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2Decision

Abstract: This study proposes an approach to help the bidding processes of hiring wind-photovoltaic farms in long-term energy
auctions. The proposed approach aims to define an optimal solution to configure wind-photovoltaic farms based on mixture
design of experiments and the Lp method, as well as an efficiency metric designed to achieve diversification and to identify the
Pareto dominant optimal portfolio. The proposed method is simple and flexible for practical applications. Moreover, its
associated goals of choosing the Pareto dominant optimal solutions are aligned with the goals of the electricity regulators
responsible to manage the hiring process for a new generation. To validate the method, wind-solar photovoltaic generation
configurations in three Brazilian cities are analysed and the results are compared with other methods previously proposed in the
literature. The results show that the proposed method has more intuitive criteria for the investor and regulator, without reducing
the quality of the information provided to decision making.

1

Introduction

Since the 2000s, renewable energy resources have significantly
increased their participation in the electricity generation matrix
around the world. Recently, hybrid generation has gained
considerable momentum and have been deployed in medium to
large-scale projects [1]. One form of hybrid electricity generation
that has sparked interest from both regulators and investors is
wind-solar photovoltaic (W-PV) hybrid farms [2]. For example, a
recent study shows strong temporal synergy for wind and solar and
great potential for investors of such type of hybrid projects in
Southeastern regions in Australia [3], while in Brazil, the Minister
of Mines and Energy has highlighted the country's potential for this
type of generation [4].
The intermittency of wind and solar sources pose complex
schedule planning tasks that have to be addressed by plant and
systems operators. The uncertainty related to the production of
electricity from these sources creates the need for a more robust
generation planning to diversify the supply portfolio with other
technologies such as thermal power plants, offshore renewable
power plants, energy storage devices, and others [5] to minimise
the supply risk. Moreover, the increase of intermittent sources
participation in electric power systems increases operational issues
such as reliable generation reserves, ramping capabilities,
frequency regulation and others. However, the combined use of
these, a subset of these sources, such as wind and solar, reduces the
supply/operational risks, since these sources usually have a
complementary behaviour (due to solar radiation during the day
and more intense wind speed at night in some regions). W-PV
farms also have other advantages, such as sharing the same
electricity transmission system and economies of scale [6].
In addition, hybrid power generation systems allow to mitigate
the disadvantages related to each of the sources that occupy an
extensive area in terms of km2 per installed GW [7]. Among the
main problems associated with the space required to install wind
farms are: deforestation; cracks in houses near the site; erosions;
visual and noise pollution; and limiting the mobility of the local
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population during the construction phase [5]. In turn, the cost
associated with electricity generation from solar PV has been
reduced over the last few years and the source is attracting large
investments [8–10]. However, this source still has a higher
Levelised Cost of Electricity (LCOE) than other renewables, such
as wind and biomass, in South American countries and other
regions [11].
W-PV hybrid farms are an interesting and potentially viable
alternative to be considered in electricity generation planning.
However, conducting bidding processes for this type of generation
is not a simple task and requires specific criteria to guide the
configuration of projects. Brazil is an example of a country that has
already recognised the local potential for W-PV projects, but one of
the bottlenecks to disseminating this type of generation is the lack
of specific criteria to define the generation quota and the
compensation of projects. This poses a challenge to be considered
and incorporated in models used when planning for future energy
systems supply.
To our knowledge, few papers in the literature propose
methodologies based on optimisation methods to plan and design
hybrid generation projects either in interconnected or isolated
power systems. Generally, the objective function of previous work
only considers cost minimisation [12–15]. The increase in
intermittent renewable generation sources have changed this
traditional approach and other objectives such as area utilisation,
greenhouse gas (GHG) emissions and others become relevant in
energy planning.
Multiobjective linear optimisation methods have been a
powerful tool for solving energy planning problems that have more
than a single goal [16–18]. However, in many cases, objective
functions are represented by non-linear functions and in these
situations, it is observed that most studies use optimisation
methods by agglutination to solve the designed models.
Agglutination methods must have priority in applications, as they
allow for the construction of a Pareto frontier with optimal global
solutions, in which the best optimal solution is subsequently
2612

Section 2 presents a theoretical rationale for the MDOE, the Lp
optimisation method and the efficiency metric employed to achieve
diversification; Section 3 describes the variables optimised in the
study; Section 4 presents the results; and Section 5 concludes this
paper.

2 Conceptual framework
The decision variables associated with the optimisation model are
the wind power (x1) and the solar PV (x2) shares of the W-PV farm.
The methodology proposed in this study for designing the hybrid
generation project configuration is defined in seven steps,
illustrated in Fig. 1 and the steps are described next.

Fig. 1 Proposed methodology flowchart

chosen through an ex-post method aligned to the problem to be
solved [19].
In the existing literature associated with electricity generation
planning, some authors also use multi-objective non-linear
optimisation methods, such as the Normal Boundary Intersection,
for defining as a priority the optimisation of objectives related to
the economic, environmental and reliability aspects of the system
[20–22]. Other papers have emphasised in the integration of plants
in high voltage networks, aiming at cost reduction and
minimisation of GHGs [23]. Regarding hybrid generation systems
planning, studies that used multiobjective optimisation methods are
still scarce. Most of them are aimed at planning isolated systems,
which use one or more renewable energy sources with diesel
generators and batteries [24–26]. Recently, the work presented in
[6] proposed one of the few existent approaches for planning
hybrid W-PV generation systems in interconnected power systems
considering a novel multiobjective optimisation framework.
The methodology proposed in [6] is based on normal boundary
intersection method to support specific bidding processes for
hybrid W-PV projects and it was applied in the context of the
Brazilian system. However, the methodology presented in [6] has
two shortcomings: (i) The normal boundary intersection is a
complex geometric parametrisation method for non-academic
planners [27, 28]; and (ii) it uses an ex-post method to identify the
best Pareto-optimal solution based on a ratio between entropy and
overall percentage error, this metric is not completely focused in
the planning aspects of the electrical system, as it divides attention
with an inherent aspect of the optimisation method employed in the
study.
This study proposes a novel approach based on mixture design
of experiments (MDOE) and a weighted metric method called the
Lp method [29], which is relatively easy and fast in terms of its
application and can be used to analyse practical alternatives in any
type of hybrid power generation systems. In the proposed
approach, the MDOE [6, 24] is applied to support the construction
of the multi-objective optimisation model. To solve the
optimisation model, the staggered Lp method [29] is used, which
provides a set of optimal solutions of the associated model.
Subsequently, Pareto-dominant optimal solution is chosen based on
the data envelopment analysis (DEA) where the goal is to achieve
diversification of the project as well as the ideal electricity
production level in the optimal configuration. The main
contribution of this paper is the proposition of an ex-post method
exclusively focused on explore cost-benefit relationships in the
search for the optimal diversified W-PV portfolio for the decisionmaker. This implies indicating the most stable generation share
throughout the day at the lowest cost, which is of interest to
systems operators, investors and consumers.
The two objectives of this study are minimising the energy
density and LCOE. The results are then compared with the
previous work [6] for three sites considered for installation of WPV farm. The remainder of the paper is structured as follows:
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Step 1: A design of experiment is built for each location (city)
using the MDOE method.
Step 2: Responses for energy density and LCOE are calculated for
each experiment (scenario) generated in step 1.
Step 3: From the mixture compositions in each experiment and the
responses estimated in step 2, quadratic regressions are performed
to estimate the objective functions.
Step 4: The Lp method is applied to solve the optimisation problem
and build the Pareto frontier with global optimal solutions for each
location.
Step 5: The entropy value from the optimal solutions is estimated
and, posteriorly it is identified as the best Pareto-dominant optimal
solution from the set of solutions based on DEA methodology. In
this step the LCOE information is considered as the input and the
entropy values as output.
Step 6: Extract the share values for wind and solar power from step
5 in addition to the respective energy density and LCOE values.
Step 7: Assess the annual energy production (AEP) estimation,
from multiplying the energy density obtained in 6 with the W-PV
farm area.
2.1 Mixture design of experiments
The MDOE is characterised as an experiment planning technique
that allows the determination of a specific design for a mixture
problem [30]. From the MDOE a relationship between the outputs
of interest and the proportions is established [31].
The factors are the components (n) of a mixture which
represents the relationship between the levels of each component
[30]. These relationships are described by the constraints of
wholeness:
x1 + x2 + ⋯ + xn = 1

(1)

0 ≤ xn ≤ 1

(2)

The most popular MDOE is the simplex lattice, with n components
and polynomial adjusted in the order m. The planning of this
arrangement is made from m + 1 proportions, equally spaced
between 0 and 1, tested for each factor in the experimental design
[32]. The levels of factors xi are generated as follows:
xi = 0,

1 2
, , …, 1,
m m

for

i = 1, 2, …, n

(3)

where the number of experiments (N) is given by:
N=

n+m−1 !
m! n − 1 !

(4)

As in the simplex lattice arrangements, the experiments occur only
with points that lie on the edges of the arrangement. It is
recommended to add the centre and axial points in the experiments
[32]. This adds the central points represented by
(1/n), (1/n), …, (1/n) and the axial points, which lie between the
central point and the vertices, which are described by (n − 1)/2n.
As for the polynomial model used to represent the functions
that relate the outputs to the relative proportions of the components
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in the MDOE, they can be linear, quadratic and cubic [30]. As the
linear model does not represent better an adjustment performance
above 70% for energy density output [33], a complete quadratic
model was applied which performed better when fitting the
functions, described by:
p

y^ (x) =

p

p

∑ βixi + ∑ ∑ βi jxix j + ∑ ∑ δi jxi x j xi − x j
`

i=1

i< j

i< j

(5)

p

+ ∑ ∑ θi j xi` x j xi − x j

2

i< j

where y^ (x) is the expected output variable; βij, δij and ϴij are the
regression coefficients; p is the polynomial degree; xi and xj are the
independent variables.
The formulas for the coefficients, in terms of y, which
represents the calculated output in each experiment, are [30]:
βi = yi

(6)

βi j = 4yi j − 2(yi + y j)

(7)

8

(8)

δi j = 3 (2yiii j − 2yi j j j − yi − y j)
8

θi j = 3 (4yiii j − 6yi j − 4yi j j j − yi − y j)

(9)

MDOE is used to produce an experimental design with scenarios
characterised by the share of wind and PV power that composes the
hybrid W-PV plant. In each MDOE scenario, the energy density,
represented by y1, and the LCOE, represented by y2, are defined.
After running the experiments, a quadratic regression between the
computed outputs and the shares of wind and PV power to estimate
the objective functions of y1 and y2.

mentioned before, Lp-method is the optimisation method that
produces the set of optimal solutions. From the multi-objective
optimisation model solved using the Lp-method, the ideal shares of
wind and PV power in the hybrid W-PV farm will be obtained, as
well as the energy densities and the LCOE produced by each
optimal configuration.
2.3 Diversification efficiency metric
An efficiency-based metric to achieve investment diversification is
used when selecting the Pareto dominant optimal solution. As far
as diversification is concerned, the entropy measure allows to
identify the optimal solution that provides the highest level of
diversification of a system with more than one component. This
solution is given from the solution that achieves the highest
entropy value [35, 36], which can be calculated by:
m

H= −

(12)

∑ pilog pi

i=1

where H is the entropy value; piis the proportion of component i in
the designed system.
The DEA method is applied to verify which optimal solution of
the set is more efficient in achieving diversification. This method is
based on the comparison of the performance between a set of
decision making units (DMUs), which are distinguished by the
amount of input consumed and output produced [37]. The DEA
methodology allows identifying which DMU is the benchmarking
for the other DMUs of the set [38]. The input and output variable
weights of the DEA model can be obtained from the solution of the
following model known as constant returns to scale [39]:
b

max wo =

∑ uqyqo

q=1
a

2.2 Weighted metric method (Lp-method)

s . t:

Agglutination methods are characterised by converting all the
objective functions into a single model, reducing the original
problem. In addition, they give the decision-maker the choice of
the Pareto dominant solution within a set of efficient solutions. The
Lp method falls into the class of multi-objective agglutination
methods and their application is considered in the literature for two
cases. Firstly, this method does not require any preference
information from the decision-maker and, moreover, its application
is mathematically less complex when compared to other multiobjective optimisation methods [29].
From the ideal staggered solution, it is possible that the outputs
with different scales can be used on a single problem [34].
Following the definition in [29], the formulation of the staggered
Lp method can be described by the following equations:
k

Lp =

∑ γj

fj x

max j

− fj x

p

1/ p

(10)

max j

fj x

j=1

or
k

Lp =

∑ γj

j=1

max j

fj x
fj x

max j

− fj x
min j

− fj x

p

1/ p

(11)

where γ j is a non-negative weight assigned to the jth objective
function by decision-maker; p indicates the importance of each
objective function deviation from its deal value; fj (xmax) is an
individual optimal solution for the jth objective; fj (x) is a multiobjective optimal solution for the jth objective; fj (xmin) is the worst
solution to the jth objective when other objective is optimised.
The estimated objective functions obtained in the previous step
are then combined in the formulation of the Lp-method. As
2614

∑ vpxpo = 1

p=1
b

∑ uqyqi − ∑ vpxpi ≤ 0

q=1

(13)

a

i = 1, 2, …, n

p=1

uq ≥ 0,

q = 1, 2, …, b

vp ≥ 0,

p = 1, 2, …, a

where i represents the DMU index, i = 1,…, n; q the output index,
with q = 1,…, b; p is the input index, p = 1, …, a; yqi is the value of
the qth output for the ith DMU; xpi is the value of the pth input for
the ith DMU; uq is the weight associated with the qth output; vp is
the weight associated with the pth input; wo is the relative
efficiency of the DMUo, which is the DMU in evaluation; yqo and
xpo are output and input information for the DMU in analysis.
In this case, the DEA super-efficiency model is used, where the
hypothesis of the maximum efficiency level is relaxed by removing
the DMU under analysis in the construction of the efficiency model
as a mathematical program [40]. Thus, the efficiency level can
assume any non-negative value.
The DEA super-efficiency model is used to identify the best
Pareto-optimal solution for each city in the analysis. For this
problem, the input of the DEA super-efficiency is defined to be the
LCOE found for each Pareto-optimal solution and as output, we
use the entropy estimated from the optimal portions of wind and
PV power.

3 Material and methods
To illustrate the efficacy of the proposed method, we apply it to
find the optimal configuration for a 30 MW W-PV farm for a set of
cities in Brazil, namely Campo Grande (in Mato Grosso do Sul
state), Paranaíba (in Piauí state) and Jundiai (in São Paulo state).
These are three cities located in the Midwest, Southeast and
Northeast regions of Brazil, respectively. Therefore, they are
IET Renew. Power Gener., 2020, Vol. 14 Iss. 14, pp. 2612-2619
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Table 1 Investment and O&M costs for each source
Wind fraction (million US$)
initial Investment
O&M costs

PV fraction (million US$)

0.9795 per MW
0.002 per MW

1.199 per MW
0.006 per MW

Table 2 Energy density and LCOE
MDOE scenario, %
Campo Grande
Jundiaí
LCOE, US
Energy density, LCOE, US$/MWh Energy density,
$/MWh
MWh/km2
MWh/km2
100 W/0 PV
80 W/20 PV
75 W/25 PV
60 W/40 PV
50 W/50 PV
40 W/60 PV
25 W/75 PV
20 W/80 PV
0 W/100 PV

31.70
34.71
30.63
39.52
43.76
48.44
53.87
70.66
233.24

32.63
38.49
46.40
44.40
47.41
52.26
69.70
63.22
76.31

30.04
32.89
29.01
37.44
40.92
45.89
50.65
66.95
211.97

locations with different potentials for wind and PV sources, which
allow us to compare where the installation of the W-PV farm is
most attractive. To this end, the goals are set to maximise the
energy density and minimise the LCOE. In addition to the ideal
proportion of wind power and solar PV that make up the farm, the
average energy production value of the plant will be obtained and
extracted from the optimal solution with respect to energy density.
3.1 Energy density and LCOE

Parnaíba
LCOE, US
Energy density,
$/MWh
MWh/km2

43.91
47.96
57.27
53.15
56.33
60.04
312.81
278.57
335.86

32.54
36.20
32.52
42.04
46.51
52.89
62.21
79.93
66.52

where η is the system efficiency (%); Im is the solar radiation in the
region (kWh/m2); σT is the temperature loss coefficient above
25°C; and T is the temperature level above 25°C.
As for the area, the calculation is based on an estimate of the
occupied area, in which each installed 1 GW of wind power and
solar PV corresponds to 9900 and 630 km2 [7], respectively, and
the function for the area estimation can be described as:
A = 9.9Pw + 0.63PPV

The energy density indicates the productivity related to the amount
of energy capable of being produced per area occupied by a
generation system. Producing the maximum amount of energy
using the smallest possible area contributes to reducing the
environmental impact on the site, in addition to preserving part of
the territory for other productive activities [5].
The energy density can be described as the ratio between the
energy produced by a plant and the land area it occupies.
Mathematically, the energy density calculation can be described as
follows:

33.05
36.91
43.70
41.73
44.60
47.86
60.36
55.89
66.89

(18)

where PW is the wind nominal power output (MW); PPV is the
solar PV nominal power output (MW); A is the occupied area
(km2).
In turn, the LCOE refers to the average cost of a generation
project, or more specifically to the total costs related to generation
(fixed and variable) discounted to the present, for each unit of
energy produced over its useful life [41, 42]. Thus, the classic
formulation for LCOE can be described as follows [43]:
T

AEP
ρe =
A

(14)

where ρe is the energy density (kWh/km2); AEP is the yearly
energy production (kWh); A is the area used to construct the
generation project (km2).
The AEP estimate is based on the sum of wind and solar PV
power production similar to what was done in [6]. The computation
for the AEP, wind and solar PV production, considering any losses
during production, can be described by:
AEP = EW + EPV

(15)

where EW is the wind energy produced during the year (kWh);
EPV is the solar PV energy produced during the year (kWh)
Ew =

8760 × 0.93
ρArv3CP
2

(16)

where ρ is the air density (kg/m3); Ar is the rotor swept area (m2); v
is the average wind speed (m/s); CP =is the turbine power
coefficient
EPV = 0.8ηIm A 1 − σTT
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(17)

LCOE =

∑t = 0 Ct /(1 + i)t
T

∑t = 0 Et /(1 + i)t

(19)

where Ct = total costs with electricity generation in period t; T =
system lifetime; Et = electricity produced in period t; i = discount
rate.
For the amount disbursed with the initial investment, the
estimation was made based on the results of the Brazilian wind and
solar PV long-term energy auctions from the last three years. For
each MW of installed wind power, the expense is US$ 979.5
million, and for each MW of PV power the amount is US$ 1198
million. For the O&M costs, the values for the wind project portion
represents ∼2% of the initial investment [44]. For the installed
solar PV portion, the O&M costs are assumed to represent 0.5% of
the initial investment [45]. Table 1 summarises the initial
investments and the O&M costs of the W-PV farm for each portion
of the project.
From the AEP values and the 8.42% discount rate estimated in
[6], it is possible to calculate the LCOE for each MDOE scenario.
Table 2 describes the energy density for each MDOE scenario and
the associated LCOE.
3.2 Minimum price to achieve project feasibility
The minimum price value is an indicator that allows one to identify
the remuneration level determined by the generation source. The
minimum price is obtained when the net present value (NPV) of a
given investment is considered null. The NPV represents the sum
of the value of cash flows formed by the difference between cash
2615

Table 5 LCOE objective functions
City
y2

Table 3 Cash flow for a W-PV farm

Gross sale balance and additional balances from liquidation of
differences
(−) taxes proportional to balance
liquid balance
(−) sector taxes
(−) leasing
(−) O&M costs
(−) insurance and administrative expenses
(−) financial expenses
Profit before income tax
(−) income tax
Net profit after income tax
(−) amortisation of financing
(−) investment
(+) release of financing
Cash flow

Table 4 Energy density objective functions
City
y1

Campo
Grande
Jundiaí

32.27 x1 + 232.51 x2 − 355.10 x1x2 + 414.32

R2, %
99.76

x1x2 (x1 − x2) − 441.52 x1x2 (x1 − x2)2

30.54 x1 + 211.70 x2 − 319.65 x1x2 + 368.36 x1x2 99.74
(x1 − x2) − 389.20 x1x2 (x1 − x2)2

Parnaíba

33.15 x1 + 265.66 x2 − 409.59 x1x2 + 468.31

99.81

x1x2 (x1 − x2) − 482.35 x1x2 (x1 − x2)2

R2 , %

Campo
Grande

33.71 x1 + 76.09 x2 − 26.72 x1x2 − 2.51 x1x2 (x1 95.08

Jundiaí

43.73 x1 + 83.69 x2 − 7.29 x1x2 + 4.51 x1x2 (x1 − 91.98

− x2) + 70.31 x1x2 (x1 − x2)2
x2) + 69.79 x1x2 (x1 − x2)2

Parnaíba

32.87 x1 + 66.73 x2 − 19.36 x1x2 + 4.52 x1x2 (x1 95.28
− x2) + 45.35 x1x2 (x1 − x2)2

inflows and outflows, discounted to present value at a cost of
capital rate [4]. The NPV calculation can be represented by:
n

NPV =

∑

t=0

CFt
1+i

t

(20)

where t is the time period in analysis; CFt is the cash flow.
In Table 3 shows a typical cash flow structure for a W-PV farm.
An NPV of zero is the threshold for considering acceptance of
an investment [46] and indicates whether the investor has fully
recovered the invested capital, considering its cost of capital [47].
Therefore, the minimum viability price corresponds to the lowest
price level that allows the investor to recover the invested capital.
In this work, the discount rate considered is the same used for the
calculation of the LCOE.
The project cash flow planning horizon is 20 years, which is
equivalent to the contracting period of wind and solar PV plants in
the regulated market in Brazil. Cash flows for each annual period
has been estimated through cash inflows and outflows as described
in Table 3 and the basis for calculating cash flows assumptions are
detailed in Table 9 of Appendix.

4 Results and discussions
After computing the response variables for each scenario defined
by the MDOE, it is possible to estimate the objective functions
used in the optimisation. From the quadratic regression model, the
objective energy density functions (y1) and LCOE (y2) were
obtained. These functions are reported on Tables 4 and 5,
respectively, and can be viewed graphically in Figs. 2–4 in
Appendix. The responses are represented as a function of the
power fraction for wind (x1) and solar PV (x2).
The objective functions have a coefficient of determination (R2)
above 70%, i.e. they are suitable for use in the optimisation model
[33]. In addition, it is observed that the coefficients for the
objective functions present different values for each city. These
functions reflect the wind potential and site-specific solar PV in
2616

Fig. 2 Objective functions for Campo Grande

their coefficients, since to estimate each objective in the MDOE the
only variable that distinguishes the responses for each city is the
AEP.
It can be observed from Tables 4 and 5, that both the objective
functions related to the energy density and to the LCOE are nonlinear. However, energy density functions have a higher R2 than
LCOE for all cities.
Table 4 shows that the more PV power, generally the higher the
energy density and the more wind power, generally the lower the
LCOE. However, the axial points 75%W/25%PV and 25%W/
75%PV of the MDOE experimental design present LCOE inferior
to the scenarios with 80%W/25%PV and 40%W/60%PV. As for
energy density, only the axial point with 75%W/25%PV was lower
than with 80%W/20%PV. This factor may have been favorable for
the energy density to present a slightly higher adjustment in the
quadratic regression performed.
Thus, the optimisation models are designed and solved
considering the objective functions that were inserted in the
scheduling of the staggered Lp method described in (11). Also, the
constraints of the mixture problem described in (1) and (2) are
included in the optimisation model design. The weights of each
objective are varied from 0 to 1 considering steps of 0.1. Optimal
solutions for hybrid W-PV farms of different configurations are
then obtained (Table 6). One weakness of the Lp method is that the
IET Renew. Power Gener., 2020, Vol. 14 Iss. 14, pp. 2612-2619
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Fig. 3 Objective functions for Jundiaí

Pareto boundaries are not constructed with the points distributed
evenly between them, as in the NBI method. However, to achieve
the goal of finding the optimal setting for each source and W-PV
farm AEP level at each location this is not an issue.
Subsequently, the entropy value is calculated for each solution
present at each of the boundaries and then the entropy to LCOE
ratios are calculated. From the super-efficiency DEA model for
comparing entropy to LCOE ratios, the Pareto dominant optimal
W-PV farm configurations at each site were identified. The power
fraction of each source, the results of y1 and y2, and the entropy to
y2 ratio value for the Pareto optimal solutions are described in
Table 6.
The percentage levels for wind power and solar PV obtained are
distinct from the results of the method proposed in [6]. The values
found for the AEP levels are also different, however, it is observed
that the order of the AEP levels among cities does not change, and
in the city of Parnaíba is where the plant has the highest generation
potential. Table 7 compares the levels of the AEP obtained in [7].
For these results, it is observed that the city at Northeast region
(Parnaíba) obtained a higher level of AEP, followed by the city at
Midwest (Campo Grande), with the worst level being that of the
city at Southeast (Jundiaí).
It can also be inferred that the Parnaíba is more attractive than
the others with respect to producing higher energy density at a
lower cost. From Fig. 5, it is observed that the Pareto frontier to the
city of Parnaíba is below the others for all optimal points, which
means that the city can achieve higher energy density at lower
LCOE values. The city of Campo Grande shows the second highest
level of efficiency, and the city of Jundiaí proves to be the least
efficient to deploy W-PV farm projects.
Finally, it was estimated the minimum price that enables the WPV farm in its best configuration and only considering one
technology (either 100% from wind or from solar PV), the
minimum price results are described in Table 8. The minimum
price corroborates that the city of Parnaíba is the most competitive
place for an investor to install W-PV among the three cities
analysed. It is observed that in the Pareto optimal configuration the
minimum price is closest to the wind source, which is the cheapest.
Thus, it can be considered that a W-PV farm planned using the
proposed approach allows one to take advantage of two sources
IET Renew. Power Gener., 2020, Vol. 14 Iss. 14, pp. 2612-2619
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Fig. 4 Objective functions for Parnaíba

Table 6 Pareto optimal solutions for the W-PV farms
City
% source
y1
y2
H/y2
Campo Grande
Jundiaí
Parnaíba

W: 59% PV: 41%
W: 58% PV: 42%
W: 59% PV: 41%

43.21
40.67
46.00

45.06
54.46
42.61

3.75
3.12
3.97

Table 7 Comparison with respect to AEP
City
AEP, MWh AEP, MWh in Aquila Difference, %
et al. (2018)
Campo Grande 79,070.64
Jundiaí
74,410.59
Parnaíba
84,164.23

81,030.39
74,653.88
86,303.03

−2.418
−0.003
−2.478

simultaneously, in the least costly way possible, and taking
advantage of the benefits related to each source.
In addition, the optimally configured W-PV farm allows for less
expensive generation planning and operation of the wind and solar
PV. This is beneficial for both industries, as a single bid comes into
two sources and thus both supply chains are active simultaneously
and obtain spillovers.
Comparing the previous results for the same problem obtained
in [6], it was observed a more diversified representation among the
sources: Campo Grande (62% W–38% PV); Jundiaí (60% W–40%
PV); Parnaíba (63% W–37% PV). The reason for this is that the
proposed approach prioritises an ex-post method that reach
diversification at the lowest possible cost; while in [6], the distance
from the optimal solutions to individual solutions of analysed
objective functions were considered as important as the
diversification factor. The ex-post method proposed in this paper
can be considered more appropriate for the problem at hand, since
by focusing only on diversification with low cost, both systems
operators and consumers are benefited. Although not quantitatively
evaluated, for operators, maximum diversification allows for
improved reliance on complementarity benefits among sources,
which implies a more stable electricity generation throughout the
day for the hybrid plant that uses only intermittent sources. Even
for the consumer, the added benefit obtained with diversification at
2617

Fig. 5 Pareto frontier for each local

Table 8 Minimum price to achieve project feasibility
City
100% W
Campo Grande
US$ 37.64

W-PV
US$ 40.30

(−6.6%)
Jundiaí

(+9.5%)
US$ 42.88

Parnaíba

US$ 39.99
(−6.7%)
US$ 35.36
(−6.6%)

lowest cost implies greater reliability in supply, promoting the
smaller costs to their final energy bills.

5 Conclusions
The main goal of this work is directed to find efficient solutions to
a practical problem related to the design of hybrid generation
projects aimed to compete in long-term energy auctions. This piece
is devoted to fill existent obstacles to the dissemination of W-PV
farms in power systems due to the lack of proper methodologies to
support the bidding processes for these projects. Therefore, a
model based on a combination of MDOE, DEA and the Lp method
was developed. The novel approach proposes a simpler and easily
implementable framework than other models previously presented
in the literature while preserving quality of the results.
As for the results, it was observed that a city in the Northeastern
region of Brazil would be the most appropriate place among those
analysed to deploy W-PV farms. This result converges with the fact
that the region is the place with the highest installed power of wind
and solar PV plants in the country, establishing itself as the leader
for this type of generation. We observe through our analysis that
the criterion based on the efficiency of the entropy-LCOE ratio for
determining the Pareto optimal solution is quite appropriate. In the
study it was seen that entropy is a metric related to diversification,
which has been one of the reasons that motivated the insertion of
wind and solar PV sources in the Brazilian electricity generation
portfolio. In turn, the LCOE is a cost measure, so the lower the
LCOE the higher the benefits to a potential investor and to the end
consumer.
There are other hybrid generation projects that use
combinations of other energy sources, such as: hydro and solar PV;
hydro and wind power; helium-thermal with natural gas; coal and
biomass; among others. The proposed method with some
adaptations can be applied to these variations of hybrid solutions.
For these hybrid generation setups there are also shortages of
methods and criteria that support the planning analysis, so it is an
opportunity for future studies to propose new approaches aimed to
improve investment decisions associated with these projects.
Models that consider the uncertainties in the response variables can
also be considered in future studies, as well as the inclusion of
response variables that represent risk measures for the investor,
such as Value at Risk (VaR) and Conditional Value at Risk (CVaR).
2618

US$ 37.86

100% PV
US$ 44.13
US$ 46.89
(+ 9.4%)
US$ 41.46
(+ 9.5%)
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8 Appendix
The input assumptions for the cash flow computations performed
in this paper are represented in Table 9.
To view the adjustments regarding the objective functions
obtained from quadratic regression models, the functions for each
city were designed. In Figs. 2–4 it is possible to graphically view
the objective functions for Campo Grande, Jundiaí and Parnaíba,
respectively.

Table 9 Cash flow input assumptions
investment (wind fraction) [6]
investment (PV fraction) [6]
planning horizon [6]
lease [6]

O&M costs (wind fraction) [43]
O&M costs (PV fraction) [43]
transmission system fee [6]
commercialisation tax [48]
operation tax [48]
regulator tax [48]
insurance expenses [49]
others taxes [49]
tax over legal entity [49]
social contribution over the liquid
profit [49]
WACC (discount rate) [6]

US$ 979.5 million per MW
US$ 1198 million per MW
20 years

US$ 17.18/km2
2% of the investment
0.5% of the investment
US$1.21 per kW installed
US$ 0.02 per MWh of assured
energy
US$ 0.16 per kW installed
US$ 0.85 per kW installed
0.3% of the investment
3% (PIS) and 0.65% (Cofins)
25% over 8% of gross revenue
9% over 12% of gross revenue
8.42%
2619

