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ABSTRACT In the dynamic landscape of Industry 4.0, the selection of Third-Party Logistics Providers
(3PLs) has emerged as a critical strategic decision for businesses seeking to optimize their supply chain
operations. This paper aims to develop a new hybrid Multi-Criteria Decision-Making (MCDM) approach
based on Industry 4.0 components for selecting the best 3PL provider by integrating Fuzzy Analytical
Hierarchy Process (FAHP) and Fuzzy Measurement Alternatives and Ranking according to Compromise
Solution (FMARCOS). The criteria for 3PL evaluation and selection are determined with respect to literature
studies and experts’ consultation. In the proposed approach, judgments of different experts are expressed
by linguistic terms based on fuzzy numbers. The criteria weights are calculated by applying FAHP, then
the ranking and selection of the best potential 3PL provider have been done using FMARCOS. A case
study from a manufacturing company is illustrated. Finally, sensitivity analysis on the criteria weights
and comparative analysis among MCDMmethods (FMABAC, FWASPAS, FCOSOSO, FSAW, FCOPRAS,
FTOPSIS and FVIKOR) are conducted for the validity of the results. The results indicate that the integrated
FAHP and FMARCOSmodel offers a robust and adaptable framework for 3PL selection, enabling companies
to navigate the complexities of Industry 4.0 with a strategic and informed approach. This research contributes
to the evolving discourse on logistics optimization in the era of Industry 4.0 and provides practical insights
for industry practitioners, academics, and policymakers.

INDEX TERMS Manufacturing, Industry 4.0, 3PL selection, FAHP, FMARCOS.

I. INTRODUCTION
The Fourth Industrial Revolution, often termed ‘‘Indus-
try 4.0,’’ stands as a monumental advancement in human
progress. Emerged in 2011 from Germany’s high-tech strat-
egy, it epitomizes a fresh epoch of industrial evolution,
characterized by the digitalization and automation of pro-
duction processes [1]. This industrial revolution, commonly
known as ‘‘Industry 4.0’’, represents the newest era of
industrial transformation by introducing the digitalization

The associate editor coordinating the review of this manuscript and

approving it for publication was Wenbing Zhao .

of processes and the automation of production models [2].
Industry 4.0 envisions a realm of smart manufacturing, where
machines and products harmoniously interact without human
intervention [3], [4]. This gives rise to intelligent factory sys-
tems, encompassing astute machinery, devices, and logistics
processes [5], [6], [7]. Industry 4.0 extends its transfor-
mative touch across the entire supply chain, fundamentally
reshaping supply chain management (SCM). It leaves an
indelible mark on retailers, operators, and other vital SCM
components. The integration of Industry 4.0 into SCM bol-
sters the core elements—integration, operations, purchasing,
and distribution—enhancing overall productivity [8]. This
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integration significantly diminishes lead times for product
delivery, amplifies responsiveness to unforeseen disruptions,
and elevates the quality of decision-making [9]. The outcome
is a supply chain ecosystemmarked by heightened efficiency,
adaptability, and resilience. By amalgamating cutting-edge
technology into the supply chain, Industry 4.0 ushers in a
future where businesses operate with unprecedented preci-
sion and agility. As it continues to permeate industries, its
impact on global commerce is poised to be profound, rev-
olutionizing how goods move from production lines to the
hands of consumers. Embracing Industry 4.0 is not merely
a choice; it is a strategic imperative for enterprises aspiring
to remain competitive in the dynamic landscape of modern
commerce [10].

Logistics is at the core of supply chain operations, serving
as the lifeblood that ensures products flow seamlessly from
production to consumption [11]. In the context of Industry
4.0, logistics undergoes a profound transformation. Utiliz-
ing advanced technologies like Internet of Things (IoT), big
data, autonomous automation, and artificial intelligence (AI)
offer unprecedented visibility and control in logistics. This
capability enables businesses to respond promptly and adapt
flexibly to changing market conditions, striving for greater
efficiency and effectiveness in their operations. More specif-
ically, this empowers businesses to optimize routes, monitor
shipments in real-time, and proactively respond to any dis-
ruptions [12]. Third-party logistics service providers (3PLs)
play a pivotal role in this logistics revolution. They act as
intermediaries, offering specialized expertise and resources to
streamline the movement and storage of goods.With Industry
4.0, the expectations from 3PLs have evolved. Companies
now seek partners who can leverage technology to provide
data-driven insights, predictive analytics, and agile solutions.
Equipped with advanced digital capabilities, 3PLs hold the
key to significantly enhancing supply chain efficiency and
responsiveness.

There are various examples of how Industry 4.0 tech-
nologies play key roles in the 3PL section. IoT sensors
are integrated into transport vehicles, warehouse facilities,
and inventory items to provide real-time visibility into
their status and location [9]. This allows 3PL providers to
track shipments, monitor temperature and humidity levels
for perishable goods, and optimize routes for more effi-
cient delivery. AI-powered algorithms analyze large volumes
of historical and real-time data to predict demand, opti-
mize inventory levels, and identify potential disruptions in
the supply chain [13]. This helps 3PL providers to make
data-driven decisions, minimize stockouts, and improve over-
all efficiency. Industry 4.0 has also introduced the use of
autonomous vehicles and drones for last-mile delivery and
warehouse operations [14]. These technologies enable 3PL
providers to deliver goods faster, reduce delivery costs, and
improve customer satisfaction by offering same-day or next-
day delivery options. Blockchain technology ensures the
integrity and security of transactions and data exchanges

in the supply chain [15]. By leveraging blockchain, 3PL
providers can create transparent and tamper-proof records
of every transaction, reducing the risk of fraud, counterfeit-
ing, and unauthorized access to sensitive information. Cloud
computing and data analytics enable seamless collaboration
and data sharing among supply chain partners, including
manufacturers, suppliers, and customers [16]. This allows
3PL providers to access real-time data, optimize inventory
management, and improve overall supply chain visibility
and transparency. In addition, augmented reality (AR) and
virtual reality (VR) technologies are used in warehouse
operations for order picking, inventory management, and
employee training [17]. By providing immersive and inter-
active experiences, these technologies help 3PL providers
to improve accuracy, efficiency, and safety in warehouse
operations. Beyond operational efficiency, Industry 4.0 also
champions sustainability endeavors [18]. Through optimized
routes and intelligent load management, it curtails fuel con-
sumption and emissions. Additionally, real-time monitoring
and adjustment of temperature-sensitive shipments minimize
waste and spoilage. Furthermore, Industry 4.0 dissolves tra-
ditional boundaries between logistics and other supply chain
functions, enabling seamless coordination across production,
warehousing, and transportation. This synchronized ecosys-
tem not only heightens overall efficiency but also augments
customer satisfaction by ensuring swifter delivery times and
more reliable service. As more and more companies seek
more innovative solutions to achieve greater value for them-
selves and stakeholders, adequate evaluation and selection of
3PLs should be required for new business models that come
with Industry 4.0 criteria.

Hence, it can be believed that the selection of a poten-
tial 3PL provider is a complex decision making procedure
with the goal of reducing the preliminary set of 3PLs to
the final choices. A high degree of uncertainty is associ-
ated with these decision-making processes, based on suitable
multiple criteria, are taken into account of experts’ rea-
soning and personal experience. The most popular tools
for such complicated decision-making problems are multi-
criteria decision-making (MCDM) tools, owing to the fact
that these tools may quickly and effectively resolve eval-
uation issues that are complicated, poorly structured, and
comprise numerous incompatible objectives or criteria [19].
More specifically, MCDMmethodologies offer a viable solu-
tion for addressing the challenge of 3PL selection. MCDM
techniques used in the research consider both qualitative and
quantitative factors for the assessment of a set of 3PLs. Pre-
vious studies on 3PL selection considering both conventional
factors and sustainability/green factors were based predomi-
nantly on criteria such as cost, relationship, services, quality,
information and equipment systems, flexibility, delivery, pro-
fessionalism, financial position, location, and concern for
the environment (green policies, carbon emissions, pollu-
tion, waste, etc.) [20], [21], [22], [23], [24], [25], [26], [27],
[28]. Moreover, while existing literature has explored 3PL
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selection extensively, both in crisp and fuzzy environment,
there remains a need for further research encompassing a
broader spectrum of criteria, diverse expertise, and linguistic
variables, all of which should be viewed through the lens of
Industry 4.0 advancements.

To handle the mentioned problem, this study aims to
develop a new hybrid MCDM approach for the 3PL selection
problem considering criteria appropriate to the characteristics
of Industry 4.0. An integrated Fuzzy Analytical Hierarchy
Process (FAHP) and Fuzzy Measurement Alternatives and
Ranking according to Compromise Solution (FMARCOS)
approach was proposed to decide the most suitable provider.
For determining evaluation criteria of the 3PL selection in
the context of Industry 4.0, a panel of experts is assem-
bled in the first stage. Subsequently, the criteria are refined
based on the review of the literature and experts’ opinions
from the Industry 4.0 perspective. The criteria weights are
calculated by applying the FAHP method, then the ranking
and selection of the best potential 3PL provider have been
done using FMARCOS. The use of fuzzy logic allows the
representation of uncertain and vague judgments commonly
associated with the complexities of Industry 4.0 criteria.
By incorporating fuzzy logic, the model can capture the
inherent uncertainty in expert opinions on multiple factors,
ensuring a more realistic representation of decision-making
processes. Thus, the application of FAHP-FMARCOS con-
tributes to the advancement of both theoretical understanding
and practical implementation of Industry 4.0 principles by
providing a robust methodology for decision support in
complex and uncertain environments. A case study from a
company inVietnam that needs to choose a logistics providers
is implemented. Lastly, a sensitivity analysis and a compar-
ative analysis have been conducted to validate the accuracy
and reliability of the created framework.

In order to overcome judgments based on unbalanced
scales, imprecision, uncertainty, and decision makers’ biases,
fuzzy theory has been integrated with the AHP. Thus, FAHP
makes the decision makers’ linguistic evaluations more flexi-
ble and effective [29], [30], [31]. The benefits of FMARCOS,
a new developed MCDMmethod [32], is as follows: (1) This
method is simpler, more effective, and easier to sort and opti-
mize than other MCDMmethods such as TOPSIS, COPRAS,
MABAC, SAW, ARAS, WASPAS, and EDAS. The method
improves the accuracy and reliability of decision-making
results even further. MARCOS performs better in large data
sets and is better suited for solving multi-criteria models
with more criteria. MARCOS differs from other methods in
that it has a simpler algorithm that does not become more
complex as the number of criteria or alternatives increases.
(2) The MARCOS model is distinguished by its adaptability
in analyzing expert preferences. The algorithm’s flexibility
is demonstrated by its ability to process expert preferences
regardless of the scale used. (3) When it comes to ranking
alternatives, the MARCOS method outperforms the TOP-
SIS method, which is based on similar principles, namely
defining the distance of alternatives relative to reference

points (ideal and anti-ideal alternatives). The FMARCOS
method provides an algorithm for analyzing the relationship
between alternatives and reference points in order to improve
the robustness ofMCDM in a fuzzy environment [33]. To pro-
vide a robust decision, FMARCOS integrates the following
points: defining reference points (fuzzy ideal and fuzzy
anti-ideal values), determining the relationship between alter-
natives and fuzzy ideal/anti-ideal values, and defining the
utility degree of alternatives in relation to the fuzzy ideal and
fuzzy anti-ideal solutions. The FMARCOS method produces
more reasonable results due to the fusion of the ratio approach
and the reference point sorting approach. FMARCOS demon-
strates significant results stability and reliability in a dynamic
environment.

The main contribution of this paper is to present a new
hybrid model combining FAHP and FMARCOS for the 3PL
selection problem in the perspective of Industry 4.0 lev-
els in the context of linguistic evaluation. The originality
of this paper is threefold: (1) This study is the first to
consider Industry 4.0 factors in the 3PL selection problem
under fuzzy environment. The research can provide valuable
insights into the criteria of Logistics 4.0, more specifically,
suitable indicators to evaluate the 3PL industry from the lens
of Industry 4.0 towards sustainability. (2) Using the merits
of both methods FAHP and FMARCOS, the proposed inte-
grated approach can conveniently express the real condition
of decision-making problem, providing better representa-
tion of experts’ evaluation with simplified calculations.
(3) A real case study of a manufacturing company in Vietnam
that specializes in electronic components, smart devices, and
other technology-related products was conducted which aims
to implement heavily in innovative technologies to reduce
costs, increase customer satisfaction and gain competitive
advantage in the landscape. Furthermore, the implementa-
tion of sensitivity analysis and comparative analysis with
other MCDM methods (FMABAC, FWASPAS, FCOSOSO,
FSAW, FCOPRAS, FTOPSIS and FVIKOR) will allow
decision-makers to test the method’s stability. Findings can
be effectively adapted to other sectors.

II. LITERATURE REVIEW
Confronting the strategic decision of evaluating and select-
ing the best logistics provider, scholars have advocated for
the applications of Multi-criteria Decision Making (MCDM)
methods based on standalone and integrated use of fuzzy sets
theory which allows these models to perform under uncertain
decision-making processes. Furthermore, academics and pro-
fessionals generally agree that the 3PL selection problem is
a multi-criteria problem influenced by various factors, with a
variety of quantitative and qualitative criteria for choosing an
appropriate provider [34]. Table 1 provides a description of
various 3PL evaluation criteria and MCDMmethods used by
numerous researchers.

Kannan et al. [35] introduced a framework combining
Interpretive Structural Modeling (ISM) and fuzzy Tech-
nique for Order Preference by Similarity to Ideal Solution
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TABLE 1. Summary of basic components of Industry 4.0.
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TABLE 1. (Continued.) Summary of basic components of Industry 4.0.

(TOPSIS) to select the best logistics provider for a bat-
tery manufacturing company in India. Falsini et al. [26]
proposed a method that combines AHP, Data Envelopment
Analysis (DEA) and linear programming (LP) for selecting
3PLs, focusing on three sectors in Italy, namely: industry
and defense, perishable products, and consumer goods. Hsu
et al. [36] developed an integrated model that combined
Decision-Making Trial and Evaluation Laboratory (DEMA-
TEL) and Analytic Network Process (ANP) for 3PL selection
in a Taiwanese airline case. To select the best 3PL for Turk-
ish auto part manufacturers, Perçin and Min [25] employed
three methods: Quality Function Deployment (QFD), multi-
objective programming (MOP) and fuzzy linear regression.
A combined approach based on Interval Type-2 Fuzzy Sets
(IT2FSs), the CRiteria Importance Through Inter-criteria
Correlation (CRITIC) and Weighted Aggregated Sum Prod-
uct ASsessment (WASPAS) methods was proposed in a study
of Ghorabaee et al. [27] to evaluate 3PLs for a home appli-
ance manufacturer. In a case study from automotive industry,
Zarbakhshnia et al. [37] used fuzzy Step-wiseWeight Assess-
ment Ratio Analysis (SWARA) to weigh the evaluation
criteria, and fuzzy COmplex PRoportional ASsessment of
alternatives (COPRAS) was proposed to rank and select the
sustainable logistics providers. Pamucar et al. [24] devel-
oped a new integrated interval rough number (IRN) approach
based on the Best Worst Method (BWM) and Weighted
Aggregated Sum Product Assessment (WASPAS) method
alongMulti-Attributive Border Approximation area Compar-
ison (MABAC) to evaluate 3PL providers for an electronics
company. Vazifehdan and Darestani [23] proposed a com-
binational approach using QFD, fuzzy ANP based on fuzzy

DEMATEL and Superiority and Inferiority Ranking method
(SIR) for a green logistics outsourcing problem in the petro-
chemical industry. Wang et al. [38] used the FAHP method
and fuzzy vlsekriterijumska optimizacija i kompromisno
resenje (FVIKOR) for a case study in Vietnam. Recently, Nila
and Roy [28] developed an integrated MCDM framework
based on triangular fuzzy numbers (TFN) that combines the
LOgarithmic Percentage Change-driven Objective Weight-
ing (LOPCOW), Full Consistency Method (FUCOM), and
DOmbi Bonferroni (DOBI) methods for evaluating crite-
ria and ranking alternatives for a case study of an Indian
food manufacturing company’ s optimal selection of 3PL
providers.

As can be seen from the studies summarized in Table 1,
studies on 3PL selection with elements of Industry 4.0 have
been lacking. Furthermore, there is a complete lack of both
the application of FMARCOS and the integration of FAHP
and FMARCOS in the literature currently available for 3PL
evaluation. Thus, this serves as our driving force behind
conducting this study. Stević et al. [32] first proposed the
MARCOS method in 2020 for sustainable supplier selection
in healthcare industries. In 2021, Ecer [39] appliedMARCOS
for performance assessment of battery electric vehicles based
on ranking strategies. Pamucar et al. [40] used proposed
neutrosophic fuzzy MARCOS for the evaluation of alterna-
tive fuel vehicles for sustainable road transportation. Kovač
et al. [41] proposed spherical fuzzy MARCOS method for
assessment of drone-based city logistics concepts. Additional
research that combines FAHP and FMARCOS is necessary
to the best of our knowledge regarding a novel 3PL selection
strategy in the Vietnamese context.
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III. MATERIALS AND METHODS
Decision-making in the context of real-world problems, par-
ticularly when evaluating and selecting third-party logistics
service providers, encompasses not only quantitative criteria
such as cost and lead time but also qualitative factors like
customer feedback and reputation. Fuzzy set theory proves
invaluable in managing intricate decision-making problems
entailing numerous interconnected variables. Within the
scope of this paper, FAHP (fuzzy analytic hierarchy pro-
cess) and FMARCOS (fuzzymeasurement of alternatives and
ranking according to the compromise solution) have been
chosen from the array of available MCDM (multiple criteria
decision making) models. These selections are based on the
fact that they are integrated into decision-making software,
facilitating effective decision-making by practitioners. The
flow of the re-search is shown in Figure 1.

A. PRELIMINARIES
Fuzzy set theory has emerged as a crucial method for address-
ing imprecision or vagueness in real-world problems. The
fuzzy triangular numbers (TFN) can be described as (l,m, u),
indicating the least likely (l), most promising (m), and largest
conceivable (u) values in TFN. TFN can be defined as in
equations (1) and (2) below [42].

(
a

M̃

)
=



0 if a < m,

a− l
m− l

if l ≤ a ≤ m,

u− a
u− m

if m ≤ a ≤ u,

0 if a > u,

(1)

M̃ =

(
Mo(y),M i(y)

)
= [l + (m− l) y, u

+ (m− u) y] , y ∈ [0, 1] (2)

where o(y) and i(y) denote the left and right sides, respec-
tively, of a fuzzy number.

The following equations (3)–(7) illustrate fundamental
computations involving two positive TFN [43], M̃1 =

(l1,m1, u1) and M̃2 = (l2,m2, u2) . Addition:

M̃1 ⊕ M̃2 = (l1,m1, u1)

+ (l2,m2, u2) = (l1 + l2,m1 + m2, u1 + u2)

(3)

Subtraction:

M̃1 ⊖ M̃2 = (l1,m1, u1) − (l2,m2, u2)

= (l1 − u2,m1 − m2, u1 − l2) (4)

Multiplication:

M̃1 ⊗ M̃2 = (l1,m1, u1) × (l2,m2, u2)

= (l1 × l2,m1 × m2, u1 × u2) (5)

Division:

M̃1

M̃2
=

(l1,m1, u1)
(l2,m2, u2)

=

(
l1
u2

,
m1

m2
,
u1
l2

)
(6)

Reciprocal:

M̃−1
1 = (l1,m1, u1)−1

=

(
1
u1

,
1
m1

,
1
l1

)
(7)

B. FUZZY ANALYTIC HIERARCHY PROCESS (FAHP)
Table 2 illustrates that fuzzy triangular numbers represent the
linguistic terms for both the pairwise comparison scale and
the assigned fuzzy scale. The relative importance of the two
criteria is assessed on a scale ranging from 1 to 9, using the
linguistic variables provided. A tilde sign (∼) is used above
the parameter symbol to denote uncertainty. Consequently,
the following outlines the specifics of the FAHP process [44].
Step 1: In order to generate the integrated fuzzy pair-

wise comparison matrix utilized in the FAHP calculation,
we employ the geometric integration method as depicted in
equation (8). l̃ij denotes the importance of the ith criterion over
the jth criterion.

M̃ =


1 ˜l12 · · · ˜l1n
˜l21 1 · · · ˜l2n

· · · · · · · · · · · ·

˜ln1 ˜ln2 · · · 1



=


1 ˜l12 · · · ˜l1n

1/ ˜l12 1 · · · ˜l2n
· · · · · · · · · · · ·

1/ ˜l1n 1/ ˜l2n · · · 1

 (8)

l̃ij

=

{
9̃−1, 8̃−1, 7̃−1, 6̃−1, 5̃−1, 4̃−1, 3̃−1, 2̃−1, 1̃−1, 1̃, 2̃, 3̃
1

Step 2: The equation (9) is to determine the fuzzy geometric
mean of each criterion.

r̃i =

 n∏
j=1

l̃ij

1/n

such that i = 1, 2, . . . , n (9)

where r̃i approximated by the fuzzy geometric mean, and
l̃ij is a fuzzy comparison value generated by a panel of
decision-makers based on the ith criterion over the jth

criterion.
Step 3: The equation (10) is to determine the fuzzy prefer-

ence weight for each criterion.

w̃i = r̃i ⊗ (r̃1 ⊕ r̃2 ⊕ . . . ⊕ r̃n)
−1 (10)

where w̃i is the fuzzy weight of the ith criterion.
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FIGURE 1. The research flow.

Step 4: To obtain a clear result, we need to defuzzify the
fuzzy preference weights using the average weight criterion
Gi, equation (11).

Gi =
lwi + mwi + uwi

3
(11)

where w̃i is the fuzzy weight of the ith criterion, which can be
presented as w̃i = (lwi,m wi, u wi), such that lwi,m wi, u wi
are the lower-bound, middle-bound, and upper-bound of w̃i,
respectively.

Step 5: The relative importance of each criterion, as deter-
mined by the normalized preference weight Hi, as seen

by equation (12).

Hi =
Gi∑n
i=1Gi

(12)

C. FUZZY MEASUREMENT OF ALTERNATIVES AND
RANKING ACCORDING TO THE COMPROMISE
SOLUTION (FMARCOS)
In the context of multi-criteria decision-making (MCDM)
scenarios, involving a defined set of criteria and a multitude
of potential solutions, the employment of fuzzy measurement
of alternatives and ranking based on compromise solutions
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TABLE 2. Definition of the FAHP scale [44].

(FMARCOS) proves to be a valuable strategy for mitigating
uncertainty. Decision-makers can enhance the stability of
MCDM in fuzzy scenarios by adopting this approach, which
is underpinned by three core elements: reference points, the
interplay among choices, and alternative utility levels, as out-
lined in reference [33]. The FMARCOS procedure is detailed
below.

Step 1: Identifying an initial fuzzy decision-making matrix
including n criteria and m alternatives.

Step 2: Identifying an extended initial fuzzy decision mak-
ingmatrix by determining the fuzzy ideal Ã(ID) and anti-ideal
Ã(AI ) solutions, equations (13).

X̃ =

Ã(AI )
Ã1
Ã2
. . .

Ãm
Ã(ID)

c̃1 c̃2 ... c̃3︷ ︸︸ ︷
x̃ai1 x̃ai2 · · · x̃ain
x̃11 x̃12 · · · x̃1n
x̃21 x̃22 · · · x̃2n
· · · · · · · · · · · ·

x̃m1 x̃m2 · · · x̃mn
x̃id1 x̃id2 · · · x̃idn

 (13)

The fuzzy Ã(ID) is an alternative with the best performance,
while the fuzzy Ã(AI ) is the worst alternative. Based on the
type of the criteria, Ã(ID) and Ã(AI ) are defined by applying
Equations (14) and (15):

Ã(ID) = max
i
x̃ij ifj ∈ B and min

i
x̃ij ifj

∈ C (14)

Ã(AI ) = min
i
x̃ij ifj ∈ Band min

i
x̃ij ifj ∈ C (15)

where B and C are a set of benefit and cost criteria,
respectively.

Step 3: Defining the normalization of the extended initial
fuzzy decision-making matrix, which is Ñ =

[
ñij
]
m×n using

Equations (16) and (17):

ñij =

(
nlij, n

m
ij , n

u
ij

)
=

(
x lij
xuid

,
xmij
xuid

,
xuij
xuid

)
, j ∈ B (16)

ñij =

(
nlij, n

m
ij , n

u
ij

)
=

(
x lid
xuij

,
x lid
xmij

,
x lid
x lij

)
, j ∈ C (17)

where elements x lij, x
m
ij , x

u
ij, and x

l
id , x

m
id , x

u
id represent the ele-

ments of the matrix X .
Step 4: Establishing the weighted fuzzy matrix Ṽ =[
ṽij
]
m×n, calculated by multiplying matrix Ñ with the

fuzzy weight coefficients of the criteria w̃j as follows,
equations (18).

ṽij =

(
vlij, v

m
ij , v

u
ij

)
= ñij ⊗ w̃j

=

(
nlij × wlj, n

m
ij × wmj , nuij × wuj

)
(18)

where w̃j =

(
wlj,w

m
j ,wuj

)
represents the elements of the

fuzzy weight of the criteria.
Step 5: Computing the fuzzy matrix S̃i using Equation (19)

below.

S̃i =

n∑
i=1

ṽij (19)

where S̃i =
(
sli, s

m
i , sui

)
is the sum of the elements of the

weighted fuzzy matrix Ṽ .
Step 6: Computing the utility degree of alternative K̃i using

Equations (20) and (21):

K̃−

i =
S̃i
S̃ai

=

(
sli
suai

,
smi
smai

,
sui
slai

)
(20)

K̃+

i =
S̃i
S̃id

=

(
sli
suid

,
smi
smid

,
sui
slid

)
(21)

Step 7: To build the fuzzy matrix T̃i, we use Equation (22):

T̃i = t̃i =

(
t li , t

m
i , tui

)
= K̃−

i ⊕ K̃+

i =

(
k−l
i + k+l

i , k−m
i + k+m

i , k−u
i + k+u

i

)
(22)
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FIGURE 2. The decision tree for evaluating 3PLs.

Following that, a new fuzzy number D̃ is determined by
equation (23):

D̃ =

(
d l, dm, du

)
= max

i
t̃ij (23)

Then, it is necessary to defuzzify the number D̃ using the
expression df crisp =

l+4m+u
6 obtaining the number df crisp.

Step 8: Calculating the utility function to the ideal
f
(
K̃+

i

)
and anti-ideal f

(
K̃−

i

)
solutions using Equations (24)

and (25):

f
(
K̃+

i

)
=

K̃−

i

df crisp
=

(
k−l
i

df crisp
,
k−m
i

df crisp
,
k−u
i

df crisp

)
(24)

f
(
K̃−

i

)
=

K̃+

i

df crisp
=

(
k+l
i

df crisp
,
k+m
i

df crisp
,
k+u
i

df crisp

)
(25)

Finally, computing the defuzzification of K̃−

i , K̃+

i , f
(
K̃−

i

)
,

and f
(
K̃+

i

)
values using the same defuzzification formula.

Step 9: Alternative utility functions f (Ki) can be calculated
with Equation (26):

f (Ki) =
K+

i + K−

i

1 +
1−f

(
K+

i

)
f
(
K+

i

) +
1−f

(
K−

i

)
f
(
K−

i

) (26)

Step 10: The ranking of the alternatives is established based
on the final values of the utility degree function. The preferred
alternative is the one with the highest utility function value.

As presented in Table 3, a new linguistic scale has been
introduced for the evaluation of alternatives in conjunction
with the FMARCOS method. This scale comprises a total of
nine words, each of which is associated with its respective
fuzzy triangular number.

IV. EVALUATION OF THIRD-PARTY LOGISTICS SERVICE
PROVIDERS FOR A CASE STUDY IN VIETNAM
A. DESCRIPTION OF CASE STUDY
In this section, the data obtained from academic and industrial
experts are analyzed. We conducted a case study of a manu-
facturing company in Vietnam that specializes in electronic
components, smart devices, and other technology-related
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TABLE 3. The linguistic of rating system for alternatives [33].

TABLE 4. Illustrates key sub-criteria according to main three criteria.

products. These products require sophisticated supply chain
and logistics management. They involve high-tech manufac-
turing processes, frequent product iterations, and complex
distribution networks, where efficient logistics operations are
crucial for success. Thus, with a focus on innovation and
adaptation to Industry 4.0 technologies, the company seeks to
enhance its logistics and supply chain operations by selecting
a 3PL that aligns with modern industry standards and digital
transformation initiatives, considering the Industry 4.0 crite-
ria. For this purpose, a panel consisting of 15 experts was
designed toweigh the criteria and rank the 3PL providers. The
selected experts have high-level education and working expe-
rience for more than 5 years in various domains including
logistics and supply chainmanagement, technology, industry-
specific insights, and compliance. Each expert possesses a
deep understanding of Industry 4.0 criteria and its relevance
to the manufacturing sector. Also, face-to-face meetings to

collect data make the survey reliable. Opinions of all experts
were gathered to clarify the problem and discuss the evalu-
ation criteria for 3PL selection in the Industry 4.0 context.
Following this, the criteria are narrowed according to the
literature studies and experts’ opinions from the Industry
4.0 perspective. Table 4 illustrates key sub-criteria according
to main three criteria: environmental, social and economic
factors. The FAHP method is used to determine criteria’s
weights with the evaluation of experts. Then, based on the
ranking of criteria, five potential 3PL providers {3PL-01,
3PL-02, 3PL-03, 3PL-04, 3PL-05} have been identified for
further evaluation by FMARCOS. The decision tree for eval-
uating 3PLs is presented in Figure 2.

B. CRITERIA WEIGHTING USING FAHP
The FAHP method is employed to derive the weights for
the criteria. All computations are conducted while assuming
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FIGURE 3. Criteria weighting of FAHP.

TABLE 5. The triangular fuzzy weight of criteria of FAHP.

that all criteria provide benefits. The significance of each
criterion is determined based on the input from 15 experts’
opinions. The experts conveyed their opinions regarding

the criteria by employing linguistic terms. The integrated
fuzzy comparison matrix of FAHP is shown in Table 11
(Appendix).
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FIGURE 4. The final 3PLs ranking.

TABLE 6. Utility degree and fuzzy matrix of T̃i .

Table 5 and Figure 3 present the results of the FAHP
analysis. Based on the information provided, it can be seen
that the top five impact criteria identified through the FAHP
analysis are ‘‘Technology capability’’, ‘‘Quality improve-
ment by using smart technologies’’, ‘‘Technology-enabled
cost optimization’’, ‘‘Data security’’, and ‘‘Green and smart
logistics’’, with the criteria weight at 0.1031, 0.0995, 0.0939,
0.0824, and 0.0821, respectively. These criteria hold par-
ticular significance in the evaluation of 3PLs in specific
decision-making contexts. It’s crucial to emphasize that the
choice of specific criteria and their relative importance is con-
tingent upon the unique context of the decision or project, and

it may fluctuate in accordancewith the goals and objectives of
the decision-maker. FAHP aids decision-makers in taking into
account a multitude of factors in the decision-making pro-
cess, enabling them to arrive at more well-informed decisions
through a thorough assessment of the relative importance of
diverse criteria.

C. ALTERNATIVE RANKING USING FMARCOS
The FMARCOS method is implemented by utilizing the
weights acquired through FAHP in order to identify the opti-
mal 3PLs. Fifteen experts are invited to assess the linguistic
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TABLE 7. Utility functions and final ranking of 3PLs.

TABLE 8. The weight of criteria in all scenarios.

variables employed in the evaluation of prospective 3PLs.
In Appendix, Table 12, 13, and 14 presented the integrated

fuzzy decision matrix of FMARCOS, the integrated normal-
ized fuzzy decision matrix of FMARCOS, and the integrated
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FIGURE 5. The ranking of 3PLs in all scenarios.

TABLE 9. The prospect value of 3PLs in all scenarios.

weighted normalized fuzzy decision matrix of FMARCOS,
respectively.

This paper conducts a case study of 5 logistics service
providers in Vietnam, which are {3 PL-01, 3PL-02, 3PL-03,
3PL-04, 3PL-05}. Following the FMARCOS process, fuzzy
ideal A∼(ID) and anti-ideal A∼(AI) solutions are defined
for each criterion. A∼ (ID) represents the highest value for
each criterion, while the lowest value corresponds to A∼(AI).
Subsequently, the experts’ linguistic judgments matrix and
the integrated matrix for the FMARCOS method are com-
puted. Table 6 displays the utility degree and fuzzy matrix
of T∼_i. Finally, the ultimate utility function of the 3 PLs
is determined. Using these values, the final ranking of 3PLs

is established. The utility function and the ultimate ranking
of the 3PLs are presented in Table 7. The results indicate that
the top three 3PLs are 3 PPL-03, 3PL-02, 3PL01}, occupying
the first, second, and third positions, with utility function
scores of 1.1173, 1.0036, and 0.9309, respectively. Figure 4
visualizes the final ranking of 3PLs derived from the FAHP
and FMARCOS model.

V. RESULTS VALIDATION
A. SENSITIVITY ANALYSIS OF CRITERIA WEIGHT
In MCDM problems, the majority of input data tend to
be dynamic, rather than continuous and stable. Conse-
quently, sensitivity analysis plays a crucial role in aiding
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TABLE 10. Comparative analysis of MCDM methods.

FIGURE 6. Comparison of proposed model with other MCDM methods.

the decision-making process. In this study, we employed
sensitivity analysis within the context of MCDM problems.
This approach allows us to assess the impact of altering the
weights of one criterion, resulting in modifications to the
problem’s solutions. These changes encompass adjustments
in the weighting of other criteria and shifts in the final ranking
of alternatives [45].
To achieve this objective, we conducted a systematic

removal of one criterion at a time, and examined its impact on

the final ranking. Consequently, 15 scenarios were generated
in the sensitivity analysis of criteria weights. Table 8 presents
the criteria weights for all of these scenarios. The prospect
values of the alternatives in each scenario are detailed in
Table 9, and their respective rankings are visually depicted
in Figure 5.
Significantly, it becomes apparent that although there are

variations in the prospect values of the 3PLs, the final rank-
ing remains consistent, with {3PL-01, 3PL-02} consistently
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TABLE 11. The integrated fuzzy comparison matrix of FAHP.
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TABLE 11. (Continued.) The integrated fuzzy comparison matrix of FAHP.

emerging as the most suitable logistics service providers
across all scenarios. The results of the sensitivity analysis
phase suggest that, in this case study, the ranking of alter-
natives remains robust irrespective of changes in the criteria
weights. Hence, the proposed FAHP and FMARCOS model
demonstrate a high level of stability and applicability.

B. COMPARATIVE ANALYSIS OF MCDM METHODS
In this phase of results validation, eight distinct inte-
grated fuzzy MCDM methods are taken into consideration
to cross-verify the outcomes obtained through the pro-
posed approach. The considered MCDM methods are the
fuzzy multi-attributive border approximation area compar-
ison (fuzzy MABAC) [46], the fuzzy weighted aggregated
sum product assessment (fuzzy WASPAS) [47], the fuzzy
combined compromise solution (fuzzy CoCoSo) [48], the
fuzzy simple additive weighting (fuzzy SAW) [49], and the
fuzzy complex proportional assessment of alternatives (fuzzy
COPRAS) [50], the fuzzy technique for order of prefer-
ence by similarity to ideal solution (fuzzy TOPSIS) [44],
the fuzzy Vlsekriterijumska Optimizacija I KOmpromisno
Resenje [51].
For the comparative analysis of various MCDM methods,

identical criteria weights are utilized, and the resulting out-
comes are detailed in Table 10. The comparison between

FAHP and FMARCOS with other MCDM methods is illus-
trated in Figure 6. The results derived from different MCDM
methods demonstrate that there is no notable disparity in the
ranking of the top 3PLs. {3PL-03} consistently maintains its
position as the preferred 3PL. This consistent outcome across
all the considered MCDM methods serves to corroborate the
results obtained from the proposed model.

VI. MANAGERIAL IMPLICATIONS
For businesses, choosing third-party logistics providers
(3PLs) presents a significant decision-making challenge.
Making this decision can help businesses stand out from
the competition and be crucial to achieving their goals.
It is crucial to proceed with caution and make sure that the
appropriate 3PL partners are aligned. An intensive effort is
being made to transform competitiveness, encourage innova-
tion, improve flexibility, support individuality, and improve
working conditions with the introduction of Industry 4.0.
By putting the customer at the center of a digital platform, this
transformation turns traditional supply chains into dynamic
supply networks. Companies now have to set new standards
and demands for their 3PL suppliers in order to align with
Industry 4.0 deployment procedures.

Moreover, this paradigm shift hasmanagerial ramifications
for all industries. Although the suggested model is designed
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TABLE 12. The integrated fuzzy decision matrix of FMARCOS.

for the manufacturing sector, given the widespread adoption
of Industry 4.0 principles, its framework which takes Industry

4.0 technologies into account can be easily adapted to a vari-
ety of other sectors and industries. Because of Industry 4.0’s

67308 VOLUME 12, 2024



C.-N. Wang et al.: Third-Party Logistics Provider Selection in the Industry 4.0 Era

TABLE 13. The integrated normalized fuzzy decision matrix of FMARCOS.

flexibility in terms of integration, this study provides insight-
ful information to supply chain, innovation, and Industry

4.0 researchers in addition to economists, managers, IT spe-
cialists, and industry experts in a variety of fields.
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TABLE 14. The integrated weighted normalized fuzzy decision matrix of FMARCOS.

VII. CONCLUSION
The emergence of new technology forces businesses to
adopt competitive tactics in order to thrive in the global

marketplace. Businesses are prompted to match their oper-
ations with this disruptive wave by the advent of Indus-
try 4.0 technologies. The choice of third-party logistics
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providers (3PLs) becomes extremely important in this situ-
ation. To fully utilize Industry 4.0, SCM solutions must be
optimized. This is a critical aspect of the new era. The use
of digitalization signals advancements in SCM efficiency in
addition to a decrease in costs and risks. As a result, working
with digitally-competent 3PL suppliers is becomingmore and
more important to businesses. This strategic alignment allows
them to leverage the benefits of Industry 4.0 technologies for
enhanced operational performance. The purpose of this study
is to propose an integrated MCDM approach based on FAHP
and FMARCOS to weigh the criteria and select the best 3PL
provider.

By exhaustively reviewing the literature and consulting
with experts, this research has determined three criteria, envi-
ronmental, social, and economic, and 15 sub-criteria based on
the Industry 4.0 components.While economic, environmental
and social aspects of 3PL selection problem have been dis-
cussed in the previous studies, less attention has been paid
to Industry 4.0. Our case study reveals that five different
criteria, technology capability (C35), quality improvement
by using smart technologies (C34), technology-enabled cost
optimization (C33), green and smart logistics (C15), and
data security (C22), are the most important factors from
the Industry 4.0 window for 3PL selection. These criteria
cover nearly 50% of the total weight for 3PL selection.
Both methods proposed in the research (FAHP-FMARCOS)
are proven to be effective for handling the 3PL selection
problem in Industry 4.0 which can help businesses imple-
ment an integrated framework to prioritize and select suitable
providers. It is observed that this new hybrid methodologies
can also be practically capable of addressing the uncertainty
of different real-life problems. A sensitivity analysis on the
criteria weights and a comparative analysis among MCDM
methods (FMABAC, FWASPAS, FCOSOSO, FSAW, FCO-
PRAS, FTOPSIS and FVIKOR ) were performed to show the
stability of the obtained results which increases the trustiness
of the results. Consequently, the robustness and efficiency of
the proposed framework have been proven, meaning that it
can be applied by practitioners in various industries to address
complex decision-making problems.

It is essential to recognize the limitations of this study.
Firstly, the findings may lack generalizability across indus-
tries in different countries. Future research should broaden
its scope to encompass various industries, thereby validating
the effectiveness of the proposed framework in diverse supply
chain contexts [52], [53]. Moreover, geographical variations
may lead to different outcomes, necessitating a more glob-
ally inclusive perspective. Secondly, the prioritized criteria,
influenced by expert opinions and literature, may be subject
to varying interpretations among stakeholders. Subsequent
studies could integrate a broader range of criteria that impact
logistics and supply chain processes, thereby expanding the
applicability of the approach across different sectors. Addi-
tionally, conclusions are contingent upon the opinions and
judgments of experts, potentially changing with alterations
in the expert panel. Hence, selecting the experts should be

performed carefully to reduce the impacts of the experts’
features. In the future, it would be beneficial to replicate the
current study in diverse countries and regions, inviting experts
from outside the country to participate in the expert group and
comparing the outcomes. Lastly, Granular Computing [54]
has emerged as a novel approach to Multi-Criteria Decision
Making (MCDM) and decision-making problems. Exploring
multi-granularity computing tools in MCDM could pro-
vide insights into addressing uncertainty and enhancing the
robustness of decision-making processes by describing and
processing vague, ambiguous, incomplete, and vast amounts
of information.

APPENDIX
See Tables 11–14.
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