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ABSTRACT This paper used different Muti-Criteria Decision Analysis (MCDA) techniques to select the
best alternative renewable energy sources in Msallata city, southeast of Tripoli, Libya. The selection was
based on the commitment from the ministry of Energy in the Libyan government to lower their carbon
footprint. The renewable energy sources considered here are solar, wind, and biomass. MCDA is widely used
to solve various decision problems based on alternative evaluation. MCDA methods are currently applied in
every field and can define any problem, alternatives, and criteria. However, every MCDA technique can give
different results. In this paper, four MCDA methods have been tested and evaluated based on the renewable
energy sector to find the best alternative. The results suggest that a combination of wind and solar is the
most important energy source; solar plants alone are the second most important energy source. The least
important energy source in this model is biomass alone. This work is validated using HOMER Pro Software.
Many MCDA techniques are applied these days in almost all disciplines, but they may have different results.
This work proved that the best MCDA for dealing with renewables for the proposed selection is either
The COmplex PRoportional ASsessment (COPRAS) or VIseKriterijumska Optimizacija I Kompromisno
Resenje (VIKOR). COPRAS is a MCDA technique that is developed by Zavadskas, Kaklauskas, and Sarka
in 1994, it is applied tomaximize andminimize index values. VIKOR is an abbreviation of a Serbian term that
means Multicriteria Optimization and Compromise Solution, it ranks and selects from various alternatives
with conflicting criteria.

INDEX TERMS Alternative renewable energy sources, COPRAS, MCDA, TOPSIS, fuzzy TOPSIS,
VIKOR.

I. INTRODUCTION
The world’s population has grown dramatically in the last
50 years; consequently, energy consumption and demand
have also increased drastically. In 2010, the globe’s energy
consumption increased by 5.6%, and this is considered
the highest growth in 40 years [1]. The fact that fossil
fuels sources are finite as well as the impact they have
on the environment, has urged governments and compa-
nies to upgrade from conventional fuel sources to renewable
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ones [2]. From 2023 to 2025, the average annual solar PV
installation additions are anticipated to reach 165 GW, which
is about 60% of total renewable energy expansion. Moreover,
the generation costs of utility scale PV farms are anticipated
to decrease in the next few years by 36%, making solar
energy the cheapest option to upgrade the electric grid inmost
countries.

The cost of onshore wind declined by 15% in 2020; on
the other hand, the annual offshore wind energy capacity
additions are expected to be double the 2020 level between
2023 and 2025 [3]. Approximately 99% of the global power
demand is expected to be covered by renewable energy in
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2025. The electric power that is generated from renewables
is expected to increase by more than 9 times in the EU and
the UK, and more than three times in the US. In China and
India, renewables expected to meet approximately 65% of the
electric demand growth [3].

The main sources of energy in Libya are oil and gas, but
there are also several thermal power plants in Libya, the
most important of which are West of Tripoli (600 MW),
East of Tripoli (1400 MW), Misratah (600 MW), and Tobruk
(740 MW) [4]. According to General Electricity Company of
Libya (GECOL), 99.2% of the generated power in 2004 came
from fossil fuels (72.7% from oil and 26.5% from gas respec-
tively) [5]. In 2017, GECOL announced that the generated
power was 4900 MW, while the demand exceeded 6500MW,
with a 1600 MW deficit. Therefore, the electric grid experi-
enced repetitive power outages inmost Libyan regions. Based
on the growing energy demand, GECOL also estimated the
maximum load to increase to 10,795 MW by 2020, to 14,834
MW by 2030 and to 21,669 MW by 2050, respectively. As a
result, the CO2 andGHG emissions released will increase [4].

With the growing energy demands, the renewable energy
department in GECOL proposed some solar and wind power
projects in the last decade [6]. The Libyan government has
committed to add 30% of its total generation capacity by
2030 from renewables [7]. This paper studies the option of
applying wind energy, solar energy, and biomass energy in an
area in Msallata, Libya as part of the contribution of GECOL
to meet the increasing load demand and to lower the carbon
footprint resulted from the use of fossil fuels.

In this paper, variousMCDAmethods, namely Vise Kriter-
ijumska Optimizacija Kompromisno Resenje (VIKOR), The
Technique for Order of Preference by Similarity to Ideal
Solution (TOPSIS), Fuzzy TOPSIS and The COmplex PRo-
portional ASsessment (COPRAS) were applied to evaluate
a hybrid energy system based on solar, wind and biomass
energy sources. The criteria weights of the MCDA methods
were generated using analytic hierarchy method (AHP). The
obtained results were compared with HOMER Pro. Software
results. The novelty here is to design several models to solve
multicriteria decision problems for a hybrid energy system
and compare optimization methods (HOMER Pro. Software)
with multicriteria decision methods. Biomass feedstock will
be used for the first time as a fuel in Libya, where about
99.2% of the fuel used to generate power comes from fossil
fuels.

There is not a lot of literature about applying renewable
energy sources in Libya. In reference [7], it is concluded
that solar and wind energy are the most important renewable
energy sources in Libya and could play a major role in cov-
ering most of the increased power demand and reducing the
Carbon footprint caused by applying conventional fuel. Ref-
erence [10] studied the financial and technical challenges that
faces utilizing renewable energy resources in Libya. Based
on literature review and field visits, it considered solar and
wind energy as the main sources of renewable energy. Even
though renewable energy technology in Libya is in its early

stages, the study revealed the importance of developing the
infrastructure of renewable energy sector in Libya to cover the
increased power load demand and to lower the consumption
of oil and natural gas. In this paper, we assessed our study
with the load profile of an area in Msallata city. By means
of HOMER Pro software, we determined the net present
cost (NPC) of each model, the energy produced, the energy
consumed, the emissions and many other results that we will
not discuss in this study. In the results and discussion chapter,
we will discuss the energy produced, the energy consumed,
and the cost benefit of each energy source applied in this
study. In the future work, we will add waves and tidal to the
study to know if they are of importance as of solar and wind.

II. LITERATURE REVIEW
This paper presents a study on some renewable energy
sources and some MCDA techniques. In references [7]
and [8], the options available to apply some renewable energy
sources to the Libyan power grid are studied. Veleba and
Buhawa [9] investigated initial, steady state and optimization
load flow analysis to the transmission lines of the Libyan
power grid by adding large scale wind farms. Mohamed
investigated in [10] the financial and technological difficul-
ties facing applying renewable energy resources in Libya.
Introduced some recommendations to enhance the renewable
energy. Wang et al. applied in [11] a hybrid Fuzzy AHP
(FAHP) and TOPSIS to select wind power plant from seven
different locations in Vietnam. Gao et al. [12] presented a
MCDA technique for site selection of CAES project based
on probabilistic language term sets (PLTSs) and regret theory,
applied entropy weight method to weight the criteria and con-
cluded in a case study in China that Yungang Mine of Datong
Coal Mine Group is the best CAES project site location.

Li et al. introduced in [13] multicriteria decision-making
framework for DPVPS site selection along high-speed rail-
way. Presented the power consumption capacity of high-
speed railway TPSS and impact on high-speed railway
TPSS. A case with sensitivity analysis is used to verify the
MCDA framework for DPVPS site selection along high-
speed railway. Abdel-Basset et al. proposed a new hybrid
methodology for the selection of offshore wind power sta-
tion location (OWPS) combining the AHP and Preference
Ranking Organization Method for Enrichment Evaluations
(PROMETHEE)-II methods in the neutrosophic environ-
ment [14]. Aly proposed in [15] different accurate hybrid
models to forecast the wind speed and power based on neuro
Wavelet, time series and Recurrent Kalman Filter to amelio-
rate the overall system accuracy. In [16], a hybrid optimized
model of Adaptive Neuro-Fuzzy Inference System (ANFIS),
Recurrent Kalman Filter (RKF) and Neuro-Wavelet (WNN)
was presented to forecast wind power based on data taken
from doubly fed induction generation model.

Mousavi-Nasab and Sotoudeh-Anvari [17] conducted a
comparative analysis about the rank reversal problem in
COPRAS, TOPSIS and VIKOR methods.
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Introduced their importance in material selection and the
usefulness of rank reversal method when a criterion is
removed from or added to a decision process. Joshi intro-
duced in [18] a novel bi-parametric exponential information
measure based on Intuitionistic Fuzzy Sets (IFSs). Presented
a new MCDA algorithm based on TOPSIS and the proposed
bi-parametric measure. Applied the algorithm in detecting
machine malfunctioning by means of a numerical example.
Rosso-Cerón et al. presented in [19] a novel algorithm based
on fuzzy multi-criteria decision-making methods (FMCDM)
based on a mixed-integer linear model to impose solar and
wind energy into the Colombian energy-mix. Özcan et al. [20]
studied the maintenance scenarios of 14 high criticallity
level equipment in a large-scale hydroelectric power plant in
Turkey. They applied AHP and TOPSIS techniques to obtain
the criteria and determine the ranking of the equipment,
respectively. They built an artificial neural network (ANN)
model by using 11-years fault data for selected equipment
groups and estimated the possible fault dates.

Krishankumar et al. presented amalgamated approach to
deal with MCDA under the probabilistic hesitant fuzzy
information (PHFI) features. Also, ranked the PHFI with
COPRAS method. The applied technique has been imple-
mented through a case study of cloud vendor selection and
the results has been validated with various existing tech-
niques’ results [21]. Soltaniyan et al. developed in [22] a
combined version of MCDA and multi-agent modelling tech-
nique (MAMT) to attain the maximum possible profits of an
intended renewable generation plan and to enhance the elec-
tricity market indices. Applied multi-agent fuzzy Q-learning
electricity market modelling approach combined with TOP-
SIS as a new technique to enhance renewable energy for the
first time in the literature. The proposed technique is validated
on the IEEE 30-bus test system.

Soha and Hartmann [23] presented an GIS-based site suit-
ability to support site selection for the power-to-gas (PtG)
technology. The results obtained show that centralized PtG
systems are favored over regular PtG installments in all bio-
gas plant sites. Wang et al. applied TOPSIS method to ana-
lyzes the hydropower generation efficiency in Canada from
power generating potential viewpoint, profitability, environ-
mental profits and social responsibility, respectively [24].
Ribeiro et al. [25] presented long-term strategic MCDA tech-
nique composed of a set of thirteen criteria to evaluate a
set of five hypothetical scenarios drawn for the Portuguese
electricity generation system in 2020. Zhao and Li presented
a novel hybrid framework to support sustainable development
of thermal power. Applied fuzzy Delphi method to recog-
nize 22 final criteria. Introduced a hybrid evaluation model
that operates in the fuzzy environment based on the analytic
network process (ANP) and TOPSIS. Validated the proposed
framework with a case study from the China Huaneng Group
Corporation [26].

Dhiman and Deb presented in [27] a fuzzy-based MCDA
technique for three wind farm sites in Massachusetts.

Evaluated four alternatives for four penalty costs by
actual and predicted wind power that are normalized fur-
ther. Applied Fuzzy TOPSIS and Fuzzy COPRAS as a
modified TOPSIS and COPRAS techniques to attain the
ranking under fuzzy environment. Hosseini Dehshiri and
Hosseini Dehshiri [28] applied a combined technique of
Geographic Information System (GIS) and MCDA to spec-
ify an area to build wind farms to produce hydrogen in
Yazd province in Iran. Feyzi et al. introduced in [29] a new
decision-making approach to determine the criteria of estab-
lishing municipal solid waste incineration (MSWI) power
plant to increase the sustainability in the north of Iran by
applying the decision-making trial and evaluation labora-
tory (DEMATEL) combined with fuzzy analytic network
process (FANP) technique and GIS. Zlaugotne et al. in [30]
applied five MCDA techniques to find the best renewable
energy source in Latvia. In PROMETHEE-GAIA, TOPSIS
and VIKOR, hydropower has the highest rank. On the other
hand, the best alternative energy source with COPRAS and
MULTIMOORA was Solar PV.

Wang et al. applied in [31] data envelopment analysis
(DEA), FAHP, and TOPSIS to find the most feasible location
to build a solar power plant in Vietnam. Rehman et al. applied
MCDA to select the best wind power plant location to invest
it in the gulf region [32].Wu et al. [33] introduced a two-stage
location decision-making structure to select a site in Hezhang
County for distributed wind power coupled hydrogen storage
(DWPCHS). Conducted empirical research about applying
DWPCHS in this site. Zambrano-Asanza et al. presented a
novel technique to specify optimal sites for solar power plants
that are connected to the medium-voltage level in the Ecuado-
rian power grid, appliedGIS basedMCDAand spatial overlay
with electric load [34]. Ali et al. presented in [35] a novel
hybrid MCDA approach applying an aggregated weighting
and ranking method to promote PGTs based in Bangladesh.
From the six existing PGTs, gas was the best and wind was
the worst. In terms of all PGTs’ options, Solar PGT was
the most feasible option. In [36], a sophisticated hybrid deep
learning clustered models is presented to forecast wind speed
and power applying different artificial intelligent systems for
optimal performance.

Rahmati and Sanaye-Pasand [37] presented a general pro-
tection scheme to alleviate the disadvantages of the power
transformer relays. This scheme presented a novel MCDA
based on fuzzy logic. The developed power transformer pro-
tection (DPTP) relay reinforces the sensitivity and reliability
of the power transformer protection. Urošević and Marinović
presented a framework to rank small hydropower projects
to decision makers in Bosnia and Herzegovina based on
various criteria. They applied PROMETHEE technique to
rank 24 small hydropower plants and used AHP to obtain
the weights of main criteria [38]. Ehteram et al. applied
kidney algorithm technique to optimize Karun reservoir
operation in hydropower plant project [39]. Waewsak et al.
applied in [40] an GIS-AHP technique to specify suitable
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locations in Thailand to build energy facilities running with
green energy, namely with para rubber trees as a biomass
resource.

III. RESEARCH DEVELOPMENT
In this work, the authors introduced four different MCDA
techniques as a way of validation for the proposed work to
select the optimal energy source to supply power energy to
a city known to have very good solar irradiation and wind
speed. The load profile data forMsalla city has been collected
from GECOL, where customers have different peaks at dif-
ferent times, see figure 1. A load profile is a chart illustrating
the variation in the electrical load versus time. It varies based
on customer type (commercial, industrial, or residential),
temperature and holiday seasons. Commercial and industrial
customers have higher load demand in the morning and at
noon, while residential customers may consume more power
in the afternoon and evening time.

FIGURE 1. Load profile for an area in Msallata city.

The proposedmodels are evaluated and validated by apply-
ing real data and using HOMER Pro software for calculating
the overall cost coming from different techniques and the
emissions emitted by applying various power sources. Based
on the analysis done, a hybrid wind and solar plant is the
most important energy source, followed by solar plant as the
second most important energy source. The third best alter-
native was wind model based on three MCDA techniques;
fuzzy TOPSIS technique considers the wind energy model
as the best fourth alternative source. PV, wind, and biomass
hybrid model is considered the fourth most important energy
source in three MCDA techniques, fuzzy TOPSIS technique
considers the wind energy model as the best third alternative
source. Biomassmodel has the least importance in thismodel.

A. CRITERIA WEIGHTING
The criteria weights are calculated using AHP weighting
method. Thomas L. Saaty developed AHP in the 1970s
to model some decision-making processes through pair-
wise comparisons and experts’ judgements to obtain priority
scales, it has been applied extensively since then, and is

TABLE 1. Criteria used to evaluate the attributes.

currently applied in decisionmaking problems [41]. For more
details, see [42].

Table 1. depicts the criteria applied to evaluate the
attributes. Msallata city is currently supplied with power from
the Libyan grid, which is generated from conventional fuel.
HOMER Pro software is applied to evaluate the attributes for
the hybrid system.

TABLE 2. Alternative power sources.

Table 2. shows the power sources suggested in this journal.
They are either one power source or a combination of two or
more.

Table 3. shows the alternatives and the attributes. The data
in this table is the decision matrix data that will be normalized
and applied in the four MCDA techniques applied in this
paper.

TABLE 3. Alternatives and attributes.

B. MULTICRITERIA DECISION ANALYSIS METHODS
Multi-criteria decision analysis MCDA is a methodology
that deals with various conflicting criteria in decision mak-
ing problems, in almost every discipline, when different or
conflicting criteria are considered at the same time to rank
or make a decision (or objectives) need to be considered
together, to rank or choose between the alternatives being
evaluated [43].
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1) VIKOR
The VIKOR method is an MCDA technique that has been
developed by Serafim Opricovic in his Ph.D. dissertation
in 1979 to solve decision problems that have conflicting or
incommensurable criteria, assuming that decision is justi-
fiable for conflict problems. The solution desired is to be
closest to the ideal, and all alternatives are determined based
on established criteria. VIKOR ranks alternatives and deter-
mines the solution named compromise that is the closest to
the ideal. Figure 2. depicts the steps of VIKOR technique, for
more details, see [44].

FIGURE 2. Steps for VIKOR technique.

VIKOR steps:
1- Create the decision matrix

X =

 I11 · · · I1n
...

. . .
...

Im1 · · · Imn

 (1)

where I11 to I1n are the attributes and I11 to Im1 are the
Alternatives.

2- Determine the normalized decision matrix:

kij =
I ji√∑m

i=1

(
I ji
)2 (2)

where i = 1, 2, . . . ,m; j = 1, 2, . . . , n.
3- Determine utility measure Ui and regret measure Ri.

When decisionmakers are not able to express their pref-
erence, they compromise their solution by a maximum
group utility (represented by min Ui) of the majority,
and by a minimum individual regret (represented by
min Ri) of the opponent. Ui and Ri are boundary mea-
sures to formulate the rank.
Utility measure for beneficial attribute:

Ui =

∑n

i=1
wi

[ (
kij
)
max ? − (k ij)(

kij
)
max −

(
kij
)
min

]
(3)

Utility measure for non-beneficial attribute:

Ui =

∑n

i=1
wi

[
(k ij) −

(
kij
)
min(

kij
)
max −

(
kij
)
min

]
(4)

Regret measure for beneficial attribute:

Ri = Maximum of

{
wi

[ (
kij
)
max − (k ij)(

kij
)
max −

(
kij
)
min

]}
(5)

Regret measure for non-beneficial attribute:

Ri = Maximum of

{
wi

[
(k ij) −

(
kij
)
min(

kij
)
max −

(
kij
)
min

]}
(6)

4- Compute the Qi value:

Qi = v
[

Ui − (Ui)min

(Ui)max − (Ui)min

]
+(1 − v)

[
Ri − (Ri)min

(Ri)max − (Ri)min

]
(7)

v can take any value between 0 and 1, in our case v
considered 0.5.

5- Rank Qi, the rank will be in descending order. Highest
Qi value represents the best alternative.

2) TOPSIS
TOPSIS technique was developed by Hwang and Yoon in
1981 to find the closest alternatives to the ideal solution [41].
Figure 3. depicts the steps of TOPSIS technique, for more
details, see [45].

FIGURE 3. Steps for TOPSIS technique.

TOPSIS steps:

1- Determine the decision matrix

X =

 x11 · · · x1j
...

. . .
...

xi1 · · · xij

 (8)

2- Establish the normalized decision matrix:

rij =
xij√∑m
i=1

(
xij
)2 (9)

where i = 1, 2, . . . ,m; j = 1, 2, . . . , n.
3- Determine the weights (AHP used in this paper)
4- Determine the weighted normalized decision matrix:

vij = wj × rij (10)

5- Compute ideal best (v+j ) and ideal worst (v−j ). In non-
beneficial attributes, ideal best will be the least value,
and ideal worst will be the highest value. In the case
of beneficial attributes, the highest value is considered
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ideal best, while the lowest value is considered ideal
worst.{

V+

1 , . . . ,V+
n
}

=

{
(max

i
Vij|j ∈ K ), (min

i
Vij|j ∈ K ′)|i = 1, 2, . . . ,m

}
(11){

V−

1 , . . . ,V−
n
}

=

{
(min

i
Vij|j ∈ K ), (Vij|j ∈ K ′)|i = 1, 2, . . . ,m

}
(12)

where K is the index set of benefit criteria and K ′ is the
index set of cost criteria.

6- Compute the separation measure for each row: Positive
ideal separation:

S+

i =

√∑n

j=1

(
vij − v+j

)2
(13)

Negative ideal separation:

S−

i =

√∑n

j=1

(
vij − v−j

)2
(14)

7- Determine the relative closeness to the ideal solution:

Ci =
S−

i

S+

i + S−

i

(15)

8- Rank the results: the higher value will get the first in
rank.

3) FUZZY TOPSIS
TOPSIS Fuzzy TOPSIS method was developed by
Chen-Tung Chen in 1997 in a journal titled Extensions of the
TOPSIS for Group Decision-Making under Fuzzy Environ-
ment. Chen extended TOPSIS with triangular fuzzy numbers,
and he proposed a vertex technique to measure the distance
between two triangular fuzzy numbers. Figure 4. depicts the
steps of fuzzy TOPSIS technique, for more details, see [46].

FIGURE 4. Steps for fuzzy TOPSIS technique.

Chen presented a vertex technique to measure the dis-
tance between two triangular fuzzy numbers [44]. If x̃ =

(a1, b1, c1) , ỹ = (a2, b2, c2) are two different triangular
fuzzy numbers, then:

d (x̃, ỹ) =

√
1
3
[(a1 − b2)2+(a2 −b2)2 + (a3 − b3)2] (16)

The following steps are taken when fuzzy TOPSIS is
applied [44]:
1- Collect the subjective evaluations of the decision maker

on the weights based on the importance of each crite-
rion. Say, we have decision makers with m members,
the fuzzy rating of the mth group about alternative Oi
and criterion Bi is represented as:

Fmij =

(
amij , b

m
ij , c

m
ij

)
(17)

and the weight of criterion Bj is represented as:

w̃mij =

(
wmj1,w

m
j2,w

m
j3

)
(18)

2- Determine the aggregated fuzzy ratings for each alter-
native and the aggregated fuzzy weights for every
criterion.

3- The aggregated fuzzy ratings F̃ij =
(
aij, bij, cij

)
are

determined as follows:

aij =

{
amij
}

, bij =

∑m
m=1 b

m
ij

m
, cij =

{
cmij
}

(19)

The aggregated fuzzy weights w̃j =
(
wj1,wj2,wj3

)
are

calculated by formulas:

wj1 =

{
wmj1
}

, wj2 =

∑m
m=1 w

m
j2

k
, wj3 =

{
wmj3
}

(20)

4- Measure the normalized fuzzy decisionmatrix R̃ = [r̃ij].
For benefit criteria

r̃ij =

(
aij
c+j

,
bij
c+j

,
cij
c+j

)
, c+j =

{
cij
}

(21)

Or for non-benefit (cost) criteria

r̃ij =

(
a−

j

cij
,
a−

j

bij
,
a−

j

aij

)
, a−

j =
{
aij
}

(22)

5- Determine the weighted normalized fuzzy decision
matrix:

Ṽ = (ṽij) (23)

where ṽij = r̃ij × wj
6- Determine the Fuzzy Positive Ideal Solution (FPIS)

(A+) and Fuzzy Negative Ideal Solution (FNIS) (A−).

A+
=
(
ṽ+1 , ṽ+2 , . . . , ṽ+n

)
(24)

A−
=
(
ṽ−1 , ṽ−2 , . . . , ṽ−n

)
(25)

7- Calculate the distance from each alternative to the FPIS
(d+

i ) and to the FNIS (d−

i ).

d+

i =

n∑
j=1

d(ṽij, ṽ
+

j ) (26)
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FIGURE 5. Aggregated fuzzy weights for each criterion.

TABLE 4. The fuzzy weights for each criteria.

d−

i =

n∑
j=1

d(ṽij, ṽ
−

j ) (27)

8- Determine the closeness coefficient CC i for every
alternative.
For every alternative Oi, CC i is calculated as follows:

CC i =
d−

i

d+

i + d−

i

(28)

9- Rank CC i in descending order. Highest closeness coef-
ficient will be considered the best alternative.

4) COPRAS
The COmplex Proportional Assessment method was devel-
oped by Zavadskas, Kaklauskas and Sarka in 1994 to evaluate
the maximum and minimum index values and their effect
on the attributes. Figure 6. depicts the steps of COPRAS
technique, for more details, see [47].

COPRAS steps

1- Create the decision matrix: The decision matrix and the
weights for the criterions are expressed as follows:

D =

 x11 · · · x1n
...

. . .
...

xm1 · · · xmn

 (29)

wj = [w1 . . .wn]where
∑n

j=1
(w1 . . .wn) = 1 (30)

FIGURE 6. Steps for COPRAS technique.

2- Normalize the decision matrix:

nij =
xij
n∑
j=1

xij

(31)

3- Obtain the weighted normalized decision matrix:

Nij = wj × nij (32)

4- Compute the sum of the benefit criteria values:

Bi =

k∑
j=1

Nij (33)

5- Determine the sum of the cost criteria values:

Ci =

m∑
j=k+1

Nij (34)

6- Compute the relative significance of each alternative:

Qi = Bi +
min (Ci) ×

∑n
i=1 Ci

Ci ×
∑n

i=1

(
min(Ci)
Ci

) (35)

7- Determine the utility degree (performance index) of
each alternative:

UDi =
Qi

max(Qi)
× 100% (36)

IV. CASE STUDY
Even though Libya is very rich in solar and wind power, about
99.2% of the electricity is generated from fossil fuels. The
Libyan grid has experienced a lot of power outages recently
due to the aging of the existing network, lack of developments
and increasing load demand. One of the solutions to solve
this issue is adding some renewable energy sources to the
grid. This paper conducts research on applying some renew-
able energy sources in a city called Msallata, located to the
southeast of Tripoli, Libya. This city known to have very good
wind speed according to GECOL. Four MCDA approaches,
namely VIKOR, TOPSIS, Fuzzy TOPSIS and COPRAS are
applied to find the optimal renewable energy source to pro-
vide the city with electricity. HOMER Pro software using
wind, solar and biomass sources is applied to validate the
results determined by MCDA techniques.
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TABLE 5. Monthly average of wind speed in (m/s) in some Libyan cities during 1985 – 1995. [7].

TABLE 6. Daily average of total radiation in (kWh.m2) during 1982 – 1988 [7].

TABLE 7. Random consistency index.

A. RESOURCE ASSESSMENT
The load profile for Msallata city is taken from the GECOL
record. HOMER Pro software is applied to estimate the cri-
teria for the subjected model. Because they are intermittent
in nature, solar panels and wind farms are usually connected
with back-up generators to avoid any power deficiency. The
fuel source for the generator in our current model is biomass.

1) WIND ENERGY SOURCE
The average wind speed in Libya is varying from 6 m/s to
7.5 m/s at 40 m height. This huge wind energy source is dis-
tributed over an area of 1,750,000 km2 and can supply Libya
and Europe with a huge amount of electric power [6]. Homer
Pro Software is applied to download the monthly average
wind speed data in this paper, figure 7. HOMER Pro software
download such data from NASA Surface meteorology and
Solar Energy.

Figure 8 depicts a 100-kW turbine power curve, where the
cut-in speed is 4 m/s and the cut-out speed is 24 m/s, and the
rated power output between 10 and 15 m/s.

The wind power formula could be estimated using this
equation [48]:

P =
1
2
ρ.As.CpV 3ϵgϵb (37)

where, ρ is the density of the air in kg/m3,
As is the swept area of the rotor in m2,
Cp is the coefficient performance,
V is the velocity of the wind speed in (m/s),

FIGURE 7. Monthly average wind speed for Msallata city determined by
HOMER.

ϵg is the efficiency of the generator,
ϵb is the efficiency of the gear box bearing.
Table 5 depicts the monthly average wind speed in (m/s)

in some Libyan cities in the period from 1985 to 1995, while
figure 9 depicts the daily profile wind speed for Msallata city
determined by HOMER.

2) SOLAR ENERGY SOURCE
The average solar radiation in Libya is about 7.5
kWh/m2/day, that is between 3000 and 3500 sunshine hours
per year [6]. HOMER Pro Software is applied to get the solar
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FIGURE 8. 100 kW Wind turbine power curve.

FIGURE 9. Daily profile wind speed for Msallata city determined by
HOMER.

data used for this paper, which in return downloaded from
NASA Surface meteorology and Solar Energy.

The annual energy of any installed PV system could be
estimated using the following equation [46]:

Ean= 365×Ppk × rdp × Rd,g (38)

where, Ean is the annual energy for the power generated
in kWh, Ppk is the peak power of the installed equipment
in kilowatts (kW), rdp is the system performance’s ration
or derating factor and Rd,g is the average of daily global
radiation in watthours (wh).

Table 6. depicts the daily average of total radiation in
(kWh.m2) for some Libyan cities in the period from 1982 to
1988. Figure 10 depicts the daily profile solar irradiation for
Msallata city determined by HOMER.

3) BIOMASS
Using biomass to generate heat and power is increasing
rapidly both nationally in Canada and internationally, and it is
driven by governments and decision makers wanting to lower
the carbon footprint caused by applying conventional fuels.

FIGURE 10. Daily profile solar irradiation for Msallata city determined by
HOMER.

Global biomass energy consumption is expected to
increase by 2.3% annually until 2030 [49]. In this paper,
HOMERPro Software applied biomass feedstock as a backup
generator to supply power when there is not enough wind
speed or solar irradiation to generate it.

HOMER Pro Software allows users to model generators to
run most biomass feedstock types. The software allows users
to model biomass gasification, the biogas fuel and the biogas
fueled or cofired generator. Users have the option to specify
the biomass capacity and price under biomass resource menu.
In case the biomass feedstock is raw material, it needs to be
converted to biogas first by means of gasification, then it can
be burned in a biogas or cofired generator.

V. RESULTS AND DISCUSSION
The AHP method is applied to determine the weights of the
criteria, pairwise comparison is made by assessing the impor-
tance of the criterion over the other criterion and the results
are illustrated in Table 8. In pair comparison technique, the
value 1 indicates that both criteria have equal importance,
values 3, 5, 7 and 9 represent low, moderate, strong, and
very strong importance, respectively. And for opposed cri-
teria, comparison values are proportionally opposed. After
determining the criteria weight (wij), it is very important to
verify that the summation of the weights equal 1 (wij= 1).
With regards to the consistency index, the consistency ratio
should be less than or equal to 0.1 to assume that the matrix
is reasonably consistent.

In the proposedmodel, the consistency ratio was 0.054153,
which is less than 0.1; so, we can consider the matrix as
reasonably consistent.

Table 7. depicts the random consistency index, where the
numbers 1 and 2 are omitted because their RCI value equals
zero. See Saaty [50].

Table 9 shows each criterion and their importance, where
beneficial considered when maximum value is desired while
non-beneficial for minimum value consideration.

Figure 11 depicts all criteria and their weights. The most
important criteria are COE with 50.3% weight, followed by
lifetimewith 26%, productionwith 13.4% andCO2 emissions
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TABLE 8. Pairwise comparison matrix.

TABLE 9. Pairwise comparison matrix.

with 6.8%, respectively. The less important criterion is oper-
ating and maintenance with 3.5% weight.

Table 10. depicts the rank of all power sources applied for
Msallata city based on all techniques applied. The rank will
be based on the number of power sources applied, in this case
will be from 1 to 7 based on their importance, where 1 is the
most important and 7 is the less important.

FIGURE 11. Pie chart of the weight of each criterion.

The novelty of the proposed work is to assess the proposed
site performance based on four different techniques to choose
the best combination of renewables towards minimizing the
generation cost and CO2 emissions. Based on the results,
we can conclude that a combination of wind and solar energy
source is the most important energy source because all the
techniques ranked it as first. Solar energy is second in the
row according to all techniques applied. The wind energy
source is in third place in the VIKOR, TOPSIS and COPRAS
methods, whereas Fuzzy TOPSIS put it in fourth place. Fuzzy
TOPSIS technique rank the combination of Solar, wind, and
biomass as third. VIKOR, TOPSIS and COPRAS techniques
put the combination of Solar, wind, and biomass in fourth
place, whereas Fuzzy TOPSIS considers wind energy as

TABLE 10. The rank of the power sources based on each technology
applied.

fourth in the rank. The less important energy source in the
area under study is Biomass based on all techniques applied.

HOMER Pro Software is applied to determine the techni-
cal and cost-benefit analysis of all the models. In the next
paragraphs, analysis about the best four models is discussed.

Technical analysis: Based on the simulation results
obtained from HOMER, the hybrid wind solar model is the
most feasible option, where 71.3% of the produced energy
came from wind (132,943 kWh/yr), the rest 28.7% is pro-
duced from solar (53,558 kWh). The energy consumed is
60,293 kWh. The second feasible model is the PV model,
where the energy produced is 218,313 kWh/yr and the energy
consumed is 60,281 kWh/yr.

The third model in the rank is the wind model, where
the energy production reached 319,063 kWh and the con-
sumed energy was 60,282 kWh. The hybrid system that is
composed of solar, wind and biomass came in the fourth
rank with energy production of 128,494 kWh/yr, where
55.3% (71,067 kWh/yr) of the energy produced is from solar,
41.4% (53,177 kWh/yr) is from wind and the rest 3.31 %
(4,250 kWh/yr) is produced from biomass. The consumed
energy as of the previous models is 60.330 kWh.

Cost-benefit Analysis: The main advantage of applying
renewable energy is the absence of fossil fuel costs. More-
over, PV and wind energy plants have low operation and
maintenance costs compared to conventional fuel plants.
The total net present cost (NPC) of the hybrid wind and
solar model is $663,707.80 and the levelized cost of energy
(COE) is $0.8515. The total NPC of the solar model is
$874,808.90 and the levelized COE is $1.12. In the wind
model, the total NPC was $1,388,200 and the levelized COE
was $1.78, while the total NPC of the hybrid wind, solar and
biomass model reached $1,883,473 and the levelized COE
is $2.41.

VI. CONCLUSION
In this work, four different MCDA techniques were applied
to rank the power energy sources based on their importance.
Although all MCDA techniques applied use different aggre-
gation functions and different normalization techniques, they
try to get results close to the ideal solution. A validation
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has been done through an optimization technique (HOMER
Pro software). Based on the results, some renewable energy
sources could be added to the Libyan grid to face the big
energy demand, to improve the electric power service and
lower the carbon footprint occurring by apply conventional
energy sources. Biomass could be applied in combination
with wind and solar energy sources.

Based on the results, all the techniques applied rank a
hybrid energy system composed of wind and solar, and a solar
farm as the best and the second-best alternative, respectively.
All the techniques applied considered a wind farm as the
third best alternative, except fuzzy TOPSIS considered wind
energy alone as the fourth option in its rank. All the tech-
niques agree that biomass alone is the least attractive option.

To validate the results, HOMER Pro software is applied.
Based on the results obtained from HOMER, VIKOR and
COPRAS, a hybrid energy system composed of wind and
PV, PV energy system, Wind energy system, a hybrid energy
system composed of wind, PV and biomass, a hybrid energy
system composed of wind and biomass, a hybrid energy sys-
tem composed of PV and biomass, a biomass energy system,
are ranked, first, second, third, fourth, fifth, sixth and seventh,
respectively. Based on that comparison of selection and the
constraints used in this research we conclude that the best
MCDAs to select a hybrid energy system in our case are
VIKOR and COPRAS. Both gave reasonable results com-
pared to a realistic scenario used from HOMER Pro software.

The low importance of biomass alone as a feedstock to
generate power in Libya is linked to the fact that Libya is rich
of solar and wind power. Because solar and wind power are
intermittent in nature, biomass feedstock could be applied as
a fuel for backup generation.
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