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Abstract: Although the literature extensively covers the development of battery chargers control
strategies, a comparison of these strategies remains a literary gap. The inherent conditions (i.e., State
of Health and State of Charge) of each unit in the Battery Energy Storage Systems directly influence
the charger control techniques for extending battery lifetime, which makes modular battery chargers
an appealing topology for this analysis. This work groups charger control strategies presented in the
literature into two: Adapted SoC strategies, directly linked to the field of overstress management,
and SoH strategies, which are directly linked to the field of wear-out management. The methodology
for comparing the control strategies encompasses battery lifetime, charger, and photovoltaic plant
models. Three distinct cases were simulated using real measure data from a solar power plant and a
battery model provided by MathWorks®. The results evidence that the Capacity Fade and Energy
Throughput strongly depend on the strategy. The controller action evidences the previous statement,
as the strategies have different goals that are related to each field. Furthermore, this work analyses
the effect of the estimation process in the action of the controller.

Keywords: Battery Energy Storage System; battery charger; ion-lithium battery; energy time-shift PV

1. Introduction

Transiting to a non-fossil energy matrix is essential to mitigate the effects that are
related to global warming [1]. The main efforts to reduce CO, emissions are related to the
introduction of renewable intermittent energy sources and the expansion of the electrifica-
tion of energy systems. Energy Storage Systems play a major role in enabling renewable
energy systems, as they balance and smooth variations in both load and generation [2].
Furthermore, energy storage is key in reducing the costs of renewable energy grids operat-
ing with intermittent energy sources. Among different options of energy storage, batteries
have important advantages, such as high technological maturity, modularity, facilitated
adaptability, and relatively low maintenance in up-to-date energy systems. Another energy
storage option that is gaining prominence is fuel-cells, but these devices present technical
challenges, such as those described in [3].

The Battery Energy Storage Systems (BESS) consists of battery banks, power-conditioning
systems (PCS), control techniques, and the balance of the plant (BoP) [4]. Studies that are
related to batteries, PCS, and control are receiving major attention due to the growing
importance of energy storage worldwide. Significant scientific efforts on developing control
techniques of battery chargers aim at improving charger efficiency and, thus, prolonging the
battery lifespan [5-9]. Examples of the addressed problems in the field comprise charging
strategies [5], optimization, balancing and integration of modular chargers [6-8], and charge
estimation methods [9]. These techniques depend on the active control of each element
of interest, which can vary from modules to cells. In this sense, modular chargers are
becoming increasingly relevant and achieving greater interest in the scientific community.
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Modular chargers can be classified into two main categories: Modular Cascaded Chargers
(MCC), in which each module comprises a DC-DC converter with a battery unit (Figure 1)
[10], or Modular Multilevel Chargers (MMC), in which each module comprises a DC-AC
converter (Figure 2) [11]. In Figure 1, three converters are connected through a Power
Conditioning System (PCS), which interfaces the BESS with the electrical grid network.
Figure 2 shows four converters in a single-phase MMC application; note that the PCS is
missing, which means that the action of the PCS must be performed by the converters that
are connected to the battery. This paper focuses on the MCC charger.
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Figure 1. Modular Cascaded Charger (MCC).
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Figure 2. Modular Multilevel Charger (MMC).

Many causes lead to battery failure and understanding the degradation process is
essential in minimizing them and intervening as long as possible [12]. Overstress and
wear-out are typical causes of failures. The failure by overstress includes temperature
thresholds, deep discharge or overdischarge, and partial or incomplete charging [13,14].
Wear-out consists of the degradation over usage related to: Depth of Discharge (DoD)
and floatifetime, which are strictly tied to each specific application of the Battery Energy
Storage System (BESS).

Research on management of overstress, which consists of limiting the battery usage to
protect its integrity, has been widely explored. Because the battery states the maximum
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conditions of the usage, a good BESS charger needs to ensure that those values are not
exceeded during the cycling processes. In most cases, battery bank chargers ensure that the
worst-case stresses remains below the values that were established by the manufacturer. It
is worth mentioning that one of the major design challenges of BESS charger is to guarantee
this condition for each of the units. Thus, a proper coordinated control for enhancing the
BESS operation efficiency is required.

Liang et al. implemented a coordinated charge control in [15] that can be employed
by large UPS systems. The main principle is to even the power of each rack according to its
rated capacity. The main issue is that its implementation relies on the prior comprehension
of the BESS characteristics as well as the battery conditions, such as degradation state, state
of charge, age, the temperature of operation, etc. Furthermore, both of the assumptions
are harder to be achieved as the battery bank ages. Morello et al. showed, in [16], an
implementation of BMS system for controlling a BESS 48V. Despite this contribution,
Morello does not address the issue of previously understanding the system characteristics
and the BMS is not active and it requires a charger to be controlled. In [17], Chen et al.
presented a charge protocol using an accurate estimate of the charging time of a battery
and the statistical properties of the charge/discharge patterns, yields an optimal trade-off
between aging and quality of service. Other works, such as [18], show systems that are
capable of reconfiguring itself to respond to application demands. These systems are the
state-of-the-art of the field; however, they still strongly rely on previous understanding
of battery stressors, and they focus on charge balance, thus not actively controlling the
battery lifetime.

Unlike the large number of researches that were conducted on handling overstress,
studies on handling wear-out are still incipient. The purpose of this research field is to rely
on controlling the degradation of each battery rather than limiting its use. This can also
be done by a BMS [19], but the usage of active BMS, or modular chargers, can boost the
control strategy efficiency, as different Depth of Discharge (DoD) can be applied to each
unit regarding its condition.

Both of the research fields, overstress and wear-out, have different attributes that
can be better explored in a comparative study. Modular chargers could benefit from this
comparison, as it enables an enhancement on the active control of each cell or unit. To the
best of author$ knowledge, a study comprising such analysis remains a literature gap.

The present work compares the performance of charge control techniques and their
implications on the BESS lifetime in an energy-time-shift application using solar power.
It presents an overview of the estimation of State of Charge (SoC) and State of Health
(SoH). The charge control strategies that are presented in the literature are classified here
into two main groups: the Adapted SoC strategy directly linked to the field of overstress
management and SoH strategy directly linked to the field of wear-out management. The
methodology for comparing the control strategies encompasses an overview of the battery
lifetime, charger. and photovoltaic plant models. The adapted SoC and SoH strategies are
compared in three distinct simulation cases to illustrate the operation of the BESS in a solar
energy time-shift application in different ages and battery technology: a newly formed
battery bank (Case 1), a midlife battery bank (Case 2), and a midlife battery bank, in which
one battery consisted of different technology and without previous forming (Case 3). The
results comprise not only the Capacity Fade, but also Energy Throughput and other stres-
sors, such as current and temperature. Each case is simulated in Simulink/MatLab® using
real measure data from a solar power plant. The built-in model provided by MathWorks®
was the battery model used.

2. Battery SoC and SoH Estimation Techniques

The State of Charge (SoC) and State of Health (SoH) require estimation and they are
indirectly linked from physical quantities, such as current and voltage. The definitions
of such parameters are given in the next sections, but, before that, some definitions may
be required.
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2.1. Battery Charge Related Parameters Definitions

Batteries are electrochemical systems in which electrons and ions are responsible
for the charge flow. Thus, the cycling dynamics are governed by Kirchhoff’s and Fick’s
laws, respectively. This subsection lists some battery parameters to better understand the
estimation techniques.

Capacity consists of a measurement of the charge that is stored in the battery. It can be
calculated as Equation (1)

Cp=it @

where C) is the battery capacity, i is the discharge current, and ¢ is time. One must consider
that the discharge time (and capacity) inversely depends on the discharge current. This
dependence is described by Peukert [20]. Some nomenclatures of importance regarding
capacity are described next:

¢  The Rated Capacity C,;; consists of the capacity at the rated voltage informed by
the manufacturer.

* A fully charged battery has the maximal releasable capacity (Crmung), which can be
different from the rated capacity. These differences can be due to deviations in the
manufacturing scheme or due to degradation process.

The State of Charge (SoC) consists of the ratio between the available capacity Cyygirapie
and amount of capacity used C;.4. Note that the available capacity consists of a different
value as the Cyyg, because the first is corrected by the applied current and the latter is not.

SoC = Cused )
Cavailable
The depth of discharge (DoD) is the ratio between the released capacity (used capacity
in discharge) and bulk available capacity for the application, refer to Equation (3).

t
DoD = S0Cpx — /0 i(t)dt 3)

where SoC,,y is the maximum state of charge that is reached in the fully-charged battery,
and i is the discharge current.

The Safe Operation Area (SoA) consists of the boundaries that encompass all of the
thresholds that protect the integrity of a battery unit [21], such as current, temperature,
and voltage.

The State of Health (SoH) consists of the measurement of battery degradation, which
is, in essence, multi-factorial.

2.2. State of Charge (SoC) Estimation

The State of Charge can be estimated in various ways. The research and development
of new methods to estimate this variable has been a major challenge because of the com-
plex electrochemical reactions and degradation process. In this section, two of the many
estimation options are reviewed because of their facility to be implemented in a control
for BESS in operation. One method is called coulomb counting, and the equation can be
viewed in (4)

t
SoC = S0Cy + — /i(T)dT )
Crtd 0

where C,;; is the rated capacity, SoC, is the initial state of charge, and i is the electrical
current. Note that the usual value for the equation should be Crmng, which is the real
available capacity value of a battery each time, but, normally, this information is not readily
available in most BESS systems. In Figure 3, the open-loop for the estimation process can
be visualized.
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Figure 3. Block diagram for Coulomb counting estimation method.

The main disadvantage of this estimation is that not all current is responsible for the
charging process. Side reactions that are present in the battery consume part of that current
and the value specific drawn to the charging process and cannot be measured directly.
The error due to the current is integrated and it will augment over time. Furthermore, the
presence of side reactions is increased as the battery ages. Another method for estimating
the State of Charge is through voltage measurement v(t), and the equation wields (5)

SoC(t) = xpar-v(t) + SoC, 5)

where &, is a parameter that is linked to the battery current, temperature and age. This
parameter necessitates extensive tests, which is the main drawback of this approach. The
value of the voltage directly relates to the battery state of charge, but some battery types,
such as lithium-ion, present a flat OCV (Open-Circuit Voltage) curve, which is harder to be
handled in the controller.

Solutions to mitigate these effects have been well addressed in the literature for
solutions using fuzzy logic, kalman filter, to reinforcing learning capabilities [22], but
the problems discussed previously are still present, as they are inherently related to the
battery measurement.

2.3. State of Health (SoH) Estimation

There is no consensus on addressing the State of Health. Studies propose estimation
on current dynamics, electrolyte density, and many others [9,23], but the standard protocol
to detect the battery age is through capacity fade [24].

The remaining capacity (Cymung) is, to some extent, different from C,;; for a new
battery and it declines with time in operation. Equation (6) can be used for evaluating the
degradation of a battery.

1 t
Crmng(t) = Co - m/(; |Q1(T)|dT (6)

where C, stands for the capacity in the initial stage of the evaluation, N is the equivalent
cycle, Q, stands for the residual charge in the initial stage of the evaluation, and Q; is the
charge. Note that the variable N can be projected to encompass one or various stressors or
be directly tied to a specific failure mechanism [25]. The different models of N will ensure,
or not, a good prediction of the battery life.

Figure 4 shows the open-loop estimation process. Note that the term inside the integral
is a charge, and then the same equation can be rewritten as the double integral of current.
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Figure 4. Block diagram for Capacity fade method.

3. Control Strategies for Battery Chargers

Modular charger, as stated in Section 1, is composed of multiple chargers for each
battery or unit, as seen in Figure 5. The control strategy is decentralized, as each converter
is responsible for a specific unit and acts upon it. The operation of the system is upheld
by the central control in which the mean variables, i.e., I,;, S0Cy;, and SoH,, are set. These
variables are calculated, as follows:

@)

in which X stands for the variable of interest.

These terms are used to compare the condition of each battery to the overall battery
bank. The actions that are provided by each control strategy will deviate each battery
current accordingly.
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Figure 5. Charger Topology based on a coordinated decentralized control strategy.

The coordinated control of modular chargers units in a bank is proposed to be per-
formed considering a hierarchical control split into three levels, as described below:

e Level 1 (primary control): the primary control level ensures that each unit is charged
and discharged accordingly to its particularities. Such control level must also perform
the basic and specific functions, like current and voltage control loops, as well as
automatic health evaluation.

¢ Level 2 (secondary control): the secondary level exploits the battery units through
coordinated control. Such a control level must also ensure that the electrical lev-
els in the bank are within the required values. It can be devised when considering
communication-based functions, or can be implemented in a decentralized fashion using
consensus protocol.

e Level 3 (tertiary control): this energy-production level controls the power flow be-
tween the modular units and the central charger, which, in turn, goes to the grid.
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If this control level is devised in a centralized controller, it can also gather external
information, like energy price, local system operator signals, etc, in order to maximize
the overall system performance.

Multiple strategies for extending battery lifetime were proposed in the literature as
a way to compensate the hazardous charge profiles [26-28]. Advanced charge/discharge
strategies not only ensure that each battery unit operates in its Safe Operation Area
(SoA), but also optimize the handled energy according to internal and external condi-
tions [29]. These strategies can be classified into two approaches that are covered in the
following subsections.

3.1. Adapted SoC Strategy

The objective behind this strategy (Figure 6) is to create different mean variable
currents for each battery, depending on its degradation. The equation is visualized in (8).

I; = Lu(SoH;) (1 4 (S0Cy, — S0C;) /k) ®)

where [; is the actual current in the battery, I, is the maximum current available for each
unit, SoC; is the SoC of each battery, and the SoCy, is the mean SoC of all battery bank. The
term SoH; is the SoH of each battery and k is the controller gain, being responsible for the
strength of action of the controller.

Figure 6. Block diagram of the adapted SoC strategy.

An important aspect to note is that no management of the overall bank lifetime is
performed, only overstress mitigation. The value of SoH; creates an imbalance that is
enhanced as the bank ages. Thus, a decline in the charge efficiency is expected as the
battery bank ages.

Several authors have proposed solutions using this method [30], and the differences
between them are related to estimation techniques and not in the control method.

Y. Li and Y. Han, in [31], present a topology of an electronic battery, in which the
main goal is to equalize the battery units based on average battery parameters values.
However, in such a proposal, the parameter deviations in each battery are not taken into
account. A decentralized control strategy is required to accommodate the battery limits.
The implementation of a decentralized control strategy is challenging because the standard
control variables are independent of the operation of the system and some constraints must
be applied for the operation of the system.

Kim et al., in [32], show the application of these strategies combined with various
charge profiles, like CC-CV, pulse charge in order to extend the battery life.

Howey and Frost, in [33], show this application in a decentralized control topology
using an MMC converter. The usage of this topology as a second-hand battery approach
was conducted by Liu et al. [34]. Another point to note is that the gain k, increases or
decreases the speed of the charge balancing scheme [35]. In other words, no effect on the
battery lifetime is expected by varying this gain.
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3.2. SoH Strategy
This strategy consists of converging the overall lifetime of a bank (Figure 7) [36]. The
concept is to converge each of the batteries SoH; to the mean value of the bank. The
equation is visualized in (9).
I = I,,(1 — (SoHy, — SoH;) /k) )

where SoH,; is the mean value of the state of health, the other terms were already addressed
in the last subsection. The strategy does not balance the cells and, thus, each battery is
expected to reach its final voltage in different times [37].

| I,
+

+
SoH; —( —» k Toa

ok
*

SoH,,

Figure 7. Block diagram of the SoH strategy.
4. Materials and Methods

Because studies that are related to battery banks are, in essence, multi-factorial, control
strategies effects can be masked by, for example, charge profile, battery models, and variable
estimation techniques, among other factors. In these cases, ensuring a better correlation
between the results and control strategy is advantageous, which is provided by the use of
simulations, since this approach simplifies models.

In this section, a detailed description of the battery lifetime modeling is present as
well as the photovoltaic (PV) system and modular charger model.

4.1. Battery Lifetime Modeling

Reliability is a known concern for battery systems. Various models have been de-
veloped [38] over the years, with applications ranging to specific failure mechanisms,
such as electrolyte diffusion [39]. Aiming to evaluate the mentioned topologies, the
Matlab/Simulink® platform is chosen, because the built-in battery model provided has
implemented real battery estimations that cover the research needs once the main goal is to
address the control strategy performances.

The remaining capacity (Crmng) of each battery cell has a dispersion to its rated capacity
of the Li-ion battery pack. The values for the calculation of that dispersion were obtained,
as shown in [40]. The aging effect is set through the number of equivalent cycles, as shown
in Equation (10)

N(n) = H- (DoD)® - (I4is(n))™ - (Ipa(n))"2 (10)
where,

®  N(n) is the number of equivalent cycles

*  DoD is the cycle depth of discharge

*  Ijs(n) is the discharge current

®  I.,(n) is the charge current

*  H,y1,72 and ¢ are constants determined experimentally by the mathworks team for a
specific battery type and age.
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One important thing to note is that all stressors, DoD, I;s(n), and I.,,(n), are indepen-
dent of the others and they affect the battery lifetime model. This idea has been backed up
by [41]. Another point is that some important stressors are missing (cell temperature and ter-
minal charge voltage refer to Section 1). For the analyses that were conducted herein, these
stressors are evaluated, but, qualitatively, as those stressors do not reflect in the lifetime
results. Further information can be found in the Matlab/Simulink® documentation [42].

4.2. Battery Bank Application

The application in which the battery bank is used has a strong influence on battery
degradation. For a fair comparison of each control strategy, the application and used
capacity of the battery bank needs to be the same mean-wise, as well as the dispersion of
each battery in the battery bank. The application chosen is Energy time shift [43] for a PV
system, the same charge released is deployed for the system, and the same mean DoD,, is
adopted for both of the strategies. The PV power plant considered in this study has the
following characteristics:

¢ location: the site is located in the School of Engineering at Federal University of Minas
Gerais (UFMG);

e 19°52'10.81" S 43°57'42.01” W. Altitude 808 m;

¢ total peak power: 37.2 kW;

¢ nominal peak power: 36.0 kW;

e expected energy delivered to the grid: 53.847 kWh/year;

e  total area: 439 m?, and area covered by PV modules = 257 m?;

e  number of PV modules: 154; and,

e each PV module peak power: 245 W.

The sizing of the battery bank was performed, as detailed in [44]. The battery bank
was dimensioned for a DoDy, of 40%, as shown in Figure 8. The data of the measurement
of the PV power plant during a month were applied to System Advisory Model (SAM)
software [45]

= VAT DT AT
Ul Uiy (it U
g UL Ji[)" UREUE UL
40 ! | | J I I ‘\
0 5 10 15Time [daYS] 20 25 30

Figure 8. Excursion of the SoC during a month.

The intermittence of the source needs to be taken into account, as the study is about
a PV charger. Normally in lifetime analysis, the battery is considered to be fully charged
during each cycle; for the reason specified before, this assumption cannot be always
respected. Thus, a change on the Equation (3) is required. Thus, Equation (11) yields.

t
DoD = SoC,,in +/ I(t)dt (11)
0

In this equation, it is assumed that the starting point of the charge or the endpoint of
discharge SoC,,;,. Thus, the DoD,, yields, as observed in Figure 9.
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Figure 9. DoD corrected during a month.

One can note that the variation of the DoD,, throughout the month. This makes the
solar charger application different from the grid-charged ones. Observe that the ranging of
the SoC variation goes from 40% to 80%. This means that the battery is operating on its
ohmic region and no limiting in the battery voltage is required.

4.3. Modular Charger Model

The MCC charger topology consists of associating each battery to a dedicated dc-dc
converter. The control strategy is separated into local and central. The PCS is responsible
for the central control, while each module is responsible for the local control.

A hierarchical control of several modular units is necessary, as stated in Section 1.
This paper focuses on the primary control (first level). For this analysis, a converter in a
steady-state is implemented as ideal current sources. The control utilized is the current
mode and, for a modular charger, each current of the units wields Equation (12).

1
Iy = 51 (12)

where n is the number of units in the battery bank, I, is each battery current and I, is the
actual current flowing through the system.

5. Simulation Results

This section compares the control strategies that are described in Section 3. The
simulation results demonstrate the behavior of three lithium-ion batteries in a system that
is composed of an MCC charger powered by a PV for the application of energy time shift,
refer to Section 4.2. Section 5.1 shows the recharge profile to be applied to the battery
for the analysis of the strategies. Section 5.2 shows the effect of gain for both strategies.
Section 5.3 shows the effect of the estimation process on each strategy. Section 5.4 shows the
strategies being analyzed through three case studies to evaluate each strategy in different
battery bank conditions.

5.1. Charge/Discharge Profile

For an energy time-shift application, the battery is charged with solar power. The
application consists of charging the battery in 6 h, since this is an average daily value for
sunbathing and discharge in 3 h. This is a condition that consists of the high rate of energy
price. Figure 10 shows the charge/discharge profile, and voltage and current are plotted in
different axis for a clearer view. The Simulink battery model of a 5.4 Ah lithium-ion battery
(LiC00y) is charged with 0.9 A (1/6 C) and discharge with 1.8 A (1/3 C).
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Figure 10. Charge/discharge profile: current and voltage.

Table 1 shows the parameters of the built-in thermal model that was deployed in the
MatLab/ Simulink® environment. This model is used throughout the simulations and the
parameters were not changed.

In Figure 11, the state of charge and cell temperature are shown. The maximum cell
temperature reaches 28.5 °C at the end of discharge. Because the charge profile is one
key component in battery degradation, the same profile is used for the comparison of
the strategies.

100 30
- €]
X 80+ 28 o
% :
= 60 26 =
® g

oF
S 40} 24 £
c =
I 20 22 3
‘” S
0 * * * * 20
0 2 4 6 8 10

Time [hours]

Figure 11. Charge/discharge profile: SoC and cell temperature.
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Table 1. Batteries Thermal parameters.

Parameters Values
Thermal resistance [°C/W] 0.6
Thermal time constant [s] 2000

The results of the recharge profile provide insights into the battery lifespan. The
discharge current affects the degradation process more significantly due to its higher value
when compared with the recharge current, as referred to in Equation (10). It is worth noting
that the battery has not been largely stressed, since the limits of the Safe Operation Area
(SoA) have been respected. In this case, the battery was fully recharged, which is rarely the
situation in photovoltaic systems.

5.2. Effect on Gain k

On each strategy, the gain, named k in Equations (8) and (9), modifies the velocity
on the time in which the desired setpoint is reached. This section shows the amount of
control that each strategy has over the battery lifetime. For the evaluation of the gain in
each strategy, 1000 h with the Depth of discharge was used according to Figure 12. The
MatLab/Simulink® battery model is used, and the parameters of each battery are shown
in Table 2.

(0.¢]
]

D
o

Depth of Discharge [%]
=
O

DO
o

200 400 600 800 1000
Time [hours]

o

Figure 12. Depth of Discharge for 1000 h simulation.

In Figure 12, a varying Depth of Discharge is used to emulate a battery bank charged
by PV system, as discussed in Section 4.2.

Table 2. Batteries parameters.

Parameter Battery 1 Battery 2 Battery 3
Nominal voltage 72V 72V 72V
Rated capacity 5.4 Ah 5.4 Ah 5.4 Ah
Remaining Capacity 5.37 Ah 5.35 Ah 5.54 Ah
Initial SoC 20% 30% 10%
Number of Cycles # 0 0 0

2 The Number of Cycles in the begining of the simulation.
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The first strategy is based on an SoC balancing scheme, and the gain is related to the
convergence velocity of the individual SoC values. No difference in the remaining capacity
by varying the gain factor is observed, as can be noted in Figures 13-15. It means that no
active control of the lifetime can be done with this strategy.
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Figure 13. Advanced SoC: Effect of the gain k on Battery 1.
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Figure 14. Advanced SoC: Effect of the gain k on Battery 2.
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Figure 15. Advanced SoC: Effect of the gain k on Battery 3.

Note that the time of the step in the depth of discharge creates an oscillation in the
battery temperature; refer to the oscillating temperature and the differences in scale for
each battery (Figures 13-15). Those oscillations in temperature can reach values beyond
the safety threshold (SoA) and other methods for damping these values may be applied.
Thus, a change in the charge/discharge profile is required.

Contrary to the first strategy, the gain k impacts the overall lifetime of the bank, as
can be visualized in Figures 16-18. Clearly, this approach permits the active control of the
battery lifetime, which manages the wear-out.
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Figure 16. SoH: Effect of the gain k on Battery 1.
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Figure 18. SoH: Effect of the gain k on Battery 3.

A major drawback is the Safe Operation Area (SoA) threshold (refer to Section 1),
specifically the battery temperature, as can be seen in Figures 16-18. Depending on the k
value, limitations in the battery current should be made to limit the temperature rise. It can
be noted that battery 3 has reached the highest value of temperature among the three units,
which is dangerous for Li-ion batteries. Another interesting point is that battery 2 with
gain k = 0.05 does not charge or discharge, due to the differences between the remaining
capacity of each cell. Because the conditions of the battery’s degradation change overtime
and at a different rate, a tune condition for batteries in their prime, new battery with
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low disparity, can drastically change as the bank ages. Thus, proper auto-tuning might
be needed.

This section compares the effects of the control action of the two analyzed strategies
on the battery lifespan. The results showed that the adapted SoC strategy did nto affect
the battery lifetime. This implies that any possible increase in the system’s lifespan must
be given by other factors, such as the recharge profile. In the case of the SoH strategy, the
control action directly influenced the battery bank lifetime. Thus, the active management of
the battery bank allows either extracting more energy under suitable solarimetric conditions
or reducing the energy that is extracted to extend the BESS lifespan.

5.3. Effect of the Estimation of SoH and SoC

The diagram blocks of each strategy is shown here in a closed-loop for one battery in
Figures 19 and 20. The current I, is the set current by the central charger. The variables
with the index e (50C,;, S0Cpy;, SoH,;, and SoH,,,) are the estimated variables calculated, as
shown in Section 2.

Ill] =

—_— - 4—
3600.Cyq S Battery Model

1 + Ibat
k
1 I 1
2
2.N.Q, s Battery Model

There is no feedback reinforcing the control of the desired variable (SoH and SoC), as
can be observed by the control loops for both strategies. It is necessary that the estimation
mechanism be as reliable as possible, but the absence of a direct measurement for this
variable makes a direct feedback loop impossible to be achieved. The solutions included in
the literature are estimators, such as Kalman filter, Opinath, and others. In this subsection,
the operation of 50 h is analyzed looking at stressors mechanisms for each strategy. For
this analysis, a fixed DoD of 80% is used and the same battery bank as in Table 2. Because
the objective here is to analyze the effect of estimated variables on the control strategy, a
simpler estimated technique has been chosen for this analysis.

Figure 20. Advanced SoC diagram block.

5.3.1. Adapted SoC
Figures 21 and 22 show the results of the SoH control strategy.
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Figure 22. Current values for the advanced SoC strategy.

As can be analyzed, each battery is charged and discharged with different current
values, and achieves different final values of SoC at end of charge and discharge accordingly.
In Figure 23, one can note that the reference value has been achieved, although each battery
SoC is not controlled accordingly.
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Figure 23. SoC estimation for the advanced SoC strategy.

5.3.2. SoH

Figures 24 and 25 show the results of the control strategy.

As can be viewed in each battery, the value of charge and discharge current remains
the same and thus each SoC value. In Figure 26, note that the reference value has not
been achieved, making an offset that increases at each iteration making this strategy more
complex to be dealt with.
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Figure 24. Current values considering the SoH strategy.
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50

The control strategies analysed cannot correct errors due to the problems inherent to
estimation. It would be necessary to insert a feedback loop to control eventual errors and
deviations from estimations. This problem is especially critical for the SoH variable, since it
is measured at a lower sampling rate than the SoC, which prolongs the action of the error.

In the simulation, the estimated values (SoCey;, S0C,, SoH,;;, SoH,) were different
from the initial values that were provided by the battery model, to mimic the inaccuracy of
the estimation values. While the SoC error was minimized during the simulation, the SoH

error was not.
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5.4. Lifetime Analysis

Some of the stressors are not present in the Simulink lifetime model, as observed in the
Section 4.1 on battery lifetime modeling. Thus, an evaluation of each stressor needs to be
taken into account separately. The evaluation of the current, cell temperature, and voltage
is dealt with herein. The mean value of each of the stressors, as well as their peaks and
wells, are enough for an in-depth evaluation of each strategy. Figure 1 shows the electric
circuit considered in the simulation results with three batteries in series connected to the
grid through a central charger. This simulation analyzes the degradation of a modular
bank for a month with the corrected DoD calculated, as in Equation (3). Table 3 presents
the gain of each control strategy.

Table 3. Gain of the control strategies.

Strategies k
adapted SoC 100
SoH 0.2

The gain values of each strategy are chosen to minimize dangerous battery effects
(refer to Section 5.2). The two strategies are analyzed with three distinct cases:

1. New battery bank with batteries of the same technology.
2. MidLife battery bank with batteries of the same technology.
3. MidLife battery bank with one changed battery of different technology and new.

These cases emulate different conditions in the battery bank as it progressively ages
and what implications the control strategy has in its results.

5.4.1. Case 1: New Bank

To compare the control strategies, a bank that is composed of three modular charger
based on lithium-ion batteries (LiC0QO5) is simulated at Matlab/Simulink® environment.
The Simulink® battery model based on [46] is used. The batteries parameters values are
shown in Table 4.

Table 4. Batteries parameters.

Parameter Battery 1 Battery 2 Battery 3
Nominal voltage 72V 72V 72V
Rated capacity 5.4 Ah 5.4 Ah 5.4 Ah
Remaining Capacity 5.37 Ah 5.35 Ah 5.54 Ah
Initial SoC 30% 30% 30%
Number of Cycles 0 0 0

In this simulation, all of the batteries are considered to be formed, which is, they have
reached their full remaining capacity. Table 5 shows the final value of the capacity for
each strategy.

Table 5. Remaining Capacity at the end of the month of simulation: Case 1.

Capacity [Ah] Battery 1 Battery 2 Battery 3
adapted SoC 5.24 522 5.36
SoH 5.23 5.21 5.36

Tables 6-8 show the minimum, average, and maximum value of the stressors of each
battery for both of the strategies.
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Table 6. Battery 1 during a month of simulation: Case 1.
Voltage [V] Current [A] Temperature [°C]
min avg max min avg max min avg  max
adapted SoC  7.11 7.4 763 —-12 0171 247 200 258 295
SoH 711 741 763 —-09 00535 18 200 258 287
gain 0 1.001 0 0.75 0.31 0.73 0 0 0.973
Table 7. Battery 2 during a month of simulation: Case 1.
Voltage [V] Current [A] Temperature [°C]
min avg  max min avg max min avg max
adapted SoC 712 74 764 —121 0178 248 200 258 294
SoH 712 741 7.63 —-09 00553 1.8 200 258 287
gain 0 1.001 0999 0.744 0311 0.726 0 0 0.976
Table 8. Battery 3 during a month of simulation: Case 1.
Voltage [V] Current [A] Temperature [°C]
min avg max min avg max min avg  max
adapted SoC  7.09 739 763 —-124 0226 255 200 257 293
SoH 71 739 762 09 0.0201 1.8 200 256 284
gain 1.001 0 0999 0.726 0.089 0.706 0 099 0.969

The values in the simulation show similar results for the voltage and temperature span,
but the current gives an advantage to the adapted SoC strategy. Note that the variation of
parameters within the batteries in this condition is minimum, which is probably due to the
battery bank being new and of the same battery technology.

5.4.2. Case 2: Mid-Life Bank

In this simulation, the battery parameters are changed in the number of cycles. When
considering that this battery has a target number of cycles of 1500, the half-life is 750.
Table 9 shows the battery parameters for this analysis. A change in the remaining capacity

parameter is noted; this is only due to the model degradation and dispersion remaining
the same.

Table 9. Batteries parameters for Case 2.

Parameter Battery 1 Battery 2 Battery 3
Nominal voltage 72V 72V 72V
Rated capacity 5.4 Ah 5.4 Ah 5.4 Ah
Remaining Capacity 5.04 Ah 5.15 Ah 52 Ah
Initial SoC 30% 30% 30%
Number of Cycles 750 750 750

The simulation results are shown in Tables 10-12.
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Table 10. Battery 1 during a month of simulation: Case 2.

Voltage [V] Current [A] Temperature [°C]
min avg  max min avg max min avg  max
adapted SoC 714 741 764 —114 0167 236 200 255 289
SoH 714 742 763 —-09 0341 18 200 262 286
gain 0 1.001 0999 0.789 2.042 0.763 0 1.027  0.990

Table 11. Battery 2 during a month of simulation: Case 2.

Voltage [V] Current [A] Temperature [°C]
min avg  max min avg max min avg max

adapted SoC 714 741 766 —116 017 237 200 255 291
SoH 714 742  7.63 -09 0337 18 200 261 286
gain 0 1.001 0996 0.776 1982 0.759 0 1.023  0.983

Table 12. Battery 3 during a month of simulation: Case 2.

Voltage [V] Current [A] Temperature [°C]
min avg  max min avg max min  avg max
adapted SoC  7.12 74 764 118 018 242 200 253 28.8
SoH 712 74  7.62 —-09 0302 1.8 200 259 28.3
gain 0 0 0997 0763 1.632 0.744 0 1.024  0.983

Analyzing Tables 10-12, the differences in the value of the current of both strategies
are significant. This is done by the factor SoH;, multiplying the mid-current I;,.
Table 13 shows the final value of the remaining capacity.

Table 13. Remaining Capacity at the end of the month of simulation.

Capacity [Ah] Battery 1 Battery 2 Battery 3
adapted SoC 4.99 4.98 5.03
SoH 497 4.96 5.0

5.4.3. Case 3: Mid-Life Bank with Different Technology

This analysis evaluates different battery types of Li-ion batteries. The second battery
in case 2 is replaced by a new LiNiO;. The parameters can be visualized in Table 14. The
second battery is not considered to be formed, which implies that the remaining capacity
has not yet achieved its full potential.

Table 14. Batteries parameters for Case 3.

Parameter Battery 1 Battery 2 Battery 3
Nominal voltage 72V 74V 72V
Rated capacity 5.4 Ah 4.4 Ah 5.4 Ah
Remaining Capacity 5.20 Ah 4.55 Ah 5.18Ah
Initial SoC 30% 30% 30%

Number of Cycles 750 0 750
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Tables 15-17 shoe the simulation results of each battery parameter.
Table 15. Battery 1 during a month of simulation: Case 3.
Voltage [V] Current [A] Temperature [°C]
min avg  max min avg max min avg  max
adapted SoC 714 741 765 —116 0191 239 200 255 29.0
SoH 714 742  7.63 —-09 0259 18 200 261 286
gain 0 1.001 0997 0776 1.356 0.753 0 1.023  0.986
Table 16. Battery 2 during a month of simulation: Case 3.
Voltage [V] Current [A] Temperature [°C]
min  avg  max min avg max min avg  max
adapted SoC 729 759 78 —-1.04 015 214 200 255 289
SoH 7.3 758 782 —0.731 0152 146 200 254 278
gain 1.001 0999 099 0703 1.013 0682 0 0.996 0.962
Table 17. Battery 3 during a month of simulation: Case 3.
Voltage [V] Current [A] Temperature [°C]
min avg max min avg max min avg max
adapted SoC ~ 7.12 7.4 765 —116 0.184 24 200 253 2838
SoH 713 741 762 —-09 -0017 18 200 255 282
gain 1.001 1.001 099% 0.776 —0.092 0.75 0 1.008 0.979

Table 18 shows the final value of the remaining capacity. Battery 2 shows an increase
in the remaining capacity. This is due to the fact that battery 2 is not fully formed.

Table 18. Remaining Capacity at the end of the month of simulation: Case3.

Capacity [Ah] Battery 1 Battery 2 Battery 3
adapted SoC 4.99 4.55 5.03
SoH 497 4.55 5.0

5.5. Discussion

Previous works have shown new possibilities for advanced chargers topologies with
applications ranging from electric vehicles (EV) to standard grid applications. The control
strategy employed can be traced back to these two main strategies. An in-depth discussion
on the real gain of each strategy is still marginally explored. This analysis needs a battery
lifetime model. This type of model is extremely data-driven and extensive lab work is
required, both in regards to equipment and time-wise. As the analysis is on control strategy
not in the battery itself, a simpler model was chosen. The Matlab/Simulink® has options of
real batteries implemented and the lifetime model has some limitations, as discussed in the
materials and methods section. One important aspect that can be inferred from this work is
that the remaining capacity is not a good figure of merit for analyzing these strategies. To
correctly evaluate the strategies, one must look beyond the remaining capacity figure. The
amount of current that is driven from the battery is directly tied to the degradation and
battery usage. For a given application purpose, the battery should be used accordingly, and
the maximum available power is wanted. The figures of merit analyzed here are capacity
fade, average current and temperature, and energy throughput.
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5.5.1. Capacity Fade

Capacity fade consists of the net value obtained by the remaining capacity during
the simulation.

The results, as presented in Tables 19-21, show a similar range of the capacity fade
through the month analyzed, so other factors must be evaluated.

Table 19. Capacity fade of the control strategies for Case 1.

Batteryl Battery 2 Battery 3
adapted SoC 0.136 0.128 0.181
SoH 0.143 0.137 0.185

Table 20. Capacity fade of the control strategies for Case 2.

Batteryl Battery 2 Battery 3
adapted SoC 0.389 0.369 0.516
SoH 0.409 0.389 0.541

Table 21. Capacity fade of the control strategies for Case 3.

Battery1l Battery 2 Battery 3
adapted SoC 0.389 0.0787 0.516
SoH 0.409 0.0761 0.539

5.5.2. Energy Throughput

This figure of merit shows the amount of energy that is extracted during the analyzed
month (refer to Section 4.2). The variations of the data are due to differences in the control
strategy. For case 1 (Figure 27), the adapted SoC and SoH strategies present the same
results that are linked to the remained capacity values in Table 5. For cases 2 and 3, the
adapted SoC deviates from the SoH early in the month simulation (Figures 28 and 29). One
important thing to note is that the SoH has a gain of 72.4% for the second case and 36% for
the third case. The lower gain of case 3 can be traced by the difference of battery technology
with the strategy SoH neglects.

20
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Figure 27. Energy Throughput: Case 1.
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Figure 29. Energy Throughput: Case 3.

This section analyzes the effect of the strategies on the battery lifetime. Firstly, in
case 1, there is only a slight variation for the battery voltage, current and temperature
values during the simulated month. In contrast, in case 2, which consists of a midlife
battery bank, these values present significant variations during time, inasmuch as the
adapted SoC strategy drastically limits the operating range of each battery. The difference
in energy extracted (Energy Throughput) observed for case 2 reinforces these findings.
In case 3, comprising a new un-formed battery (battery 2) and two midlife batteries
(batteries 1 and 3), battery 2 increased the value of the remaining capacity for both of the
strategies. The rated capacities of battery 2, and batteries 1 and 3, were 4.4 Ah, and 5.4 Ah,
respectively. The current that was settled by the central controller was adjusted accordingly.
The parameters show that, in both strategies, more current was drained from batteries 1
and 3. Battery 2 drained less current due to its lower capacity. These results show that the
SoH strategy lacks the ability to access batteries of different technologies, having a decrease
in performance by the added battery

6. Conclusions

Battery banks without proper active charge control lead to deviations in the tempera-
ture, current, voltage, and SoC of the units. As a result, the aging process of the batteries
is accelerated at different rates. To correct this issue, previous studies have addressed
two main strategies: adapted SoC and SoH. This work analyses these two strategies in
a PV energy time-shift application considering Capacity Fade and other stressors, such
as temperature and current. Simulations in MatLab/Simulink® environment were per-
formed to assess three possible BESS conditions: a new formed battery bank (Case 1), a
midlife battery bank (Case 2), and a midlife battery bank in which one battery consisted
of a different technology and without previous forming (Case 3). The three cases present
similar capacity fade values. The SoH strategy presents an increase of 72.4% in the energy
extraction (Energy Throughput) as compared with the adapted SoC strategy in case 2. In
case 3, the increase was of 36%. In Case 1, no difference was observed. It is worth noting
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that both of the strategies presented problems in the SoH estimation, as no feedback input
is available for correcting the estimation. Future works can be performed to address this
issue. In addition, the results show that the adapted SoC strategy does not actively control
the battery lifetime, as the SoH strategy does. Finally, the SoH strategy is the best approach
considering the usage of the battery bank, but applying this strategy in a battery bank
consisting of different technologies requires adaptation.

Author Contributions: Conceptualization, N.T.D.F.,, A.R., D.B. and B.C.F.; methodology, N.T.D.F,;
software, N.T.D.F,; validation, N.T.D.E, A.R., D.B. and B.C.E,; formal analysis, N.T.D.E,; investigation,
N.T.D.E,; resources, B.C.F.; data curation, N.T.D.E; writing—original draft preparation, N.T.D.E,;
writing—review and editing, N.T.D.F,, AR, D.B. and B.C.F,; visualization, N.T.D.E,, A.R., D.B. and
B.C.F,; supervision, D.B. and B.C.F,; project administration, B.C.F; funding acquisition, B.C.F. All
authors have read and agreed to the published version of the manuscript.

Funding: This work has been developed under the Research and Technological Development
Program of the Electric Energy Sector regulated by ANEEL under the title “Technical and commercial
arrangements for the insertion of energy storage systems in the Brazilian electric sector”, project id ANEEL
PD-00553-0046 /2016, with Petrobras as the project proponent. The authors also thank the financial
support from CAPES, FAPEMIG (grant APQ-02518-16), CNPq (grant 420850/2016-3) and CEFET-MG.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design

of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript.

Abbreviations

The following abbreviations are used in this manuscript:

BESS Battery Energy Storage System
DoD Depth of Discharge

EV Electric Vehicle

Li-ion Lithium-ion battery

LiCoO, Lithium-ion Cobalt dioxide battery
LiNiO, Lithium-ion Nickel dioxide battery
MCC Modular Cascaded Converter
MMC Modular Multilevel Converter
PCS Power Conditioning System

PV Photovoltaic

SoA Safe Operation Area

SoC State of Charge

SoH State of Health
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