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Abstract

Lithium-Sulfur (Li-S) batteries are an emerging and appealing electrical energy storage technology. The literature on the State-
of-charge (SoC) estimation of Li-S is readily available. In real-world, battery operated vehicles and equipment need to monitor
the electrical energy. This paper focuses on State-of-Eneergy (SoE) estimation of Li-S battery based electric propulsion system.
This paper bridges literature gap of the SoE estimation of Li-S battery. While comparing mathematically, the definition of the
SoC and SoE batteries are different. Reviewing the SoC estimation, this paper compares the SoC and SoE estimation for same
data set. The challenges in Li-S SoC and SoE estimation include battery modelling and time-varying parameters and nonlinear
voltage measurement, which has deeply skewed high-plateau and flatted low-plateau characteristics. Modelling Li-S battery as
a Thevenin’s equivalent circuit network (ECN), the battery parameters are estimated using Predict Error Minimization (PEM)
approach. For estimate SoC and SoE, the extended Kalman filter (EKF) is used. Since the parameters are high sensitive to
battery current, the estimators use parameters obtained by polynomial fitting model. A simple switching logic based on SoC-
measurement voltage is used to join the high- and low-plateau. The degree of observability analysis is used to investigate the
performance of SoE estimation by the EKF. Using experiment test data, simulation results demonstrate the performance of both

SoC and SoE estimators. Results show that the SoE estimation is as close to the SoC estimation.

1. 1 Introduction

Lithium-sulfur (Li-S) battery technology has been active
research since last few decade, for instance [1-6, 8]. The
principal of Li-S battery chemistry reactions and features
studied in [3]. Compared to Lithium-Ion (Li-Ion) and solid
state batteries, the Li-S batteries are weightless, high energy
storage capacity, more safe, fast charging and less cost. With
these note, it may be better choice of energy source to
applications where, weight and safety have concern that
including electrically propelled aircraft [16] and electric
ground vehicles [7]. Battery management system (BMS) are
an essential and important component in such applications.

The challenges for battery management system
(BMS) community is to develop the state-of charge(SoC),
state-of-available ~ power (SoAP) [10], state-of-
energy(SoE)[14], and state-of-health (SoH) algorithms under
nonlinear voltage measurement. We need nonlinear
estimation algorithms. Literature [1-5] explored on SoC
estimation of Li-S battery using Kalman-variant filters [3,4]
and adaptive neuro-fuzzy inference system (ANFIS) [5]. In [8-
9, 14] the SoE of Li-Ion explored.

Compared to SoC, which indicates the residual
capacity, the SoE provides the residual energy of battery.
Power performance of battery due the power fluctuations
caused by acceleration, climbing and regenerative braking can

be monitored while estimating energy. Compared to lithium-
ion Li-Ton [7] batteries, the Lithium-Sulfur (Li-S) cells have a
distinctive open-circuit voltage (Voc) profile: at high states of
charge there is a ‘high plateau’, starting at around 2.35 V, and
at low states of charge there is a flatter ‘low plateau’ at near
constant voltage. This distinctive behaviour results
nonlinearity in the system and measurement models of battery.
This paper focus on the SoE estimation of Li-S battery
using Extended Kalman Filter (EKF. As literature on Li-S
battery’s SoE estimation is not available, this work would fill
that the gap. This work differs from the literature as follow: In
our previous presentation [8], based on Coulomb counting
(CC) of SoC formula and the theoretical SOE defined in terms
of terminal power (V;1;) , we discussed the how much the SoC
of Li-S cells is very close to SoE of Li-Ion and Li-S. Compared
to [8], this paper focuses on EKF based SoE estimation. In
addition to compare SoE to the SoC estimation, this work also
investigates the impact of SoE defined as function of
remaining power (V,.(SoE)I;) of Li-S. The EKF based SoC of
Li-S [3] developed with a blend function in order to smooth
linking of polynomial curve fitting of low and high-plateau. In
contrast to [3], this work investigates the EKF based SoE and
compared that to SoC estimation.
In this work the SoE estimation of Li-S battery
problems are formulated, and designed the EKF for that. The
SoE estimation problem formulation is very similar to SoC
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estimation problem except mathematic model as outlined
earlier. Modelling Li-S battery as Equivalent Circuit Network
(ECN), nonlinear Prediction error minimization (PEM)[3, 12,
17] is used for parameter estimation. The PEM uses a non-
linear grey model of ECN as [3]. While designing EKF for SoE
and SoC problems, a simple switching logic based on the
empirical SoC over Voc curve is used for high- and low-
plateau the priori state and measurement estimation, and
Jacobian. Using test result of discharge profile of a sample Li-
S cell designed for aerospace propulsion, the EKF based SoE
estimation and its comparison to SoC is demonstrated with
simulation. The accuracy of estimation is investigated by
analysing degree of observability.

The rest of paper is organised as follow. Section 2
discusses the modelling of battery system and sensor, and
estimation problem formulation. Battery parameter estimation
and their curve fitting models are presented in section 3.
Section 4 presents the EKF based SoC and SoE estimation.
The simulation performance of estimators is described in
section 5. Finally the conclusions and future research are given
in section 6.

2. Battery Modelling and Problem
Formulation

Experiment, which is prototype to real-world battery in use of
electric vehicles, provides battery current and terminal
voltage. Test result of the sample Li-S cell, the current and
voltage with time stamp, obtained by laboratory experiment
are shown in Fig.1. This data set has the mixed pulses current
as Fig.1a, and mixed pulse voltage as Fig 1b. Mixed pulses
represent the real-world load variation in electric propelled
aircraft.
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Fig.1 The experimental test results of Li-S battery: a) Battery
terminal voltage, and b) battery current.

The voltage characteristic of battery is highly nonlinear that
forces the problem as nonlinear. Having current as input and
voltage as output, the battery might be a black box control
system as shown in Fig. 2.
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Fig.2 Battery as a black box control system

The battery can be modelled as equivalent circuit network
(ECN) model, and then it can be used to estimate the
parameters and states of battery.
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Fig.3 SoC and SoE estimation problem formulation from
experiment result.

In this work, the EKF based the SoC and SoE estimation are
presented. The EKF for SoC and SoE have designed separately
as they are mathematically different. However, the problem
formulation for both is very similar. For both estimation
problem, the state-space model is formulated as the standard
nonlinear functions as follows:

The state equation is

x(t) = f(x(@),u(t,), t) + w(t); (1)

with initial condition x(0) = x(ty). The measurement
equation is
y() = h(x(@®),u(t,),t) + v(t) )

In above equations, x(t) denotes the state vector, x(t) is first
derivative of state vector, f(.) and h(.) is state transition and
measurement function, respectively, of x(t), input u(t) and
time t, and w(t)~N(0, Q) and v(t)~N(0,R) is process and
measurement noise, respectively.

Both SoC and SoE problem, the input u(t) is battery current
I,,, and the measurement y(t) is battery terminal voltage V;(t)
with additive noise v(t). This terminal voltage of battery cell
depends upon the current density and can be modelled as a
function of polarization voltage. Therefore, the polarization
voltage of cell Vi (t) is one of the state variable in both SoC
and SoE estimation problem. The following subsection discuss
the state vector for SoC and SoE estimation.

2.1 SoC estimation problem.

The SoC estimation problem is formulated with a state vector
Xsoc(t)
x t — ( soc ) 3
© = Ve ® =
Where x,,.(t) denotes the SoC, and Vp(t) denotes the
polarization voltage.
The SoC is defined as [3]

I

Xsoc(£) = Xg0c(E0) — Orid‘[ “4)
where x,,.(t,) is the SoC at the time t, , I is the battery
current and Cy is the capacity of battery. This empirical
evaluation of SoC is referred as Coulomb counting approach.
Since this paper uses discrete EKF, the discrete time, the
equation (4) can be expressed in discrete-time as

1(k)At
Xs0c (k) = Xg0c(k — 1) — LT
The At is the sampling time, and k denotes time index.
The dynamic of polarisation voltage V(t) can be written as

&)



The voltage sensor of battery can be modelled as

YSoc(k) =h (xsoc(k)' VF,soc(k)' I (k)) + v(k) (6)
Where
h() = VT,soc = Voew (soc) — VF(SOC) - VL-(SOC) @)

is measured terminal voltage that derived mathematically
derived from ECN model given as Fig.4. for simplicity, I; and
T are droped in the output voltage.

The first-order differential of Vp(soc) and its discrete
version we have used same as [1-3]. The differential of
polarization voltage V(t) is expressed as

2D = (Ve () + p( IR (DO, ®)
and the measurement model is

Ye(8) = Voo () = Ve(t) = (1 = QD) Rine (DQC)I ©)
where

00) =060 (10)
Rine(.) = Ri(.) + Re () (11)
p() =1 (12)

Thus the new parameters to the actual ECN parameters are
related as [3].

Using measured voltage, the EKF estimates the SoC and
polarisation voltage.
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Fig.4 Battery model for SoC estimation

2.1 SoE estimation problem.

The SoE estimation problem assumes the state-of-energy
Xs0e(t), and the polarization voltage, Vg ,.(t) as a state
vector
xsoe (t)

x(t) B (VF,soe (t)) (13)
As we found in literature, there are different concepts on
energy and definition for SoE. Here we have listed a couple of
definition for SoE.

As [13] the available energy of the battery is integration
over time of the effective power as
Xsoe (£) = Xg0¢(to) + f(;[ Pefde (14)
Where P,sf is effective power of the battery. However, the
authors did not specified the definition of P,rr, where it is
function of terminal voltage or internal opencircuit voltage of
the battery. The P relates to the requested power Py of the
EV and power loss Py,¢s as
Pg = Pioss + Pegy (15)
Alternatively, the literure [18] defined battery energy similar
to (15) except relation of SoC and energy. In [18] the battery
power expressed as sum of power stored P; in the battery and
power loss Py,gs as

PB=Ploss+Ps (16)

Since P,ss depends on the storage power P;, the energy, and
temperature T, the power loss modelled as quadratic of P, .
Thus battery power can be written as

Pg ~ P’ + P a7
This work suggests that when power loss is negligible the
battery power would be equal to effective power that same as
storage power

PBZPeffZPs (18)
The stored power could be function of V., and its integration
would lead to another definition of SoE. For example, in [15]
the remaining discharge energy (RDE) was used to evaluate

the energy storage of the battery
t2 Ce

xsoe(t) zfv;)cv'lL[-de fVocvdILT

t Ct
SoC¢

= Co Jgoc,, VocvdS0C (19)
The assuming the energy of the battery as a useful work at
terminal of the battey the SoE is defined as [14]

vr()I
Xs0e (£) = Xspe (o) + fOT T(EB) tdt (20)

Where x,,.(t) is the state-of-charge at time t, x,,,(t,) is the
SoE at the time ¢, , Iy is the battery current and Cp is the
capacity of battery.

The required battery power for an aerospace vehicle can be
wrttien as

Po = fotor prop @
Where v and D is the freestream velocity and the total air drag,
respectively, of the air vehicle, 1,,0¢0r 1S the powertrain motor
efficiency, 1,yp is the propeller efficiency, Ppgyioaq is the
power for payload and Pgyiynics 18 the power for avionics.

In this work we assume that stored power P, =V, [; as
effective power no-loss in power and maximum (unit)
efficiency, the P

1
Xsoe (t) = Xsoe (to) + g f(;[ Vocv (SOE)IL dt (22)
Where Ej is the energy capacity of the battery cell, this is not
same as the total capacity of battery cell Cp.

Since this paper uses discrete EKF, the discrete time, the
discreteequation (9) can be expressed in discrete-time as

Vocv,soe(K)IL(K)At
Xo0e () = Zoge (k — 1) + ez LCON (23)

For estimate SoE using the EKF, the measurement function
can be written as

2

vD
+ Ppayload + Pavionics

Vsoe (k) = (Xs0e (), V506 (), 1, () ) + v (k) (24)
where
h(.) = Vrsoe = Vocn(50€) = Vi(s0€) = Vi(K) (25)

is terminal voltage of battery that modelled from ECN as
shown in Fig 5. For SoE estimation problem, the Li-S battery
cell is modelled as Thevenin’s equivalent circuit network
model as shown in Fig.
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Fig.5 Battery model for SoE estimation



3. Battery Parameter Estimation

The battery parameters are estimated using prediction error
minimisation(PEM) approach as [1,3]. The parameters of cell
represented can be expressed as new behaviour variables as
[3]. We have battery system state vector x(t). Assume that
predicted state is £(t) and have initial condition of state Z(t).
Dynamic the state SoC and SoE

These new parameters have to estimated using PEM. The
parameter vector is defined as
0 = [Vocv, Rines 0 p ]’

here ' is the transpose operator.
Let y.(k) and j,.(k) is the measured and estimated
voltage for k = 0,1, ..., t. From equation (), the estimated

(26)

Xs0c (k) )

y(k) = h((X(k)|0)) = h| /5 27
Defining prediction error
e =y(k)—y(k) (28)
The PEM minimizes the cost function J(0) as

— t !
I3 arr)%%(%](e) =trace(Qy=1€€") (29)
Subject to
x(k+1) = f(x(k),uk));k=01,..t — 1 (30)

with x(0) is the initial condition. The boundary
condition on parameters is given as 0;;,in < 6; <
0imax »1in which i = 1,2,3,4 denote parameter vector
index, and 0;,;, and 6,4, represent respectively,
maximum and minimum limit of value of parameter.

4. The EKF based SoC and SoE Estimation

The EKF is a conventional, however widely accepted by
control community,
algorithm. The time and measurement update recursively as

recuressive nonlinear estimation

shown in Fig.
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Fig.6 The recursive process of EKF while estimating SoC
and SoE

The EKF uses first-order approximation of taylor series, is
also known as Jacobian of nonlinear functions. In this
problem, the Jacobain for state equation is evaluated as

afSOE afSOE
ox. 2%

F - soe 1
ofv  9fv G
0Xxgpe Vg

And measured voltage is linearised with following Jacobain

o0, 20

H =50 ovr (32)
Thus the nonlinear state and measurement models, which are
functions of the SOC/SoE are linearized. While estimating the
SoC and SoE, the priori state estimate and Jacobians of EKF
evaluate as shown in fig. 6. The EKF switches the polynomial
fitting model of battery parameters based a value determined
from voltage vs SoC, as shown in fig 7. curve while estimating
SoC and SoE of low and high-plataeu.

©,
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Fig.6 Flowchart for low- and high-plateau polynomial models
in EKF.

Fig.7 The empirical SoC vs battery voltage curve.

Since the EKF uses analytical approximation of nonlinear
functions, the investigating the performance of estimation
could help to tune the parameter so that the estimation
accuracy would be improved. For investigate the performance
of EKF, an analysis of the degree of observability approach
can be used [17] .

In this work, the following observability matrix is used for
DoO analysis of both SoC and SoE estimation by EKF:

H(k)

MO =160y

Defining the condition as a ratio between maximum and
minimum of singular number of observability matrix M (k)

(33)

__ max(M(k))
cond(M(k)) = mI0) (34)
the degree of observability
1
DoO (k) = prr v (35)



The DoO the measures of local observability, which is used
to investigate the dependability of an estimation.

5. Results

The SoE estimation by the EKF, and comparison of SoE to
SoC are demonstrated with MATLAB simulation results. In
this simulation, the SoE and SoC for the discharge test data of
the sample cell, which is given Fig 1, is presented. While
estimating SoC and SoE, the cofficients of polynomial fitting
models for parameters given in Table 1 are used for priori state
and measurement, and corresponding Jacobians at low and
high-plateau appropriately. For instance, the open circuit
voltage 8" order polynomial model
V,c(soe) = —752.62x83,, + 2085x7,, — 2392.87x%,
+1466.98x3,, — 517.42x%,, — 105.21x3,,
—11.69x2,, + 0.62x%,, + 2.1 (36)
is used for low-plateau SoE estimation and whereas the 5%
order polynomial is
Voc(soe) = 108.1x5,, — 361.13x%,, + 444.73x3,,
—238.18x%,, + 47.03x,,, + 1.88 37)
used for high-plateau SoE estimation. Similarly the R;,; Q,
and p have different order for low and high-plateau
sepereately and their coefficients are listed in the Table 1.

Table 1 The coefficients of parameter polynomial models

plateau Voc Rint Rho omega

low [-752.62 [3.792  [0.5087 [6.8270
2085.66  -8.212  -0.6572  -7.4220
-2392.87  6.428 0.6815] 1.6850
1466.98  -1.56 0.1407
-517.42 0.07346 -0.1544
105.21 0.1458] 0.1441]
-11.69
0.62
2.1]

high [108.1 [1.07 [-0.0451 [0.415
-361.13 -2.445  0.4892] -0.7441
444.73 1.457] 0.3469]
-238.18
47.03
1.88]

The estimated SoE and polarisation voltage obtained by SoE
EKF is shown in Fig 8a and 8b, respectively. In Fig 8a, the y-
axis scale 1 denotes 100% and O denotes 0% of SoE. Since the
test data is discharge, the initial SoE is very close to 1 and at
end of discharge the SoE is close to 0 as expected. These result
seem to similar trend of the SoC EKF. The perfromance of
SoC EKF is shown Fig 9. The Fig 9a shows the estimated SoC
and Fig.9b polarization voltage of cell. For given parameters
and conditions the accuracy of SoE and SoC estimation by
EKF in terms of the degree of observability is shown in Fig 10.

The range of the degree of observability of the SoE and SoC is
0 < DoO < 1, which means the system for SoC and SOE
estimation in BMS is locally observable entire period and
estimators perform reasonable good. The DoO of SoE is close
very close to DoO of SoC and this indicates that SoE of Li-S
is very close SoC. It is worthy to analyse that at 70% SoE and
SoC, the EKF switches from the high- to low-plateau, and then
follow ups slowly to reache the 10%. The perfromance over
10% to 0% is almost flat, but not bad. However, this work need
further investigation to improve the accuracy in estimation at
low-plateau region. By tuning parameters the performance of
low-plateau could be improved. In both SoE and SoC
estimation, at 70% SoE/SoE the the performance of EKF at
high-plateau is more accurate than the low-plateau.
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Fig.8 The performance of SoE EKF (a) the estimated SoE (b)
estimated polarization voltage
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Fig.9 The performance of SoC EKF (a) the estimated SoC (b)
estimated polarization voltage
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Fig.11 With unit, estimated and empirical comparison: (a)
SoC and (b) SoE

Figure 11 shows the estimated SoC in terms of Ah (Amphere-
hour) and SoE in terms of Wh (Watt-hour), and its comparison
with empirical result. The squared error (Fig 12) between
estimated and empherical one which can be observed in DoO
analysis Fig 10 as well. Figl2a shows the error for SoC, and
Figl12b for SoE. In both cases, the accuracy of high platea is
better than the low plateau. In overall, the squared error for
SoC estimation by the EKF is more than 0.03 (3%), whereas
the SoE estimation error by is 2.5%, whic less than that of SoC.
The estimation accuracy of EKF in the high plateau region is
more than the low plateau. Moreover, the error for both SoC
and SoE estimation is less than 5%, which is quite sensible and
acceptable.
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0.02

Squared error

0 2 4 6 8 10 12 14
=10*

Squared error

Time, s
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Fig.12 The squared error : (a) SoC and (b) SoE

6. Conclusion

The SoE estimation of Li-S battery is formulated and it has
been estimated using extended Kalman filter. In order to
estimate Li-S battery parameters, the prediction error
minimization is used. Assuming particular conditions and
polynomial curve fitting models of parameters for high- and
low-plateau, the EKF estimates SoE, and compared that to the
SoC. Using degree of observability analysis, the estimation
accuracy of SoE and SoC have been investigated. Having test

result of discharge profile obtained by experiment, the SoE
estimation is demonstrated and that compared to the SoC.
Resuls show that though mathematically the SoE and SoC
problems are differtent, the SoE and SoC estimation of Li-S
battery by the EKF is similar. In both SoC and SoE estimation
by EKF, the estimation error is 5%, which is acceptable.
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Fig.6 Flowchart for low- and high-plateau polynomial models in EKF.
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