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Charger Integrated Coestimation of Parameters
and States of Battery

Bikash Sah

Abstract—Accurate parameter and state estimations of batteries
are crucial for increasing safety and reliability. The ageing of batter-
ies leads to electrochemical changes, changing the impedance, and
the charge-discharge characteristics. The impedance and derived
equivalent circuit model parameters values support state estima-
tion algorithms. Hence, if the parameters of the battery are not
updated at regular intervals of time or usage, the state estimation
will be erroneous. The battery management system, which per-
forms the state estimation, is limited in functionality and accuracy
due to dependency on predefined parameter values fed during the
initial set-up. Hence, this work proposes charger-side online pa-
rameters and state estimation algorithms based on the impedance
and the equivalent circuit parameters determined during the start
of charging. The accuracies of the proposed algorithms are verified
experimentally for two batteries: A new and an old lithium iron
phosphate battery. Further, the algorithms are tested for four
types of charging: Constant current, constant current-constant
voltage, pulse charging without discharge, and pulse charging with
discharge. The experimental results show the suitability of the
proposed algorithms for estimating battery parameters and states
for both batteries. Moreover, the proposed algorithms are suitable
for other Li-ion battery chemistry also.

Index Terms—Capacity, impedance of battery, Li-ion battery,
parameter and state estimation, state of charge (SoC).

1. INTRODUCTION

HE demand for transportation electrification worldwide

has increased the application of energy storage systems.
Li-ion batteries have emerged as the best solution because
of high specific power densities, better temperature tolerance,
higher constant power range, more usable capacity, and fast
charging capabilities. A major challenge to increase the useful
lifetime and operational safety of the Li-ion batteries requires
accurate determination of parameters and states. The parameters
include impedance, total capacity, open circuit voltage (OCV),
and equivalent circuit model element values. States include state
of charge (SoC), temperature, and real-time capacity [1]. The
value of parameters of the battery changes after multiple charge—
discharge cycles, while the value of states changes within a
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charging or discharging process. It is important to note that
the value of the parameters and states guide the user to decide
the action to charge or stop discharging batteries. Further, over-
charging or overdischarging of Li-ion batteries due to inaccurate
prediction of its parameter and states leads to fast degradation
and safety concerns [2], [3]. Hence, accurate estimation of bat-
tery parameters like impedance and state variables, such as SoC
and capacity, significantly impact the battery’s performance [4].

The impedance of the battery provides valuable information
about the degradation, ageing, possible rise in internal tem-
perature, deviation in OCYV, and possible safety concerns [3].
An increase in the impedance indicate the electrochemical
phenomenon that leads to the increase in the solid electrolyte
interface layer thickness, changes in the diffusivity of ions and
viscosity of electrolyte, decrease in the porosity, and increase
in tortuosity of electrodes [2]. The increasing impedance adds
to Joule losses, reducing the charge and discharge efficiency,
and increasing self-discharge and the internal rise of battery
temperature. Cell venting, fire, or explosions are a few outcomes
when heating exceeds safety limits [5]. Further, impedance is an
important parameter for estimating other battery states, such as
SoC and capacity [6], [7]. Hence, an accurate estimation of the
battery impedance will assist in utilization within safety limits.

Since impedance estimation is critical, different methods to
estimate impedance are reported in the literature. These are
broadly classified into the charge—discharge method, electro-
chemical impedance spectroscopy (EIS), electrical model, and
electrochemical model based. The charge—discharge method
does not require complex instruments. However, the estimated
value has a visible impact of the measurement noise and the rest
period [8], [9]. The use of impedance spectroscopy is widely
reported in the literature and has matured over time, resulting in
accurate estimation. EIS give complex values of impedance for
a wider range of frequencies. The values of impedance at low
frequencies are in the range of a few mf). Hence, the need for
accuracy and precision in measurement makes the equipment
costly, especially when the frequency range is from pHz to
MHz. Another major drawback of this measurement technique
is integrating a separate hardware system that does not support
online estimation. Hence, EIS is mostly limited to laboratory
applications [10], [11]. Approaches are discussed in the litera-
ture to perform online estimation. Broadband impedance spec-
troscopy, which uses multisine wave excitation and a connected
electronic load, is another approach to the online estimation of
impedance [12]. The model-based impedance estimation, which
utilizes electrical or electrochemical models, has challenges
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of complexity and computationally intensiveness, leading to
difficulty in realising the method in a microcontroller [13], [14],
[15], [16], [17].

Another widely discussed approach is integrating online
impedance estimation algorithms in the charger or power-
electronics converters connected to batteries. A strategy for such
anapproach is to attach a calibration device coupled with a power
converter, which precisely measures the battery’s response to a
particular excitation signal. An example of the initial approach is
presented in [ 18], where discrete Fourier transform is used to de-
termine the impedance of a valve regulated lead-acid absorbent
glass mat battery. In an another work, the duty cycle of the control
signal of a dc—dc converter is perturbed to get sinusoidal current
and voltage with dc offset [19]. Since the battery impedance is
unknown, the idea of perturbing the duty cycle in [19] suffered
from a drawback of the unknown response of voltage and current.
The excitation current from the motor controller, along with
added electronics are used to perform impedance measurement
in [20]. The response of the battery to the excitation current is
calibrated, filtered, and using a statistical correlation approach,
the information of impedance is extracted.

Koch et al. [21] supplemented the charger with a switched-
mode amplifier for generating required current waveforms to
perform impedance spectroscopy. The d-q transformation of the
injected ac current ripple is also explored to estimate impedance
in ahigh-power chargerin [22]. A statistical approach such as the
cross-correlation technique integrated into a dc—dc converter is
also presented in the literature to determine impedance [23]. Kim
et al. [24] presented methodology for state estimation of battery
connected to a solar battery charger, where they focused on using
the estimation to add protection in the operation. With different
algorithms proposed in the literature, sinusoidal excitation and
extraction of information from the battery response remain a
common approach. The differences are in either hardware used
for excitation or the process of information extraction. The
impedance information determined from the proposed tech-
niques is used for estimating states such as SoC, OCV, and
capacity.

Accurate SoC and capacity estimations of batteries are a chal-
lenge to date that researchers are trying to solve using various
algorithms. The algorithms are either direct measurement-based,
model-based, or hybrid. The simplest and most common direct
SoC measurement methods are Coulomb counting, SoOC—-OCV
curve, and lookup table [17]. Model-based estimations are
widely used for real-time estimation because of the possibility
of updating estimates based on a feedback mechanism [15]. The
electrochemical model is based on sets of governing equations
and values of parameters that describe the characteristics of a
specific battery. Electrical models use properties of voltage and
current sources, resistors, and capacitors to model the behavior
of batteries. Data-driven models utilize machine learning algo-
rithms such as artificial neural networks, deep neural networks,
and support vector machines to model battery properties [25],
[26]. These estimations based on the models are supplemented
by feedback algorithms such as variants of least square, adaptive
observers, Kalman filters, and their combinations [15], [16],
[17], [23]. Ampere hour counting, internal resistances based,
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OCV-SoC curve deviation, and model-based (electrochemical,
electrical, and data-driven) are widely proposed techniques for
capacity estimation in the literature.

Based on the literature, the major drawbacks of the techniques
for determining parameters and states of the batteries are the
sensitivity to measurement error, environmental errors, mathe-
matical complexity, and computational cost. Hence, there is a
need for less complex estimation algorithms to have an easier
implementation with less computation cost. Further, impedance
which varies based on the electrochemical phenomenon and
ageing in the battery is an important parameter impacting the
state estimation accuracy. Hence, impedance and the equivalent
circuit model parameters should be estimated before the start
of charging. The estimated impedance and the equivalent cir-
cuit model parameters can be incorporated in state estimation
algorithms to improve the accuracy in the estimation processes
irrespective of the ageing of batteries. However, the currently
existing impedance measurement techniques have drawbacks
such as requirements of a separate hardware system, integra-
tion of computationally extensive calibration and estimation
algorithms into separate hardware connected with the power
converter, and an undetermined amplitude of excitation signals
due to changes in the duty cycle of control signals of the power
converter.

Taking into consideration all the challenges, requirements,
and drawbacks discussed in previous paragraphs, in this work, an
algorithm to estimate impedance online and use the impedance
values in SoC and capacity estimation is proposed. The contri-
butions of the work are as follows.

1) An online impedance measurement technique for the bat-
tery is proposed in this work (Fig. 1) by modifying the
reference signal of the dc—dc converter, which performs
charging using any type of technique [constant current
(CCO), constant voltage (CV), CC-CV, and variants of
pulse-based charging] and battery electrochemistry. The
proposed algorithm in this work circumvents the draw-
backs of the existing methods.

2) The impedance estimated online before the start of charg-
ing can be extended to estimate online the equivalent
circuit model (ECM) parameters of the battery, SoC, and
capacity. The process is demonstrated by determining the
OCYV of the battery using impedance. The SoC estimation
is realised using an extended Kalman filter (EKF) based
on the ECM parameters determined online. The real-time
estimation of impedance and parameters in the EKF makes
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the estimation process suitable for all Li-ion batteries,
irrespective of age and chemistries.

3) One of the primary focuses of the work is to develop
algorithms for parameter and state estimation, which are
accurate irrespective of the ageing of the batteries. Since
the complexity in the impedance estimation algorithm is
reduced and can be incorporated in the charger to estimate
impedance and related equivalent circuit parameters, the
impact of ageing in state estimation is also incorporated
with increased accuracy. The claim is validated by per-
forming parameter and state estimation of an old and
a new Lithium-iron phosphate (LFP) battery. Further,
the proposal’s validity is also checked for a different
electrochemistry—Li-graphene battery.

4) The proposed algorithms to estimate the parameter and
states of the battery are integrated into the charger along
with the charging control algorithm, paving the way for
online impedance estimation and eliminating the require-
ment for additional circuits. The proposed algorithms are
verified for their suitability for use in four types of charg-
ing techniques viz.: CC, CC-CV, pulse charging without
discharge, and pulse charging with discharge on an old
and a new battery.

The rest of this article is organized into three sections.
Section II describes the algorithms proposed for estimating
impedance, SoC, and capacity. Section III presents the results
obtained on implementing the algorithms in an experimental
setup comprising power electronics converters and a digital
signal processer for control and estimation. Finally, Section IV
concludes the article with a comprehensive discussion on the
outcome of the work.

II. PROPOSAL OF ONLINE PARAMETER ESTIMATION
A. Impedance

The battery’s impedance varies with change in SoC, internal
or ambient temperature, charge rate (Cy,.) and discharge rate,
ageing, and any change in electrochemistry. The rate of change
in impedance is not predictable, making the impedance esti-
mation a challenge. The drawbacks of the works in literature
are discussed in the previous section. This work performs the
perturbation in the reference signals used in the power converter
connecting the battery, as shown in Fig. 1. Since the battery
charges using dc inputs, the reference current, and voltage values
to charge the battery are constant, a sinusoidal component is
added to these constant dc values such that the converter does not
go into a discontinuous mode of operation. Since the reference
signals are controlled, the output voltage and current at the
battery are known and remain under limits.

The controlled dc—dc converter in a charger gives an output
of either CC, CV, or pulsed current. The value of load current
in CC and pulse charging and the voltage across the battery
in CV is decided based on the reference values. Hence, the
reference values are updated to get a sinusoidal current and
voltage for estimating impedance at the output of the dc—dc
converter, which charges the battery. A detailed schematic of the
proposed impedance measurement algorithm is given in Fig. 2.
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Consider a controlled dc—dc converter that is operating to charge
using CC charging mode. The reference current I, (¢) is defined
as follows:

Io(t) = I4 + IacSin(27Tfpt + ¢z) (D

where I is the dc offset current, I,. is the sinusoid of peak
magnitude I, superimposed over Iy, f, is the frequency of I,
and ¢; is the phase angle of current. The value of 14, should be
less than or equal to |I, — I,.|. If the converter operates in the
CV mode of charging, the variable I can be replaced by V. In
response to the reference, the controller of the dc—dc converter
will produce the duty cycle as follows:

d(t) = Dac + Dacsin(27 ft + ¢;) 2)

where Dy, is the duty cycle for constant offset current, D,
and f, are the peak magnitude of duty cycle and frequency of
waveform to generate I,(t), respectively. Since the battery has
both resistive and capacitive behaviour, the output voltage also
follows a sinusoidal pattern with a change in phase angle.

Vo (t) = Vae + Vaesin(27 fot + ¢y) (3)

where V,, is the voltage at the load, V4 is the offset output voltage,
Ve is the peak amplitude of sinusoidal voltage output, and ¢,, is
the phase angle of voltage. It is to be noted that all the sinusoids
(I,(t),d(t), and V,(t)) are in the same f;,. For determining the
battery’s impedance, a cycle of data is stored in the buffer from
which the peak to peak values of voltage (V,,,) and current
(Iy,,) are determined. The impedance (Z) of the connected
battery is determined by measuring the peak-to-peak values of
Ve and I, and the change in phase angle (¢, — ¢;) for a cycle.

Z= %Am — 6i)- @)
The Z(¢, — ¢i) can be calculated as 360 x tg4 X fp, where t4
is the difference between t,_max and t;_max. The t,_max and
t;_max 1S the time at which maximum value of voltage and current
signals are recorded as shown in (2). The estimated impedance
is used to determine the OCV using (5).

OCV = Vie(S0C) + Iy x Z )

where V. (SoC) is the SoC dependant OCV, and [, is the battery
current.

Since the work focuses on developing parameter and state
estimation algorithms that are accurate irrespective of the ageing
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Fig. 3.  Electrical equivalent circuit model of the battery.

of the batteries, conventional techniques are used to estimate the
SoC of the battery. Further, the capacity is determined using the
estimated impedance and OCV using the proposal presented.
These are explained in the next subsections.

B. Determination of Equivalent Circuit Parameters

The state estimations in this work are performed using a
dynamic electrical model that can capture the characteristics of
the battery during charge and discharge. These electrical models
comprise mostly the combination of RC components [25]. If the
impedance estimated is accurate, the RC' components can be
determined appropriately to improve the accuracy and increase
the application spectrum. Since the impedance and correspond-
ing R and C values are estimated in real-time, the estimated
states easily account for the model and measurement uncertainty,
thereby complementing the estimation accuracy. The RC' model
used in this work is relatively simple but captures the dynamics
of the battery as described in [22], [25]. The ECM of the battery
is shown in Fig. 3. The ECM comprises a resistance in series (Ry)
with asingle RC' network (R; and C') that captures the response
of the battery during transients and a dc source representing the
OCYV as a function of SoC. The values of these components
are required to be computed for implementing any model-based
state estimation algorithms. The ECM for a charge current 7; in
Fig. 3 is described in (6).

Vo =4 Ro
o Wi
Vl—cl

o (©)
VT = ‘/OC(SOC) + V1 + VO

S0Cis1 = SoC, + [ 25kt

where V; and Vj are the polarization voltage and the drop across
seriesresistance (Ry), respectively, 1 is the charge efficiency, and
@ is the capacity of the battery. The equations in (6) are used
to determine the values of (Ry), (R;), and (C7) using recursive
least square with variable direction forgetting. Recursive least
square (RLS) estimation and its variants viz., weighted RLS,
RLS with forgetting factor, and moving window RLS are widely
used for parameter identification [28], [29], [30], [31]. This work
uses the recursive least square estimation using exponential
forgetting (RLSEF) for parameter identification. RLSEF uses
the forgetting factor, which decays the droop in the covariance
matrix. Further, RLSEF has a faster estimation ability with less
prediction error [32]. Since the implementation is to be done
online in real-time systems, the (6) is to be converted into the
discrete domain. Hence, the required equation is converted to the
frequency domain and discretized using the bilinear transforma-
tion. The characteristics of the ECM in the frequency domain
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Algorithm 1: RLSEF Estimation for Parameter Identifica-
tion.

1: Initialize: 0(0), P(0), and A(0)
2: Input ¢[k] based on (15)
3: Update covariance matrix using
Plkl=5[1 — K[k]¢" [k — 1] P[k — 1]]
4: Compute weighing factor using K[k] = P[k]¢[k]
5: Prediction error ¢[k] = y[k] - ¢”[k - 110[k — 1]
6: Estimation 0[k] = 6[k — 1] + K[k]e[k]
7: Identify parameters using (9)

are expressed in (7).

Ry

Vi (s) = Vae(S0C) (5) = ia(s) [RO T I¥RCrs

} .

The transfer function [G(s)] of the system is

G(s) = Vi(s) _ Ry + Ri1 + RoR.1Cis
in(s) 1+ RiCis

where V7, is Vip(s) — V.. The discretization (8) is performed us-

. o . _ 2 1—z1
ing bilinear transformation s = FirT

of Ry, Ry, and C as given in (9).

®)

which results in values

—(as — ) T(1 2
Ro— (aq (12)7R1 _ (apay ;raz),cl _ (1+ap)
1+ ag 1—ad 4(apay + az)
9

where the variable ag, a1, as are given by (10) and the discretized
transfer function in simplified form in defined by (11)

o T—-2R.Cy o — RyT + RiT +2RyR.1Cy
0T T Tyericy Tt T+ 2R,Cy ’
RoT + RiT — 2RyR.1C1
ag = (10)
T+ 2R.Cy
B a1 + agz "t

Gz 1)y = 1722 11
()= P an
where 2! is the unit backward shift operator, and 7" is the

sampling time. Using ag, a1, ag, the (7) is discretized as (12).

VT[]C] = ‘/OC(SOC)[]C} + a()VL[kJ — 1] + alil[k] + asi; Uf — 1}.

12)
The parameter identification starts by rearranging (12) into (13)
ylk] = o7 [KIO[k] + Ae (13)

where d)T is the parameter vector, 0[k] is the regression vector,
and Ace is the effect of input noise in the system. Each vector is
characterized in (14) and (15).

Ok =1 Vplk—1] q[k] i[k —1]]7
O[] = [Voe(SoC)[k] ag a1 as)”. (15)

(14)

With the determination of values in (14) and (15), the RLSEF
is employed for estimating parameters of ECM. The RLSEF is
comprehensively presented in Algorithm 1. K[4] is the adaption
gain in the given algorithm.
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C. Estimation of the State of Charge

Coulomb counting is the simplest technique requiring mea-
sured current to determine SoC. However, the method does not
incorporate methods to reduce the noise in the measurement
and accumulation of error during estimation. Kalman filter,
which uses a solution methodology called sequential proba-
bilistic inference, is the most popular method to estimate SoC.
The Kalman filter relies on using a dynamic electrical model
(described in the previous subsection) that can capture the char-
acteristics of the battery during charge and discharge.

Linear, extended, unscented, or sigma point and particle filters
are different approaches of Kalman filters used to date for
estimating SoC. EKF and unscented Kalman filters (UKF) are
widely used in literature for estimating SoC. However, EKF is
less complex and computationally inexpensive when compared
with UKF. Literature has also shown that the precision in esti-
mating states is also not compromised [33], [34]. Further, UKF
relies on some unpredictable values to solve the equation to
estimate states [33]. Hence, EKF with the values of components
of ECM estimated using the algorithm in the previous subsec-
tion is used in this work to estimate SoC. EKF relies on the
minimum value of the mean square estimate to determine the
state, and hence, mitigates the impact of measurement noise and
accumulated error.

Based on (6), the state equations in discrete form describing
the dynamics are given in (16) and (17).

1 0 [sock}
At
0 6(7 R161 Vik

At

Crn
1— e(_ RlAél)
Yr+1 = OCV (SOC}C+1) + Ryip + V1k+1 + Vgt1.
(17)

The value of Ry, Rq, and C; is taken from Section II-B.
The nonlinearities associated with the system are modeled and
incorporated as (18) and (19).

+ i + wg (16)

(18)
19)

Tpy1 = fap, up) + wi
Y1 = f(@rt1, k) + Vg1

where x1, = [SOC, V}1|T are the states at time k, u, is the input
current at time k, f (g, u) symbolizes the dynamic of states
at time step k, yr41 is the system measurement at time step
k + 1,and h(x41, uy) represents the measurement model. The
EKF estimates the value of states and determines the process
using a feedback control mechanism involving steps of time and
measurement updates. The current and forward states are deter-
mined during the time update, while the measurement update is
responsible for improving the posteriori estimate based on the
new measurement. An EKF is initialized with a state estimate
of &(0), error covariance (P(0)), process noise covariance (Q),
and R as the measurement noise covariance. The estimation
of SoC is given in Algorithm 2, where &y, is the posteriori
estimate of the state at time step k given measurements up to
time step k& with a corresponding posteriori covariance Pk‘k,
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Algorithm 2: EKF Estimation for SoC Estimation.

Input: £(0), P(0), Q, R

1: Prediction steps
(D Priori estimate time update 1, = F'Zy, + Bug
(II) Error covariance time update
Peyije = FPy FT 4 Qy

2:  Measurement update steps
(I) Kalman gain matrix K, ;| = Pk+1\ng+1(Sk+1)_1
(IT) Posteriori estimate
Tpripr1s = Terip + K1 [ve+1 — (M(@k41, ukt1))]
(IAII) Error covariance measurement update
Potipsr = (I = Kpg1 Heqo1) Pogagi

= %| #xpeou 18 the linearized state transition matrix, and B
is the input matrix applied to the current input, uy, as in (16).
The EKF has been shown to be successful at accurate SOC state
estimation, especially when it is fed with the correct covariance
magnitudes for the state and measurement noise processes, ()
and R. Further, the system model uncertainty with change in the
battery is incorporated by the real-time estimation of parameters
used in EKF.

D. Capacity

Capacity is estimated using a fuzzy logic estimator (FLE).
Unlike other state estimators, FLE does not require mathematical
equations describing the system’s dynamics. The operation of
the FLE is based on a set of rules defined by the developer
using the knowledge base. The rules are framed to capture the
nonlinearity of a system. Further, studies have shown an increase
in the accuracy of an FLE when an appropriate shape and number
of membership functions are selected [35], [36]. In this work,
the inputs to FLE are SoC estimated using EKF, and the OCV
is computed based on the impedance of the battery.

Mamdani and Sugeno are the two types of fuzzy logic systems
widely discussed in the literature. Of the two, in this work, the
Mamdani type FLE is used to determine capacity because of
the possibility of defining the rule base based on the developer’s
intuitive nature and the property of interpretability. The rules are
defined using triangular membership functions (MFs) because
of the simplicity in implementation, less computational cost,
and ability to yield optimal outputs. The choice of the number
of MFs is a tradeoff between the accuracy and complexity of the
system. A higher number of MFs can improve the accuracy of the
system, but it also increases the complexity of the computation.
For example, a large number of MFs can lead to overfitting and
poor generalization, while a smaller number of MFs can lead
to underfitting and poor performance. It’s important to carefully
evaluate the tradeoffs and choose the number of MFs that best
suit the specific requirements of the system [38], [39]. Expert
knowledge-based, empirical, analytical, and heuristics are a few
approaches mentioned in the literature to determine the number
of MFs. Of the different approaches to deciding the number of
MFs, a knowledge-based and empirical approach is considered
in this work. Fig. 4 shows the structure of the FLE. Consider a



7928

base

Fuzzifier

I Output

linguistic
variables of
fuzzy

Input linguistic
variables of
fuzzy

Defuzzificaiton|

“H
SoC

20 MFs 10 MFs
(SoC)  (OCV)

*’
Crisp value

200 rules Centroid

Fig. 4.

Schematic representation of the capacity estimation.

"
10
]
8
g 7
N B~
E 54
<
% )
O 3
24
1
15 =
oCV (V) i SoC (%)
Fig. 5. Surface plot of the rules in the inference system of the FLE.

triangular MF defined in R in a range [a, ¢|, with a mid value
of b, slope of o, the fuzzification of the input value z is defined
by (20).

0,2 €] — o0, a] U [e, 0]
—ifx < [a,b]
eifx e b

(z) = (20)

The OCV inputs are fuzzified using 10 MFs symmetrically
distributed ranging from 7.5 to 15 V, the SoC using 20 MFs
symmetrically distributed ranging from 0 to 1 (0 % to 100
%), and the capacity using 20 MFs symmetrically distributed
ranging from 0 to 12.5 Ah. The fuzzified inputs are passed to
the inference system, which is based on max—min inference and
has rule base developed based on the knowledge and experience
of the expected outputs. The inference system is supported by
the rule base designed by developers, And, Or, implication, and
aggregation processes. The surface plot of the rules is shown in
Fig. 5. The centroid method (21) is used for the defuzzification
process. The output of the defuzzification process of FLE is the
crisp value (capacity).

z, = M(m)dw

I pe

where z is the input fuzzified in considering the range of MFs,
x, is the value of centroid (defuzzified output), and f denotes
an algebraic integration.

21
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III. EXPERIMENTAL VALIDATION

An experimental setup is developed to validate and check
the effectiveness of the proposed battery parameter and state
estimation algorithms. Hardware-in-loop testing is a simplistic
and fast approach to testing the proposed algorithm in a practical
system. The experimental setup developed to test algorithms is
shown in Fig. 6. The setup comprises a Crydom rectifier module-
M5060TB 1000 with output LC filter, a dc—dc converter (buck
topology), a controlled discharge circuit comprising resistive
load, and Heliocentris programmable electronic load (EL2400),
LEM LV25-P, and LEM HO 50-S as voltage and current trans-
ducers, respectively. The specifications of the power converter
and electronic load are given in Table S.1. TMS320F28335,
a 32-bit microcontroller with 12-bit, 12.5 M samples/second
analog-to-digital converters (ADCs), is used to realize the close
loop digital controller.

The monitoring desktop is configured to perform a real-time
simulation of the estimation algorithms, including impedance,
SoC, and battery capacity. The proposed algorithm is verified
in a new and an old battery based on the availability in the
laboratory. The batteries are of LFP electrochemistry. Both
batteries are rated at 12.8 V nominal voltage and 12 Ah ca-
pacity. The details of the batteries are given in Table. S.2.
Apart from the mentioned details of the experimental setup,
YOKOGAWA 700924 differential voltage probe and HAMEG
HZ050 current probe are used to record appropriate current
and voltage waveforms using the YOKOGAWA DLM2054
oscilloscope.

An overview of the algorithms implemented in the exper-
imental setup is shown in Fig. S.1. The figure comprehen-
sively presents all the algorithms and shows the utilization
of the estimated impedance and related parameters of ECM.
The state estimation starts after the parameter estimation is
complete. The parameter estimation algorithm is expected to
be initiated every time before the start of charging. The pa-
rameters required for the state will be updated, increasing es-
timation accuracy. Further, the decrease in the accuracy of the
estimation algorithms due to the ageing of batteries is also
mitigated.

1) Impedance Estimation: The estimated impedance is based
on the process described in Section II-A at f,, = 1 kHz. The suit-
ability of f,, is determined based on the test frequency mentioned
in the battery datasheets from different manufacturers [37], [38],
[39]. Examples of real-time impedance estimation of the old and
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Fig. 7.

Determined values of impedances online at different SoC values for the two batteries. (a) Old battery- SoC 25%. (b) Old battery- SoC 60%. (c) Old

battery- SoC 100%. (d) New battery- SoC 25%. (e) New battery- SoC 60%. (f) New battery- SoC 100%.

TABLE I
ECM PARAMETERS OF THE BATTERY DETERMINED FROM TEST

ECM parameters of battery

Parameters RO (2) R1 () Cl (F)
Old 0.358 0.17 35890
New 0.19 0.05 26560

the new battery variants are shown in Fig. 7. The impedance is
used to determine the OCV and capacity. The parameters of the
battery are identified online using RLSEF (Section II-B) is given
in Table I. The estimated values show that higher ageing has a
high value of impedance when compared to the new battery.
Further, the resistance (Ry) of the old battery is approximately
four to five times higher in comparison with a new battery.

A. Parameter Identification of the Batteries

1) OCV-SoC Test: The accurate estimation of the SoC re-
quires the determination of OCV. The OCV is estimated using
(5). Further, OCV is a parameter which varies based on the
changes in the equilibrium potential of the battery. Hence, true
OCV is determined either by allowing the battery to rest for
an extended period such that the change in OCV is lower than
1 mV/min, or a very low (C/20) charging and discharging rate
isused [23]. A very low charging and discharging rate allow the
battery to remain close to electrochemical equilibrium. Using
the relaxation time method is challenging, time consuming, and
has possible errors due to unknown relaxation times of battery.
Hence, C/20 is charging, and discharging method is used. The
setup shown in Fig. 6 is used to perform the test. The curves
of OCV versus SoC obtained using the experiment for the two
batteries are shown in Fig. S.2 and the coefficients of curve fit
are given in Table S.3.

2) SoC and Capacity Estimation: SoC in this work is esti-
mated using EKF based on the online ECM parameters estimated

and the OCV-SoC curve. The working of the EKF is described in
the previous section. The OCV-SoC curve is used to determine
arelationship in the form of a higher-order polynomial equation.
Although the work is focused on determining SoC during charg-
ing, both charging and discharging are done to record the effect
of hysteresis in the battery due to ageing. The discharge test starts
after inspecting the terminal voltage is 14.6 V, which infers the
full charge state of the battery. Since, at a lower charge and
discharge rate, the terminal voltage is equal to OCYV, a constant
discharge of C/20 is performed, monitoring the terminal voltage
of the battery. On reaching 8 V, the cut-off voltage of the battery,
the batteries are discharged at a constant voltage to reduce the
discharge current to C/50. After complete discharge, the batteries
are charged at a C/20 rate up to 14.6 V. On reaching 14.6 V, the
CV mode is activated until the charge current reduces to C/50.
The monitoring of the terminal voltage leads to the OCV values,
and the current help to determine the SoC using the coulomb
counting (CC) method (22).

k
SOC, = SOCy — / ncIL(T)dT/Cnominal,k: (22)
ko

where SOCy is the initial SoC of the battery, 7). is the charge or
discharge efficiency, Ir,(7) is the charge or discharge current at
time 7, and Cyominar, i 1S the nominal capacity. While performing
the charge-discharge test, since the terminal voltage is either
maximum or minimum, the SOC is taken as 100% or 0%,
respectively. The SoC determined using CC is used as areference
while validating the estimated SoC using EKF. The OCV-SoC
curve is shown in Figs. S.2a and S.2b. The difference between
the charging and discharging voltage for the old battery is more
signifying the increase in the hysteresis with the ageing of the
battery. A ninth-order polynomial fit is performed to use in the
SoC estimation of battery using EKF. The coefficients are given
in Table S.3. The next subsection will present a robustness study
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in estimation based on the estimated parameters during different
charging techniques.

The estimated SoC and OCV are used to determine the
capacity further using FLE. Since SoC and OCV are translated
into 10 and 20 MFs, respectively, 200 rules are formulated in the
rule base supporting the inference system. The capacity used for
comparison is determined using the current and time data logged
using the OCV=SoC test. The algorithms were also tested for a
new battery of different electrochemistry— Li-graphene, whose
results are presented in supplementary file (S.1.A.).

B. Validation of Proposed Algorithms for Different Charging
Techniques

The estimation of impedance, SoC, and capacity is validated
for four different types of charging algorithms, viz., CC, con-
stant current constant voltage pulse charging without discharge
(PCWD), and pulse charging with discharge (PCWiD). The
experiments are performed at three different charging currents
of 2, 3, and 4 A. In the case of PCWD and PCWiD (Fig. 8),
the average charging current is maintained at respective current
defined (2, 3, and 4 A). A period of 60 s is fixed for PCWD
and PCWiD. The values of peak amplitude of current (/peax ), off
time (fof), on time (%o ), rest period (fo in PCWD and 2t + t4
in PCWiD), and discharge pulse period is determined based on
(23) and (24).

ton

ton + toff
1

— X

ton + 2toff +tq

With an increase in rest periods, the peak amplitude increases
to maintain the same average current. Further, the addition of
a discharge pulse adds to an increase in the peak amplitude.
In this work, the time period of a pulse for both PCWD and
PCWiD is kept at 60 s. Hence, as an example, for PCWD,
to maintain an average current of 2 A, the Ipea is 2.5 A for
ton = 48 s and to = 12 s. Similarly, for PCWiD, for main-
taining an average current of 2 A, the Ipeq is 3.142 for ¢, =
48 sand tof = 6 s and t5 = 6 s. The estimated SoC and capacity
for different charging current, for four different charging tech-
niques are given as a supplementary material in Figs. S.3 and
S.4. Further, to distinguish the estimation results and compute
errors, plots with zoomed version are also provided in Figs. S.5
and S.6.

Iavg = X Ipeak (23)

[(ton X Ipeak) - (td X Idls)] . (24)

Iavg =
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Fig. 9. Errors in SoC and capacity estimation of new and old battery for
different charging techniques.

In the plots, the real SoC and capacity are the values computed
while determining OCV-SoC curves. The plots of SoC and
capacity follow the real values for each charging technique.
Further, the robustness of the estimation algorithm is determined
in the next subsection.

C. Robustness Study Against Variation of Charging
Techniques

The work in literature performs a robustness study by varying
the values of impedances and adding artificial noise in the
inputs to the algorithm. This work performs the estimation in a
real-time system with actual sensor noise. Further, to verify the
robustness with ageing, an aged battery which has degraded by
approximately 25% to its full capacity is considered. The mean
average percentage error (MAPE) between actual values and the
estimated is calculated as arobustness parameter. The estimation
error in SoC and capacity are shown in Fig. 9 and the MAPE of
each are plotted in Fig. 9(a) and (b), respectively. The estimation
error in SoC and capacity is least when the CC technique is used.
The error in CCCV is comparable to CC because a major part
of the charging is dominated by CC. The discharge period in
PCWiD keep the rise in the terminal voltage of the battery closer
to the value of OCV-SoC curve determined. Hence, in most of
the cases, PCWiD shows least error in both SoC and capacity
estimation. However, low value of estimation errors for different
charging types, charging current, and ageing of battery, validates
the robustness of the proposed algorithms.

IV. CONCLUSION

This work presents a proposal to estimate the batteries’ real-
time parameters and states. Impedance and the ECM parameters
are required when in model-based state estimation algorithms.
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An impedance estimation technique is proposed that is im-
plementable without adding any extra circuitry or formulating
a complex algorithm. The existing power electronics circuit,
which charges the battery, can generate required signals by mod-
ifying the reference signal. Capacity degradation or ageing is
seen in the batteries due to electrochemical changes. The degra-
dation is reflected as an increase in impedance. The increase in
impedance impacts the values of the electrical equivalent circuit
parameters, which are used to estimate the states such as SoC
and capacity. The accuracy of the states estimation algorithm
further depends on the robustness of the selected algorithm for
estimation and the make of the cell. Hence, a real-time deter-
mination of impedance and related parameters adds accuracy
in estimating the associated states such as SoC and capacity.
The accuracies of the proposed algorithms are validated in an
experimental setup by implementing different charging types,
viz., CC, CC-CV, pulse charging without discharge, and pulse
charging with discharge. Further, two types of LFP batteries—
new and aged—are used to validate the proposal to estimate
accurately irrespective of a significant change in impedance
due to ageing. The accuracy of the proposed online estimation
algorithm proves the competency and ability to reduce the
impact of ageing. Additionally, the work opens directions for
research in chargers with integrated parameter and state esti-
mations. The integration will help to develop online condition
monitoring models, which can provide suggestions to limit the
rate of charge and discharge and increase the safety of battery
packs.

Supplementary Data and Information: The relevant data sup-
porting the proposal and results are attached in continuation to
this manuscript.
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