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Abstract: Wind and Solar photovoltaic power plants outputs are usually highly variable due to gusts of wind and sharp sun
irradiance level variations caused by cloud shadding effects. These effects negatively impact system security, specially in weak
power networks. On the other hand, due to recent technological progress and cost reductions, electrical energy storage systems
are an attractive alternative that can be easily integrated into non-dispatchable power plants to compensate for those power output
fluctuations. This paper proposes a methodology for optimal sizing of a Hybrid (lithium-ion battery and ultracapacitor) Energy
Storage System for renewable energy network integration. Special attention is paid to the battery cycling degradation process. It is
shown that battery aging due to cycling is a major driver for optimal sizing. The resulting sizing problem is posed as a Non-Linear
Programming problem. Finally, real and illustrative case studies are presented for both, Wind and PV power plants integrating a
Hybrid Energy Storage System. Results are reported by comparing different energy storage system configurations.

Notation

Indices and sets

n,N Index and set for cycles in the load profile, n ∈ N .
t, T Index and set for periods of time, t ∈ T .

Parameters

Cb Battery cost per kWh, [$/kWh].
Cinv Inverter cost per kW, [$/kW].
Cu Ultracapacitor cost per kWh, [$/kWh].
CLb Battery calendar life, [h].
CLinv Inverter calendar life, [h].
CLu Ultracapacitor calendar life, [h].
Crateb,max Maximum power flow by the battery, [p.u.].
Crateu,max Maximum power flow for the ultracapacitor, [p.u.].
ESGn Energy transferred from the storage system to the grid

in period n, [kWh].
EGSn Energy transferred from the grid to the storage system

in period n, [kWh].
Pmax Maximum power in the storage system load profile,

[kW].
SOCb0 Initial battery state of charge, [p.u.].
SOCb Minimum battery state of charge, [p.u.].
SOCu Minimum ultracapacitor state of charge, [p.u.].
T prof Profile total duration, [h]
α/β/γ Coefficients of the battery degradation curve.
∆Tn Lasting of cycle n, [h].
ηb,c Battery charging efficiency, [p.u.].
ηb,d Battery discharging efficiency, [p.u.].
ηinv Inverter efficiency, [p.u.].
ηu,c Ultracapacitor charging efficiency, [p.u.].
ηu,d Ultracapacitor discharging efficiency, [p.u.].

Positive variables

ebn Battery charging or discharging energy for cycle n,
[kWh].

ebrated Battery energy storage rated capacity, [kWh].

eb,cn Battery charging energy for cycle n, [kWh].
eb,dn Battery discharging energy for cycle n, [kWh].
eurated Ultracapacitor energy rated capacity, [kWh].
eu,cn Ultracapacitor charging energy for cycle n, [kW].
eu,dn Ultracapacitor discharging energy for cycle n, [kW].
folb Total battery life consumed, [p.u.].
folbn Fraction of battery life consumed for cycle n, [p.u.].
folb,CLn Fraction of battery life consumed due to calendar for

cycle n, [p.u.].
folb,OPn Fraction of battery life consumed due to operation for

cycle n, [p.u.].
pinv Inverter rated power, [kW].
socbn Accumulated energy in the battery at cycle n, [kWh].
socun Accumulated energy in the ultracapacitor at cycle n,

[kWh].

1 Introduction

Wind and solar PV plants are essential to reduce the greenhouse
emissions and the dependence of fossil fuels. The implementation
of these technologies is occurring at a very high rate and is expected
that they will produce 50% of the world electricity generation by
2050 [1]. However, these energy sources are intermittent by nature,
their generation is non dispatchable and they could negatively impact
grid stability [2], [3]. The reliability of the electricity supply is a
mandatory requirement in recent grid codes, especially for isolated
power systems with high renewable energy shares. Puerto Rico’s
Grid Code [4] is an example in which PV power output fluctua-
tions are restricted to 10% per minute of the plant’s rated power.
This constraint is also recommended by National Renewable Energy
Laboratory (NREL) [5] and the german Transmission System Oper-
ator [6]. Other similar conditions are applied for instance in Ireland,
where EirGrid (Ireland grid operator) limits positive ramps up to 30
MW/minute. Additionally, in Hawai, where the Hawaiian Electric
Company (HECO) limits the ramps to +/-2 MW per minute during
all times. In addition to one-minute ramp rate restrictions, other grid
operators include instantaneous restrictions in their network codes,
such as HECO, which includes a ramp rate limit of 1 MW per 2
seconds.
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Electrical Energy Storage Systems (ESS) are regarded as one
of the key technologies to face the challenges posed by renewable
energy sources. They have evolved as a fast pace over the last years,
specially in what is related to battery technologies, achieving an
excellent technical performance while at the same time reducing
prices [7]. For instance, lithium-ion battery cost for Electric Vehicle
(EV) applications is under 200 $/kWh nowadays, and it is expected
to be reduced in the future to 100 $/kWh by 2030 [8, 9]. Neverthe-
less, these costs are not applied to stationary applications because
they require additional components and their function is usually
more stressful for the battery chemistry. The cost of batteries for
stationary applications is currently above 500 $/kWh and forecasts
indicate that 200$/kWh will be reached by 2030 [8, 10, 11]. Station-
ary applications include, among others, load peak shaving and power
smoothing [12, 13], voltage regulation [14], frequency regulation
[15], and increment of stability in isolated systems [16].

Battery storage systems are in the spotlight because some of their
characteristics, such as energy density, power density or scalabil-
ity. And they are ideal for some renewable generation applications.
But there are also other alternative storage technologies with dif-
ferent capabilities and important applications. Probably the most
known is the pumped storage. It is ideal to balance demand and
generation in medium/large-periods. Usually it is used as a large-
scale energy storage, and requires high initial investments. Also for
large-scale applications we found the Compressed Air Energy Stor-
age (CAES). However, these technologies are not suitable to respond
to short-period (fast response) perturbations. On the other hand,
flywheels, Superconducting Magnetic Energy Storage (SMES) and
ultracapacitors are more appropriate for fast response applications.

A Hybrid Energy Storage System (HESS) combine the character-
istics and benefits of two different types of storage technologies [17],
enhancing the global features of the system, in particular, reducing
the operating costs and increasing the lifetime and efficiency [18].
In systems with high renewable penetration, especially isolated sys-
tems, the use of a HESS (lithium-ion batteries and ultracapacitors)
is advised, because it allows to reduce the output power fluctuations
by combining the energy density of batteries and the power density
of ultracapacitors [17]. Although ultracapacitors are not suitable to
store energy in a high quantity and/or in the long term due to their
high cost per kWh and their self-discharge rate [19], they provide
high power delivery. In addition to reducing output power fluctua-
tions, it can also improve the resilience to faults of the generation
system, since the storage is able to continue providing energy during
a short period.

Sizing a HESS is not a trivial task and has been the focus of atten-
tion of some researchers. One of the most known applications for
HESSs are the Electric Vehicles (EV), because the HESSs provide
high power, required for acceleration and regenerative braking, and
also storage capability for EV distance range. An illustrative anal-
ysis of optimal sizing for a city bus can be found in [20], where
the authors compare batteries, ultracapacitors and HESS solutions.
Another sizing algorithm for fuel cell hybrid EVs is described in
[21], ], whose authors propose a multi-objective optimization prob-
lem. The optimization seeks to ensure an optimal power sharing in
order to increase the energy efficiency and minimize the storage sys-
tem weight and the hydrogen consumption. The problem has been
formulated for a frequency-separation-based energy management,
which decomposes the total load power into three different load
profiles according to the frequency of the variations: the low fre-
quency profile is used for the fuel cell sizing, the medium frequency
profile for the battery sizing and the high frequency profile for the
ultracapacitor sizing.

Focusing on stationary applications, strategies to deal with the
variability of PV plants can be found in the literature. For instance,
a power smoothing strategy for a 1 MW PV plant is presented in
[22], which allows to reduce the fluctuating output power using a
HESS composed of vanadium-redox batteries and a supercapacitor
bank, in order to increase the global system efficiency. An strategy
for ramp-rate control is also presented in [23], in which the authors
describe a HESS for a PV plant, simulating its operation and calcu-
lating the net present cost over project life. This study concludes that
the ramp-rate constraint has a significant impact on the profitability

of the system. The authors of [24] propose a multi-objective sizing
methodology for large-scale photovoltaic power generation system,
in which the algorithm selects the storage system by comparing dif-
ferent combinations and considering the effects of multiple weather
conditions.

Stationary applications not only include PV generation but also
wind generation, whose high variability makes hybrid systems ideal
to solve this inconvenient. A typical application is to smooth wind
power fluctuations. An example can be found in [25], where is
described a HESS sizing method that considers only the power ramp
rate. HESSs are also appropriate for grid applications. An example
of a HESS providing ancillary services is the fast response to fre-
quency deviations in systems with high renewable penetration, such
as in [16] and [26], where HESS sizing algorithms are described.

Most of these studies do not include the degradation of the HESS
components or it has been considered with a low accuracy. On one
hand, ultracapacitors have low cycling degradation and their lifespan
is usually defined by its calendar life. On the other hand, how batter-
ies are operated has a great influence in their lifespan and should be
taken into account when sizing them.

Battery degradation has been studied by many authors. For
instance, in [27], a semi-empirical degradation model for lithium-ion
battery is proposed. It explains that the degradation depends on four
parameters of the operating cycles: duration, State of Charge (SoC),
Depth of Discharge (DoD) and temperature. The results are com-
pared with the data provided by the manufacturers. Another battery
degradation model is proposed in [28], in which the authors con-
siderate the cycle current and DoD, based on the electrochemical
mechanism of capacity fade. Battery degradation has a real impact
on the life and profitability of ESS as demonstrated in [29], which
analyzes the operation of Vehicle-to-Grid (V2G) systems and con-
cludes that considering battery degradation in the operation would
provide between 2-5% additional benefit compared to smart charg-
ing. The impact of the battery degradation has not been translated
to the sizing of the HESS and the literature does not show a wide
variety of sizing algorithms for battery storage considering degra-
dation by operation. An example is the algorithm presented in [30],
in which the authors propose a battery sizing algorithm using the
cycles-to-fail curves provided by manufacturers, which depends on
two parameters: cycles DoD and C-rate. An example of this curve
can be found in [31]. The authors of [32] also present a genetic
algorithm to size a HESS for electric vehicles considering battery
degradation. This algorithm provides multiple sizing solutions with
their relationship between the weight and the cycle life of the battery.
The calculation is based on a detailed degradation model, but this
model requires a high computational cost and the use of parameters
whose values are not usually provided by manufacturers. Although
the algorithm provides multiple solutions, they do not consider cap-
ital and operational expenditures, and the selection of one particular
solution is left to the user. Another sizing algorithm for hybrid
energy storage system is presented in [33] for wind power. The opti-
mization problem uses a hybrid particle swarm optimization-genetic
algorithm to obtain the optimal solution. The authors model the
degradation of the battery, but they do not consider the influence
of the C-rate in the model.

The control strategy decides how to operate the hybrid energy
storage system. Although the analysis of the different control strate-
gies is not in the scope of this paper, it affects to the solution of
the sizing problem. A strategy to reduce the charging/discharging
battery stress has been selected. The strategy is based on reducing
the C-rate and DoD of the battery charging cycles. Several authors
proposed this control strategy, such as in [34–36].

The main contribution of this paper consists of the definition
of a HESS sizing methodology compatible with multiple applica-
tions which includes the degradation of their components. In order
to achieve this objective, a HESS detailed model is implemented,
including the battery, the ultracapacitors and the power converters.
The HESS sizing and operation is posed as a non-linear optimization
problem.

This paper is organized as follows. A description of the HESS
chosen topology is presented in Section 2. Sizing methodology is
explained in Section 3. Equations and constrains are formulated
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in Section 4. Two application cases, PV and wind, are studied in
Section 5. Conclusions in Section 6 close the paper.

2 Electric Energy Storage and Ultracapacitor
System Architecture

As discussed in the previous section, the aim of this paper is to opti-
mize the size of a HESS composed of batteries and ultracapacitors.
As these elements can be combined following different topologies
[37], in this section the topology selected here is described.

Although it is possible to install an inverter for each element of
the hybrid system, the higher initial investment required makes usual
common inverter is used for both. In systems with shared inverters,
the differences between topologies are in the way of connecting each
storage technology to the DC bus of the inverter, so that it is possible
to classify them into two main types: actives and passives.

Passive systems have the simplest topology, since both elements
are connected directly to the DC bus so that the ultracapacitor acts
naturally smoothing the power peaks received by the battery and
reducing the stress it suffers. However, this type of hybrid system
does not allow to control individually each storage element and they,
specially ultracapacitors, cannot take advantage of all their storage
and power capacity. The active hybrid systems do not have this draw-
back thanks to the use of DC-DC converters, which allow to isolate
the voltages of the storage elements and control them individually.
In this case, the connection possibilities are reduced to the use of a
DC-DC converter for each element, one only for the battery or one
exclusive for the ultracapacitor.

For the development of this paper, the last option has been
selected, since it simplifies the control over two DC-DC convert-
ers and reduces the investment. Moreover, this topology improves
the efficiency because most of the energy is managed by the battery,
which is connected to the DC bus without a converter. An scheme of
this topology is presented in Fig. 1.
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Fig. 1: Hybrid storage topology.

The proposed architecture is connected in parallel to the genera-
tion system since it has its own inverter. By not sharing components,
the capital cost of the storage increases, but in return, the resilience
to faults and the compatibility with other systems are improved.

3 Methodology

Given a load profile to be faced by a HESS made up of battery and
ultracapacitor, the problem to size the HESS taking into account the
battery ageing leads to a non-linear optimization problem. The HESS
load profile is a sequence of cycles, where each cycle is defined by its
energy (charging or discharging) and its duration. Battery ageing is
due to operation and the time, calendar life. The link between battery
ageing and its operation is a non-linear function that for each cycle n
has the form ( 1

2γ ) · (C − raten)α · (dodn)β , where C − raten =
ebn

ebrated·∆Tn
is the battery C-rate at cycle n, and dodn =

ebn
ebrated

is
the battery Depth of Discharge for cycle n. The battery ageing for the
whole load profile is accounted by the variable folb =

∑N
n=1 foln.

Both converters and ultracapacitors ageing is computed using their

calendar life. Although the manufacturers also provide the number
of cycles to the failure of the ultracapacitors, this value is very high
[38] that their degradation by operation has no practical effect on the
results.

Here it is assumed there is no power interchange between battery
and ultracapacitor, therefore for each period of time the load pro-
file is partitioned between the battery and the ultracapacitor. This
operation is performed according to an optimization problem which
decides the amount of energy that flows from or to the battery and
the ultracapacitor. Thus, the sizing and operation problem consists in
determining the size of each device, battery and ultracapacitor, and
the part of the load profile faced by each one.

The battery ageing model could be included in the optimization
problem and solved using commercial software (off the shelf) if it
is posed as a smooth derivable function on the decision variables
in the problem. For this purpose, the ageing model is adapted to be
included in the optimization problem, resulting a non-linear opti-
mization problem. The adaptation is the key point in the proposed
methodology, it keeps the accuracy of the ageing model and consists
of the steps that follows:

1. As the battery ageing depends on the C − raten and dodn at
each load cycle n, we use directly the load cycles as input data in the
optimization problem instead of the representation based on time.
Thus, the load profile faced by the HESS is a sequence of cycles
where each cycle is defined by its energy and duration.
2. The input data for each cycle in the load profile are the cycle
energy and the cycle duration. The energy of each cycle is parti-
tioned between the battery and the ultracapacitor by the optimization
problem, so the sum of each part is the total energy in the load cycle.
3. dodn is directly computed from the energy assigned to battery at
cycle n and the battery size. For the calculation of C − raten, its
value is assumed as the average power value on the cycle duration.
Thus it can be computed using the energy assigned to the battery
cycle, the cycle duration and the battery size, resulting a continuous
and derivable function of the variables in the problem.
4. In order to avoid infeasibilities because of the maximum C −
rate in the load profile over time, an additional linear constraint is
added to the problem. This linear constraint sets the combined con-
tributions of the battery and ultracapacitor to the C-rate are greater
or equal to the maximum power (in absolute value) in the ESS load
profile over time.

Fig. 2a and 2b depict an example of the change in the initial
power profile. Energy and length are calculated in each charging and
discharging cycle.

4 Formulation

The algorithm proposed in this paper takes as input data an energy
profile to by faced by the ESS. The ESS has to comply with this
operating profile at all times, respecting the technical constraints
and minimizing the operating costs, taking into account both capital
expenditures and battery degradation.

The following subsections detail the constraints associated with
each element of the HESS, as well as the objective function that
considers the operating costs.

4.1 Energy balance

In order to facilitate the formulation of the problem, the operation
profile is decomposed into energy (EGSn) that flows from the grid
to the ESS, and from the ESS to the grid (ESGn), being only one
of them greater than zero while the other, or both, remain at zero in
each cycle n. The first parameter, EGSn, indicates the total charg-
ing energy of the battery (eb,cn ) and the ultracapacitor (eu,cn ) in each
cycle n. Its balance is defined by eq. (1). Similarly, ESGn repre-
sents the sum of the discharging energy of the battery (eb,dn ) and the
ultracapacitor (eu,dn ) in each cycle, being the energy balance defined
by (2).
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Fig. 2: Time index to cycle index example.

EGSn = eb,cn + eu,cn ; ∀n ∈ N (1)

ESGn = eb,dn + eu,dn ; ∀n ∈ N (2)

4.2 Inverter

The inverter connects the HESS with the grid, so its rated power
is established by the maximum charging and discharging power of
the operation profile. This constraint is defined by equation (3).
Moreover, inverters work with a charging and discharging efficiency
which affects the energy that flows from the grid to the storage sys-
tem and vice versa. However, inverter performance is included in
the battery and ultracapacitor state of charge equations presented in
following subsections.

pinv ≥ Pmax; (3)

4.3 Battery

To compute the battery state of charge, it is necessary to perform an
energy balance in each cycle which depends on the energy stored

in the previous cycle and the charging or discharging energy of the
current cycle. The energy balance must include the efficiency for
both the battery and the inverter, which affects differently whether
it is charging or discharging. The state of charge is defined by the
following equation:

socbn = socbn−1 + (ηinv · ηb,c · eb,cn −
eb,dn

ηinv · ηb,d
); ∀n ∈ N

(4)

socb0 = SOCb0 (5)

The battery state of charge value must move within a set range.
The upper limit (6) determines the maximum amount of energy that
battery can store and its value corresponds to the battery energy rated
capacity, while the lower limit (7) depends on the selected battery
technology and meets technical operation limits and to avoid very
low states of charge which degrade it excessively.

ebrated ≥ soc
b
n; ∀n ∈ N (6)

SOCb · ebrated ≤ soc
b
n; ∀n ∈ N (7)

Other constraints are related to the battery C-rate, that depends on
the battery technology. The constraints for charging and discharging
are defined by the equations that follow:

eb,cn
∆Tn

≤ Crateb,max · ebrated; ∀n ∈ N (8)

eb,dn
∆Tn

≤ Crateb,max · ebrated; ∀n ∈ N (9)

As previously mentioned, battery aging is fundamentally due to
two factors: calendar life and operation. The first of these factors
refers to wear due to the passage of time and is not influenced by the
use of the battery, so the calculation of this degradation in each cycle
depends exclusively on the cycle duration:

folb,CLn =
∆Tn

CLb
; ∀n ∈ N (10)

The calculation of the aging by operation depends on several fac-
tors such as the dod of the cycle, the average C − rate and the
technology of the battery. The calculation method used for this type
of degradation is based on the information provided by the manu-
facturers with the cycles-to-failure curves, whose value depends on
the dod and C − rate. Fraction of life is computed for charging
and discharging individually and not for a whole cycle as usually
in order to avoid the asymmetries between both profiles. The term to
the power of α refers to C − rate, while the term to the power of β
corresponds to dod.

ebn = eb,cn + eb,dn ; ∀n ∈ N (11)

folb,OPn =

(
ebn

ebrated·∆Tn

)α
·
(

ebn
ebrated

)β
2 · γ ; ∀n ∈ N (12)

The fraction of life consumed in each cycle (folbn) is calculated
as the highest value between fraction of life consumed per lifetime
and per operation:
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folbn = max (folb,CLn , folb,OPn ); ∀n ∈ N (13)

Finally, the fraction of total life of the battery (folb) consumed
for the given profile is the sum of the fraction consumed in all the
cycles that make up the profile:

folb =
∑
n∈N

folbn; ∀n ∈ N (14)

4.4 Ultracapacitor

The ultracapacitor is defined similarly to the battery, including equa-
tions for the evolution of the state of charge in each cycle, its limits
and the maximum power. The main difference with the battery is the
necessity of operating with a DC/DC converter, which affects both
the maximum power and the cost. The cost of the converter has been
included in a single cost with the cost of the ultracapacitors (Cu).

The DC/DC converter affects to the efficiency of storing energy
in ultracapacitors. This efficiency is included in the efficiency value
of the ultracapacitors (ηu,c) in the equation of the state of charge
(socun) at the end of each cycle (15).

socun = socun−1 + (ηinv · ηu,c · eu,cn − eu,dn
ηinv · ηu,d

);∀n ∈ N
(15)

socu0 = 0 (16)

Moreover, although the ultracapacitors can be completely dis-
charged, the DC/DC converter provides a minimum state of charge
(SOCu) restriction that is related to the working voltage. The equa-
tions (17) and (18) include both this constraint and the upper limit
state of charge, which corresponds to the maximum capacity of the
ultracapacitor.

eurated ≥ soc
u
n; ∀n ∈ N (17)

SOCu · eurated ≤ soc
u
n; ∀n ∈ N (18)

The maximum C −Rate of the ultracapacitor and, therefor, the
maximum power have been determined with (19) and (20) following
the information provided in [19] in a conservative way.

eu,cn
∆Tn

≤ Crateu,max · eurated; ∀n ∈ N (19)

eu,cn
∆Tn

≤ Crateu,max · eurated; ∀n ∈ N (20)

4.5 Maximum profile power

In addition to the above equations, a restriction has been included to
guarantee that both the battery and the ultracapacitor are capable of
dealing with the operating profile at all times.

Pmax ≤ Crateb,max · ebrated + Crateu,max · eurated; (21)

4.6 Objective function

The objective function of the problem is defined in the equation (22),
which seeks to minimize the operating cost of the studied profile tak-
ing into account the costs of the power converters, the battery, and

the ultracapacitors, as well as the degradation of these components in
the operation. In order to compute the operation cost of each compo-
nent, the capital cost is multiplied by the fraction of life consumed.
The fraction of life consumed by the battery is calculated in eq. (14),
while that consumed by converters and ultracapacitors is based on
their calendar life.

min
variables

{
Cinv · pinv · T

prof

CLinv
+ Cb · ebrated · fol

b+

+ Cu · eurated ·
T prof

CLu

}
(22)

5 Case study

The proposed methodology allows to get the optimal size of a HESS
taking into account the battery ageing by operation. The case studies
in this section has been selected to show how the proposed method
can be used to:

• On one hand, evaluate the more appropriate configuration for an
energy storage system, single component or HESS, when battery
ageing by operation is taken into account.
• On the other hand, to quantify the cost related to battery ageing
by operation, for different applications, wind and PV, and different
energy storage system configurations.

Four configurations are considered for the energy storage sys-
tem:

A. Conventional battery.
B. High-end battery.
C. HESS: Conventional battery and ultracapacitor.
D. Ultracapacitor.

In configurations A and B, eurated is set to zero and the constrains
related to the ultracapacitor are not taken into account, meanwhile
in case D, ebrated is set to zero, and the same happens with the bat-
tery constrains. For each configuration the system size and cost are
computed in two cases:

i. Sizing and cost are calculated considering battery degradation by
operation and calendar life.
ii. Sizing considering battery degradation only by calendar life, and
cost is computed taking into account also the battery degradation by
operation. In this case a “*” is added to the configuration name, for
instance A∗.

All configurations use commercial components, their main fea-
tures are listed on Table 1. Two kind of batteries are considered, a
conventional battery and a high-end battery. The conventional bat-
tery corresponds to a mature technology and it is widely available.
The high-end battery corresponds to a technology in development,
it is available only on demand, and it has a cost much higher than
this of the conventional battery. For the ultracapacitor: its C-rate is
taken from [19], its cost includes the power electronics (DC/DC con-
verter), the efficiency includes also the power electronics operation,
and the lower bound for its state of charge is set by the lower bound
for the operation of the DC/DC converter. The calendar life of the
ultracapacitor is taken from a datasheet of a manufacturer [38].

Data for the conventional battery are taken from [31], its curve of
cycles to failure is depicted in Fig. 3, the coefficients of this curve
are listed on Table 1. The curve of cycles to failure of the high end
battery is summarized on Table 2.

The resulting optimization problem is non-linear when battery
degradation by operation is considered, and it is solved using
CONOPT under GAMS. When only degradation by calendar life is
considered, the resulting problem is linear and can be solved using
CPLEX or CONOPT. The biggest problem considered in the case

IET Research Journals, pp. 1–9
c© The Institution of Engineering and Technology 2015 5



Table 1 Features of the system components

Conventional High-End UC AC/AC
Battery Battery

Cost ($/kW or kWh) 500 3000 11000 150
Efficiency (%) 90 94 93 94
C-rate max (-) 3 5 80 -
Lifespan (years) 15 15 15 15
Minimum SoC (%) 20 5 20 -
α (-) 1.2 1.2 - -
β (-) 1.15 1.45 - -
γ (-) 4072 27045 - -

DoD (%)
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Fig. 3: Curves of cycles to failure for the conventional battery.

Table 2 High end battery. Cycles to failure

DoD (%) 1C 3C 5C

20 270000 74000 40000
50 73000 19000 10700
80 37000 10000 5400
100 27045 7200 3900

studies corresponds to an application involving wind generation dur-
ing a whole day and battery degradation by operation. In that case it
is a non-linear problem, the battery load profile contains around 800
cycles, and it takes around 25 seconds to be solved on a computer
with Intel Core i5 7400 (4 cores @ 3 GHz) and 8 GB RAM.

As the problem is non-linear and non-convex there are not general
results to assure if the global optimum has been reached or not. In
our problem, the results provided correspond to local optima in the
local domain where it makes sense for the variables to take values.
Bounds for the variables in the problem have been estimated based
on the problem physical interpretation and a linear problem without
considering degradation has been used for this task. Several numer-
ical tests have been performed to check that the reported solutions
correspond to the optima inside those bounds (local domain).

Two groups of case studies are reported, one involving wind gen-
eration and the other involving photovoltaic generation, both groups
are described and discussed in what follows.

5.1 Application Involving Wind Generation

The application to wind generation is quite demanding, because the
load profile can contain oscillations at any time of the day and of
any magnitude in the range of the generator rated power. In this case
study, a wind turbine with a rated capacity of 800 kW located in
the Southern Spain is considered. Fig. 4 shows the power profile the
storage has to face to smooth the wind turbine output. It should be
noted the large number of power peaks during the whole day.
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Fig. 4: Wind Case. Power profile

The proposed method is applied to the load profile depicted in
Fig. 4 for different configurations of the storage system (A, B, C,
D). Results considering degradation by operation are summarized
in Table 3. These results are compared to those for the cases where
sizing has been done considering only degradation by calendar life
(A∗, B∗, C∗, D∗) in Table 4.

When degradation by operation is considered, battery degrada-
tion in each load cycle corresponds to the maximum value between:
degradation by calendar life, and degradation by operation. Thus,
only one of them is dominant in each cycle. To this regard, column
"Op. %" in Table 3 stands for the percentage of the total battery
degradation (for the whole load profile) in which the degradation by
operation has been dominant.

Table 3 Wind case. Results considering degradation by operation

System ebrated eurated Op.Cost folb % Op
(kWh) (kWh) ($/day) (-)

A (conv. bat.) 692.64 - 109.14 2.60E-04 42.55
B (high-end) 207.64 - 173.55 2.48E-04 37.74
C (HESS) 123.18 11.4 59.61 2.88E-04 42.56
D (ultra.) - 79.19 178.06 - -

Regarding the results summarized in Table 3 it is interesting to
highlight that:

• The HESS, (C), is the configuration with the lowest cost. And the
difference is quite big, almost half the cost of the next best config-
uration. Configuration C allows to do the most of the best qualities
of both components, battery to store energy (low C-rate and high
storage) and ultracapacitor to provide power peaks (high C-rate and
low storage). While in the single component configurations (A, B,
D) some qualities of the component are underused.
• The constraint of energy storage (SoC) sets that capacity must
be ≥≈ 80 kWh. This determines the ultracapacitor size eurated =
79.19 kWh in D, that is also the configuration with the highest cost.
• The constraint of battery degradation by operation is active in all
the configurations (except for the ultracapacitor, D), and it is the
condition that determines the system size. The constraint for C-rate
sets capacity ≥ 231 kWh in configuration A, and ≥ 138.6 kWh in
configuration B, but the values on Table 3 are 692.64 kWh for con-
figuration A, and 207.64 kWh for configuration B. Those values for
configurations A and B are greater than the thresholds set by the SoC
constraint (80 kWh) and C-rate constraint, 231 kWh for A, and 138.6
kWh for B. As only the constraint for the degradation by operation
remains, that is what is determining the system size.

Table 4 shows the differences in component size when degrada-
tion by operation is taken into account (A, B, C) and when it is not
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Table 4 Wind case. Results considering (A, B, C) or not (A∗, B∗, C∗)
degradation due to operation

Configuration ebrated eurated Op.Cost
(kWh) (kWh) ($/day)

A (conv. bat.) 692.64 - 109.14
A* (conv. bat.) 231 - 231.00

B (high-end) 207.64 - 173.55
B* (high-end) 138.6 - 203.28

C (HESS) 123.18 11.4 59.61
C* (HESS) 230.29 0.03 221.80

(A∗, B∗, C∗) to size the components. Operation cost on Table 4 is
calculated considering degradation by operation and calendar life in
all the cases: A, B, C, A∗, B∗, C∗.

When only degradation by calendar life is considered to size the
components (A∗, B∗, C∗), the dominant constraint is that related to
the component’s C-rate. Thus the size is 231 kWh in A∗, 138.6 kWh
in B∗, and 230.29 kWh of battery, 0.03 kWh of ultracapacitor in C∗.
Configurations A∗ and C∗ are very close, as the ultracapacitor size
in C∗ is very small.

The most remarkable result illustrated on Table 4 is that disregard-
ing degradation by operation in the sizing stage leads to operation
costs much more higher than expected. For instance, in configura-
tion A∗ costs are 110% higher than in A, in B∗ are 17% higher than
in B, and in C∗, the most interesting configuration, they are 270%
higher than in C.

One can be tempted to disregard degradation by operation in the
sizing stage, because it simplifies the calculation as it can be solved
as a linear problem. But the error in the operation cost is not admis-
sible, for instance in the case of the HESS it could be around 270%,
as illustrated on Table 4.

It is expected a decrease in the battery cost in the next com-
ing years, from the current 500 $/kWh to 200 $/kWh in ten years
[8, 10, 11]. To illustrate how the relative size of components in con-
figuration C (HESS) will change with the battery cost, a sensitivity
analysis on that parameter has been performed, assuming the ultraca-
pacitor cost remains constant. Results are depicted on Fig. 5, where
we can observe a threshold for the battery cost, around 110 $/kWh.
For a battery cost less than that threshold is not profitable to include
the ultracapacitor in the system.
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Fig. 5: Wind Case. Sensitivity analysis on battery cost for config. C.

5.2 Application Involving PV Generation

A real case study corresponding to a PV power plant of 500 kWp
located near the equator is considered in this case study. A typical
load profile faced by the storage system in this plant is depicted in
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Fig. 6: PV case. Power profile

Fig.6. It is worth noting that the plant is operating around 10 hours,
and the remaining 14 hours the load profile is flat with a zero value.
That means the battery suffers degradation only by calendar life dur-
ing 14 hours (58.3% of the day) and the remaining 10 hours it can
suffer a combination of degradation by calendar life and operation.
This makes the degradation by operation less relevant in this case
than in the case with wind generation. Results are analogous to those
for the wind application, but differences among configurations are
smaller.

Results considering degradation by operation (A, B, C, D) are
summarized on Table 5. Column %Op is interpreted as in Table
3, fraction of total degradation for which degradation by operation
is dominant. As in the wind application, the lowest operation cost
correspond to config. C (HESS), but the difference with config. A
(only conventional battery) is very small. Results for A and C are
determined by the constraint of degradation due to operation, result
for B is set by the constraint related to C-rate, and result for D is
determined by the constraint related to SoC.

Table 5 PV case. Results considering degradation by operation

System ebrated eurated Op.Cost folb % Op
(kWh) (kWh) ($/day) (-)

A 168.82 - 33.40 2.78E-04 42.96
B 72.58 - 59.21 2.26E-04 26.20
C 144.85 1.14 33.00 2.87E-04 42.94
D - 52.30 115.02 - -

Table 6 PV case. Results considering (A, B, C) or not (A∗, B∗, C∗) degrada-
tion due to operation

System ebrated eurated Op.Cost
(kWh) (kWh) ($/day)

A (conv. bat.) 168.82 - 33.40
A* (conv. bat.) 120.97 - 35.42

B (high-end) 72.58 - 59.21
B* (high-end) 72.58 - 59.21

C (HESS) 144.85 1.14 33.00
C* (HESS) 62.104 2.21 41.72

Results when only degradation by calendar life is considered (A∗,
B∗, C∗) are listed on Table 6, in this case the results for A∗, B∗ and
C∗ are determined by the constraint related to C-rate. In this case
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Fig. 7: PV Case. Sensitivity analysis on battery cost for config. C.

solutions when the constraint of degradation by operation are domi-
nant and solutions when the constraint related to C-rate are dominant
are similar. Thus, the error of disregarding degradation is smaller
than in the case of wind generation. The error is around 6% for con-
fig. A, 26% for config. C and 0% for config. B, because B and B∗

are both determined by the constraint related to C-rate.
As in the wind case, a sensitivity analysis on the battery cost is

performed for configuration C with PV generation. The results for
the battery and ultracapacitor sizes are depicted in Fig. 7. It can be
observed that for a battery cost ≤ 350 $/kWh it is not profitable to
include the ultracapacitor in the system, and for a battery cost> 350
$/kWh the change in the battery and ultracapacitor sizes is almost
linear, that is because the degradation by calendar life (a linear con-
straint) is dominant over the degradation by operation (non-linear)
during most of the load profile time.

In this case the threshold 350 $/kWh is much higher than in the
case of wind generation, 110 $/kWh, that is because in this case the
solutions considering degradation by operation are similar to those
considering only degradation by calendar life. Thus the return from
each monetary unit invested in the ultracapacitor is much lower in
the case of the PV application than in the case of wind generation.

6 Conclusion

A methodology for sizing and operation of an hybrid electric (battery
and ultracapacitors) energy storage system which explicitly takes
into account battery degradation due to operation has been proposed.

The effectiveness of the algorithm has been illustrated in two
case studies (wind and PV applications) showing that degradation
is more relevant in the wind case since the operation profile shows
continuous charging and discharging periods.

Several energy storage configurations have been analyzed. The
hybrid configuration (battery and ultracapacitors) results in the low-
est cost compared to non-hybrid solutions. This difference is larger
in the wind case due to the greater variability of the source and the
fact that photovoltaic energy does not generate throughout the night.
The sizing of each component in the system depends on two main
factors: i) the battery degradation by operation, which is related to
the operation profile and the battery technology, and ii) the relative
cost between battery and ultracapacitor; the more relevant the degra-
dation by operation is, the greater relative cost of ultracapacitor can
be assumed. The threshold for this relative cost has been quantified
in both case studies.

Neglecting battery operation degradation effects can lead to
greater operation cost and less battery life time than expected. Degra-
dation by operation is quite relevant in the case of wind generation
where the operation cost of the HESS (sized without considering
degradation by operation) is 270% higher than the operation cost for
the HESS considering degradation by operation. In the case of PV is
less relevant, but still quite significant, as the HESS operation cost

not considering degradation by operation is 26% higher than that of
the HESS considering it.
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