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Abstract

The high global demand for oil and its derivatives has increased the risk of oil spills
associated with the extraction, processing, and transportation of this product. Oil
spill emergency management considers that decision-making is a very complex and
multi-criteria problem that must be taken into account, given that the effects of these
spills include several aspects, the most important of which are the environmental
and economic impacts. Oil spill response management decisions are aimed at mini-
mizing these impacts. To solve such a complex problem, this paper is devoted to
propose a new multi-criteria model using LBWA-Z MABAC methods. In the first
step, the model uses the LBWA method to calculate the criteria weights coefficients.
In the second step, the modified MABAC method with Z-numbers was used to
select the best contingency strategy to deal with oil spill risks. The calculations were
performed on the El Sharara field, which is the second largest oil producing field
in Libya. In the case study, six criteria and nine strategies were used, which were
selected by a group of experts. The results showed that the type and volume of the
oil spill is the most important criterion for selecting the appropriate strategy, and
that the best strategy for managing the oil spill in the case study is drain blocking.
In order to check the model, a sensitivity analysis was performed by analyzing the
effect of changes in the values of the weighting coefficients on the ranking results, as
well as by studying the effect of changing the p, q factors. The results obtained were
also compared with the fuzzy method and the Z numbers.
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1 Introduction

When comparing the number of oil and chemical spills that occur on water, there are
fewer than those that occur on land. The majority of oil spills are less than 7 tons,
according to international statistics [31]. This means that small accidents in the oil
industry contribute to the higher fraction of polluting oil to the environment. Such
a fact may not be surprising considering the number of pipelines extending between
oil-producing and consuming countries, pipeline transfers to storage facilities,in
addition to road transport, both by rail and road tankers, which are constantly tak-
ing place around the world [51]. Due to their effects, media coverage of offshore
spills may give a different impression, resulting in higher levels of concern about
marine or coastal spills than those on land. This in turn has led to a greater focus
on the search for strategies to cope with marine or coastal spills rather than land
spills (Krohling and Canpanharo, [38],Davies and Hope, [20]. For example, there
are fewer manuals or guidelines for oil spills on the ground than for those on water.
Oil spills are large-scale water and soil pollutants that have the potential to destroy
organisms in the areas they reach. There are several ways in which oil from spills
can return to humans,for example, through fish accumulation, or by consuming con-
taminated groundwater.

Oil flows and descends, like water, eventually reaching the same outflow points
such as streams and rivers. Oil is characterised by the fact that its movement is
slower than that of water, and the speed of its movement depends on many factors,
including viscosity, surface roughness and condition, permeability, and the degree
of surface slope [69]. Given this, movement rates on the ground are slower and flow
trends are more pronounced than in aquatic spills and the predictability of motion
paths is greater. As a result, it would be possible to focus on response strategies
more accurately in the case of landslides.

Most existing studies have focused on offshore or coastal oil spills, and studies
on land-based oil spills are still few, although they represent the largest propor-
tion, and are more complex and harder to process [47]. Many techniques have
been used to study the problem of oil spills in order to reduce their environ-
mental, social, and economic impacts [80]. For example, multi-criteria methods
were used to identify appropriate response strategies. In combination with other
approaches, the Analytic Hierarchy Process (AHP) method is most commonly
used to calculate weighting coefficients and evaluate alternatives. This method
has been used in conjunction with Technique for Order of Preference by Simi-
larity to Ideal Solution (TOPSIS) to determine the best locations for an oil spill
action and response center in the Sea of Marmara [37]. Additionally, Zhang et al.
[86] elucidate that in the problem of oil-spill response strategy based on linguistic
variables, the Analytic Hierarchy Process was used to calculate weighting coef-
ficients. Furthermore, assess the threat level associated with oil spill accidents,
estimate the weight of each evaluated index and determine the weight coefficient
[36]. The authors used fuzzy logic in various approaches defining the uncertainty
connected with this topic. The authors used the fuzzy AHP method to evaluate
shoreline sensitivity to oil spills in the study — the Caspian Sea coastal regions in
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northern Iran. Moreover, the fuzzy AHP method was combined with expert judg-
ment to assess the water pollution risk of mountain industrial parks [73]. Krohlin
et al. [40] employed the same strategy and the fuzzy TOmada de Decisao Intera-
tiva Multicriterio (TODIM) method to control accidents involving an offshore oil
spill. Takovou et al. [29] used integer linear programming to identify the optimal
cleanup equipment capacity and the best cleanup location for oil spill response.
Carmody et al. [18] employed the Analytic Network Process method in the exam-
ple of using organo-clays to clean up oil spills. In the occurrence of oil spills,
Analytic Network Process has been utilized to prioritize the managerial tasks of
maritime stakeholders in environmental crises [19]. Zafirakou et al. [84] used the
Preference Ranking Organization METHod for Enrichment of Evaluations (PRO-
METHE) method to compare different strategies in the case of offshore oil spills.
He concluded that floating booms and barriers constitute the best strategy. Ye
et al. [81] also used the Fuzzy TOPSIS model to investigate the effects of active
operational failure and unsafe latent factors in offshore oil spills. The proposed
model contributes to a better understanding of the impact of human factor on oil
spills. Wu [75] and Wu & Peng [76] also proposed a grey model to select the best
strategy in case of oil spills. In addition, Liu & Wirtz [44] used a hybrid model
that integrates the second-order Fuzzy Comprehensive Evaluation (FCE) method
and consensus facilitating techniques in the group’s computerized decision sup-
port system to identify the best strategies for dealing with oil spills.

Optimization models were also used to determine the best alternative given
some parameters. Li et al. [43] developed an agent-based simulation optimization
approach to provide sound decisions for device integration and customization during
fast, dynamic, and cost-effective offshore oil spill recovery under uncertain condi-
tions. The routes of vessels involved in the response process have been improved,
as reflected by the model. On the other hand, expert systems were used to formulate
spill prediction solutions, provided that Baruque et al. [8] developed a case-based
reasoning oil spill prediction model that helps to predict the oil slicks.

Oil exploration, production and transportation companies are responsible for
developing oil spill management plans and strategies. It is hard though for such com-
panies to develop a single strategy to address all cases, as these strategies depend
upon many criteria. Hence, companies set the goal of developing models that may
be used in different situations. In the case of oil spills, the interests of environmental
agencies and oil companies involved in the incident tend to conflict in the decision-
making method for choosing the best strategy to deal with these spills. It is therefore
necessary to evaluate the benefits and drawbacks of different response methods, tak-
ing into account social and economic norms as well as environmental factors.

Given the lack of research on terrestrial oil spill response strategies, several strat-
egies were simulated based on a land oil spill in a Libyan oil field. As a result, dif-
ferent response scenarios could be built, which could be selected according to cri-
teria such as the amount of spilled oil and the nature of land. Our research focus is
on the development and application of a hybrid decision-making model to a major
emergency management problem so as to help select the best available alternatives.
To our knowledge, this is the first time this method has been used to manage the oil
spill emergency plan, and it is the first study in the oil-rich country of Libya. The
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aim of this study is to develop a tool to assist decision-makers involved in the emer-
gency plan to manage oil spills and reach the most effective solutions.

In order to solve the presented problem, a hybrid model was selected, based on the
crisp LBWA method and the MABAC method which was fuzzified with Z numbers.
These methods were selected because of their advantages, which are described later
in the paper. The first reason for selecting the LBWA method is its ability of being
easily explained to decision-makers/experts (DM/E). Researchers often face the prob-
lem of explaining to DM/E what they should do when comparing criteria, because
most DM/E have not studied decision-making methods. Additionally, by applying this
method the number of comparison of criteria is significantly reduced compared to
some traditional methods (for example, the AHP), respectively, brought down to n-1
(where n presents the number of criteria). A small number of criteria comparisons pro-
vides better consistency of the DM/E’s opinions during criteria evaluation. The sim-
ple mathematical algorithm for obtaining weight coefficients of criteria is especially
emphasized, including the reliability of the obtained results during the calculation.
All these features indicate a simple implementation of the method in practice. The
MABAC method also has a number of advantages. The MABAC method provides the
stability of the solution in relation to changes in the nature and character of criteria.
The next advantage of this method is a well-structured analytical framework for rank-
ing alternatives. The mathematical apparatus used in calculations when applying the
MABAC method is very simple, regardless of the number of criteria and alternatives.
This method is applicable for both qualitative and quantitative types of criteria and
provides the possibility of analyzing the stability of the model when there are changes
in the intervals of the weight factors. It can be combined with other areas that that take
uncertainty well into account, which is made by applying Z numbers, which provide
a much broader framework for considering uncertainty than standard fuzzy numbers.

2 Response strategies and tactics

Typically, after a spill on the ground, the oil remains constant for a short time or moves
slowly. This facilitates early detection, allowing recovery to proceed in a more orderly
and systematic manner than in open water accidents. The majority of response tactics
focus on containing and controlling spills as close to the source as feasible to decrease
spillage and, therefore, prevent spills from reaching streams and rivers [47]. The oil
movement from land to rivers and open water swiftly expands the impacted area, put-
ting more people, animals, and resources at risk. This is because there are insufficient
resources available to protect resources at risk and restore moving oil.

Oil spills at sea or in riverine are more dynamic, and therefore the emer-
gency response methods will be different. These methods will vary for the pur-
pose of containing these spills and reducing their environmental impact. Select-
ing the appropriate method is a complex process, given that the decision-maker
has to consider many factors that may affect the treatment and containment of
these spills. These factors include the amount and type of oil spilled, as well as
the slope of the terrain; also, the time available to contain the spill is one of the
factors influencing appropriate decision making. The decision maker also aims
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for one of the methods that facilitates the process of recovering some of these
quantities. This can be achieved, for example, by constructing dams of sufficient
depth to allow the accommodate the use of skimmers. To underscore this point,
the same treatment techniques used in coastal spills, such as washing, vacuum
removal or on-site treatment, can be used here. Table 2 summarises the most
important strategies that can be used to control oil spills [51].

Although progress has been made in accident prevention, this is not the case in
all countries, and comprehensive prevention is impossible due to the indiscriminate
nature of oil spill. As a result, a significant effort has been undertaken worldwide to
establish measures to reduce accidental spills and develop new treatment procedures.

In this study, an initial list of criteria and strategies was prepared based on pre-
vious studies. Subsequently, a group of experts working in the Libyan oil sector
was contacted to make comments about the suggested criteria and strategies. All
of these experts have been working in the oil industry for at least 20 years. After
having adopted the criteria and strategies in their final form (Tables 1 and 2), a
single questionnaire was prepared to fill out the required data according to the
mathematical models used in this research. Four experts from three oil companies
were interviewed for the purpose of explaining the model to them and complet-
ing those questionnaires. One of these experts works as an operations manager of
an oil company, the second is a director of environmental safety department, the
third is a director of planning department, and the fourth is a production manager.

3 LBWA-Z MABAC model

Hybrid LBWA-Z MABAC model is defined through three phases as presented in
Fig. 1.

The next text follows the description of the applied methods. The methods
were applied in group decision making.

3.1 LBWA method

The LBWA method was created in 2019 [88]. Its fundamental characteristic is a
simple mathematical apparatus. This is important considering that the DM/E are

Table 1 Criteria used in the

study No Criterion
Cl1 Type and volume of the oil spill
c2 Location of the spill point
C3 Sediment type
C4 Terrain slope
C5 Level of impact
C6 Potential of impacts from the

candidate cleanup technique
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Fig. 1 LBWA-Z-MABAC model

mostly not familiar with the methods although they are supposed to evaluate the
criteria accordingly. Although it is a new method, its application has already been
found in certain papers. So far, the LBWA method has been applied in the papers
Jokié et al. [34], Bozani¢ et al. [11], Bozani¢ et al. [16], Pamucar et al. [57], Deveci
et al. [21], etc.

After defining the n criteria, the LBWA method are applied. In this case, the
LBWA method is applied through group decision-making. The method consists of
seven steps [88]:

Step 1 In the first step, every expert defines the criterion with the largest influ-
ence on the final decision.

Step 2 Rough classification of the criteria. Every expert defines the level at
which the criteria are positioned. By defining the level of a certain criterion
C;,i € {1,2...n}, the overall relationship to the most influential criterion is
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defined. The first and last level must have at least one criterion. The number
of criteria is not limited.

Step 3 At every level, the criteria are compared according to their signifi-
cance. To every criterion C,»ﬁ € §; within the subset 9; = {C,»l,C,»Z, ey Cil‘_} is
assigned the value of Ii,, € {0,1,2,...,w}. The criterion that is defined as the
most influential (C;) is always assigned a value of [; = 0. If the criterion C; is
more significant than Ciq, than Ip < Iq, also if C,-p is the same as significant as
Ciq, than I, = I,. The comparison scale has values from 0 to @, separately for
each problem that is solved. Value w is defined by the use of expressions (1)

w:max{|81|, |192|,-~~7|19k—1|v|19k|} (1)

Step 4

Defining coefficient of elasticity (w,))- this coefficient should meet the condition
where w, > .

Step 5

In this step, for each criterion Cl-p € 9,, which is at the i-th level, the function of
influence (f : 9 — R) is defined:

(C) = —2
T @, + Iip 2)
Step 6

The calculation of the weight coefficients is done through two steps:

Step 6.1
For the most influential criterion, expression (3):

1
w, =
YT THA(C) + -+ (G )
Step 6.2
For the other criteria, expression (4):
w; =f(C) - w, @)

Step 7

After calculating the weighting coefficients at the level of each expert, the
obtained values are aggregated into one. Aggregation can be done in several
ways. In this case, the Bonferroni aggregator was selected [10], according to the
expression (5):

ptq
n

S _ 1 q
BMP4(a,, a,, ...,a,) = n=1) i; a’.)aj 5)

=1
#
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where n presents the number of criteria included and p,q > 0.

3.2 Z-MABAC method

In the beginning, the creators of the MABAC method (Pamuéar & Cirovié, 2015) pre-
sented its application with crisp values. The classical MABAC method has found appli-
cation in many papers [14, 15, 24, 26, 30, 33, 45, 46, 49, 60, 61, 74],). In the available
papers, different forms of modifications of the MABAC method can be observed, such
as a) by applying for fuzzy numbers [9, 12, 27, 62, 72, 78, 82],b) by applying rough
numbers [5, 64, 67],¢) in a neutrosophic environment [59]52, 77, 4.

Triangular Z numbers have been used to improve the MABAC method. Figure 2,
shows the triangular fuzzy number.

The basics about Z numbers were given by Zadeh [83]. Z-numbers have so far
been combined with different methods: with AHP [7], with TOPSIS [79], with Data
Envelopment Analysis-DEA [6, 66], with Best Worst Method-BWM [1], with hybrid
LBWA- Z-number-MABAC method [11], with hybrid AHP-Z-number-MABAC
method Bobar et al. [9], with hybrid FUIl COnsistency Method (FUCOM)-Z-number-
MABAC method [17], etc.

The Z number ( Z=(T’ B)) consists of two fuzzy numbers [83]. The first part of the
Z number T describes the variable X. The second part, fuzzy number (B), presents the
reliability of the fuzzy number 7. Triangular Z-numbers can be presented as follows

Z={(d. " 0), @ b b))} (6)
From Z numbers to classic fuzzy numbers is arrived at by applying expressions [35]:

Z= a*T:(\/;*tl,\/a*t’",\/a*tr) @)

ﬂT(x)

tl tm tr'

Fig.2 Standard triangular fuzzy numbers
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where the value a presents the crisp number of the fuzzy number (B) and it is
obtained by using the centered method:

b+ b+ b
Q= —"-"

3 ®)

The Z-numbers Z=(Tj3) in this paper are applied with the MABAC method,
where the first fuzzy number (7') presents the data about certain alternative according
to certain criterion, and the second fuzzy (B) number presents the degree of certainty
of the DM/E in the specified data, respectively, in the first fuzzy number (7). The
fuzzy number B is especially important in the cases when there is some uncertainty,
and this is most often when there is not enough data available or the criteria are lin-
guistic. Different scales can be used to define the degree of certainty [42]. The scale
applied in the paper has five fuzzy lingustic descriptors (FLD), Fig. 3.

The Hybrid Z-MABAC model has already been presented in Bobar et al. [9]
and Bozani¢ et al. [17] but in the context of individual MCDM. The steps of the
Z-MABAC model in group decision-making are provided below.

Step 1.

Forming of initial decision-making (IDM) matrix (X).
Step 1.1

The IDM matrix is formed for every expert (e;) separately.

Fig.3 FLD used to assess the
degree of certainty of DM/E [9] ‘fervlsmall  Small Medium High  Very high

AA R

i

0.4
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¢ C .G,
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Step 1.2

Quantification of IDM matrix. It is used in cases when linguistic expressions
are used to evaluate alternatives, as a part of the first step is quantified linguistic
expressions.

Step 2.

Converting Z-numbers into regular numbers, using expressions (7) and (8). After
the conversion, a new IDM matrix (P) is obtained.

C, G, ... C C C . C
Al . 1 562 Xn Al ( . , )1( 2 ) (n - )
4, | T In A, | Vet X)) (X, X) e (8,03,
per — = ~ = - l
P Yar X2 Aon | T (52530 X5)) (g 5, 22) (211’ w r) (10)
Acl T A o .
A5l X2 oo Xgn (x s1° Al’xgl) (x_sZ’xAZ’be . ( Fsn> Xsn Xsn

Step 3.where is:
Normalization of new IDM matrix, using expression (11)—for beneficial criteria
and, expression (12) for cost criteria:

xfj—xl._ ;j’.’—xi_ x;.—xi_
iy = (1)
) 7 0 —
v xF—x7 xf—x7 xt—x

l l 1 l 1 1

xﬁj—xl. Z.’—x;“ ;j—x;r
.= — , — , — (12)
v X7 —xTx —xfx —xf

- xi+ = max(x;i,xgj, ...,x;j)—presents maximal values of the right distribution of
fuzzy numbers of the observed criteria alternatives and.

- X = mln(le, ’2] xij)—presents minimal values of the left distribution of
fuzzy numbers of the observed criteria alternatives.

After the normalization, the normalized matrix (N°) is obtained.

Step 4 The weighted matrix (V%) is obtained by applying the expression (13):
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~5 ~1 ~m ~r
v,-j—<wi-nij+wi,wi-nij+wi,wi-nij+wi> (13)

where 7;; € Netand w; is weight coefficients.

Step 5.
The matrix of Border approximate area (BAA) G has a form nx I:
G = C G ..C, ¢ G .. G,

2ot [(gherg) (shergy) - (shoergr)] (Y

The BAA for every criterion is calculated using expression (15):

s 1/s s 1/s s 1/s s 1/s
w-(110) -|(14) (1m9) () | o9
i=1 i=1 i=1 i=1

Step 6.
Calculation alternatives distance from the BAA (Q¢%), using expression (16):

ek {7ek ~ek ~ek ~ek ek
= —_ . =V, — @2
(0] Vv G" > qy i &

_ ek(l) _ ek(r) ek(m) _ ek(m) ek(r) _ ek(l) (16)
- ((VU & )(VJ & )(Vz & ))

Step 7

Ranking of alternatives.

Step 7.1

The calculation of the final values is done by applying expression (17):

s-3a-(Z4 30T )
=1 S =T |

where 7; € Q.

Step 7.2

Defazification of fuzzy value alternatives, using expressions (18) or (19) (Seiford,
1996; Liou and Wang, 1992):

S, =" =+ " —1)/3+1 (18)

;= [A + 1"+ (1= 1] /2 (19)

Step 7.3.
Aggregation of the final values for k experts is performed by applying simple
arithmetic mean

k
Zi:l Si (20)
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Table 3 Distribution of criteria by levels

El E2 E3 E4
9, ={C} 9, ={C,,C5,C,} 9, ={C} 9, ={C}
9 = {(é} 9 = {CZ} 9= {C3,C2} 9, = {C3,C2}
9y ={Cy, G, G} 9y = {0} 9, = {0} 9y = {0}
9, = {0} 9, ={Cs} 9, ={C,,Cs} 9,={C,.Cs}
95 = {CS’C6} 95 = {Cs} 95 = {ﬂ} 95 = {Q}

96 = {ﬂ} 96 = {ﬂ}

9, ={Cs} 9, ={C¢}

Table 4 Maximum values of the

comparison scale Expert Maximum values of the comparison scale (r,,,,)
El wel :max{|19]|,|z92|,|193|,|194|,|85|} =3
E2 @, = max {[9;,]9,], ]9 |94]. 95|} =3
E3 @,, = max {[9,],19:], [93], 9] |95 [96]. [8:]} =2
E4 @, =max {[9,],]9,],|9;]|9a]. |95]} =2

4 Application of the MCDM model

Libya’s economy depends mainly on oil exports, which account for about 95% of the
country’s total exports. The country has several oil fields and ports, the most impor-
tant of which are the AMAL field with a daily production capacity of 400,000 bar-
rels per day, SHARARA and AL-PHIL fields with a daily production of more than
300,000 barrels per day each, as well as SIDRA port reaching a daily production of
more than 400,000 barrels per day. On the other hand, it imports gasoline, oil, and
other oil derivatives (NOC [48]. Figure 4 shows the country’s oil fields, ports, and
pipeline networks, while Fig. 5 shows the most important oil imports (NOC 2014).

Crude oil is transported through a pipeline network from the fields across the
desert to oil ports. Oil derivatives are transported through tanks and distributed to
different cities. Due to the age of these carriers, the risk of leakage is increasing;
therefore, compelling various oil companies to develop scenarios to counter such
risk. A contingency plan is required to reduce the damage caused by oil spills if they
occur.

The proposed MCDM model was used to determine the alternative ranking, and
for this purpose, a case study was selected for the Sharara oil field, located in the
Murzuq desert, discovered in 1980. This field is the second largest oil reservoir sup-
plying heavy oil (API 38) in Libya. Its total proven reserves are estimated at 3 bil-
lion barrels. Daily production is concentrated on 300,000 barrels. The length of the
pipelines linking the field to the Libyan coast is approximately 750 km. It is worth
mentioning that many oil spill accidents have occurred on the field or at the level
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Table 5 Evaluation of criteria comparison

El E2 E3 E4

9, :1,=0 9 :1,=0,=31,=3 9, :1 = 9, :1,=0

9 y=1,0L=25L=3 9,:],= 8 L=1L=17 9 :L,=11=2

95 :15=0,I=3 9, :15=0 8, L,=11=2 8, Ig=1,15=2
951 1g=3 9, 1g=2 95 1 ;=2

of these pipelines. In 2019, pipeline erosion resulted in a loss of 1000bbp. The dam
reservoir collapse in 2020 also resulted in a loss of 2000bbp.

For use in research, the spilled oil volume has been estimated at 100,000 bbp,
which corresponds to the surge tank volume (worst case scenario). A thick sequence
continental sediments of Triassic to early Cretaceous continental deposits covers the
middle part of the Murzuq Basin. The spill takes place in the surge tank portion of
the pipeline. The impact is categorized as medium.

4.1 Calculation of weight coefficients of criteria

The process of the comparison of criteria included four experts. The calculation of
weight coefficients is explained in the steps below.

Step 1 In this step, all the experts have defined the criterion C, as the most signifi-
cant, respectively, the most influential.

Step 2 Distribution of the criteria by levels differed from expert to expert, Table 3.
Step 3. Based on the distribution by levels, the @ value was also defined,Table 4.

For all the distributed criteria, the experts provided their evaluations of the com-
parison, Table 5.

Step 4 After the criteria had been compared, the calculation of the weight coef-
ficients was started. The example of the calculation was presented in the case of
expert 1, while the other experts were provided with final values at the end of the
complete method.

The coefficient of elasticity w;', were wé‘ > w,, is w =4,

0
Step 5 The functions of the influence were calculated using the expression (2)..

Table 6 Weight coefficient

calculated based on expert Expert i W2 i Ve Ws ¥s

opinion El 0449  0.124 0120 0.139  0.090  0.078
E2 0337 0.135 0193 0193 0084  0.058
E3 0418 0.163 0179  0.096 0.089  0.055
E4 0.456  0.124 0.080 0.137 0.098  0.105
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Table7 Weight coefficients

. w w w w w w,
after the aggregation ! 2 3 4 > ¢

0.415 0.137 0.142 0.141 0.091 0.074

Unessential  Very low  Fairly low Low Medium High Medium  Very high  Perfeet
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Fig.6 FLD for the evaluation of alternatives

4 4 4
Cy., = = LA(CY, = = 0.308;£(Cy), = ———— = 0.276;
HEDe = 73570 = (e = 37377 & = 373775
4 4 4
Cy),, = =—— =0.267;£(Cs), = =0.2:£(Cy), = =0.174.
HEe = 37373 HEe = 5370 1€ = 5373

Step 6 First, the weight coefficient of criterion C; was calculated, according to the
expression (3), step 6.1:
W = 1
' 140308 +0.276 + 0.267 + 0.2 + 0.174

= 0.449

Further were calculated the weight coefficients according to the expression (4),
step 6.2:

wy' = 0.276 - 0.449 = 0.124;

WS = 0.174 - 0.449 = 0.078.

The weight coefficients obtained by applying the LBWA method, by all experts is
provided in Table 6.

Step 7. Aggregation of the weight coefficients calculated based on expert opinion
is performed by Bonferroni aggregator, as in the expression (5).
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Table 8 IDM matrix for the expert 1

Alt C, C, C; C, Cs Cs

T B T B T B T B T B T B
A, VL H P H VL H VL S VL M U H
A, U VH MH S U VH MH H H H FL H
A, VL S VL VS FL VS P M M S VL VS
Ay U \S VL VH VL S U S VH ' MH VH
As M H U VS P U M M H VL S
Ay H H MH M M VH FL VS MH M U H
A, M VH H VH H VS H VH MH M FL H
Ag VL H H VH MH VH L VH FL VS L VS
A, U VS U H FL M L VH FL M U H
Table9 Quantified IDM matrix for the expert 1
Alt (of C, Cs

T B T B T B
A (1,2,3) (0.55,0.75,0.95) (8,9,9) (0.55,0.75,0.95) (1,1,2) (0.55,0.75,0.95)
A, (1,1,2) 0.8,1,1) (6,7,8) (0.1,0.25,0.4) (2,3.4) (0.55,0.75,0.95)
A, (1,2,3) (0.1,0.25,0.4) (1,2,3) (0,0,0.2) (1,2,3) (0,0,0.2)
Ay (1,1,2) (0,0,0.2) (1,2,3) 0.8,1,1) (6,7,8) 0.8,1,1)
A, (4,5,6) (0.55,0.75,0.95) (1,1,2) (0,0,0.2) (1,2,3) (0.1,0.25,0.4)
A (5,6,7) (0.55,0.75,0.95) (6,7,8) (0.3,0.5,0.7) (1,1,2) (0.55,0.75,0.95)
A, (4,5,6) 0.8,1,1) (5,6,7) 0.8,1,1) 2,3.4) (0.55,0.75,0.95)
Ag (1,2,3) (0.55,0.75,0.95) (5,6,7) 0.8,1,1) (3.4.5) (0,0,0.2)
Ay (1,1,2) (0,0,0.2) (1,1,2) (0.55,0.75,0.95) (1,1,2) (0.55,0.75,0.95)

Table 10 New IDM matrix after the conversion into the regular fuzzy numbers for the expert 1

Alt C, c, fol c, Cs Cs

A, (087.17326)  (693,7.79,7.79) (0.87,1.732.6)  (0.5,1,1.5) (0.71,1.41,2.12)  (0.87,0.87,1.73)
A, (097,097,1.93) (3,3.5.4) (0.97,0.97,1.93)  (5.2,6.06,6.93) (4.33,5.2,6.06) (1.73,2.6,3.46)
A;  (0.5,1,1.5) (0.26,0.52,0.77)  (0.52,0.77,1.03)  (5.66,6.36,6.36)  (2,2.5,3) (0.26,0.52,0.77)
A, (026026052) (0.97,1.932.9)  (0.5,1,1.5) 0.5,0.5,1) (1.81,2.07,2.32)  (5.8,6.76,7.73)
As;  (3.46,4.33,5.2) (0.26,0.26,0.52)  (6.93,7.79,7.79)  (0.71,0.71,1.41)  (3.46,4.33,5.2) (0.5,1,1.5)

Ag  (4.33,5.2,6.06) (4.24,4.95,5.66)  (3.86,4.83,5.8) (0.77,1.03,1.29)  (4.24,4.95,5.66)  (0.87,0.87,1.73)
A;  (3.86,4.83,5.8) (4.83,5.8,6.76) (1.29,1.55,1.81)  (5.8,6.76,7.73) (4.24,4.95,5.66)  (1.73,2.6,3.46)
Ay (087,1.732.6) (4.83,586.76) (58,6.767.73)  (29,3.864.83)  (0.52,0.77,1.03) (0.77,1.03,1.29)
Ay (0.26,0.26,0.52) (0.87,0.87,1.73)  (1.41,2.12,2.83)  (2.9,3.86,4.83) (1.41,2.12,2.83)  (0.87,0.87,1.73)
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Table 11 Normalized matrix for the expert 1

Alt C, c, Cs c, Cs Cs

A, (0.6,0.75,0.9) (0.89,1,1) (0.05,0.17,0.29)  (0.86,0.93,1) (0.71,0.84,0.97)  (0.8,0.92,0.92)
A, (0.71,0.88,0.88)  (0.36,0.43,0.5) (0.06,0.06,0.2) (0.11,0.23,0.35)  (0,0.16,0.31) (0.57,0.69,0.8)
A;  (0.79,0.87,0.96)  (0,0.03,0.07) (0,0.04,0.07) (0.19,0.19,0.29)  (0.55,0.64,0.73)  (0.93,0.97,1)
A, (0.96,1,1) (0.09,0.22,0.35)  (0,0.07,0.14) (0.93,1,1) 0.67,0.72,0.77)  (0,0.13,0.26)
As  (0.15,0.3,0.45) (0,0,0.03) (0.88,1,1) (0.87,0.97,0.97)  (0.16,0.31,0.47)  (0.83,0.9,0.97)
Ag  (0,0.15,0.3) (0.53,0.62,0.72)  (0.46,0.59,0.73)  (0.89,0.93,0.96)  (0.07,0.2,0.33) (0.8,0.92,0.92)
A, (0.05021,038) (0.61,0.73,086) (0.11,0.14,0.18)  (0,0.13,0.27) 0.07,02,033)  (0.57,0.69,0.8)
Ag  (0.6,0.75,0.9) (0.61,0.73,0.86)  (0.73,0.86,0.99)  (0.4,0.53,0.67) (0.91,0.95,1) (0.86,0.9,0.93)
Ay (0.96,1,1) (0.08,0.08,0.2) (0.13,0.22,0.32)  (0.4,0.53,0.67) (0.58,0.71,0.84)  (0.8,0.92,0.92)
Table 12 Weighted matrix for the expert 1

Alt c, fol c, Cs Cs

A, (0.660.72,0.79) (0.26027,027) (0.150.160.18)  (0.26,0.27,028) (0.16,0.17,0.18)  (0.13,0.14,0.14)

A, (0.71,0.78,0.78)
A;  (0.74,0.78,0.81)
A, (0.81,0.83,0.83)
As  (0.48,0.54,0.6)

Ay (0.42,0.48,0.54)
A, (043,050.57)

Ag  (0.66,0.72,0.79)
A, (0.81,0.83,0.83)

(0.19,0.2,021)
(0.14,0.14,0.15)
(0.15,0.17,0.18)
(0.14,0.14,0.14)
(0.21,0.22,0.24)
(0.22,0.24,0.26)
(0.22,0.24,0.26)
(0.15,0.15,0.16)

(0.15,0.15,0.17)
(0.14,0.15,0.15)
(0.14,0.15,0.16)
(0.26,0.28,0.28)
(0.26,0.27,0.27)
(0.14,0.16,0.18)
(0.20,0.21,0.23)
(0.20,0.21,0.23)

(0.16,0.17,0.19)
(0.17,0.17,0.18)
(0.27,0.28,0.28)
(0.26,0.28,0.28)
(0.27,0.27,0.28)
(0.14,0.16,0.18)
(0.2,0.22,0.24)

(0.2,0.22,0.24)

(0.09,0.11,0.12)
(0.14,0.15,0.16)
(0.15,0.16,0.16)
(0.11,0.12,0.13)
(0.1,0.11,0.12)

(0.1,0.11,0.12)

(0.17,0.18,0.18)
(0.14,0.16,0.17)

(0.12,0.12,0.13)
(0.14,0.15,0.15)
(0.07,0.08,0.09)
(0.14,0.14,0.15)
(0.13,0.14,0.14)
(0.12,0.12,0.13)
(0.14,0.14,0.14)
(0.13,0.14,0.14)

Llo e o e
BM™(w',w,

_ 1
“(\4a-1)

In Table 7, the results obtained after the aggregation are presented.

e €,
wl,wi)

0,449  0.337 + 0.449 * 0.418 + 0.449 * 0.456+) |™*'

> 0.337 * 0.449 + 0.337 % 0.418 4 0.337 * 0.456+

0.418 * 0.449 + 0.418 % 0.337 4+ 0.418 * 0.456+
0.456 * 0.449 4 0.456 * 0.337 + 0.456 * 0.418

4.2 Application of the Z-MABAC model

=0.415

Since all the criteria are of linguistic type, a new scale is defined with nine FLD,
for evaluating alternatives, Fig. 6.
After defining the FLD, the application of the model follows.
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Step I In the first step IDM matrices are defined for all the experts. The IDM
matrix for expert 1 is provided in Table 8

After defining the IDM matrix, its quantification is performed using value of
fuzzy FLD (Fig. 5 and Fig. 6), Table 9.

Step 2 The transition to regular fuzzy numbers were calculated using expres-
sions (7) and (8), Table 10.

Below is an example of the calculation for the alternative A, by criterion C,.

o= 0.55+0.75+0.95

=0.75
3

Z=140.75%(1,2,3)
=(V0.75 % 1,v0.75 % 2,4/0.75 * 3) = (0.87,1.73,2.6)
Step 3 The normalized values of the new IDM matrix were calculated using

expressions (11) and (12). Below is the example of the calculation for the alterna-
tive A by the criterion C,.

i 200606 ¢
0.26— 6.06
1732606 _
= 026606 " 7
o _087-606 _

T 026-606

Table 11 shows the normalized values.
Step 4 The weighted matrix is calculated using expression (13). Below is the
example of the calculation of the alternative A by criterion C;.

V1 = 0.415-(0.6,0.75,0.9) + 0.415 = (0.66,0.72,0.79)

The values of the weighted matrix are provided in Table 12.
Step 5 Applying the expression (15) as the BAA matrix is calculated. The calcu-
lation for the criterion C, is provided below.

gl =(0.66 % 0.71 * 0.74 % 0.81 + 0.48 % 0.42 % 0.43 * 0.66 x 0.81)"/° = 0.62

2" = (0.72 % 0.78 % 0.78 # 0.83 % 0.54 # 0.48 % 0.5 # 0.72 % 0.83)'/* = 0.67

Table 13 BAA matrix for the expert 1
C, C, C; C, Cs Cy

(0.62,0.67,0.72) (0.18,0.19,0.2) (0.17,0.18,0.20) (0.21,0.22,0.23) (0.13,0.14,0.15) (0.12,0.13,0.13)
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Table 15 Final values for the Alt 3 S

expert 1 (e;) i !
A, (-0.01,0.2,0.41) 0.20
A, (-0.22,-0.01,0.17) —-0.02
Ay (-0.16,—0.01,0.17) 0.00
Ay (—0.03,0.13,0.28) 0.13
As (—0.25,—-0.04,0.15) —-0.04
Ag (—0.3,-0.09,0.13) -0.09
A, (—0.46,—0.24,0) -0.23
Agq (0,0.22,0.45) 0.23
A, (—0.04,0.13,0.29) 0.13

Table 16 Final ranks of Alt El E2 E3 E4 Aggregated values Rang

alternatives

A, 0204 0202 0.160 0.176 0.186
A, -0.019 0018 0.019 0.086 0.026
A; 0.001 0055 0.014 0.057 0.032
A, 0129 0.030 0.099 0.049 0.077
Ay -0.044 -0.043 0.062 -0.123 -0.037
Ay —-0.088 0.162 0.018 0.006 0.025
A, -0234 0078 0.105 -0.003 -0.013
Ag 0226 009 0210 0.047 0.145
Ay, 0.129 -0.358 -0439 —0.142 -0.203

O N 3 O 00 W R W=

g7 =(0.79 % 0.78 * 0.81 % 0.83 % 0.6 % 0.54 % 0.57 * 0.79 * 0.83)"/° = 0.72

Table 13 shows the values of the BAA matrix for the expert 1.

Step 6 Calculation of the distance from the BAA is performed using the expres-
sion (16). Below is the example of the calculation for the alternative A; by the
criterion C,.

g\, =0.66-0.72=-0.6
gy =0.72-0.67=0.5

11

g\, =0.79 - 0.62 =0.17
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Table 14 shows the values of distance from the BAA matrix for the expert 1.
Step 7.1 Calculation of the final values is performed by applying the expression
(17). Below is an example of the calculation for the alternative A;.

8§} =-0.06 + 0.06 — 0.05 + 0.03 + 0.01 + 0 = —0.01

5”1” =0.05+0.08 — 0.02 4+ 0.05 + 0.03 + 0.01 = 0.20

§7=0.17+0.09 + 0.01 + 0.07 + 0.05 + 0.02 = 0.41

Step 7.2 Defuzzification of values obtained in step 7.1. is performed according
to expression (18). Below is an example of the calculation for the alternative A ;.

S, = ((0.41 — (-0.01)) + (0.2 — (-0.01)))/3 + (—0.01) = 0.2

Table 15 shows the final values of the criteria functions, for the expert 1.
The ranking of alternatives of all four experts is shown in Table 16.

5 Sensitivity analysis
The possibility of certain errors in this process imposes the need for a deeper analysis

of the possibilities of the applied methods. For this purpose, sensitivity analysis is usu-
ally performed. Sensitivity analysis is performed in several ways, such as changes in

20 [

15 [

Scenarios

| | |
0 0 0.2 0.4 0.6

Critera weights

Fig.7 Values of the weight coefficient by scenarios
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Table 17 Ranks of alternatives
using different scenarios
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weight coefficients, comparison with other methods, changes in units of measurement
expressing the values of alternatives, changes in scales presenting linguistic criteria,
changes in types of criteria (cost/benefit), and the like [53]. Changing the weighting
coefficients is the most common way in which sensitivity analysis is performed (Sima-
naviciene & Ustinovichius, 2012, [13, 25, 55, 58, 71]. Saati and Ergu [65] point out that
this analysis is very important. In his study, Roy (2011) indicated the need to consider
vague approximations that are used to make final decisions in the MCDM models.
Considering the above recommendations, this paper performed a sensitivity analysis
through three phases, which are described below.

5.1 Analysis of the influence of changes in the values of weight coefficients
on the ranking results

When analyzing the sensitivity to changes in weighting factors, the influence of
the most important criterion is usually measured [55], . This influence was meas-
ured through twenty scenarios. In the scenarios, the value of the best criterion
within the interval we, € [0.004,0.398] was simulated. The value of criterion C1
was reduced by 4% in the first scenario, and by 5% in each subsequent one.

The data about the weight coefficients, by twenty scenarios, are presented in
Fig. 7.
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The ranks of alternatives obtained by the described procedure are shown in
Table 17.

As it can be observed from Table 17, there are deviations in the rank of alter-
natives depending on the scenario, which shows that the LBWA — Z MABAC
model is sensitive enough. On the other hand, it can be observed that the alterna-
tive A, and A8 is the first-ranked and second-ranked in all the scenarios. In all
scenarios, alternative Ay was the last. When applying the scenario on six occa-
sions, the rank of alternatives changes:

In the scenarios S1-S3 (where is 0.357 < w; < 0.398) the initial rank was con-
firmed.

In the scenarios, S4-S6 (where is 0.295 < w; < 0.336) the change of the ranks of
the alternatives A3 (initially the fourth-ranked) and A6 (initially the fifth-ranked)
occurred, which replaced their positions.

In the scenarios S7-S9 (where is 0.253 < w; < 0.274) the change of the ranks of
the non-dominant alternatives A5 and A7 occurred. In the scenarios S7 and S8,
the rank A1>A8>A4>A6>A3>A2>A5> A7> A9 was obtained.

In the scenarios S9 (where w; = 0.232) the change of the ranks of the alternatives
A4 and A6 occurred, which replaced their positions, respectively A1 > A8 > A6>
A4>A3>A2>A5>A7>A0.

Through the scenarios S10-S12, in which the change of the weight coefficient w,
within the interval 0.170 < w; < 0.212 was simulated, there was a change in the
ranks between A4 and A6 alternative, respectively A1 >A8>A6>A3>A4> A2
>A5>A7>A9.

In the following four scenarios (S13-S16) the change of the weight coefficient
w; within the interval 0.087 < w; < 0.149 was simulated. During the changes of
the weight coefficients, there was a change in the ranks of alternative A4 and A3.
In the scenarios S13-S16 the rank A1 >A8>A6>A3>A4>A5>A2>A7>A9
was obtained.

In the last four scenarios S17-S20 (where is 0.004 < w; < 0.066), the change of
the ranks of the non-dominant alternatives A4 and A5 occurred. In the scenarios
S17-S20, the rank A1 > A8>A6>A3>A5>A6>A2>A7> A9 was obtained.

Based on the results presented, it can be concluded that the changes of the weight
coefficient of the criterion C1 lead to changes in the values of the criteria functions
of the alternatives. However, these changes are not significant for the dominant alter-
natives (A1 and A8), which maintained the first and the second rank in all scenarios.
Other alternatives have undergone significant changes in their ranking. These results
are also verified by applying Spearman’s coefficient. This coefficient of the ranks of
the considered strategies ranges within the interval K € [0.7, 1], which presents a
very high degree of correlation.
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Fig. 8 Influence p and q on the utility function of alternatives
5.2 Influence of the parameters p and q

The fusion of the weight coefficients obtained during the expert comparisons was
performed using the Bonferroni aggregator. The change of the parameters p and q
can influence the changes in the aggregated values, so this analysis is an indispensa-
ble step to validate the obtained values. The change of the mentioned parameters has
three experiments where is: (1) p € [1,100], g =1; (2) g € [1,100], p = 1 and (3)
p € [1,100] and g € [1, 100].

As it has been stated, three hundred simulations were performed through the
three experiments, in which the direct influence p and q on the aggregated values of
the weight coefficients were considered. The indirect influence on the utility func-
tion of alternatives, was also analyzed as in Fig. 8.
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Table 18 Comparative review ranks of alternatives using the MABAC method and its modifications

S; Rank of alternatives
MABAC Fuzzy MABAC Z MABAC MABAC Fuzzy Z MABAC
MABAC

A 0.230 0.210 0.185 1 1 1
A, -0.016 —-0.015 0.026 8 8 5
A 0.028 0.017 0.032 5 5 4
Ay 0.133 0.098 0.077 3 3 3
As 0.019 0.017 —-0.035 6 6 8
Ag 0.004 0.012 0.024 7 7 6
A, 0.043 0.043 —-0.014 4 4 7
Ag 0.194 0.163 0.146 2 2 2
Ay —0.298 —-0.286 —-0.203 9 9 9

Table 19 The comparisons of MABAC methods

Characteristic of MCDM method Z MABAC Fuzzy MABAC Crisp MABAC
Flexible fuzzy intervals Parialy No No
Flexible decision making due to decision ~ Yes No No

makers’ risk attitude

Flexibility in real world applications Parialy Parialy No

In the basic phase of the calculation, a calculation with values of p=k=1 is rec-
ommended, which simplifies the decision-making process. In experiments I and
II, where is,p, g € [4, 17] the alternatives A2 and A6 replaced their places. For the
parameter values p, g € [18, 100], the alternatives A3 and A6 replaced their places,
while the remaining alternatives retained their ranks. In experiment III, where is
5 < p,q <100, the sixth (A6) and the fifth-ranked alternative (A2) replaced their
positions. In the remaining alternatives, where is 1 < p, g < 100, the score functions
changed, however, these changes did not lead to the change in their ranks.

The presented simulation showed that the changes in the parameters p and g
affected the change in the score function of the alternatives. Based on all three hun-
dred simulations, the rank of alternatives A1 and A8 has not seen a change, indicat-
ing that the initial rank is considered verified and credible.

5.3 Comparison with other MCDM approaches

Since the MABAC method was modified with the Z numbers, the question has
arisen as to what effect the modification has on the output results [70], 22, 2, 3. In
this context, the results are compared using the traditional MABAC method, modi-
fied with classic fuzzy numbers and the Z numbers, as in Table 18.
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——Z MABAC
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Z-TOPSIS
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——Z-VIKOR

Fig. 9 Rang alternativa primenom razli¢itih metoda

In the following part, a comparison of the used MABAC models was made,
Table 19.

Spearman’s coefficient within the interval K € [0.8, 1], respectively, with the
MABAC and fuzzy MABAC methods there are no changes in the range, while
with the Z MABAC method, the range of some alternatives changes. The rank
of the first three (A1, A8, A4) and the last alternative (A9) did not changed. All
of the above indicates that the second fuzzy number (B) has an impact on the
final results, but this impact is not crucial in the ranking of alternatives, respec-
tively, its role is significantly smaller compared to the first fuzzy number (7).
The very character of the fuzzy number (B), as well as the method of conversion
into classic fuzzy numbers, have already indicated the greater importance of the
fuzzy number T. However, in the situations in which the criteria functions of the
alternatives are proximate, the fuzzy number B may affect the ranking. On the
other hand, sufficient distance between the criteria functions of the alternatives
provides a stable solution.

In addition to the comparison with the fuzzy MABAC and crisp MABAC
methods, a comparison with other MCMD techniques was performed, namely
by the methods TOPSIS [28], Multi-criteria optimization and COMPROMISE
Solution—VIKOR [50], MultiAttributive Ideal-Real Comparative Analysis—
MAIRCA [23] and Simple Additive Weighting—SAW [87], which are modified
by applying Z numbers (Z-TOPSIS, Z-VIKOR, Z- MAIRCA, Z-SAW). The rank-
ing results are shown in Fig. 9

In the following part, a comparison of the used methods was made, Table 20.

Spearman’s coefficient ranges in the interval K € [0.81,0.98], which repre-
sents a very high correlation. It is particularly emphasized here that alternative Al
is always ranked first. Alternative A2 is ranked second in all methods, except for
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the Z-TOPSIS method, where it is ranked third. Alternative A9 is ranked last in all
methods, except for the Z-TOPSIS method, where it is ranked eighth. Also, minor
changes in the ranking of other alternatives are observed, which does not signifi-
cantly affect the choice of the best alternative.

All of the above indicates that the Z MABAC method has provided new quality to
the selection process because the selection that the decision-maker should make is
verified. According to the presented method, Z MABAC is recommended for solv-
ing other problems due to its quality

6 Research implications

First, we will discuss the theoretical implications of the study. In this research, we
focused on appropriate strategies that can be followed when oil spills occur. We pri-
marily focused on onshore oil spills. Most previous research has focused on spills in
the water or offshore because of the difficulty in controlling them and their impact
on aquatic life. However, terrestrial spills cannot be overlooked, as statistics indicate
that most spills occur on land. The proposed methodology was carefully developed
and consists of two steps. The first step was to find the weights of the criteria used in
the study, and the second step, in which the strategies that can be used to deal with
oil spills, were organized.

In practical terms, the El Sharara oil field case study is also an important
implication to this research, as Libya has the ninth largest proven oil reserve in
the world, but no research has been conducted to compare and select the best
oil spill control strategies. Over the past decade, political instability in the coun-
try has affected the infrastructure of the oil fields and facilities, which have suf-
fered from oil spills, most notably in the transmission lines and crude oil stor-
age sites, perhaps most recently the leakage from the oil transmission line in the
Sharara oil field.The hybrid model developed proved to be easy to use by the
experts. Through the sensitivity analysis performed by changing the parameters p
and q, as constituent parameters of the Bonferroni aggregator, the initial ranking
obtained was upheld, and this confirmed that the result obtained by applying the
LBWA method in solving the problem posed is credible. Additionally, using the Z
MABAC method to select the best project reinforced many significant facts. More
specifically, the experts were allowed to evaluate the alternatives using the FLD
rather than a traditional scale, which eliminated some of the doubts the experts
had during the evaluation. An additional quality was provided by the second part
of the Z-number, which dealt with the certainty of statements made. In overall
terms, the model handled uncertainty very well after a large number of deci-
sions. Similarly, the sensitivity analysis comparing the fuzzy MABAC method
with the classical MABAC method showed that the modified MABAC Z method
provided sound solutions. In other words, in the sensitivity analysis, recalcula-
tions confirmed the initial ranking obtained. The same quality was also presented
by the fact that the Z MABAC method was applied in group decision making.
In fact, further research and innovation in oil spill response is needed to reduce
the various impacts of oil spills. For example, research can be pursued in several
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directions using different methodologies that deal with uncertainty (e.g., fuzzy
logic, Grey theory and other methods) in solving MCDM related problem:s.

7 Conclusion

Accidental oil spills cannot be completely prevented, but the goal of decision
makers in managing the response to oil spills is to minimize their consequences,
such as environmental and economic impacts. To achieve this, they often make
choices from a range of available strategies. Such a management problem is con-
sidered here as a multi-criteria decision problem involving a variety of stake-
holders. Emergency management of oil spills is a very complex decision-making
problem, as it is coupled with vague and incomplete information regarding mul-
tiple parameters and complex dynamic environments such as types of oil spills,
volume of spills, location of spills, and ground slope.

Most research has focused on spills in water or on the shoreline because of the
difficulty of controlling them and their impact on aquatic life. However, spills that
occur on land cannot be overlooked, given that statistics indicate that most spills
occur on land. The present research developed a hybrid model that was used by
a group of oil industry experts and proved to be effective in finding a solution to
the onshore oil spill problem that was addressed as a case study. The developed
LBWA-Z MABAC hybrid model, used for group decision making, proved its high
performance in solving the presented problem. The combination of mathematical
models and expert opinions provided consistent results, with the expert opinions
ultimately aggregated into a single opinion. Preference ranking of proposed strat-
egies for dealing with accidental oil spills was achieved, with the model selecting
the leak plugging strategy as the best strategy for dealing with the spill under
study.
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