) model error,
(c) comparison of estimated and reference SoC; (d) SoC estimation error;
(e) comparison of estimated and reference capacity; and (f) capacity estima-
tion error.

which is aligned with the accuracy of the current and voltage
acquisition in real EVs [27].

Considering that the minimum measurement voltage of elec-
trical load equipment is 5 V, which is higher than the voltage of
a single battery, we select two similar batteries in series for test-
ing and the specifications of the selected two batteries is shown
in Table VIII.

B. Analysis and Evaluation of Multiscale Dual Estimation of
SoC and Capacity

In the case of the battery fully charged, the Target-PC loads
the DST testing current profile to the batteries using the electrical
load equipment. The multiscale dual estimation algorithm based
on MDHIF downloaded from host-PC with the erroneous initial
value of the SoC and capacity is used to estimate the SoC and
capacity in real time. The online estimation results of terminal
voltage, SoC and capacity are plotted in Fig. 13.

It shows the absolute value of voltage estimation error is
slightly less than 0.06 V, and the SoC and capacity estimation
errors can converge to the reference value gradually and stabi-
lize in 2% and 4%, respectively. The results demonstrate that
the proposed MDHIF meets the actual needs and verifies its
suitability of EV applications.
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VI. CONCLUSION

This paper proposes a multiscale dual HIFs for the SoC and
capacity estimation. First, the dual HIF is compared with the
HIF and the EKF for the SoC estimation at the erroneous initial
SoC and known battery capacity based on the experimental data
of the LMO battery. The results indicate the dual HIF has the
best performance and its SoC estimation can converge to the
true value within 30 s while keeping the high accuracy within
0.5%. Second, the multiscale dual HIF is compared with the
single-scale dual HIF and EKF as well as the multiscale dual
EKEF for the SoC and capacity estimation at the erroneous initial
SoC and capacity based on the experimental data of the NCM
battery. The results show that the multiscale dual HIF has the
best robustness and estimation accuracy. Its SoC and capacity
estimation can converge to the true values in 5 and 1 min, respec-
tively, while maintaining the high accuracy within 1%. Finally,
the stability and the accuracy of multiscale dual HIFs for battery
SoC estimation are verified by the battery-in-the-loop approach.
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