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Abstract

Lithium-titanate battery cells stand out among the various rechargeable lithium battery chemistries available today
due to their exceptional thermal stability and operational safety, which make them suitable for highly demanding ap-
plications characterized by high charging/discharging rates and operating temperatures. This paper proposes a battery
charging control system arranged in the so-called cascade control structure, wherein the battery voltage and state-
of-charge control is performed by means of a fuzzy logic controller. An extended Kalman filter is used to provide the
state-of-charge feedback utilizing the realistic nonlinear Thevenin model of the battery cell equivalent circuit. Simula-
tions using a readily available lithium-titanate battery cell model demonstrate that fuzzy logic-based charging control
reduces the time needed to recharge from deeply discharged state (from 20% state-of-charge initial value) by 17.7%
compared to the conventional constant-current constant-voltage charging control strategy, with the average charging
current used as the criterion for the comparison of these heterogenous control strategies.

Keywords: Lithium-Titanate Battery Cell; Constant-Current/Constant Voltage Charging; State-of-Charge Estimation;

Extended Kalman Filter.

1. Introduction

A comprehensive analysis conducted in [1] has revealed
that approximately 20% of the global fossil fuel produc-
tion is utilized by the transportation sector, leading to a
significant contribution to greenhouse gas emissions. To
enhance energy efficiency, reduce environmental impact,
and decrease reliance on oil reserves, the electrification of
the transportation sector has been advocated [2], wherein
advanced battery technologies play a crucial role. It also
proposed integrating the transport sector into the smart
electricity grid paradigm, as later discussed in [3] for the
case of road transport. The integration of the transport and
energy sector into smart grids places particular demands
on electric vehicle fleets, including the degree of electri-
fication of the fleet, the cost of charging infrastructure
and passenger capacity, as outlined in [4]. Monitoring the
electric vehicle battery status during charging and dis-
charging is crucial to ensure its prolonged service life, as
shown in [5]. Battery energy storage technologies are also
gaining traction in the railway transportation sector, with
battery-hybridized locomotives and battery-electric lo-
comotives offering advantages over conventional freight
haul, as presented in [6].

Lithium secondary batteries are currently state-of-the-art
electrochemical battery technology with favorable cal-
endar life of up to 15 years and specific costs of about
145 EUR/kWh of stored electrical energy for the most
advanced lithium titanate battery technology [7]. Pres-
ently the discharge power capacity of batteries is still
significantly more favorable than that of alternative en-
ergy sources such as hydrogen fuel cells, especially when
round-trip efficiency of energy conversion is considered
[7]. The lithium-titanate oxide anode material has been
proposed about a decade ago as a good replacement for
commonly used carbon-based anodes in lithium-based
secondary batteries due to the practical absence of an-
ode material straining during high-rate discharging [8].
In fact, lithium titanate oxide may also be used as anode
material in other, alternative battery chemistries such as
those based on sodium-ion technology, which might be
cheaper to manufacture due to the natural abundance of
sodium as a raw material [9]. Moreover, lithium-titanate
(LTO) batteries are considered as one of the safest avail-
able battery energy storage technologies, characterized
by exceptional thermal stability, power density, cycle life
and overall durability [10]. Hence, this battery production
technology is likely to witness a significant growth in the
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foreseeable future, wherein increased production volumes
would likely bring down the overall production costs [11].

The key advantages of LTO battery cells are also dis-
cussed in [11], with additional benefits in terms of im-
proved thermal material properties compared to other lith-
ium-ion chemistries. These advantages lead to improved
safety features, such as significant reduction of forma-
tion of dendrites and lithium plating of electrodes, even
under harsh operating conditions, such as high current
rates (about 25C for continuous discharging and charg-
ing), along with exceptional operational durability (20000
charging/discharging cycles with 1C current rate). The
study presented in [11] concludes that LTO battery cells
offer exceptional charging/discharging rate capabilities,
albeit with reduced energy density compared to classical
lithium-ion cells with graphite anodes. Due to their ex-
ceptional cycling characteristics and durability LTO cells
appear to be well suited for hybrid power applications in
electrified vehicle powertrains. Thus, extensive research
has been carried out in the available literature regarding
the innovative LTO cell technologies and charging char-
acteristics [12], state-of-charge (SoC) estimation [13],
state-of-health (SoH) estimation [14] and advanced con-
trol techniques [15], including those for stationary energy
storage use in solar photovoltaic systems [16] and mobile
applications such as those in heavy-duty vehicles [17].

Recent research in battery modeling and estimation has
shown that the Thevenin equivalent circuit models are ef-
fective for modeling and estimation of the battery state-
of-charge (SoC) for lithium-ion batteries in electric vehi-
cles (EVs) [18, 19]. Simulation and experimental results
have validated the accuracy of these models in predict-
ing battery behavior under different operating condi-
tions [18, 19], and ongoing research is directed towards
exploring the general applicability of these relatively
straightforward models for estimating the SoC of battery
packs, which is crucial for the safe and efficient opera-
tion of electric vehicles (EVs) [20]. The electrolyte po-
larization dynamics within the Thevenin model can either
be modeled as a first-order RC parallel term [19] or the
more general second-order RC model [18], wherein the
former is typically used as a trade-off in terms of simplic-
ity compared to the more accurate second-odder polariza-
tion dynamics model. Using the equivalent circuit models
within the improved extended Kalman filter algorithm has
been proposed to enhance the accuracy of SoC estimation
in lithium-ion batteries [21]. On the other hand, a hybrid
estimator combining the extended Kalman filter (EKF)
and sliding mode observer has been demonstrated to im-
prove the robustness of SoC estimation in the presence of
disturbances [22]. In fact, such advanced SoC estimation
techniques, i.e. those relying on sigma point Kalman fil-
ter, long short-term memory neural networks, convolution
neural networks, and different hybrid methods, have been
reviewed for possible utilization in battery management
systems (BMS), with a focus on reducing average error
and improving performance in EV applications [23]. In
particular, the development of advanced BMS is crucial
for improving battery performance, safety, and longevity
in EVs [23, 24]. BMS features include charging/discharg-
ing control, precise monitoring, heat management, battery
safety, and protection, as well as accurate SoC estimation
[23, 24]. Recent research has focused on the comprehen-

sive analysis and comparison of charging control methods
for lithium-ion battery packs, classifying them as non-
feedback-based, feedback-based, and intelligent charging
methods [25]. A good review of the advancements and
difficulties in cutting-edge battery technology and cut-
ting-edge BMS for EVs can be found in [26].

Efficient charging of rechargeable batteries is contingent
upon the charger’s circuit design and control strategy
which performs three essential functions: (i) commenc-
ing the charging process, (ii) controlling the charging rate
and battery terminal voltage for optimal charging perfor-
mance, and (iii) terminating the charging upon comple-
tion, determined by a suitable end-of-charging criterion
[24]. However, batteries typically exhibit notable terminal
voltage nonlinear behavior during charging [27, 28]. This
may be challenging from the standpoint of precise battery
SoC tracking [29], which is key for preventing battery
overcharging and related cell aging and SoH deterioration
[30]. For that reason, battery SoC needs to be monitored
throughout the charging process by an appropriate estima-
tor, such as the EKF [29], which has been successfully
employed in [31] to augment the conventional constant-
current constant-voltage (CCCV) charging system, ulti-
mately resulting in about 25% speed up of the charging
process. Battery charging techniques (charging control
strategies) can be categorized in many ways. According
to [24], the charging strategies can be categorized as non-
feedback based (or open-loop) strategies, feedback-based,
and intelligent charging strategies, whereas reference [32]
breaks down the charging strategy types into so-called
simple (or traditional) charging strategies, optimized
charging strategies based on different optimized current
waveforms to achieve the charged state and the model-
based charging strategies.

In traditional (conventional) battery charging applica-
tions, the so-called CCCV charging technique (see e.g.
[24]) is usually preferred when recharging the battery
from the discharged state [32], while the so-called float-
charge maintenance or trickle charging approaches [33]
are usually reserved for maintaining the battery charge
once it has been fully charged. The main advantage of the
CCCYV approach is that the charging current and battery
terminal voltage are effectively limited by means of re-
spective battery controllers [27], and it can also find use
in fast charging applications [34]. Also, it has been con-
sidered as a good benchmark for other more sophisticated
charging control strategies to be compared against [24].
Moreover, its relative simplicity and virtual independence
on the sophisticated internal battery model [32], currently
make it the one of the most widely used charging strat-
egies [33]. However, batteries typically exhibit notable
terminal voltage nonlinear behavior during charging [28].
This may be challenging from the standpoint of precise
battery SoC tracking [29], which is key for preventing
battery overcharging and related cell aging and SoH de-
terioration [30]. For that reason, battery SoC needs to be
monitored throughout the charging process by an appro-
priate estimator, such as the extended Kalman filter [29],
which has been successfully employed in [31] to augment
the conventional CCCV charging system, ultimately re-
sulting in about 25% speed up of the charging process. A
good review of charging strategies for lithium-ion batter-
ies can be found in [35].



DC/DC (buck) converter
(battery charger)

_____________________

’
| MOSFET
A l Rameeyit)
Power s ! 0 )
supply ”i Uc Up
|
|

Engineering Power

————————————————————————————————————————

=
|
|
|
|
|
|
|
|
1
/

_____________________

Battery |
Internal !
resistance model i
Ri(&ip, ) |
| Open- |

+ -+ I - circuit |
Ryis ) ¢ U, ) + voltage !
—_— |

Polarization _ Uod &%) |

effects T !

|

l

Fig. 1. Quasi-static battery equivalent electrical circuit model with charging power converter.

The implementation of sophisticated control strategies
is anticipated to yield additional enhancements in both
the duration of the charging process and the effective-
ness of State of Charge (SoC) tracking. Among these, the
optimization-based control strategies, such as the model-
predictive control (MPC), may be particularly well-suited
for solving multiple-criteria charging scenarios [35], such
as those where battery temperature and current rate play a
critical role regarding the battery SoH preservation [33].
Multistage constant current (MCC) represents a gener-
alization of the traditional constant-current (CC) charg-
ing technique, wherein the duration of each constant-rate
charging stage can either be SoC-dependent or battery ter-
minal voltage dependent [34]. For example, the compara-
tive study presented in [31] has pointed out that utilization
of fuzzy logic control-based approach presented in [36]
can yield about 13% speedup of the battery recharging,
whereas MCC charging with offline optimization of the
charging trajectory [37] and MPC with moving horizon
estimation of the battery SoC [38], may result in relative
charging process speedups of 17% and 30%, respectively.
However, the latter charging algorithms can be numeri-
cally quite demanding due to requirement for charging
trajectory optimization, whereas the fuzzy logic-based
charging control strategy may be relatively easily imple-
mented as a form of expert knowledge-based system uti-
lizing the SoC estimator as a digital twin of the battery
which aids the charging process (see [31]).

Several studies have investigated methods to preserve
battery SoH during charging, such as the MPC approach
that accounts for voltage and temperature constraints to
reduce the battery stress during the charging process [39].
The study presented in [40] also focused on thermal ef-
fects, optimizing power and current profiles to balance the
charging rate and temperature rise. Alternative charging
profiles have shown promise as well, such as incorporat-
ing negative current pulses within the CCCV technique to
improve battery SoH [41] and using a temperature-com-
pensated model to enhance the charging speed within the
CCCYV charging strategy [42]. Moreover, MCC charging
has been combined with the least mean squares estima-
tion for faster charging in [43], while offline optimization,
such as the genetic algorithm-based approach proposed
in [44] and the dynamic programming utilized in [45]
have also been explored to determine optimal charging
sequences and minimize heat losses during charging.

Fast charging plays a vital role in alleviating range anxi-
ety associated with battery electric vehicles and is a key
element in promoting the widespread adoption of electric
vehicles [46]. However, it also contributes to the acceler-
ated aging of batteries [47].

Therefore, the study presented in [47] analyzed the impact
of fast charging on lithium-ion batteries’ aging using real-
world driving cycles from European cities, considering
different charger sizes and battery types, while the study
conducted in [46] has evaluated different fast-charging
strategies, considering their parameterization effort, bat-
tery type, and real-world applicability. In the context of
fast charging, thermal management of lithium-ion batter-
ies is essential for ensuring their safety, performance, and
longevity in electric vehicles [48]. To this end, the study
presented in [48] has provided a state-of-the-art review of
recent advancements in lithium-ion battery thermal man-
agement strategies for high charge/discharge cycles.

Having in mind the advantageous features of LTO battery
cells and the above-described aspects of battery charg-
ing control system design and performance indices, the
motivation for this paper has been to design a charging
strategy that can surpass the traditional CCCV charging
approach while honoring the battery voltage and current
constraints. The hypothesis of this paper is that using a
fuzzy logic-based battery charging control strategy in
conjunction with precise SoC estimation would result in
notable charging process speedup without adverse effects
to battery state-of-health associated with exceeding the
charging current and terminal voltage. For that purpose,
the fuzzy logic controller relies on battery SoC informa-
tion provided by an EKF-based state estimator and readily
available battery terminal voltage and current measure-
ments, and it is subsequently compared to the convention-
al CCCV charging control strategy by means of simula-
tions.

2. Battery cell model

A battery cell can be modeled by its equivalent electri-
cal circuit model, shown on the left-hand-side in Fig. 1.
The battery equivalent circuit model comprises a voltage
source corresponding to the battery open-circuit voltage
U, electrolyte polarization effects modeled by an equiv-
alent parallel RC circuit (with resistance R, and capaci-
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tance C, parameters) and an equivalent series resistance
R, [31]. The above model results in the following voltage

u, vs. current i, relationship in the Laplace s-domain:

Rpib(S)
Tps+1

Up(s) = Upe(s) = ip(S)R, +

> 1

where 7, = R C is the polarization time constant.

All parameters of the above model may depend on battery
temperature 3,, battery current i, and state-of-charge &,
which is defined in the following manner:

1
T QpUp)

¢ Jipdt, )
with battery charge capacity 0, also depending on the av-
erage battery current load /,, and the magnitude of these
charge capacity variations depending on the battery type
and chemistry [49].

The right-hand-side of Fig. 1 shows the principal sche-
matic of the basic battery charging system featuring a
buck DC/DC power converter and a battery cell repre-
sented by its equivalent electrical circuit model. The buck
converter topology comprises the active (switching) ele-
ment (power MOSFET transistor Q) feeding the induc-
tor (characterized by its inductance L_ and resistance R )
and parallel-connected freewheeling diode D. The semi-
conductor switch (MOSFET) modulates the DC supply
voltage by means of high-frequency pulse-width modula-
tion (PWM) thus providing the power converter output
voltage u, with adjustable magnitude and fast dynamics
(negligible voltage delay).

The main advantage of the equivalent circuit model is that
the battery parameters (internal resistances, polarization
time constant, open-circuit voltage characteristic) that
are characteristic for individual battery types can be ex-
perimentally obtained by means of suitable battery tests
conducted for the anticipated operating modes (battery
SoC and charging/discharging currents) and stored as pa-
rameter maps (look-up tables). In that sense, the battery
charging control system and SoC estimator design can be
easily adapted to the battery type in question by conduct-
ing battery model identification experiments and updating
the battery parameter maps (see [31] and references there-
in). The above state-of-charge and current dependent pa-
rameters of the equivalent electrical circuit model (the so-
called Thevenin model) of a commercial 30Ah/2.4V/6C
lithium titanate battery cell [50] have been experimentally
estimated using an appropriate experimental setup as de-
scribed in [51].

The battery open-circuit voltage curve is recorded by using
constant-current charging tests, wherein the experiment is
characterized by periodic short-duration battery charging
intervals followed by at least two-hour long recuperation
and battery voltage settling periods. Experimental results
are shown in Fig. 2a, and they have been interpolated by
cubic splines to obtain a smooth (differentiable) static
curve. The battery charge capacity vs. average discharg-
ing current curve has also been reconstructed based on
constant-current discharging tests, and the resulting cubic
spline-interpolated battery capacity vs. discharging cur-

rent characteristic Q,(/,) is shown in Fig. 2b (note that the
charge capacity curve for currents below 6 A is obtained
by extrapolation). The particular LTO battery cell is char-
acterized by a relatively small decrease of its charge ca-
pacity O, with the discharging current /, that amounts to
less than 5% for the considered range of discharging cur-
rent values (i.e. from 6A to 24 A). For both characteristics
the interpolation (and extrapolation in the case of static
curve in Fig. 2b) has been performed over 1001 samples
of the static characteristic look-up table inputs.
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Recording the battery equivalent circuit model parameter
maps with respect to battery state-of-charge and battery
current has been carried out by using off-line least squares
identification technique [52] on the results of previously
recorded battery charging and discharging tests under a
pseudo-random binary sequence (PRBS) signal excita-
tion, as explained in [52]. Figure 3 shows the two-dimen-
sional maps of the battery equivalent circuit (Thevenin
model) parameters recorded for the considered 30 Ah /2.4
V LTO battery cell, wherein the battery series resistance
R, and polarization resistance exhibit rather low values
over the middle of the state-of-charge range, but their val-
ues tend to increase when the battery cell is being fully
discharged (¢ — 0) or fully charged (£ — 100%). The
polarization time constant 7, takes on values between 2
s and 12 s and is dependent on the charging/discharging
current and battery state-of-charge (Fig. 3c¢).



o 3 ; Charging current /j, —
g S H6A  +12A +I8A  +24A
z2g
8 E
=3
B
3 ; ; ; ;
0 0 20 40 60 80 100
g 8 ; ;
= & - :
g ‘_Q,. 6 ,,,,,,,,, Charg]ng Cul‘rent 1[1 ...........
8% aho +6A  FI2A  +I8A  +24A | ... /]
i3
S8 2k N PP HTT oYY
=RZ] \ :
§ 0 i 1 1 1
b 0 20 40 60 80 100
— 20 - Charging current /,
e +6A  +I2A +18A +24A
S 2
g5
ER
o O
A~ o
£

Battery state-of-charge &[%]

Fig. 3. Equivalent series resistance (a) polarization
resistance (b) and polarization time constant
(c) vs. SoC for different charging rates.

Charge
Integrator capacity

&1 1 Ip

<
— |-

SOl s [ [0

A
A

SoC calculation

Parameter maps

Battery voltage calculation
! i

Ry($, i) v—l_@’_} =
R& i)

oG i

g X 2

Yy y-_yv_|

Fig. 4. Block diagram of battery equivalent circuit model.

The estimated parameters of the battery equivalent elec-
trical circuit are used to build the battery simulation mod-
el, wherein the battery current is used as model input. Fig.
4 shows the current-input quasi-static battery model with
state-of-charge & and polarization voltage u, treated as
model state variables. The battery terminal voltage equa-
tion u, = R,i, + U, +u, is implemented by using the iden-
tified battery parameter static maps R,(&, 1,), R (&, i), 7,(&,
i,) and U (&) as shown in Fig. 4. The overall simulation
model and the above parameter static maps are imple-
mented within the MATLAB/Simulink software environ-
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ment, with the above parameter maps implemented either
as two-dimensional look-up tables (R,, R, 7,) or a one-di-
mensional look-up table (U, ). To facilitate high-precision
of the battery cell model during simulations, the dynamic
equations within the simulation model are solved by using
the variable-step ODE45 solver (a medium-order method
for non-stiff equations), with relative and absolute toler-

ances of 10 and 10, respectively.

It should be noted that the second-order RC model can
be generally more accurate in capturing the more com-
plex aspects of battery polarization voltage dynamics, as
shown in [20] where the second-order RC network po-
larization voltage model has been identified based on the
battery current step response characteristic. In contrast,
the first-order RC model of polarization voltage dynam-
ics used herein has been identified by using the auto-re-
gressive model with exogenous inputs (ARX model) and
least-squares identification technique [51], which primar-
ily identified the dominant dynamics of the polarization
voltage model. More precisely, the less dominant dynam-
ic modes have been shown to exhibit very fast response
dynamics (typically much less than the identification data
sampling time 7= 1s used in [51]), which has been attrib-
uted to the numerical error of the LS-based parameter es-
timation technique. One way of dealing with this problem
would have been to utilize the battery model identification
methodology presented in [20], but that would be beyond
the scope of this work.

3. Charging control systems and state-of-
charge estimator

This section outlines the design of the benchmark CCCV
control system based on battery voltage PI controller and
the fuzzy logic-based battery charging controller, along
with the design of the EKF-based SoC estimator.

3.1. Charging control systems

Figure 5 shows the control system structure for constant-
current/constant voltage (CCCV) battery charging based
on the inner current control loop (assumed to embedded
within the charging DC/DC power converter) with battery
terminal voltage limiting outer feedback loop featuring a
proportional-integral (PI) feedback controller. This type of
charging control system may be considered a state-of-the-
art benchmark case. In this so-called cascade control sys-
tem arrangement, the inner current control loop receives
the current reference 7,, as a sum of the maximum charg-
ing current / used during the constant-current stage of
the charging process and the negative current command
i, from the superimposed voltage limiting control-
ler, which is activated when the battery terminal voltage
measurement u, exceeds the battery voltage limit value
u,,, (dead-zone block in Fig. 5). The main advantage of
the CCCV approach is that the charging current and bat-
tery terminal voltage are effectively limited by means of
respective battery controllers, thus reducing battery ther-
mal stresses and preventing battery over-voltages [27]. In
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particular, the battery current limit can be preset to the rec-
ommended battery charging current value obtained from
battery manufacturers’ data, whereas the battery voltage
limit is typically set to the open-circuit voltage (OCV)
value corresponding to 100% battery state-of-charge [27].
In that way, the CCCV charging control system can be
easily adapted to different battery types, each character-
ized by different recommended charging current values
and end-of-charge battery voltages. The detailed proce-
dure for voltage PI controller tuning is presented in [31].
The comprehensive analysis presented therein has shown
such control strategy results in battery terminal voltage
asymptotically reaching the desired open-circuit voltage
value U, (&,) related to the desired state-of-charge target
&r as the battery charging current i, approaches zero in the
final, constant-current phase of the charging process.

Fuzzy logic is commonly found in expert systems, where-
in the expert knowledge can be represented in the form of
linguistic IF-THEN relationships or linguistic rules [53].
Block diagram in Figure 6 shows the fuzzy logic-based
battery charging control system comprising a fuzzy con-
troller with two feedback variables: battery SoC difference
A¢ (control error) and battery terminal voltage. Member-
ship functions u,(A(k)) and u(u,(k)) and the output func-
tion values uch in the output set of the proposed fuzzy
logic-based controller are shown in Fig. 7. In this applica-
tion, smoothed trapezoidal membership functions shapes
are used in the inference part of the controller, as shown
in Figs. 7a and 7b. There are four membership functions
associated with SoC difference (Fig. 7a): high SoC differ-
ence (red dashed curve), medium SoC difference (black
dash-dotted curve), low SoC difference (blue dash-dotted
curve), and near-zero SoC difference (green solid curve).
The latter membership function and its associated linguis-
tic rule basically determine the end-of-charging behavior
of the fuzzy logic controller, wherein the controller output

ibR =1 max

should be lowered towards its minimum value which cor-
responds to the fully charged battery terminal voltage and
zero-current conditions. On the other hand, there are three
battery voltage-related membership functions (Fig. 7b)
associated with low battery voltage (red dashed curve),
medium battery voltage (black solid curve) and high bat-
tery voltage (blue dash-dotted curve), which, alongside
the other SoC difference membership functions deter-
mine the charging behavior (fuzzy controller output, i.e.
voltage command uc) when the battery is being charged.
The output (inference) part of the fuzzy control law is of
the Mamdani type (see [53]), and its input-output map
uc is shown in Fig. 7c. It uses triangular output weight-
ing functions (corresponding to fast charge, normal mode
and end-of-charge) to assign appropriate power converter
voltage command in relation to fuzzy controller input
rules. Greater weight is assigned to SoC difference values
in the mid-to-high range, and the voltage command u,, is
also adapted with respect to battery terminal voltage to
address possible violations of battery current limitations.

3.2. State-of-charge estimator

The battery equivalent circuit model identification results
are used as a basis for battery state variable estimation,
which, according to equations (1) and (2), translates to
on-line estimation of battery polarization voltage and
state-of-charge. Due to the non-linear nature of the bat-
tery model (i.e. it is characterized by non-linear param-
eter maps, as illustrated in Figs. 2 and 3), a suitable non-
linear state estimator, such as the EKF [54] needs to be
employed for this task.

The process model given by equations (1) and (2) is re-
written in the matrix-vector state-space form and trans-
formed into its discrete-time counterpart that can be used
within the EKF-based state estimator [54]:
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Fig. 5. Cascade control system arrangement for battery charging with battery terminal voltage limiting controller [31].
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x(k) = f(x(k = 1), ipm(k = 1)) + Qv(k), A3)

Upm (k) = h(x(k), ipm (k) + e(k), “)

where u,, and i, are battery voltage and current meas-
urements, respectively (see Figs. 5 and 6), while the state
variable vector x(k), the state perturbation covariance ma-
trix Q and stochastic perturbation scaling matrix € are
defined as follows:

xw =[] a=[y ) e=[% o} ©

The block diagram representation of the EKF-based es-
timator is shown in Fig 8, with the nonlinear state-space
model used within it to calculate the so-called a-priori
state estimate X(k|k — 1), which is subsequently correct-
ed via battery voltage measurement resulting in the final
(a-posteriori) state estimate X(k|k). For that purpose, the
estimation algorithm needs to calculate the estimator cor-
rection gains based on the so-called Ricatti equation [54].
This process requires the calculation of the following Jac-
obian matrices, which are related to partial derivatives of
all battery model parameters with respect to battery state-
of-charge and polarization voltage (battery system states):

f Rip)
F(k) = Tb R(k-1]k—1)> (6)
ip(k—1)
OR(R i)
H(k) = a,?b R(k|k—1) (7

ip(k)

which are required to estimate the error covariance matrix
P within the estimator by using the assumed variances of
state perturbations v (characterized by the perturbation
covariance matrix Q whose clements are chosen as a
trade-oftf between estimator noise sensitivity and tracking
ability) and the noise e variance r in the battery terminal
voltage (measurement) u, [55].

4. Simulation results

Figure 9 shows the results of the EKF-based SoC esti-
mator subjected to the constant-current battery charg-
ing simulation scenario with battery current equal to
24 A. The results show rather good agreement between
the state-of-charge obtained from the simulation model
and the estimator in the estimator steady state (Fig. 9a),
which points to favorable estimator tracking ability. Fig.
9b shows that the estimator is characterized by fast con-
vergence towards the actual battery state-of-charge from
the mismatched state, i.e. it can be tuned for rather fast
and well-damped response. The state-of-charge estimator
steady-state tracking error absolute value does not exceed
0.05%.

The proposed fuzzy logic-based battery charging control
system has been verified against the voltage PI control-
ler-based conventional charging control strategy [31] by
means of simulations using the model of the LTO battery
cell and the DC/DC (buck) power converter implemented
within MATLAB/Simulink software environment, with
power converter inductor modeled with inductance L, =
0.7 mH, and series resistance R_ = 50 mQ [31]. Since the
fuzzy logic-based control strategy has different structure
(i.e. it does not include the inner current control loop and
associated charging current limit at the controller out-
put) compared to the conventional voltage PI controller,
it does not yield the constant-current/constant-voltage
(CCCV) charging profile characterized by a rather long
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constant-current (CC) charging interval followed by a
relatively short constant-voltage (CV) charging interval
as the voltage PI controller does [31]. Therefore, to com-
pare these controllers in a straightforward way, the fuzzy
logic-based control strategy is simulated first. The charg-
ing simulation scenario then utilizes the conventional (PI
controller-based) control strategy whose charging current
limit (which determines the constant current charging
phase) is set to the average value of the charging current
obtained by the fuzzy logic-based charging system. In this
way, the charging current commanded by the PI controller
during the CC charging interval would result in a simi-
lar amount of charge being stored within the battery as
in the case of fuzzy logic-based charging controller with
variable charging current profile. In both cases, the end
of charging is indicated when the charging current drops
below the minimum current value / _, set in simulations
to/ =10mA.

Figure 10 shows the comparative results of the proposed
fuzzy logic-based and conventional control strategy.
The fuzzy logic-based control strategy initiates battery
charging with relatively large currents by means of com-
manding the corresponding voltage reference to the volt-
age-controlled DC/DC power converter (see red traces
in Figs. 10b and 10d), which is progressively increased
until it reaches the recommended charging current value
of 30 A which corresponds to the so-called 1C charging
rate [50]. Large current rates are maintained in the mid-
dle of the SoC region corresponding to low values of bat-
tery series and polarization resistances (cf. traces in Figs.
10a and 10b). As the SoC increases towards the fully
charged battery state, the charging current is progres-
sively decreased by means of DC/DC power converter.
Namely, throughout the charging process, the battery
voltage steadily increases (Fig. 10c), and the fuzzy logic
algorithm adjusts the DC/DC converter voltage command
to decrease the current when the estimated SoC provided
by the EKF-based estimator approaches the fully charged
state, as well as to keep the battery terminal voltage within
the prescribed limits [50]. The fuzzy logic-based control
strategy has resulted in the total charging time of 5701
s, and the average changing current of about 20 A. The
latter value has been used as the charging current limit
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conventional PI controller-based CCCV control strategy.
The results in Fig. 10 show that the conventional CCCV
control strategy is predominated by the constant-current
regime throughout the charging process, with the constant
voltage charging regime being only briefly active near the
end of charging. This results in battery SoC increasing
with constant slope, in contrast to the fuzzy logic-based
strategy, wherein the SoC slope is variable, and adjusted
with respect to the SoC operating point (Fig. 10a). The
estimated SoC from the EKF estimator used as the fuzzy
logic controller feedback is again very well matched with
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the actual battery SoC (see results in Fig. 9) which points
to fast convergence and good tracking ability of the EKF-
based estimator (cf. red solid trace and blue dashed trace
in Fig. 10a). The conventional CCCV strategy results
in the charging time of 6297 s. Consequently, the fuzzy
logic-based control strategy has in fact achieved a 17.7%
speedup compared to the conventional PI controller-based
CCCV control strategy, while achieving nearly identical
end-of-charging SoC value under these test conditions
(Table 1).
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Fig. 9. Comparative EKF vs. battery simulation model responses during constant-current charging: overall results (a),
and initial (transient) part of response from mismatched state (b).
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As indicated in Fig. 10b, the CCCV charging strategy will
try to maintain the constant charging rate practically un-
til the battery terminal voltage reaches the target value,
whereas the fuzzy controller (after the initial “boost” of the
charging current) tends to gradually decrease the charg-
ing current before the end of charging occurs. The current
profile effectively determines the battery heat losses due
to series and polarization resistance (P, = i,’R + u */R ),
whose values tend to increase at higher SoC values (see
Fig. 3). Figure 11 shows the profiles of battery model se-
ries and polarization resistance parameters R, and R (Fig.
11a and 11b), heat dissipation losses P, (Fig. 11c) and total
generated heat W, = thdt (Fig. 11d). Simulation results
show that the fuzzy controller resulting in higher battery
charging currents indeed causes higher heat losses dur-
ing the initial “boost” of battery current, but subsequently
decreases the heat dissipation in the second part of the
charging process, whereas the PI controller-based CCCV
charging strategy tends to increase the heat losses towards
the end of charging (Fig. 11c). Consequently, both charg-
ing strategies result in similar total generated heat at the
end of charging, with the fuzzy controller-based charging
generating only 7.1% larger amount of total waste heat
compared with PI controller-based charging strategy (Fig.
11d). This points to similar performance of these control
strategies with respect to battery heat losses, whereas the
fuzzy controller-based charging strategy has been shown
to be more effective with respect to battery charging time
(see discussion related to Fig. 10). Thus, it may be inferred
that utilization of fuzzy controller-based charging strategy
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may indeed be well suited for faster battery recharging,
while also being characterized by similar end-of-charging
battery temperature, which is directly related to the total
waste heat generated during charging. In conclusion, the
fuzzy logic-based charging strategy, even though being
characterized by 17.7% shorter recharge time and higher
charging rates, would have the same effect on heat losses-
related battery aging effects and battery state-of-health,
and would likely result in similar battery lifetime when
compared to the conventional CCCV strategy which is
typically used in practical applications.

The sampling time of the PI controller, fuzzy logic charg-
ing controller and the EKF-based state-of-charge estima-
tor in the above simulation scenario have been setto 7= 1
s (sampling frequency is 1 Hz), which is justified because
the charging process and the dominant dynamics of the
process model are rather slow. Since the sampling time is
rather large, the target microcontroller operating at stand-
ard clock speeds should be able to perform the numerical
calculations associated with the EKF estimator and the
fuzzy logic-based controller algorithms, provided that it
also possesses embedded floating point arithmetic func-
tionality. One such example would be the ARM Cortex-
M4 and Arm Cortex-M7 architectures [56], which also
feature analog interfaces needed for battery measurement
signals acquisition. An example of a development board
that could be used for prototyping and testing such solu-
tions within the open-source software environment would
be the Arduino GIGA R1 [57].
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Fig. 11. Comparative simulation traces of battery series resistance (a), battery polarization resistance (b), resistive heat
losses (c) and overall generated heat (d) during charging by means of conventional PI control and fuzzy logic control.
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Table 1. Comparative results of conventional vs.
fuzzy logic-based charging control strategy.

Fuzzy PI voltage
controller controller
Charging time [s] 5701 6927
Final battery voltage [V] 2.6280 2.6283
Final battery SoC [%] 0.9950 0.9956

5. Conclusion

The paper has presented the results of simulation verifica-
tion and benchmarking of the fuzzy logic-based charging
control system with respect to the battery voltage PI con-
troller-based conventional constant-current/constant volt-
age (CCCYV) control strategy for a state-of-the-art lithium
titanate (LTO) 30 Ah/2.4 V battery cell. For simulation
verification of both control strategies, a dedicated equiva-
lent electrical circuit simulation model of the LTO battery
cell has been built based on the previously obtained ex-
perimental data. The results have indicated that the fuzzy
logic-based charging controller can recharge the battery
in a much shorter time compared to the conventional
CCCYV charging, while achieving approximately the same
average charging current value.

The charging control system benchmark, i.e. the conven-
tional battery terminal voltage PI controller-based system
has been arranged in the co-called cascade control struc-
ture, with the superimposed PI controller commanding
the current target to the DC/DC power converter with
straightforward limitation of the battery charging cur-
rent. In the case of fuzzy logic-based charging control,
the fuzzy logic controller commands an appropriate volt-
age reference to the DC/DC power converter. The DC/
DC converter voltage reference is determined based on
the finite set of linguistic rules in the input (premise) part
ofthe fuzzy control law, which determine the membership
levels of battery state-of-charge tracking error and termi-
nal voltage to corresponding input sets. Based on those
membership levels, the output (inference) part of the
fuzzy control law calculates the so-called “crisp” output
value which corresponds to the DC/DC power converter
voltage reference. In order to implement the fuzzy control
law, a suitable battery state-of-charge estimator has been
designed using the battery cell equivalent electrical cir-
cuit model and the extended Kalman filter (EKF) design
methodology.

The proposed charging control strategies have been veri-
fied and compared within the MATLAB/Simulink soft-
ware environment. The EKF-based estimator has been
capable of accurately tracking the battery state-of-charge
(SoC), while also being characterized by fast conver-
gence. The fuzzy logic-based charging control system
utilizing the additional estimated battery SoC feedback in
combination with the battery terminal voltage feedback
has shown distinct advantages over the conventional PI
controller-based CCCV control strategy based on battery
terminal voltage feedback. In particular, the fuzzy log-

Engineering Power

ic-based charging control system has achieved a 17.7%
speedup of the charging process while honoring the bat-
tery terminal voltage and current limitations, which is
primarily due to the additional degree of freedom with
respect to battery charging current in the low-to-middle
battery SoC operating regime, which the conventional
CCCV charging strategy cannot take advantage of.

Future work is going to be directed towards further re-
finement of the fuzzy logic-based charging control system
and its adaptation for the more general case of current-
controlled DC/DC power converter, and state-of-health
(SoH) aware adaptation aimed at minimizing battery
stresses during charging. Further developments of suit-
able battery SoC/SoH estimators are also foreseen along
with the experimental verification of the proposed fuzzy
logic-based charging control system.
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