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Resilient suppliers can reduce supply chain risk, effectively avoid supply chain disruption, and bring profits to enterprises.However,
there is no united measuring index system to evaluate the resilient supplier under supply chain environment, and the assessment
language sets are usually crisp values. Therefore, in order to fill the research gap, this paper proposes a hybrid method, which
combines triangular fuzzy number, the best-worst method (BWM), and the modular TOPSIS in random environments for group
decision-making (GMo-RTOPSIS) to solve the above problem. Firstly, the weight of decision-maker is calculated by using fuzzy
BWM which can deal with triangular fuzzy numbers. Secondly, triangular fuzzy number is introduced into GMo-RTOPSIS, and
combined with fuzzy BWM, alternatives are sorted to select the best resilient supply chain partner. Finally, the feasibility and
universality of this method are proved by illustrative examples.

1. Introduction

As a result of globalization, supply chains are confronted
with natural disasters,man-made disasters, and technological
threats at any time [1]. These disasters will cause supply
chain interruption and shortage of raw materials, such as
floods and other natural disasters, and the gradual increase
of timber costs; these disasters lead to fluctuations in raw
materials quality and interruption of delivery dates, resulting
in supply chain fluctuations [2, 3]. Man-made/technological
disasters such as fires, traffic accidents, technology leaks, and
terrorist attacks can also lead to supply chain disruption, and
increasing supply chain resilience can alleviate the disruption
problem. Since suppliers are the main external risks of supply
chain, how to choose resilient suppliers becomes an effective
way to avoid supply chain interruption [4, 5].

Holling [6] first proposed the concept of resilience and
pointed out that resilience is the ability to absorb change. Sub-
sequently, Scholar believes that elasticity should be defined as
the ability of enterprises to deal with inevitable disasters, link-
ing elasticity with absorptivity and resilience. Yang and Xu
[7] preferred to define resilience as the ability of an enterprise

to respond to natural disasters; the resilience can be assessed
by the rate of recovery. Through literature review, resilience
is a necessary factor in the selection of suppliers, and how
to choose more resilient suppliers has become the research
object of scholars. Sustainable development of enterprises is
related to how to deal with disruption situations, and the
choice of resilient suppliers is an important factor in dealing
with interruption situation properly [8]. Choosing suppliers
with good quality can enhance the resilience of supply chain
and reduce the overall risk of supply chain [5]. At present, for
most scholars from the perspective of improving supply chain
to improve resilience [9–12], research has become mature. A
few scholars have begun to evaluate resilient suppliers from
the perspective of the capabilities they need before, when and
after disruption, which ismore scientific. As a relatively blank
research area, this paper chooses the absorptive capacity,
adaptive capacity, and restorative capacity described as the
selection criteria of resilient suppliers.

Rajesh and Ravi [4] uses grey relational analysis to
calculate the grey possibility value and select resilient sup-
pliers. Valipour Parkouhi and Safaei Ghadikolaei [5] chose
price fluctuation, vulnerability, supplier capacity limit, and
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visibility as indicators and determined supplier’s elasticity
level by combining fuzzy analysis network process and grey
VIKOR. Haldar et al. [13] combined fuzzy TOPSIS and fuzzy
weight method to select resilient suppliers, which can reduce
the vulnerability of supply chain system. Pramanik et al. [14]
uses AHP-TOPSIS-QFD to measure supplier performance in
order to select a resilient supplier.

However, through literature review, we find that the sup-
plier selection in resilient supply chain still has limitations.
Firstly, few studies have been conducted on the selection of
resilient suppliers. Secondly, many multiattribute decision-
making methods strongly restrict the freedom of decision-
makers to use the type of information, which greatly reduces
the personal opinions of relevant decision-makers.Thirdly, in
most studies, decision-makers have to reach an agreement on
criteria, which is difficult to achieve. Fourthly, crisp number
cannot accurately describe the decision-maker’s evaluation of
alternatives. Therefore, in order to fill the research gap, we
proposed a method combining fuzzy BWM and improved
TOPSIS to determine the weight of decision-makers and rank
the alternatives for supplier selection in resilient supply chain.
Finally, the practicability of this method is proved by the
illustrative example.

The structure of this paper is divided into seven parts.
The second section is literature review; the third section
proposes the evaluation criteria of resilient supplier selection
under supply chain environment. Section four introduces
the preliminaries including some definitions. The proposed
method is proposed in the fifth section. Section six introduces
the illustrative example. Finally, the conclusions are presented
in section seven.

2. Literature Review

Some early researchers defined resilience as the ability of a
system to recover from disruption [15, 16]. In the definition
of resilience by scholars Allenby and Fink [17] and Pregenzer
[18], the ability of the system to maintain function in the
disaster is emphasized. Haimes [19] proposed the definition
of resilience refers to the ability of withstand the disruption
and recovery with reasonable time and costs. After that,
scholars state that the key to enhancing resilience is that the
supply chain process should bemanaged and put forward the
principle of building a resilient supply chain [20, 21]. Hol-
comb and Ponomarov [22] proposed that logistics capacity is
related to resilience; coordination and integration capabilities
can enhance the ability to confront disruption. Maklan and
Jüttner [23] argued that risk management and knowledge
management have an impact on resilience. Hosseini et al.
[24] proposed the method of literature classification and,
through literature review, studied the application domain of
resilience and identified four areas of resilient application:
organizational domain, social domain, economic domain,
and engineering domain. Papadopoulos et al. [11] emphasized
the role of swift trust, public-private partnerships, and quality
of information sharing in promoting supply chain resilience.

Supplier selection is an important issue in the resilient
supply chain and daily operation of enterprises. It is regarded

as a strategic choice of enterprises [25] and also a difficult
and complex process [26]. In the 1990s, scholars began
to study the selection of business suppliers. Subsequently,
scholars subdivided the selection of suppliers, such as the
choice of sustainable suppliers and resilient suppliers, and
the criteria considered in the selection process changed
accordingly. However, scholars have not reached a consensus
on the selection criteria of resilient suppliers. Christopher
and Peck [20] discussed the upstream inventory and supply
conditions on impact of supply chain resilience. Rajesh and
Ravi [4] considered that when choosing resilient suppliers,
the key factors that should be considered include: vul-
nerability, collaboration, risk awareness, and supply chain
continuity management. Baek et al. [27] argued that the
driving factor of resilient supply chain is flexibility, while
Tamvakis et al. [28] emphasize the role of transportation.
Vugrin et al. [29] define resilience from the perspectives of
predisruption prevention and postdisruption recovery and
considered that resilience includes absorptive, adaptive, and
restorative capacities. Scholar Hosseini extends the content
of resilience, subdivides the criteria of absorptive, adaptive,
and restorative capacities in different application domain,
quantifies the resilience of inland waterway ports and sulfuric
acid manufacturer with Bayesian network, and studies the
selection of resilient suppliers [30–32].

Supplier selection essentially is a multiattribute decision-
making problem, and there are many methods to deal with
such problems in the field of supply chain, for example,
Technique for Order Preference by Similarity to Ideal Solu-
tion (TOPSIS) and improved TOPSIS [25, 33–35], Analytic
Hierarchy Process (AHP) and its extension [25, 26, 36], ANP
[37],Data Envelopment Analysis (DEA) and its improvement
[38–40], VIKOR [5, 41, 42], and best-worst multicriteria
decision-making method (BWM) [43, 44]. BWM has only
been proposed in recent years; the relevant research is
relatively blank, which is a direction of great research value.

BWM is proposed by Rezaei [45]; compared with AHP,
BWM needs less data for comparison, and the final result
is consistent with AHP [46]. BWM greatly reduces the
complexity of calculation. And throughmore consistent com-
parisons, the final result will be more credible. However, the
traditional BWM cannot determine the weight in uncertain
environment [47], so scholars have improved BWM, and
fuzzy BWM has been developed [48–50]. BWM based on
triangular fuzzy numbers is one of them. BWM has been
used in many areas and has solved some practical problems,
such as evaluating the service quality of baggage handling
systems [51], cloud service selection [52], identifying success
factors in eXtensible Business Reporting Language (XBRL)
[53], performance evaluation and ranking of airports [54],
identifying the research and development (R&D) of enter-
prises [55], assessment of the technologies for the treatment
of urban sewage sludge [56], etc.

As a common method, TOPSIS is proposed by Hwang
and Yoon [57]. The principle of TOPSIS is to make the ideal
solution as close to positive-ideal solution (PIS) as possible
and as far away fromnegative-ideal solution (NIS) as possible.
However, the traditional TOPSIS still has some limitations. It
can only deal with the information of a single decision-maker



Discrete Dynamics in Nature and Society 3

and can only have crisp numbers in the decision matrix.
In order to expand the research field of TOPSIS, scholars
have proposed improved TOPSIS methods, such as TOPSIS
which can deal with interval numbers [58–60], TOPSIS
containing fuzzy information [61–63], combination of TOP-
SIS and intuitionistic fuzzy information [64], and TOPSIS
method which can process information of multiple decision-
makers [62, 64–67]. One of the most important method,
GMo-RTOPSIS proposed by Lourenzutti and Krohling [68],
has been applied to a wider range of research areas. It
has the following advantages. (1) It can process decision
information in dynamic environment. (2) Unlike traditional
TOPSIS, GMo-RTOPSIS divides decision matrix into smaller
modules, each module can use different information types,
and there is no need to unify the information types. (3) In
addition to crisp numbers, it can handle random variables.(4)Decision-makers need not discuss together to get a set of
criteria; each decision-maker can decide the criteria in the
decision matrix independently. (5) Information of multiple
decision-makers can be processed simultaneously.

Literature review shows that there are still limitations in
the selection of resilient suppliers. (1) Studies on supplier
selection criteria focus more on cost, raw material quality,
science technology, and services. Nowadays, supply chain
is in a changing environment; resilient suppliers must have
the ability to cope with disruptions. Responsiveness, risk
reduction, geographical segregation, and other capabilities
should be considered in the selection of resilient suppliers
[1]. Therefore, how to use appropriate tools to select resilient
suppliers has become an important research object. (2)
The language of the decision-makers and its difficulty in
accurately describing lead to the deviation of the results of
weight calculation and alternatives ranking. (3) When the
areas of decision-makers are different, the unified criteria
and weights of alternatives become unattainable. Decision-
makers have different evaluation criteria and weights on
the alternatives, and the final results take into account the
comprehensiveness and scientificity of the alternatives.

Therefore, in order to fill the research gap, this paper
introduces the selection of resilient suppliers in supply chain,
combining triangular fuzzy number, best-worst method
(BWM), and the Modular TOPSIS in random environments
for group decision-making (GMo-RTOPSIS). Fuzzy BWM
is introduced into multicriteria decision-making problems
to calculate decision-makers’ weights more accurately. GMo-
RTOPSIS is used to calculate the decision matrix given by
decision-makers independently, and the suppliers of resilient
supply chain are ranked according to the decision-makers’
weight obtained by fuzzy BWM. Finally, an example is given
to verify the effectiveness of the proposed method.

The reason why we integrate fuzzy BWM with TOPSIS
is that the combination of the two methods makes the
selection process simpler and the results more consistent
and scientific. The specific reasons are as follows. (i) As the
latest MAGDMmethod, BWMhas the advantages of simpler
calculation process and more reliable weight distribution
results compared with other methods. For example, the AHP
method has similar principles with BWM [45], but AHP
uses pairwise comparison. In the process of data comparison,

it compares more times than BWM and involves fraction,
which increases the computational complexity. At the same
time, the BWM can remedy the inconsistency acquired
from pairwise comparisons [48]. The procedure of BWM
is much easier, more precise, and at less redundant due
to the fact that it does not involve secondary comparisons
compared with other methods [45]. (ii) As a multiattribute
decision-making method, TOPSIS has better performance
than the other eight methods. Zanakis et al. [69] compared
eight MAGDM methods: simple additive weighting (SAW),
elimination (et) and choice translating reality (ELECTRE),
multiplicative exponential weighting (MEW), TOPSIS and
four AHPs by a simulation study, and discovered that TOP-
SIS, SAW, and MEW performed best and ELECTRE was
the worst. Moreover, Peng and Xiao [70] and Sun et al. [71]
pointed out that TOPSIS is a better decision-making skill for
choosing alternatives because of its clear and understandable
logic. TOPSIS can also deal with qualitative and quantitative
problems well [72]. At the same time, the improved modular
TOPSIS has the ability to deal with multiattribute decision-
making problems in dynamic environment, it can also
deal with decision-making information of multiple decision-
makers, and it does not require each decision-maker to have
the same criteria, which greatly improves the freedom of
decision process and the credibility of the final results [68].
Besides, due to triangular fuzzy number being able to solve
the problem of incomplete and inaccurate information in
the process of calculating weights and ranking alternatives,
we integrate BWM, GMo-RTOPSIS, and triangular fuzzy
numbers to solve the resilient supplier selection problem
under supply chain environment.

3. The Criteria of Resilient Supplier Selection
under Supply Chain Environment

Actively resilient planning of supplier can reduce the pos-
sibility of disruption of supply chain system in the event
of disruptions [13]. Torabi et al. [8] argued that natural or
man-made disasters would change the selection process and
indicators of suppliers. They distinguished the selection of
traditional suppliers from resilient suppliers and developed a
newdecisionmodel for resilient supplier selection.This paper
considers the supplier selection criteria of resilient supply
chain from the perspective of impact of natural/man-made
disasters.

Vulnerability and recovery are two dimensions of
resilience, and the main difference between the two dimen-
sions is before and after the disruption [73–75]. Vulnerability
refers to the system’s resistant preparation and ability before
disruption occurs. Recovery refers to how the system adapts
to situations when disruption occurs and how to repair the
system until normal operation. Vulnerability and recovery
constitute resilience, which enables the resilient system to
better respond to the whole process of disaster. In absorptive,
adaptive and restorative capacity proposed by Vugrin et al.
[29], the adaptive ability and restorative ability constitute
recoverability [32]. This paper refers to the criteria proposed
by [76] for selection of resilient suppliers.The criteria include
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Figure 1: The criteria of resilient supplier selection under supply chain environment.

the absorptive capacity, adaptive capacity, and restorative
capacity and their subcriteria for suppliers before, during,
and after disasters [76]. The largest number of subprojects
included is absorptive capacity, which means that suppliers
must invest a lot of money to improve absorptive capacity
before disruptive events occur, in order to absorb the damage
caused by shocks to the greatest extent when shocks occur.
Restorative capacity, as an after-event maintenance, requires
suppliers to spend enough manpower and capital to repair
the damage, which belongs to the postevent repair, so this
content is single and less important than absorptive capacity
and adaptive capacity. Figure 1 illustrates the criteria of
resilient supplier selection under supply chain environment
[76].

3.1. Absorptive Capacity. It is helpful for resilient supply chain
management [77] for suppliers to take appropriate measures
to prevent risks before they realize them. With the change of
supply chain environment, the selection criteria of suppliers
need to be updated. Hosseini and Barker [31] considered
supplier’s absorptive capacity as an important capability and
examined the supply chain’s resilience, adaptability to the
environment, and rebuilding ability from the perspective of
absorbency. Absorptive capacity mainly aims at improving
suppliers before disruptive events, so as to achieve its own
ability to resist disruptions. The evaluation of absorptive
capacity is mainly divided into the following five aspects.

(i) Surplus Inventory. Whether the supplier has surplus
inventory is an important reflection of absorptive capacity.
The presence of surplus inventory is the basic condition
for manufacturers to quickly resume production and repair
supply chains in the event of natural/man-made disasters.

Surplus inventory can make up for the production interrup-
tion, and the supply chain will not end immediately. It allows
enterprises to have a competitive advantage among many
suppliers.

(ii) Location Separation. Location separation requires enter-
prises to have separate production areas and spare production
areas. When disaster occurs, other production areas should
quickly replenish their products to ensure that the supply
chain is not interrupted.

(iii) Interdependency. Interdependency ismainly embodied in
the backup supplier contract. The standby supplier refers to
the fact that the enterprise must select the standby supplier
before the disruptive event occurs. After the disruptions, it
can establish a contract relationship with the standby supplier
in time, without causing the termination of production and
quickly make up for the loss of production caused by the
disruptive event.

(iv) Robustness. Robustness indicates that supplier’s building
in production area must have certain physical protection.
When disaster occurs, it can reduce the damage to equipment
and products and improving the resilience.

(v) Reliability. The more reliable the supplier is, the less
likely it will be impacted by man-made disasters. Reliability
requires suppliers to provide reliable raw materials on time
in their daily operations and to have confidence in their
accounts. Reliability is an important project of absorptive
capacity as a preparation in advance.

3.2. Adaptive Capacity. For supplier selection in resilient
supply chain, not only should economic factors such as cost
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and quality be considered, but also whether suppliers can
respond to changes in the environment [78]; adaptive capac-
ity has become an important condition for evaluating supplier
resilience. In resilient supply chain, flexibility has become an
important indicator to be considered in the selection process,
where flexibility includes that suppliers can quickly change
the original route and restructure and adapt to the changed
supply chain in the shortest possible time [79]. Levalle
and Nof [80] argued that team building is conducive to
improving resilience; while emphasizing the important role
of cooperation, supplier-competitor cooperation can prevent
supply chain disruption under the necessary circumstance.

Absorptive capacity emphasizes the ability of suppliers
to withstand disruptions before they occur. When disasters
occur, absorptive capacity becomes ineffective, and adaptive
capacity becomes the ability to assess how suppliers adapt to
the environment through their own changes. The absorptive
capacity is embodied in the ability of supply chain reorga-
nization, which requires suppliers to have certain flexibility
to standardize and modularize products so that disruptive
events can be quickly reorganized and repaired [81].

(i) Rerouting. When disruptions occur, suppliers can only
adapt to changing environmental conditions by changing
themselves; rerouting is an important aspect. Rerouting refers
to enterprises changing the usual mode of transport; fast
combination of multiple modes of intermodal transport
ensures the normal transportation of goods and the operation
of supply chain. Changing the mode of transportation means
that costs increase, but it can prevent supply chain interrup-
tion and improve the flexibility of enterprises in the supply
chain.

(ii) Reorganization. When the organization is damaged,
suppliers can quickly pool resources and acquire the ability to
adapt to the new environment and rebuild the organization
and corporate culture. In this case, the organization can
cooperate temporarily with its competitors to compensate for
the impact of other factors on the supply chain.

3.3. Restorative Capacity. Restorative capacity is the least
appealing of the three abilities that resilient suppliers should
possess; because postdisaster reconstruction has little effect
on disruption prevention and resistance, suppliers only with
postdisaster reconstruction capability will increase the eco-
nomic losses caused by disruptions.

RC refers to the ability of suppliers to repair and quickly
restore production after a disruptive event. Technical support
from suppliers is an important manifestation of restorative
capacity [82].

(i) Restoration. Themain indicators of restorations aremainly
divided into four aspects. Firstly, the enterprise has enough
maintenance fund and maintenance equipment. Then, it
needs sufficient technical personnel to complete the mainte-
nance process. Finally, the enterprise should have the ability
to quickly make up for the market vacancies caused by the
disruptions.

4. Preliminaries

In this section, we will introduce some mathematical con-
cepts that may appear in the decision matrix of the GMo-
RTOPSIS and provide some ways of normalization, defuzzi-
fication, calculating distance, and comparison size.

4.1. Fuzzy Set. Fuzzy set was proposed by Zadeh in 1965.
It converts the crisp value of the evaluation problem into
an interval on the axis. Fuzzy set is used to deal with the
problem in uncertain environment. We provide some basic
conceptions of fuzzy set in the next section.

Definition 1 (see [83]). Let 𝑎 be an fuzzy set in the universe
of discourse X, where 𝑎 = {⟨𝑥, 𝜇𝑎(𝑥)⟩ : 𝑥 ∈ 𝑋}. 𝜇𝑎 is a
membership function 𝜇𝑎 : 𝑋 → [0, 1], where 𝜇𝑎(𝑥) ≤ 1 ∀𝑥.
4.2. Triangular Fuzzy Set

Definition 2. let 𝑎 = (𝑎1, 𝑎2, 𝑎3) be a triangular fuzzy set
(TrFN), where 𝑎1 < 𝑎2 < 𝑎3.
Definition 3 (see [84, 85]). let 𝑎 = (𝑎1, 𝑎2, 𝑎3) be a TrFN; the
defuzzified value of 𝑎 is as follows:

𝑅 (𝑎) = 𝑎1 + 4𝑎2 + 𝑎36 (1)

Definition 4 (see [86]). let 𝑎 = (𝑎1, 𝑎2, 𝑎3) and �̃� = (𝑏1, 𝑏2, 𝑏3)
be two TrFN; then the distance between them is given by

𝑑 (𝑎, �̃�) = √ 13
3∑
𝑖=1

(𝑎𝑖 − 𝑏𝑖)2 (2)

Definition 5. When 𝑅(𝑎) > 𝑅(�̃�), we say 𝑎 is superior to �̃�. By
contraries, 𝑎 is indifferent to �̃� if 𝑅(𝑎) = 𝑅(�̃�).
Definition 6. Let 𝑎𝑖𝑗 = (𝑎1𝑖𝑗, 𝑎2𝑖𝑗, 𝑎3𝑖𝑗) be a TrFN, the normaliza-
tion of 𝑎𝑖𝑗 is given by the following formula:

𝑟𝑖𝑗 = ( 𝑎1𝑖𝑗
max𝑖 𝑎3𝑖𝑗 ,

𝑎2𝑖𝑗
max𝑖 𝑎3𝑖𝑗 ,

𝑎3𝑖𝑗
max𝑖 𝑎3𝑖𝑗) , 𝑖 = 1, ⋅ ⋅ ⋅ , 𝑚 (3)

5. The Proposed Method

The research method proposed in this paper consists of three
steps: in the preparation stage, the reference comparison
matrix of decision-makers is established, and the comparison
results are presented in the form of triangular fuzzy numbers.
The second stage is aggregating, using triangular fuzzy num-
bers to improve BWM and determine the weight of decision-
makers based on fuzzy BWM. The third step is the selection
stage. A new TOPSIS method, namely, GMo-RTOPSIS, is
introduced to deal with the decision matrix provided by
the decision-makers. By dealing with the decision matrix
containing different information types, a better scheme is
obtained. Figure 2 illustrates the conceptual framework of the
proposed approach.
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Figure 2: The conceptual framework of the proposed approach.

5.1. Collection of Decision Opinions and Establishing Decision
Matrices. Let 𝑀 = {1, 2, ⋅ ⋅ ⋅ , 𝑚}, 𝑁 = {1, 2, ⋅ ⋅ ⋅ , 𝑛}, 𝐾 ={1, 2, ⋅ ⋅ ⋅ , 𝑘}. Let A = {𝐴1, 𝐴2, ⋅ ⋅ ⋅ , 𝐴𝑚}(𝑚 ≥ 2) represent a
total of𝑚 alternatives and 𝐶 = {𝐶1, 𝐶2, ⋅ ⋅ ⋅ , 𝐶𝑛} denotes the 𝑛
criterion ofA.𝑤∗ = (𝑤∗1 , 𝑤∗2 , ⋅ ⋅ ⋅ , 𝑤∗𝑘 ) is the weight of a group
of decision-makers, where∑𝑘𝑑=1𝑤𝑑 = 1, 𝑑 ∈ 𝐾.Y is a random
vector which effects A. Let 𝑠(𝑑)𝑖𝑗 (Y(𝑑)) denote the ratings 𝑠𝑖𝑗 are
related to random vector Y. Notice in particular that 𝑠(𝑑)𝑖𝑗 and𝑠(𝑑)
𝑙𝑗

must be the same type of information. The evaluation
information of 𝐴 𝑖 according to 𝐶𝑗 provided by decision-
maker 𝐷𝑀(𝑑) is 𝐷𝑀(𝑑)(Y) = (𝑠(𝑑)𝑖𝑗 (Y(𝑑))), (𝑖 ∈ 𝑀, 𝑗 ∈ 𝑁, 𝑑 ∈𝐾).

So, each𝐷𝑀(𝑑)will provide its individual decisionmatrix𝐷𝑀(𝑑)(Y) including interval-numbers and triangular fuzzy
set (TrFN). Moreover, each matrix is allowed to consider
different criterion 𝐶𝑗.
DM(𝑑) (Y(𝑑))

=
𝐴1𝐴2...𝐴𝑚

𝐶1 𝐶2 ⋅ ⋅ ⋅ 𝐶𝑛
[[[[[[[[

𝑠(𝑑)11 (Y(𝑑))𝑠(𝑑)21 (Y(𝑑))...
𝑠(𝑑)𝑚1 (Y(𝑑))

𝑠(𝑑)12 (Y(𝑑))𝑠(𝑑)22 (Y(𝑑))...
𝑠(𝑑)𝑚2 (Y(𝑑))

⋅ ⋅ ⋅⋅ ⋅ ⋅
d⋅ ⋅ ⋅

𝑠(𝑑)1𝑛 (Y(𝑑))𝑠(𝑑)2𝑛 (Y(𝑑))...
𝑠(𝑑)𝑚𝑛 (Y(𝑑))

]]]]]]]]
,

𝑑 = 1, ⋅ ⋅ ⋅ , 𝑘

(4)

5.2. Weighting for Decision-Makers Based on Fuzzy BWM.
Best-worst method is proposed by Rezaei [45], which can
solve multiattribute decision-making problem. The principle
of this method is to replace secondary comparisons with
reference comparisons, thus reducing 𝑛2 comparison results
to 2𝑛 − 3 for simplifying the comparison process. Traditional
BWM is only used to deal with crisp values. After improve-
ment by scholars [48], BWM can deal with multiattribute
decision-making problems in fuzzy environment. Compar-
isons of criteria are described as linguistic labels where the
linguistic terms are expressed in triangular fuzzy numbers,
which make the results much closer to the real ideas of
decision-makers.

The operation steps of fuzzy BWM are as follows.
Firstly, compare the weights from 𝑘 decision-makers and

assume there are 𝑘 decision-makers {𝑑1, 𝑑2, . . . , 𝑑𝑘}.
Secondly, 𝑑𝐵 represents the best (most important) DM

under all criteria, and the worst (least important) DM is
expressed as 𝑑𝑊.

Thirdly, determine the fuzzy preferences of the best over
all the DMs by using the linguist labels in Table 1 [87].
Similarly, all the DMs over worst can be obtained by this step

ÃB = (𝑎𝐵1, 𝑎𝐵2, ⋅ ⋅ ⋅ , 𝑎𝐵𝑘) (5)

Ã𝑊 = (𝑎1𝑊, 𝑎2𝑊, ⋅ ⋅ ⋅ , 𝑎𝑘𝑊) (6)

Among them, ÃB is vector of Best-to-Others and Others-
to-Worst is labeled as Ã𝑊where 𝑎𝐵𝑗 = (ℎ𝐵𝑗, 𝑘𝐵𝑗, 𝑙𝐵𝑗) represents
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Table 1: Transformation rules of linguistic variables of decision-
makers.

Linguistic terms Membership function
Equally
important(EI) (1,1,1)

Weakly
important(WI) (2/3, 1, 3/2)
Fairly
important(FI) (3/2, 2, 5/2)
Very
important(VI) (5/2, 3, 7/2)
Absolutely
important(AI) (7/2, 4, 9/2)

TrFN preference of 𝑑𝐵 over decision-maker 𝑗 and 𝑎𝑖𝑊 =(ℎ𝑖𝑊, 𝑘𝑖𝑊, 𝑙𝑖𝑊) express TrFN preference of decision-maker 𝑖
over 𝑑𝑊. Obviously 𝑎𝐵𝐵 = (1, 1, 1).

Fourthly, we use fuzzy linguistic terms to indicate the
weight of decision-maker 𝑗 as 𝑤𝑗 = (ℎ𝑤𝑗 , 𝑘𝑤𝑗 , 𝑙𝑤𝑗 ), in which𝑤𝐵 = (ℎ𝑤𝐵 , 𝑘𝑤𝐵 , 𝑙𝑤𝐵 ) (𝑤𝑊) reflects the weight of the most im-
portant (least important) decision-makers.

Fifth, we get the optimal fuzzy weight (𝑤∗1 , 𝑤∗2 , ⋅ ⋅ ⋅ , 𝑤∗𝑘 )
through the following formula

min 𝛽
𝑠.𝑡. 

𝑤𝐵𝑤𝑗 − 𝑎𝐵𝑗
 ≤ 𝛽

𝑤𝑗𝑤𝑊 − 𝑎𝑗𝑊
 ≤ 𝛽

𝑛∑
𝑗=1

𝑅 (𝑤𝑗) = 1
ℎ𝑤𝑗 ≤ 𝑘𝑤𝑗 ≤ 𝑙𝑤𝑗
ℎ𝑤𝑗 ≥ 0
𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛

(7)

where 𝛽 = (ℎ𝛽, 𝑘𝛽, 𝑙𝛽). In order to transform the TrFN
weight of DM to crisp weight, we use the 𝑅 = (𝑤𝑗) = (ℎ𝑤𝑗 +4𝑘𝑤𝑗 + 𝑙𝑤𝑗 )/6.

The (7) can be transferred as [48]

min 𝛽∗
𝑠.𝑡. 

(ℎ𝑤𝐵 , 𝑘𝑤𝐵 , 𝑙𝑤𝐵 )(ℎ𝑤𝑗 , 𝑘𝑤𝑗 , 𝑙𝑤𝑗 ) − (ℎ𝐵𝑗, 𝑘𝐵𝑗, 𝑙𝐵𝑗)
 ≤ (𝑝

∗, 𝑝∗, 𝑝∗)

(ℎ𝑤𝑗 , 𝑘𝑤𝑗 , 𝑙𝑤𝑗 )(ℎ𝑤𝑊, 𝑘𝑤𝑊, 𝑙𝑤𝑊) − (ℎ𝑗𝑊, 𝑘𝑗𝑊, 𝑙𝑗𝑊)

 ≤ (𝑝
∗, 𝑝∗, 𝑝∗)

𝑛∑
𝑗=1

𝑅 (𝑤𝑗) = 1

ℎ𝑤𝑗 ≤ 𝑘𝑤𝑗 ≤ 𝑙𝑤𝑗
ℎ𝑤𝑗 ≥ 0
𝑗 = 1, 2, ⋅ ⋅ ⋅ , 𝑛

(8)

where 𝛽∗ = (𝑝∗, 𝑝∗, 𝑝∗), 𝑝∗ ≤ ℎ𝛽. By solving (8), we
obtained the weights of all the DMs (𝑤∗1 , 𝑤∗2 , ⋅ ⋅ ⋅ , 𝑤∗𝑘 ).
5.3. GMo-RTOPSIS for Alternative Evaluation. Hwang and
Yoon [88] proposed the TOPSIS theory, which is a common
method to solve MAGDM problems in static environment.
The DMs need to unify the criteria in advance, which limit
the freedom of decision-making. The first step of TOPSIS
is to normalize the decision matrix and then aggregate the
attribute weight into the matrix to get the normalized matrix
with weight. The NIS and PIS 𝑟(𝑑)+/−𝑗 (Y) under each criterion
are selected. Then, calculate the separation measures 𝑆+/−𝑖 (Y)
for each alternative, and the last step is to convert 𝑆+/−𝑖 (Y) into
closeness coefficients 𝐶𝐶𝑖 by formula; the bigger the 𝐶𝐶𝑖, the
better the alternative.

After years of development, traditional TOPSIS has been
unable to deal with more variable MAGDM problems. So
scholars expand TOPSIS, such as Modular-TOPSIS, and
TOPSIS with intuitionistic fuzzy set. GMo-RTOPSIS is pro-
posed by Lourenzutti and Krohling [68]. As the extension of
TOPSIS, GMo-RTOPSIS can deal with the independent deci-
sion matrix provided by decision-makers without discussion.
In the decision matrix, each decision-maker can consider
different criteria, use different information types for diverse
decision criterion, and also deal with the information types
relate to random variables. GMo-RTOPSIS ismore accurately
expressing decision-makers’ evaluation of alternatives and
broadens the traditional TOPSIS.

The operation steps of GMo-RTOPSIS are as follows:
Firstly, each 𝐷𝑀(𝑑) will provide his/her decision matrix𝐷𝑀(𝑑)(Y), 𝑑 ∈ 𝐾.
Secondly, based on the above results, the next step is

normalizing each 𝐷𝑀(𝑑)(Y), 𝑑 ∈ 𝐾 from the 𝑘 decision-
makers. Refer to (3) for normalization methods for TrFN;
then 𝐷𝑀(𝑑)(Y)∗, 𝑑 ∈ 𝐾 is obtained.

Thirdly, calculate 𝑟(𝑑)+𝑗 (Y) (positive-ideal solution) and𝑟(𝑑)−𝑗 (Y) (negative-ideal solution) for every𝐷𝑀(𝑑)(Y), 𝑑 ∈ 𝐾,
and criterion. Generally there is

𝑟(𝑑)+𝑗 (Y) = max {𝑟(𝑑)1𝑗 (Y) , ⋅ ⋅ ⋅ , 𝑟(𝑑)𝑚𝑗 (Y)} , 𝑗 ∈ 𝑁 (9)

𝑟(𝑑)−𝑗 (Y) = max {𝑟(𝑑)1𝑗 (Y) , ⋅ ⋅ ⋅ , 𝑟(𝑑)𝑚𝑗 (Y)} , 𝑗 ∈ 𝑁 (10)

Compute the separation measures for each A =(𝐴1, 𝐴2, ⋅ ⋅ ⋅ , 𝐴𝑚)
𝑆+𝑖 (Y) = √ 𝑘∑

𝑑=1

𝑛𝑑∑
𝑗=1

[𝑤∗𝑑𝑤(𝑑)𝑗 𝑑 (𝑟(𝑑)+𝑗 (Y) , 𝑟(𝑑)𝑖𝑗 (Y))]2,
𝑖 ∈ 𝑀

(11)
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𝑆−𝑖 (Y) = √ 𝑘∑
𝑑=1

𝑛𝑑∑
𝑗=1

[𝑤∗
𝑑
𝑤(𝑑)𝑗 𝑑 (𝑟(𝑑)−𝑗 (Y) , 𝑟(𝑑)𝑖𝑗 (Y))]2,

𝑖 ∈ 𝑀
(12)

Among them, 𝑤∗𝑑 denotes the weight of the 𝑑th decision-
maker based on fuzzy BWM method. 𝑤(𝑑)𝑗 is weight of 𝑗th
criterion given by 𝑑th decision-maker in respective matrix.

Fourthly, we can obtain closeness coefficients for each
A = (𝐴1, 𝐴2, ⋅ ⋅ ⋅ , 𝐴𝑚) as follows:

𝐶𝐶𝑖 = 𝑆−𝑖 (Y)𝑆−𝑖 (Y) + 𝑆+𝑖 (Y) (13)

Finally, rank the A = (𝐴1, 𝐴2, ⋅ ⋅ ⋅ , 𝐴𝑚) using degree of
dominance 𝐴 𝑖 > 𝐴𝑗, if 𝑃(𝐶𝑖(Y) > 𝐶𝑗(Y)) > 𝑃(𝐶𝑗(Y) >𝐶𝑖(Y)).
5.4. The Main Steps of the Proposed Method. The approach of
proposed method is summarized as follows.

Step 1. Select the most important DM(𝑑𝐵) and least impor-
tant DM(𝑑𝑊) in all decision-makers {𝑑1, 𝑑2, . . . , 𝑑𝑘}.
Step 2. Compute vector of Best-to-Others ÃB and Others-to-
Worst Ã𝑊 based on TrFN.

Step 3. Calculate the optimalweight (𝑤∗1 , 𝑤∗2 , ⋅ ⋅ ⋅ , 𝑤∗𝑘 ) of each
decision-maker by (8).

Step 4. 𝑘 decision-makers provide their decision matrix𝐷𝑀(𝑑)(Y), 𝑑 ∈ 𝐾 individually.

Step 5. According to (3) normalize each 𝐷𝑀(𝑑)(Y), 𝑑 ∈ 𝐾
from the 𝑘 decision-makers; we get 𝐷𝑀(𝑑)(Y)∗, 𝑑 ∈ 𝐾.
Step 6. Calculate 𝑟(𝑑)+𝑗 (Y) (PIS) and 𝑟(𝑑)−𝑗 (Y) (NIS) for every𝐷𝑀(𝑑)(Y)∗, 𝑑 ∈ 𝐾, and criterion by (9) and (10).

Step 7. Compute the separationmeasures 𝑆+𝑖 (Y) and 𝑆−𝑖 (Y) for
each alternative A by (11) and (12).

Step 8. Obtain closeness coefficients 𝐶𝐶𝑖 for each alternative
A in (13).

Step 9. Rank the alternative A = (𝐴1, 𝐴2, ⋅ ⋅ ⋅ , 𝐴𝑚) using
degree of dominance and select the better alternative 𝐴 𝑖.
6. Illustrative Examples and Discussion

6.1. Illustrative Example. This paper takes H company’s sup-
plier selection in the resilient supply chain environment as
an example. Assuming that three decision-makers (𝑑1, 𝑑2, 𝑑3)
scored four alternative suppliers (𝐴1, 𝐴2, 𝐴3, 𝐴4) and three
decision-makers had different views on resilient supplier
selection, decision-maker one focused on the absorptive
capacity before the risk occurred, decision-maker 2 focused
more on how suppliers changed themselves to adapt to the

Table 2: The linguistic label for fuzzy preferences of the best
criterion over all the criteria.

Criteria 𝑑1 𝑑2 𝑑3
Best criterion 𝑑1 EI VI AI

Table 3: The linguistic label for fuzzy preferences of all the criteria
over the worst criterion.

Criteria Worst criterion 𝑑3𝑑1 AI𝑑2 FI𝑑3 EI

environment when the disruptions occurred, and decision-
maker 3 considered that postdisaster reconstruction was also
the key step to restore the normal operation of supply chain.
H company cannot identify the weights of the three decision-
makers, and M consulting company calculates the weights of
its decision-makers.

There are eight criteria in total, which reflect absorptive
capacity, adaptive capacity, and restorative capacity.The crite-
ria selected by the three decision-makers can be overlapping
and repetitive. 𝐶1-surplus inventory, 𝐶2-location separa-
tion, 𝐶3-interdependency, 𝐶4- robustness, 𝐶5-reliability, 𝐶6-
rerouting, 𝐶7-reorganization, and 𝐶8-restoration.
Step 1. The ‘first decision-maker’ (𝑑1) and ‘third decision-
maker’ (𝑑3) are, respectively, the best and the worst criterion
based on M company’s decision.

Step 2. According to the transformation rules, the fuzzy
reference comparisons are executed. Tables 2 and 3 illustrate
the fuzzy preferences of Best-to-Others and Others-to-Worst
based on Table 1; we can transfer the linguistic terms in Tables
2 and 3 to membership function ÃB and Ã𝑊 as follows:

ÃB = [(1, 1, 1) , (52 , 3, 72) , (72 , 4, 92)]
Ã𝑊 = [(72 , 4, 92) , (32 , 2, 52) , (1, 1, 1)]

(14)

Step 3. Based on the above analysis, for getting the weights of
three decision-makers, the problem can be built according to
(8).

Next, we bring the data from Steps 1 and 2 into the
formula and get the following inequalities.

min 𝛽∗
𝑠.𝑡. 

(ℎ𝑤1 , 𝑘𝑤1 , 𝑙𝑤1 )(ℎ𝑤3 , 𝑘𝑤3 , 𝑙𝑤3 ) − (ℎ13, 𝑘13, 𝑙13)
 ≤ (𝑝∗, 𝑝∗, 𝑝∗)

(ℎ𝑤1 , 𝑘𝑤1 , 𝑙𝑤1 )(ℎ𝑤2 , 𝑘𝑤2 , 𝑙𝑤2 ) − (ℎ12, 𝑘12, 𝑙12)
 ≤ (𝑝∗, 𝑝∗, 𝑝∗)

(ℎ𝑤1 , 𝑘𝑤1 , 𝑙𝑤1 )(ℎ𝑤1 , 𝑘𝑤1 , 𝑙𝑤1 ) − (ℎ11, 𝑘11, 𝑙11)
 ≤ (𝑝∗, 𝑝∗, 𝑝∗)
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(ℎ𝑤1 , 𝑘𝑤1 , 𝑙𝑤1 )(ℎ𝑤3 , 𝑘𝑤3 , 𝑙𝑤3 ) − (ℎ13, 𝑘13, 𝑙13)

 ≤ (𝑝∗, 𝑝∗, 𝑝∗)
(ℎ𝑤2 , 𝑘𝑤2 , 𝑙𝑤2 )(ℎ𝑤3 , 𝑘𝑤3 , 𝑙𝑤3 ) − (ℎ23, 𝑘23, 𝑙23)

 ≤ (𝑝∗, 𝑝∗, 𝑝∗)
(ℎ𝑤3 , 𝑘𝑤3 , 𝑙𝑤3 )(ℎ𝑤3 , 𝑘𝑤3 , 𝑙𝑤3 ) − (ℎ33, 𝑘33, 𝑙33)

 ≤ (𝑝∗, 𝑝∗, 𝑝∗)
3∑
𝑗=1

𝑅 (𝑤𝑗) = 1
ℎ𝑤𝑗 ≤ 𝑘𝑤𝑗 ≤ 𝑙𝑤𝑗
ℎ𝑤𝑗 ≥ 0
𝑗 = 1, 2, 3

min 𝛽∗
𝑠.𝑡. ℎ1 − 3.5 ∗ 𝑙3 ≤ 𝑝 ∗ 𝑙3𝑘1 − 4 ∗ 𝑘3 ≤ 𝑝 ∗ 𝑘3𝑙1 − 4.5 ∗ ℎ3 ≤ 𝑝 ∗ ℎ3ℎ1 − 2.5 ∗ 𝑙2 ≤ 𝑝 ∗ 𝑙2𝑘1 − 3 ∗ 𝑘2 ≤ 𝑝 ∗ 𝑘2𝑙1 − 3.5 ∗ ℎ2 ≤ 𝑝 ∗ ℎ2ℎ2 − 1.5 ∗ 𝑙3 ≤ 𝑝 ∗ 𝑙3𝑘2 − 2 ∗ 𝑘3 ≤ 𝑝 ∗ 𝑘3𝑙2 − 2.5 ∗ ℎ3 ≤ 𝑝 ∗ ℎ316 ∗ ℎ1 + 16 ∗ 4 ∗ 𝑘1 + 16 ∗ 𝑙1 + 16 ∗ ℎ2 + 16 ∗ 4

∗ 𝑘2 + 16 ∗ 𝑙2 + 16 ∗ ℎ3 + 16 ∗ 4 ∗ 𝑘3 + 16 ∗ 𝑙3
= 1
ℎ1 ≤ 𝑘1 ≤ 𝑙1

ℎ2 ≤ 𝑘2 ≤ 𝑙2ℎ3 ≤ 𝑘3 ≤ 𝑙3ℎ1 > 0;ℎ2 > 0;ℎ3 > 0;𝑝 ≥ 0
(15)

Then, the fuzzy weight of decision-makers is obtained by
calculating the above inequality group.

𝑤∗1 = (0.6125, 0.6125, 0.6458) ;
𝑤∗2 = (0.2053, 0.2315, 0.2855)
𝑤∗3 = (0.1330, 0.1407, 0.1792)
𝛽∗ = (0.3542, 0.3542, 0.3542)

(16)

Finally, the crisp number of fuzzy weights is computed by
(1).Therefore, in the decision-making ofM company, 𝑑1 is the
most important and 𝑑3 is the least.

𝑤∗1 = 0.6181;
𝑤∗2 = 0.2361;
𝑤∗3 = 0.1458

(17)

Step 4. ‘First decision-maker’ (𝑑1) selected 𝐶1, 𝐶2, 𝐶3, 𝐶5 as
the index, and ‘second decision-maker’ (𝑑2) thinks 𝐶4, 𝐶6, 𝐶7
are the most important criteria. ‘Third decision-maker’
(𝑑3) selected indicators covering three aspects of capability:𝐶2, 𝐶7, 𝐶8.

And the weight vector of three decision-makers are 𝑤1 =(0.3, 0.2, 0.2, 0.3), 𝑤2 = (0.2, 0.4, 0.4), and 𝑤3 = (0.3, 0.4, 0.3).
The results of the three decision-makers are shown in Tables
4, 5, and 6.

Step 5. Thenormalizedmatrix𝐷𝑀(𝑑)(Y)∗, 𝑑 ∈ 𝐾, is obtained
based on the (3).

DM(1) (Y(1))∗ =
𝐴1𝐴2𝐴3𝐴4

𝐶1 𝐶2 𝐶3 𝐶5
[[[[[[[[[[[[

(0, 29 , 39)
(49 , 69 , 79)
(29 , 39 , 49)
(79 , 89 , 1)

(0.50.9 , 0.60.9 , 0.70.9)
(0.30.9 , 0.40.9 , 0.50.9)
(0.20.9 , 0.30.9 , 0.40.9)
(0.70.9 , 0.80.9 , 0.90.9)

(0, 0.10.7 , 0.20.7)
(0.20.7 , 0.30.7 , 0.40.7)
(0.10.7 , 0.20.7 , 0.30.7)
(0.40.7 , 0.50.7 , 0.70.7)

(17 , 27 , 37)
(57 , 67 , 1)
(37 , 47 , 57)
(47 , 57 , 67)

]]]]]]]]]]]]
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Table 4: Decision matrix of the first decision-maker (𝑑1).
Alternatives 𝐶1 𝐶2 𝐶3 𝐶5𝐴1 (0, 2, 3) (0.5, 0.6, 0.7) (0, 0.1, 0.2) (1, 2, 3)𝐴2 (4, 6, 7) (0.3, 0.4, 0.5) (0.2, 0.3, 0.4) (5, 6, 7)𝐴3 (2, 3, 4) (0.2, 0.3, 0.4) (0.1, 0.2, 0.3) (3, 4, 5)𝐴4 (7, 8, 9) (0.7, 0.8, 0.9) (0.4, 0.5, 0.7) (4, 5, 6)

Table 5: Decision matrix of the second decision-maker (𝑑2).
Alternatives 𝐶4 𝐶6 𝐶7𝐴1 (1, 2, 3) (0.3, 0.4, 0.5) (5, 6, 7)𝐴2 (3, 4, 5) (0.1, 0.2, 0.3) (4, 5, 6)𝐴3 (2, 3, 4) (0, 0.1, 0.2) (7, 8, 9)𝐴4 (6, 7, 8) (0.7, 0.8, 0.9) (3, 4, 5)

Table 6: Decision matrix of the third decision-maker (𝑑3).
Alternatives 𝐶2 𝐶7 𝐶8𝐴1 (0.1, 0.2, 0.3) (4, 5, 6) (0, 1, 2)𝐴2 (0.3, 0.4, 0.5) (3, 4, 5) (4, 5, 6)𝐴3 (0.2, 0.3, 0.4) (4, 5, 6) (4, 5, 6)𝐴4 (0.5, 0.6, 0.7) (2, 3, 4) (3, 4, 5)

DM(2) (Y(2))∗ =
𝐴1𝐴2𝐴3𝐴4

𝐶4 𝐶6 𝐶7
[[[[[[[[[[

(18 , 28 , 38)(38 , 48 , 58)(28 , 38 , 48)(68 , 78 , 88)

(0.30.9 , 0.40.9 , 0.50.9)(0.10.9 , 0.20.9 , 0.30.9)(0, 0.10.9 , 0.20.9)(0.70.9 , 0.80.9 , 0.90.9)

(59 , 69 , 79)(49 , 59 , 69)(79 , 89 , 1)(39 , 49 , 59)

]]]]]]]]]]

DM(3) (Y(3))∗ =
𝐴1𝐴2𝐴3𝐴4

𝐶2 𝐶7 𝐶8
[[[[[[[[[[

(0.10.7 , 0.20.7 , 0.30.7)(0.30.7 , 0.40.7 , 0.50.7)(0.20.7 , 0.30.7 , 0.40.7)(0.50.7 , 0.60.7 , 1)

(46 , 56 , 1)(36 , 46 , 56)(46 , 56 , 1)(26 , 36 , 46)

(0, 16 , 26)(46 , 56 , 1)(46 , 56 , 1)(36 , 46 , 56)

]]]]]]]]]]
(18)

Step 6. According to the above 𝐷𝑀(𝑑)(Y)∗, 𝑑 ∈ 𝐾, we select𝑟(𝑑)+𝑗 (Y) and 𝑟(𝑑)−𝑗 (Y) by (9) and (10).

𝑟(1)+𝑗 (Y)
= [(79 , 89 , 1) (0.70.9 , 0.80.9 , 0.90.9) (0.40.7 , 0.50.7 , 0.70.7) (57 , 67 , 1)]
𝑟(1)−𝑗 (Y)
= [(0, 29 , 39) (0.20.9 , 0.30.9 , 0.40.9) (0, 0.10.7 , 0.20.7) (17 , 27 , 37)]

𝑟(2)+𝑗 (Y) = [(68 , 78 , 88) (0.70.9 , 0.80.9 , 0.90.9) (79 , 89 , 1)]
𝑟(2)−𝑗 (Y) = [(18 , 28 , 38) (0, 0.10.9 , 0.20.9) (39 , 49 , 59)]
𝑟(3)+𝑗 (Y) = [(0.50.7 , 0.60.7 , 1) (46 , 56 , 1) (46 , 56 , 1)]
𝑟(3)−𝑗 (Y) = [(0.10.7 , 0.20.7 , 0.30.7) (26 , 36 , 46) (0, 16 , 26)]

(19)
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Table 7: Simulated separation measures and closeness coefficients.

𝐴1 𝐴2 𝐴3 𝐴4𝑆+ (y) 0.279 0.171 0.244 0.09𝑆− (y) 0.098 0.192 0.183 0.168𝐶𝐶 (y) 0.26 0.53 0.43 0.65

Step 7. Based on the data obtained from the above steps, we
calculate the value of 𝑆+𝑖 (Y), 𝑆−𝑖 (Y) and 𝐶𝐶𝑖 in Table 7.

Step 8. If there are underlying factors in the decision matrix,
the method using random variable will lead to different
choices of final alternative. When there is random variable
in the decision matrix, rank the alternatives using degree of
dominance. If not, the larger the 𝐶𝑖, the better the alternative
A = (𝐴1, 𝐴2, ⋅ ⋅ ⋅ , 𝐴𝑚).

According to Table 7, the rank order of the alternatives is𝐴4 > 𝐴2 > 𝐴3 > 𝐴1.
6.2. Discussion. In this section, we discuss the advantages of
the proposed method compared with the existing supplier
selection methods. The specific advantages are embodied in
the following three ways.(1) The evaluation results are more objective. GMo-
RTOPSIS method makes up for many shortcomings of
traditional TOPSIS. GMo-RTOPSIS can process independent
decision-making information of multiple decision-makers
at the same time, so that the decision-making results are
closer to the thought of decision-makers. Moreover, the deci-
sion matrix contains different types of information. When
describing criteria, the language of decision-makers can be
more clearly expressed.(2) The weight calculation method has been improved.
BWM and AHP are similar weight calculation methods, but
BWM greatly simplifies the process of comparisons, and
the results are more convenient for consistency checking.
Traditional BWMhas limitations in dealing with information
types. Fuzzy BWM can solve the problem of weights in
uncertain environments, and the final weights are more
realistic.(3)The fuzzy BWM in the above cases can also be used to
determine attribute weights for decision-makers.

7. Conclusion

Under the environment of globalization, choosing the
right resilient supplier is an important part of supply
chain management. This paper presents a supplier selec-
tion model based on the combination of fuzzy BWM and
GMo-RTOPSIS. Firstly, the weights of decision-makers are
obtained based on fuzzy BWM. Secondly, GMo-RTOPSIS
model is used to process the independent decision matrix
provided by decision-makers, and alternatives are ranked to
select the optimal scheme.

This paper contributes to the existing research fromback-
ground and method. (1) In the research background of other
research,more attention has been paid to supplier selection in

static environment or to increasing resilience by improving
supply chain. This paper focuses on supplier selection in
resilient supply chain under global environment because
globalization makes supply chain in dynamic environment
and requires the ability to deal with disruptions immediately.
Then, according to the relevant research [1, 76], a compre-
hensive index of resilient supplier selection under dynamic
environment is proposed. (2) In terms of research methods, a
hybrid multiattribute group decision-making method is pro-
posed by combining fuzzy BWM and GMo-RTOPSIS. This
method can effectively reduce the fuzziness, uncertainty, and
subjectivity in the decision-making process and restore the
decision-maker’s thought as much as possible.Themethod of
determining weights is improved. Fuzzy BWM can get more
accurate weights by fewer comparisons. Finally, the combina-
tion of triangular fuzzy numbers andGMo-RTOPSIS candeal
with the evaluation information of independent decision-
making of multiple decision-makers in dynamic environ-
ment. In the process of weight determination and alternatives
evaluation, the data are closer to the decision-maker’s idea
and the decision-making process is more scientific.

In addition, this paper expands the research methods
of multiattribute group decision-making from two aspects.(1) It makes full use of the professional knowledge of
decision-makers and expresses their ideas more accurately.
In the process of determining the weights of decision-
makers, triangular fuzzy numbers are introduced to obtain
more objective decision-maker weights. (2) Hybrid research
methods are universal. This research method is suitable for
supplier selection and other multiattribute group decision-
making problems, such as supplier segmentation, perfor-
mance evaluation, and risk assessment.

Although with the valid study result, there is work
remaining to be done in the future. First, this work only
focuses on the acquisition of the weights of decision-makers,
and future work should focus more on the determination of
attributes weights. Second, future work should use empirical
data to further testify the reasonability and scientificity of the
proposed method. Finally, future work should be developed
to support other language sets as rough sets, vague sets, and
so on.
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