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ABSTRACT This paper presents a novel battery degradation cost (BDC) model for lithium-ion batteries
(LIBs) based on accurately estimating the battery lifetime. For this purpose, a linear cycle counting algorithm
is devised to estimate the battery cycle aging. In this algorithm, the local maximum and minimum values
of the profile of the battery state of charge are identified by the proposed linear formulations. Then, the
battery cycle aging due to the complete and incomplete cycles is determined. In this step, the battery cycle
aging during an incomplete cycle is calculated by converting it to two complete cycles. After that, the
calendar aging process of the LIB is linearly formulated based on the semi-empirical model to estimate
the BDC accurately. After linearizing the LIB degradation process, a mechanism for computing the BDC
during the scheduling horizon is designed by modeling the BDC as a series of equal payments over the LIB
lifetime. In order to incorporate the BDC in the battery energy management problem, an iterative algorithm
is presented for efficiently calculating the BDC associated with the adopted charging/discharging strategy.
The numerical simulation results indicate that integrating the battery degradation process into the battery
scheduling problem can reduce the amount of the battery capacity fading by 32.81%, as well as increase the
profit of battery owners by 1.21%. Moreover, the conducted analyses highlight the importance of considering
the LIB calendar aging process in determining the optimal LIB capacity.

INDEX TERMS Battery degradation cost (BDC), cycle aging process, calendar aging process, battery
scheduling problem, wind energy.

NOMENCLATURE ct Battery power rating investment cost.
A. INDICES AND SUPERSCRIPTS E™s Battery initial energy capacity.
. . IC Battery investment cost.
cal  Superscript for battery calendar aging. i .
NTail Battery cycle life.
ch  Superscript for battery charging state. .
. . M Large positive constant.
cyc  Superscript for battery cycle aging. PBES Battery rated power
dch  Superscript for battery discharging state. psch Scheduled wind )
h,t Index for time interval. pw AC te ;l e, va power.
n Index for depth of discharge (DOD). I i ua tw1rt1 powet.
Q" Set of time intervals. d neerest rate.
RV Battery residual value.

SOC, SOC Maximum/Minimum state of charge.

B. PARAMETERS T

CE  Battery energy rating investment cost. Ah
C"  Battery installation cost. 8N

Battery temperature.
Time interval duration.
Number of time intervals.
& Convergence criterion.
The associate editor coordinating the review of this manuscript and Battery efficiency.
approving it for publication was Lei Wang.
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n
ghat Battery degradation cost ($/Wh).
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pRT Real-time electricity market price.

pPA  Day-ahead electricity market price.

o Battery self-discharge rate.

@, ¢  Maximum/Minimum range of the segment n.

C. BINARY VARIABLES

I Discharge indicators.
U,D Auxiliary binary variables.
w Indicator of the selected value of the DOD.

D. VARIABLES

AG Amount of the battery capacity fading.
cPes Battery degradation cost ($).

DOD Depth of discharge.

EBES Battery energy rating.

LBES Battery lifetime.

OF Objective function.

pet Curtailed power.

Pl pdch Charging/Discharging power.

PRT Power exchanged with the utility grid.
Nee Battery state of charge.

SOH Battery state of health.

I. INTRODUCTION

The intermittent nature of wind has a significant effect on
the profits of wind farms and weakens their competitiveness
in the electricity market [1]. In this regard, various solutions
have been proposed to solve this challenge and improve the
profitability of wind farms [2]. Among them, integrating
batteries with wind farms has drawn more attention [3].
Recently, different battery types have been utilized next to the
wind farms, among which lithium-ion batteries (LIBs) have
received more attention due to their low self-discharge rate,
high energy density, and lack of memory effect [4]. So that
the LIBs currently compose more than 80% of the batter-
ies installed internationally [5]. Nevertheless, diverse stress
factors can degrade the LIB capacity and reduce its lifetime.
Therefore, employing a suitable approach to maximize wind
farm profits through batteries is one of the most considerable
challenges for researchers [6].

Extensive studies have been conducted to achieve the opti-
mal performance of the batteries in wind farms. A novel
model predictive control (MPC)-based strategy for wind
farms integrated with dual-battery is presented in [7] to
improve the battery lifetime and the wind farm profit. A new
stochastic programming based on Benders decomposition is
proposed in [8] to calculate the optimal size of the battery
under wind uncertainties. A stochastic bi-level optimization
model for integrated wind-battery systems is provided in [9]
to improve battery profits in energy and frequency regula-
tion markets. A novel operation-planning model is presented
in [10] to increase the participation of wind-battery systems
in both the gas market and the day-ahead electricity market.
A real-time approach for integrated wind-battery systems is
provided in [11] to increase wind farm revenue; however,
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the battery degradation process (BDP) and its impact on the
battery lifetime are ignored. It is worth noting that the BDP is
one of the significant factors affecting the battery degradation
cost (BDC) and the battery performance [12]. Due to the
high investment costs of the LIB, it is necessary to integrate
the BDC into the energy management problem to improve
the financial analysis accuracy and increase the profitability
of the LIB. In [13], [14], and [15], approximate models
are proposed to incorporate the BDC in the LIB scheduling
problem. In these models, the BDC is calculated in proportion
to the amount of charging/discharging power. Nevertheless,
the BDC should be calculated based on the BDP. As the
BDC depends on different parameters, such as the LIB capital
cost and the BDP, these methods can not accurately model
the BDC.

There are two major approaches for modeling the
BDP [16]. The first one is the data-driven approach, which
estimates the battery state of health according to the labo-
ratory data. In this regard, various machine learning tech-
niques, such as neural networks, support vector machines,
and gaussian process regression, are utilized to estimate the
amount of the battery capacity fading [17]. Therefore, it is not
required to mathematically model complex electrochemical
reactions within the battery [18]. Nevertheless, the accuracy
of data-driven approaches is highly dependent on the quality
of the measured data. Moreover, these approaches have a high
computational burden and require a lot of storage space [19].

The other one is the model-based approach, which
estimates the state of health of the battery based on an elec-
trical equivalent circuit model of the battery. In the exist-
ing literature, various model-based methods are introduced
to calculate the LIB capacity fading due to the BDP. The
model-based degradation methods can be categorized into
two classes based on the nature of their implementation:
empirical and theoretical models [19]. Empirical models [20],
[21], [22], [23] are more convenient for analyzing and model-
ing the BDP in the energy management problem. Moreover,
empirical models introduce a less computational burden to the
optimization problem. In these models, the BDP is modeled
based on experimental tests and under certain operational
conditions. Thus, a model designed for a specific use of the
LIB may not be usable in other positions. Therefore, to model
and analyze the BDP, it will be essential to perform tests in
accordance with the technical specifications of the battery
and operational conditions. Nevertheless, the empirical mod-
els may not be economically justified for the battery owners
due to time-consuming and expensive degradation tests [24].

Theoretical models [25], [26], [27], [28] analyze the elec-
trochemical reactions inside the LIB and the factors affecting
the loss of lithium-ion inventory (LLI) and loss of active
cathode/anode material (LAM). In the battery energy man-
agement problem, the exact conditions of the LIB cells
are unavailable; therefore, the BDP in theoretical models is
estimated according to the battery usage patterns. Conse-
quently, these methods cannot model and analyze the exact
BDP in the battery scheduling stage in comparison with
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TABLE 1. Comparison taxonomy of the reviewed papers.

Ref Linear Battery Lifetime Battery State of Cycle Aging Cost Calendar Aging Cost Cycle Counting
Model Health Method

[13] v

[14] v v

[15] v Cycle life v

[31] Cycle life RFC algorithm
[32] Cycle life v RFC algorithm
[33] Cycle life v RFC algorithm
[34] Cycle life v v RFC algorithm
[35] v Cycle life v

[36] v Cycle life v v

[37] v Cycle life v v

[38] v Cycle life v

[39] v Cycle life v v

[40] v Cycle life v v

This Paper v Cycle/Calendar life v v v Proposed algorithm

empirical models [28]. Furthermore, due to the modeling
complexity, employing these methods to model the BDP has
a high computational burden on the optimization problem.
This paper proposes a novel linear BDP model based on
the semi-empirical model presented in [29] to minimize the
disadvantages of the theoretical and empirical models. More-
over, the proposed model can be readily utilized in various
applications of LIBs.

The BDC is estimated based on the amount of the LIB
capacity fading and the relevant economic factors. The
amount of LIB capacity fading stems from the cycle aging
and the calendar aging [30]. The LIB cycle aging depends
on the number of the performed cycles and the LIB depth of
discharge (DOD) at each cycle. The LIB cycles are generally
classified into complete and incomplete cycles. In complete
cycles, the LIB discharge process begins from the full capac-
ity and completes at the n'' DOD. Afterward, starting the
LIB charging process, the LIB state of charge (SOC) will rise
again to full capacity during an increasing path. On the other
hand, after the discharge process completes in the incomplete
cycles of the LIB, the SOC will be less than 100% during
the charging process [28]. In [31], [32], [33], and [34], the
rain-flow counting (RFC) algorithm is employed to count
the complete and incomplete cycles of the LIB. As the RFC
algorithm is nonlinearly modeled, it increases the computa-
tion time of the optimization problem and may get stuck in a
locally optimal solution. In the other linear models presented
in [35], [36], [37], [38], and [39], no distinction is made
between the complete and incomplete cycles of the LIB.
Moreover, the calendar aging process of the LIB is ignored in
calculating the BDC. Therefore, these models are not able to
efficiently calculate the BDC. In [40], a comprehensive home
energy management system is presented to reduce the daily
energy cost and the BDC; however, the effect of the calendar
aging process on the battery state of health is neglected.
Hence, the accuracy of the financial analysis and the proposed
BDC model is decreased.

In conclusion, there are still numerous shortcomings
in integrating the BDC into the LIB scheduling prob-
lem. To overcome the mentioned shortcomings, a linear
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comprehensive BDC model is presented in this paper. Table 1
shows a taxonomy to highlight the novelties of the pro-
posed model in comparison with previous models. The
main contributions of this paper can be summarized as
follows.

o Providing a linear BDP model based on the semi-
empirical approach aims to integrate the cycle aging and
calendar aging of the LIB into the battery scheduling
problem.

o Introducing a novel linear cycle counting algorithm
to count complete/incomplete cycles and calculate the
LIB cycle aging.

o Modeling the BDC and estimating the battery lifetime
according to the cycle and calendar aging of the LIB.

« Presenting a novel MPC-based framework for optimal
LIB energy management to reduce the battery capacity
fading and the BDC.

« Investigating the impact of ignoring the LIB calendar
aging process on the accuracy of the financial analyses
and the obtained results.

The rest of the paper is organized as follows. In Section II,
the BDP due to the cycle aging and calendar aging is lin-
early formulated, and then a novel approach is presented
to calculate the BDC. In Section III, the energy manage-
ment problem incorporating the BDP is formulated, then
an MPC-based strategy is proposed to reduce the BDC and
handle the uncertainty in the energy management problem.
Section IV presents case studies that validate the applicability
and performance of the proposed BDC model. Ultimately,
concluding remarks are provided in Section V.

Il. MODEL OUTLINE

The BDC stems from the loss of active cathode/anode mate-
rial and the loss of lithium-ion inventory of the LIB [41].
Thus, to model the BDC in the LIB energy management
problem, it is first necessary to model the factors affecting
the BDP. Then the BDC can be calculated based on the
amount of the LIB capacity fading and the pertinent eco-
nomic parameters. All the contributing factors to the BDP are
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linearly modeled in this section. Eventually, a novel proce-
dure for estimating the BDC is presented.

A. LIB DEGRADATION MODEL

To consider the BDC in optimal LIB energy management
problems, first and foremost, it is necessary to use an appro-
priate method to model the BDP and estimate its lifetime
based on the charging/discharging pattern. Then, the BDC
can be calculated at each time interval according to the
amount of the LIB capacity fading.

As mentioned earlier, the BDP depends on the cycle and
calendar aging process of the LIB. Cycle aging process stems
from a decrease in the LIB lifetime per charging/discharging
cycle due to the reduction in active lithium ions, and its
amount depends on the battery temperature and the DOD in
the charging/discharging process [29]. Calendar aging pro-
cess is caused by the inherent degradation of the LIB during
its lifetime, and it depends on the LIB temperature, SOC,
and duration of LIB operation (from the time that the LIB
has been manufactured in the factory to the current opera-
tional status). Therefore, if the LIB is not utilized, the state
of health and capacity of the LIB will decrease due to the
calendar aging process [38]. In this section, the cycle aging
and calendar aging of the LIB are modeled to calculate the
amount of the LIB capacity fading and the BDC. It should
be noted that the limitations and assumptions of the proposed
degradation model are as follows:

o The proposed cycle aging algorithm can calculate the
cycle aging amount of all types of batteries. To this end,
the relationship between the cycle life and the DOD of
the battery is required. Furthermore, the amount of the
battery SOC is needed at each time interval.

o The presented calendar aging model can be utilized to
estimate the state of health of the LIBs. To model the
calendar aging process of other types of batteries, it is
necessary to do specific empirical tests and model their
calendar aging process.

o As the air conditioning system is used for the installed
LIB, the average temperature of the LIB is almost con-
stant, and the range of temperature changes is small.
Hence, a constant temperature can be considered for
modeling the BDP [42].

1) BATTERY CYCLE AGING

As discussed, temperature changes in the battery are small;
therefore, the LIB temperature can be considered steady [42].
Accordingly, it can be supposed that the LIB cycle aging is a
function of the number of performed cycles and the DOD at
each cycle.

The LIB cycles are categorized into two groups: the com-
plete and incomplete cycles. A nonlinear method based on
the RFC algorithm is presented in [32] to count the number
of the complete and incomplete cycles of the LIB. As using
nonlinear constraints in the optimization problem increases
the computation time, a novel linear algorithm is proposed
in this paper to calculate the LIB cycle aging according to
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FIGURE 1. Cycle aging estimation algorithm.
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the DOD at each complete/incomplete cycle. Fig. 1 displays
the flowchart of the proposed algorithm for calculating the
LIB cycle aging. In the first step, the SOC profile is analyzed
to find the local maximum and minimum values of the SOC
profile following a continuously declining path. This process
is repeated until all peaks (beginning of the LIB discharging
process) and valleys (end of the LIB discharge process) of
the SOC profile are determined. In the proposed algorithm,
equations (1)-(2) are utilized to determine the peaks and
valleys of the SOC profile.

Uit — Dt = 18t — 1" vhe Q" (1)
Uih 4 plch <1 vhe Qh )

where the binary variable / ;f"h indicates the battery discharge
status, and during the discharge process, its value will be
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equal to 1, otherwise 0. According to formulas (1) and (2),
when the battery discharge process starts, the value of the
binary variable U, ;‘lkh will be equal to 1, otherwise 0. Similarly,
when the battery discharge process is complete, the binary
variable Dﬁ“h will be 1, otherwise 0. In other words, the
binary variables U;lkh and DZCh will be equal to 1 at the
local maximum and minimum values of the SOC profile,
respectively.

In the second step, the LIB cycle aging is calculated
based on the complete and incomplete cycles. The incomplete
cycles can be estimated by the superposition principle and
converting an incomplete cycle into two complete cycles. For
example, according to Fig. 2, the incomplete-cycle IC1 can be
considered equivalent to subtracting the complete-cycle C2
from the complete-cycle C1. Assuming the C2-DOD is equal
to the IC-start DOD, and the C2-DOD is equal to the IC1-
end DOD. Equations (3)-(4) are employed to calculate the
LIB cycle aging due to the complete and incomplete cycles.
Equation (3) shows the LIB cycle aging at the local minimum
SOC (valley). Similarly, the LIB cycle aging at the local
maximum SOC (peak) is calculated by equation (4).

AGY™ = AGLUf" e @ 3)
AG™ = AG,DJ" Vh e @ )

where AG indicates the amount of the LIB capacity fad-
ing which is calculated by equation (5). In this equation,
E™ shows the LIB initial capacity, subscript n denotes the
DOD value index, N/ indicates the battery cycle life, and
Wy, is a binary variable that shows the value of DOD for
the discharge segment n. The value of wy, is determined by
equations (6)-(8).

0.2E™"s
> thn n#0
AG,={" ' Vhe Q"
0 Otherwise
(5)
DODy, = EPES —soc, Vhe Q" (6)
ZﬂEf ES W < DODy, < Z@Ef ES v
n n
Vh e Q" @)
Vhe Q" (8)

thn <1
n

where @ and ¢ are the maximum and minimum DOD for
segment 1, DOD is the battery depth of discharge, and SOC
is the state of charge. Equation (6) shows the amount of the
battery DOD. According to equations (7)-(8), when the DOD
is between onkE ,?ES and @E}?ES , the binary variable wy,, for
the DOD n will be equal to 1; otherwise 0. In other words, wp,,
represents the chosen DOD segment. Eventually, the amount

of the LIB cycle aging is calculated by equation (9).
: 1l k
AG) = AG)"™ — AG*™ Vhe Q" 9)
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FIGURE 2. Battery cycle aging calculation approach.

It is worth noting that the non-linear term of constraint (3),
the multiplication of binary variable U%" and the continuous
variable AG can be linearized using a new bilinear variable
LAG and constraints (10) and (11) as follows:

0 < LAG, < MU' Vh e Q" (10)
AG), — M (1= Uf™) < LAG) = AG) + M (1 - Uj")
Vh e Q" (11)

where M is a large positive constant. According to (10),
if U%" is 0, LAG would be 0. On the other hand, if U%" is 1,
constraint (10) is relaxed, and according to (11), LAG would
be equal to AG. Hence, the non-linear term of constraint
(3) is linearized by constraints (10) and (11). Similarly, the
non-linear term of equations (4) and (7), the multiplication
of the binary variable and continuous variable, are linearized
using constraints (10) and (11).

2) BATTERY CALENDAR AGING
According to the semi-empirical model presented in [29], the
LIB calendar aging (AG*) can be calculated by nonlinear
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equation (12). In this equation, & shows the installation time
(hour), SOC is the state of charge (%), and T is the LIB
temperature (°C).

h 0.8
AGS! = <%> (0.01950CY3%3 +0.5195)

x(3.258 x 10797797 £ 0.295) Vhe Q" (12)

Assuming the LIB temperature is constant, the LIB cycle
aging is a function of time and SOC. Hence, the LIB calendar
aging can be modeled by equation (13).

h 0.8
AGS = <%) (0.006450C932% 1.0.1751)

Vhe Q" (13)

The equation (13) is linearized by regression method, and
then the LIB calendar aging can be modeled with the help
of linear relation (14). The LIB calendar aging is calculated
according to the LIB capacity (EBES) and the SOC using
equation (15). Finally, equation (16) models the amount of
the LIB capacity fading due to the calendar aging process at
time interval A.

h 0.8
AGf,“l=<m> (0.002850C; 4 0.1939) Vh e Q" (14)

h 0.8
AGE! = (ﬁ) (0.002850C}, + 0.001939E%)

Vh e Q" (15)
h\08 h—1\08
AGE = [(ﬁ) - (W) }(o.oozssoch
+0.001939EPES)  vh e QF (16)

B. BATTERY DEGRADATION COST

The BDC refers to the battery depreciation cost and depends
on the degradation process, the lifetime, and the investment
cost of the battery. Fig. 3 demonstrates the concept of the
BDC. As shown, the total BDC during the battery lifetime
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Investment Cost %

o]
- I
g @
2 s
g a
: | =\ 4
2 — jos
(=] @
- S
- =
: 2\ ¢
=
2 N
s
k]
e ANETAN =

Salvation Value 2
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FIGURE 3. Schematic illustration of the battery degradation cost concept.
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is equal to the difference between the purchase price and
the residual (salvage) value of the battery. Due to the high
investment cost and the limited lifetime of batteries, it is
necessary to integrate the BDC into the battery scheduling
problem. Ignoring the cost of battery degradation consider-
ably reduces the accuracy of the financial analysis. In order
to improve the accuracy of the obtained results, a compre-
hensive model for modeling the BDC is presented in this
section.

As discussed, the LIB lifetime depends on the calendar
aging and the cycle aging of the battery. As the amount of
the BDP is different at each time interval, a constant value
cannot be used to model the BDC. Hence, this paper presents
a novel method to estimate the BDC based on the BDP
at each time interval. The proposed method is modeled by
equations (17)-(20).

0.2E1ns

LBES — Vhe Q" 17
h AGy (17
O.ZEi"‘Y
r <IC(1 +r) A% — RV)
P = — Vhe Q! (18)
(1 +7r) 4G —1
IC = E™(CE + c™) 4 PBES P (19)
Deg
ghat — “h__ yp e Qh 20
h AG, (20)

where LBES is the LIB lifetime, CP% is the BDC, r is the
interest rate, RV is the LIB residual value, CE is the LIB
energy rating cost, C” is the LIB installation cost, PBES is the
LIB power rating, and C” is the power rating cost. When the
LIB loses 20% of its initial capacity, its lifetime ends [38].
Hence, the battery lifetime can be estimated according to
the amount of the LIB capacity fading using equation (17).
By calculating the LIB lifetime, the LIB degradation cost
(CPe¢) is modeled by equation (18) as a series of equal
payments over the LIB lifetime. In this equation, /C denotes
the LIB capital cost and it is determined by equation (19). The
BDC associated with 1 Wh of the LIB capacity fading (6%%)
is determined by equation (20).

The main contributing factors to the BDP were lin-
early modeled in this section. Then a novel BDC model
was presented. In the remainder of the paper, the pro-
posed BDC model will be integrated into the battery energy
management problem to investigate its applicability and
effectiveness.

lll. PROBLEM FORMULATION

The main factors affecting the BDP were linearly modeled in
the previous section. Also, a novel BDC model was presented
to estimate the BDC based on the amount of the LIB lifetime
and the relevant financial parameters. In this section, the
BDC is integrated into the LIB scheduling problem, and
the associated scheduling problem is formulated as a Mixed
Integer Linear Programming (MILP) model. Then, a novel
predictive energy management strategy (PEMS) is proposed
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to solve the optimization problem and address the uncertainty
in the energy management problem.

A. OBJECTIVE FUNCTION AND CONSTRAINTS

In the proposed framework, the scheduling problem is formu-
lated to maximize the wind farm profit by selling committed
power and reducing the BDC. In this regard, the objective
function and operation constraints of the scheduling problem

over the time intervals " = [t+1,..., t+k] are defined as
follows:

t+k

OF =" (oP*Pic = pfTPRT — 7 — i) 1)
h=t+1

CP = 6P AG) ™ — 0P AG ™ h e @ (22)

Cil = 0pUAGK! Vhe Q" (23)

Pyt =P + P+ PI"+ PRT 4 P Vhe Q" (24)

—P/ <P"<0 VheQ" (25)

PRT >0 VheQ" (26)

where OF is the objective function, Pt is the scheduled
wind power, pP4 is the day-ahead market price, PRT is
the purchased power from the real-time market, pR” is the
real-time market price, P" is the actual wind generation
power, P is the curtailed wind power, and P*/P" are the
LIB charging/discharging power. The objective function (21)
shows the amount of wind farm income and expenses dur-
ing the scheduling horizon. The first term of the objective
function represents the wind farm income from the sale of
committed power. The second term of this relationship shows
the cost of purchasing energy from the real-time electric-
ity market to compensate for the forecast error. The third
term of the objective function reveals the cycle aging cost
(C9¢), which is modeled by equation (22) in the optimiza-
tion problem. The last term of the objective function (21)
models the calendar aging cost (C®) during the scheduling
horizon. The calendar aging cost is estimated by equation
(23). The power balance equation (24) shows the parity of
the committed generation power with the power supplied by
the wind farm. Accordingly, when the actual wind power
is greater than the committed power, the excess power is
stored by the LIB or curtailed. Similarly, when the actual
wind power is less than the committed power, the real-time
market and the LIB provide a lack of power. Constraint
(25) shows the curtailed wind power [13]. Constraint (26)
demonstrates the amount of power purchased from the real-
time market. Other LIB operation constraints are modeled
by (27)-(32).

0 < pieh < pBES[dch —p ¢ QF (27)

—PBES(1 — [ty < pch <0 VR e QF (28)
SOCy, = SOCp—1Y(1 — o)
PdChAh
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Vhe Q" (29)

EBESSOC < SOC, < EPESSOC Vhe @' (30)
EPES = EBES | — AG) — AG{™ Vhe Q"
(31)
BES

SOH), = Vhe Q" (32)

h
Eins

where o is the LIB self-discharge rate, A#h is the time interval
duration, SOH is the LIB state of health, and SOC/SOC are
the maximum and minimum state of charge, respectively.
Limitations of the discharging and charging power of the
LIB are modeled by constraints (27) and (28), respectively.
The binary variable / ﬁCh shows the LIB discharge status and
will be equal to 1 during the discharge process. The stored
energy in the LIB at time interval % is equal to the stored
energy in the previous time interval (h-1) minus the charged
or discharged energy at time interval £ (29). In (30), the SOC
is restricted by the LIB capacity at each time interval. Due
to the BDP during the scheduling horizon, the available LIB
capacity at each time interval can be calculated by the state
equation (31). The second term of equation (31) indicates the
amount of LIB capacity fading due to the cycle aging process
and is calculated using equations (1)-(11). The third term of
equation (31) demonstrates the amount of the LIB capacity
fading due to the calendar aging process and is calculated by
equation (16). Finally, the LIB state of health is determined
by equation (32).

B. PREDICTIVE ENERGY MANAGEMENT STRATEGY
Real-time market price and wind output power can consid-
erably affect the wind farm profit and the LIB performance.
In the presented framework, a novel PEMS according to the
MPC is provided to handle the uncertainty in the input param-
eters (real-time market price and wind power generation) and
improve the LIB performance. The principal advantage of the
MPC is that it can indirectly address the uncertainty in the
scheduling problem [43]. In the MPC controller, the system
behavior is anticipated for a fixed time horizon, known as
the prediction horizon, and the scheduling problem is solved
over the prediction horizon [44]. Then, the first control signal
is applied. As the optimization and prediction processes are
repeated at each time interval, the system can take more
appropriate operational measures in response to unexpected
changes [45].

The proposed PEMS framework for solving the LIB
scheduling problem is demonstrated in Fig. 4. In the first
step, the required data (including the meteorological infor-
mation, the historical price of the real-time market, the LIB
specifications, and the committed wind power) is collected.
In time interval ¢, the real-time market price and wind power
generation are forecasted from ¢ + 1 to ¢t 4+ k. An initial
value for 6% is also considered. In the next step, the LIB
energy management problem is solved over the prediction
horizon. The associated energy management problem is mod-
eled by equations (1)-(11), (16), and (21)-(32). Afterward,
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v
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FIGURE 4. Proposed framework for integrating the BDC into the LIB
scheduling problem.

the new value of §%% is calculated by equations (17)-(20).
In the next step, #P¥"®" is compared to its previous
value @ba-old 1f the first terminating constraint (33) is
activated, the system processes the first control signal and
goes to the next time interval. Otherwise, using the 6%
obtained from the latest iteration, the optimization problem
is solved again. The proposed iterative method should be
followed until the second terminating constraint is met. In
equation (33), the ¢ indicates the convergence criterion and is
set to 2% in the numerical simulations of the paper. It should
be noted that the value of the ¢ can be chosen less to improve
the accuracy of the obtained results, in which case the number
of simulation iterations and the simulation time will increase.

1366

In case of practical use of the proposed framework, the value
of ¢ can be reduced to more accurately model the BDC in the
battery scheduling problem.

bat,old bat ,new
eh - 9/1

h
e <e VheQ (33)
eh

IV. SIMULATION RESULTS

A. CASE STUDY

To evaluate the effectiveness of the proposed BDC model,
three LIBs (B1, B2, and B3) with various initial capacity
is applied. The characteristics of the LIBs are indicated in
Table 2. In the proposed PEMS, an artificial neural network
is used to predict the wind farm generation power and the real-
time electricity market price. The required data for prediction
are collected from the Sotavento wind farm [46]. The asso-
ciated scheduling problem is formulated as a MILP model,
which is solved by CPLEX 12.8 and runs on an Intel Core
17-4500U 2.4 GHz personal computer with 6 GB of RAM.

TABLE 2. Battery characteristics.

Battery E™s PBES CcF cP cm
(kWh) (kW) ($/kWh) ($/Wh) ($/kWh)
B1 800 600 290 230 20
B2 600 400 290 230 20
B3 400 300 290 230 20

Five cases pertaining to the LIB optimal scheduling are
defined to evaluate the abilities of the proposed approach as
below:

Case 1: The BDP is ignored in the scheduling problem.

Case 2: The cycle aging process is considered to improve
the LIB performance, but the LIB calendar aging is neglected.

Case 3: The calendar aging process is integrated into the
LIB scheduling problem, but the LIB cycle aging process is
ignored.

Case 4: The cycle aging and calendar aging are considered
to improve the accuracy of the obtained results.

Case 5: The RFC algorithm is employed to evaluate the
modeling accuracy of the proposed cycle counting algorithm.

B. NUMERICAL RESULTS

Case 1: In this case, the proposed PEMS framework is
employed to address the uncertainty in the input parameters
and improve the LIB performance; however, the BDP is
ignored. In the proposed strategy, the wind farm generation
power and the real-time market price are predicted at each
time interval for a fixed time horizon. Then, these values are
used for determining the LIB charging/discharging strategy.
Fig. 5 and Fig. 6 indicate the wind power generation and
the power profile, respectively. As illustrated, when the pro-
duction power of the wind farm is less than the committed
power, the power shortage is compensated by the LIB or
the purchase from the real-time market. Otherwise, when the
wind generation power is more than the committed power,
the extra power is stored by the LIB or curtailed. As shown
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TABLE 3. Numerical simulation results for batteries under study.

Case Cycle Aging (Wh) Cycle Aging Cost (§)  Calendar Aging (Wh)  Calendar Aging Cost ($) Wind Farm Profit ($)
B1 B2 B3 Bl B2 B3 Bl B2 B3 B1 B2 B3 Bl B2 B3
Case 1 - - - - - - - - - - - - 12399.26  12370.64 12335.90
Case 2 32 27 21 3738 2688 21.24 - - - - - - 12346.93  12332.79  12309.58
Case 3 - - - - - - 152 113 74 206.37 132.11 89.75  12182.47 12233.15 12241.56
28.96 2289 1591 144 108 71 19741 127.03 86.10 12141.53 12202.89 12220.34
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FIGURE 6. ILB charging/discharging power profile and purchasing power
in Case 1-B1.
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FIGURE 7. Optimal charging/discharging strategies for Case 1.

in Table 3 and Fig. 7, the battery-B1 contributes the most to
compensate for the prediction error; hence it obtains the most
profit for the wind farm. However, the obtained results are
not accurate because of ignoring the BDP. In the rest of this
section, the BDP is integrated into the optimization problem
to improve the accuracy of financial analyzes.
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Case 2: In this case, the proposed cycle counting algorithm

in Section II is utilized to calculate the LIB cycle aging.
Furthermore, the presented procedure in Section III is used
to integrate the cycle aging cost into the LIB scheduling
problem. As seen in Table 3, the battery-B1 creates more
profit for the wind farm than other LIBs. However, due to
considering the cycle aging process in the optimization prob-
lem, the wind farm profit is reduced by 0.42% compared to
Case 1. It should be noted that the BDP is due to the electro-
chemical reactions inside the LIB, which reduce the lifetime
and the capacity of the LIB. For this reason, the impact of
the BDP on the performance and lifetime of the LIB should
be considered. Fig. 8 and Fig. 9 illustrate the optimal SOC
and the cycle aging cost of the LIBs, respectively. As shown,
the cycle aging cost is calculated according to the DOD at
each cycle, and it depends on the amount of capacity fading
and the capital cost of the LIB. As mentioned in Section II,
the proposed algorithm for calculating cycle aging of incom-
plete cycles uses the superposition principle and converts an
incomplete cycle into two complete cycles; consequently, the
BDC is estimated for each incomplete cycle based on the
superposition principle. The sensitivity of the battery cycle
aging cost to the temperature and DOD is indicated in Fig. 10.
As shown, the BDC increases as the temperature and DOD
of the battery increase. Thus, if the effect of the DOD on the
cycle aging process of the battery is neglected, the accuracy
of the obtained results will be decreased. Furthermore, this
figure shows that the sensitivity of the battery cycle aging cost
to the DOD at the high DODs is much more than at the low
DODs. Therefore, the performance of the proposed model at
the high DODs is considerably influenced by the accuracy of
DOD estimation.

100

' o %
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State of Charge (%)

©
S

Time (hour)

FIGURE 8. Optimal charging/discharging strategies of Case 2.
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FIGURE 10. Sensitivity of the battery cycle aging cost to the depth of
discharge and temperature of the battery-B1.

Case 3: In this case, the LIB calendar aging is integrated
into the LIB energy management problem to improve the
accuracy of the financial analysis. To this end, equation (16)
is employed to model the calendar aging process in the
optimization problem. However, the LIB cycle aging process
is ignored. Fig. 11 and Fig. 12 show the optimal charg-
ing/discharging strategies and calendar aging cost of the bat-
teries, respectively. As demonstrated, the LIB calendar aging
cost is distinct for each SOC. Thus, to use the LIB more
efficiently and reduce the calendar aging cost, the effect of
the SOC on the calendar aging process should be consid-
ered in the battery scheduling problem. Furthermore, Fig. 12
shows that the amount of calendar aging at each time interval
declines as time passage. Thus, the LIB calendar aging cost
would be much lower in the last years of the LIB lifetime
than in the first years. Therefore, the passage of time should
be considered in modeling the calendar aging cost to improve
the accuracy of financial analysis and more efficient LIB use.
As the calendar aging cost is integrated into the optimization
problem, the B1 no longer provides the maximum benefit
to the wind farm. As shown in Table 3, the profit of the
wind farm will be increased by 0.49% if the battery-B3 is
employed. These results indicate that a larger battery does
not necessarily provide more economic benefits for the wind
farm.
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Case 4: In this case, the cycle aging and calendar aging of
the LIB are integrated into the battery scheduling problem.
As shown in Fig.13, due to the integration of the cycle aging
and calendar aging processes in the LIB scheduling problem,
the contribution of the LIB in compensating for the prediction
error is reduced. Hence, according to Table 3, the wind farm
profit has decreased compared to the other case studies. Nev-
ertheless, in case the calendar aging and cycle aging processes
are determined for the proposed strategies by other case stud-
ies, the actual wind farm profit would differ from the obtained
results in Table 3. To evaluate the effect of neglecting the BDP
on the accuracy of the financial analysis, the numerical simu-
lation is done to calculate the BDC of the proposed strategies
by other case studies. Fig. 14 and Fig. 15 show the amount
of the BDC and the actual profit of the wind farm according
to the proposed charging/discharging strategies, respectively.
As shown, the proposed charging/discharging strategy by
Case 4 imposes the lowest BDC. Moreover, this strategy
would create the most wind farm profit compared to other
charging/discharging strategies. These results demonstrate
that neglecting the BDP significantly declines the accuracy
of financial analyses. Also, comparing the results of Case 4
reveals that battery-B3 provided more profit for the wind
farm. This result highlights the importance of considering the
cycle aging and calendar aging processes in determining the
optimal battery capacity.

Case 5: In this case, the accuracy of the presented cycle
counting algorithm is investigated. In the existing literature,

80
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FIGURE 11. Optimal charging/discharging strategies of Case 3.
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FIGURE 12. LIB calendar aging cost for the proposed strategies of Case 3.
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FIGURE 16. Comparing the performance of the proposed cycle counting
algorithm with the RFC algorithm.

the RFC algorithm is employed to model the cycle aging
process of the battery due to the complete and incomplete
cycles. The effectiveness and applicability of this algorithm
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are verified in [31], [32], [33], and [34]. Therefore, the RFC
algorithm is used to evaluate the accuracy and performance
of the proposed algorithm. Accordingly, the amounts of the
battery cycle aging due to the proposed charging/discharging
strategies of the previous case studies are calculated by
the RFC algorithm. Fig. 16 indicates the modeling accu-
racy of the proposed algorithm in comparison with the RFC
algorithm. As demonstrated, the modeling accuracy of the
proposed algorithm in the worst case is equal to 99.37%.
Moreover, these results reveal that the presented algorithm
can accurately estimate the amount of the battery cycle
aging due to the complete and incomplete cycles. It is worth
noting that the modeling accuracy of the proposed algo-
rithm depends on the number of linearization segments, and
the linearization error decreases as the number of segments
increases.

V. CONCLUSION

In this paper, a novel mathematical formulation has been pre-
sented to integrate the BDC into the LIB energy management
problem. The BDC has been modeled according to the per-
tinent financial factors and the amount of the cycle/calendar
aging process of the LIB. In this regard, a linear cycle count-
ing algorithm is introduced to calculate the LIB cycle aging.
In this algorithm, firstly, the local maximum and minimum
values of the SOC profile are identified by the proposed linear
formulations. Then the superposition principle is used to
convert incomplete cycles into complete cycles. In the BDC
model, the main contributing factors to the calendar aging
process of the LIB are also incorporated into the BDP model.
Finally, a novel predictive energy management strategy is
proposed to efficiently decrease the BDC and handle the
uncertainty in the associated optimization problem. Various
case studies have been investigated to evaluate the effective-
ness and efficiency of the proposed BDC model. The key
conclusions drawn from the study are summarized as follows.

o Considering the BDC in the LIB energy manage-
ment problem significantly affects the optimal charg-
ing/discharging strategy and can play a critical role
in increasing the profit of the LIB owners. Based on
the simulation results, the actual wind farm profit has
increased by 1.21%, compared to the case where the
BDC has been neglected. Also, the BDC and the amount
of capacity fading of the LIB have decreased by 30.16%
and 32.81%, respectively.

o Ignoring the calendar aging process of the LIB in the
energy management problem leads to non-optimized
charging/discharging strategies. In case the LIB cycle
and calendar aging have been integrated into the opti-
mization problem, the amount of the LIB capacity fading
and the BDC have declined by 22.94% and 16.36%,
respectively, compared to when only the cycle aging
process has been considered.

o As the amount of the LIB calendar aging is gradually
reduced as time passage, ignoring the passage of time
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in the BDC modeling decreases the accuracy of the
economic analyses and obtained results.

The proposed battery degradation model can be imple-
mented to calculate the amount of the battery capacity fading
for various applications of the LIB. For future studies, it is
suggested to determine the optimal size of the battery based
on the cycle aging and the calendar aging processes in order
to increase the profitability of the battery. Moreover, further
research should be conducted on the optimal operating tem-
perature of the battery based on the BDP and the investment

cost of the air conditioning system.
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