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Abstract: In today’s dynamic and complex logistics networks, decision makers must simultaneously balance transporta-tion
cost, delivery time, and service quality in multi-commodity systems involving fixed charges and uncertainty. This study
proposes a novel multi-objective fixed-cost solid transportation problem formulated under the framework of spherical fuzzy
sets, which effectively capture uncertainty in transportation costs, supplies, demands, and conveyance capacities. Although
fixed costs are typically assumed to be constant in classical models, real-world factors such as fluctuating contractual
conditions and administrative constraints often introduce indirect uncertainty, which is explicitly addressed in the proposed
formulation. The model optimizes multiple conflicting objectives, including the minimization of transportation and fixed
costs and delivery time, while simultaneously maximizing service reliability and customer satisfaction. An efficient
solution methodology is developed to manage the resulting complexity. Numerical experiments and real-world case studies
demonstrate that the proposed approach achieves an average reduction of approximately 15% in total transportation cost
and an improvement of about 25% in computational efficiency compared with existing methods. These results highlight
the robustness and effectiveness of the proposed framework in supporting reliable and informed decision-making. The
methodology provides valuable insights for logistics, urban distribution, and supply chain systems seeking cost-effective
and sustainable transportation solutions under uncertainty.
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SFNs Spherical Fuzzy Numbers

STP Solid Transportation Problem

FCTP Fixed Charge Transportation Problem
TP Transportation Problem

MOTP Multi-Objective Transportation Problem

TOPSIS Technique for Order Preference by Similarity to Ideal Solution
MCDM Multi-Criteria Decision-Making

FCSTP Fixed Charge Solid Transportation Problem

DMs Decision Makers

MOFCSTP  Multi-Objective Fixed Charge Solid Transportation Problem

1. Introduction

In operations research, the Transportation Problem (TP) is an optimization problem that focuses on the effective
distribution and allocation of resources or goods from multiple supply locations to multiple demand sites to minimize
transportation costs (X2, ¥}_; cij). This will show that m and n represent the number of sources and destinations,
respectively. c¢;; represents the cost of transportation from the source i to destination j. This sum covers all possible
transportation routes. The supply points (Y1 | a;), or locations where goods are available, the demand points (Z’}:l bj),
or locations where goods are needed, the transportation cost, or price of sending a unit from the supply to the demand
point, and decision factors (quantity of goods to be sent) are some of its essential elements. The total supply at each source
(S;) and the required demand (D) at each destination, constrain the problem, and non-negativity requirements ensure
that deliveries cannot be negative. While in a balanced transportation problem, aggregate supply and aggregate demand
are equal (Y, a; = 27=1 b;) here, a; denotes the supply at the source i, and b; denotes the demand at the destination j,
in an unbalanced problem (Y7 | a; # Z'}:l b;) modifications, such as adding dummy supply or demand points, may be
necessary.

A short numerical example has now been added to illustrate this concept clearly. The ambiguity regarding “sum of
supply points” and “sum of demand points” has been removed, and the mathematical formulation is now explicitly stated.
Variants such as the Fixed-Charge Transportation Problem (FCTP) impose fixed costs for particular routes. In contrast, Multi-
Objective Transportation Problems (MOTP) may have multiple competing objectives, such as minimizing environmental
impact, time, and cost, along with the Solid Transportation Problem (STP). Defined as a transportation problem with
three-Dimensional (3D) decision variables accounting for source, destination, and conveyance (or mode/layer), resulting in
a solid (3D) structure. The transportation problem has many applications in logistics, supply chain management, urban
planning, healthcare logistics, and humanitarian aid, and it provides an important basis for making resource distribution
decisions. Hitchcock [1] introduced the TP, focusing on the optimal distribution of products from multiple sources to
multiple destinations, laying the foundation for modern transportation and logistics optimization models. Koopmans [2]
introduced the concept of optimal TP utilization, which focused on maximizing efficiency in the distribution of goods
while minimizing transportation costs, which was a fundamental task in transportation economics and operations research.
The traditional TP is extended by the MOTP, in which the distribution and allocation of resources from supply locations
(X7, a;) to demand points (L, b;) takes into account multiple competing objectives (XX, ) at the same time. MOTP
includes additional goals (21[5:1 MY N cij) such as reducing delivery time, increasing customer satisfaction, reducing
environmental impact, or balancing resource use, in contrast to the single-objective TP, which only considers minimizing
transportation costs. To find a solution that meets all these criteria at an acceptable level, compromises must be made
because these goals often conflict. Multiple objectives and the need to balance them make the decision-making process in
MOTP more complex. The general approach to solve this problem is to find a set of pareto-optimal and efficient solutions,
where achieving one goal can only be at the expense of another. To solve MOTP, methods including fuzzy optimization,
goal programming, weighted sum techniques, and evolutionary algorithms are often employed. Using these techniques,
decision-makers can assess trade-offs and choose the best option based on their preferences or priorities. Applications for
MOTP are numerous in real-world situations where multiple factors have to be taken into account simultaneously. Examples
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include creating environmentally friendly supply chains, allocating resources to emergency relief efforts to maximize
coverage and minimize delays, and optimizing logistics networks for cost and time efficiency. MOTP is an essential
component of contemporary optimization and resource allocation due to its ability to capture the complexities of multi-
criteria decision making. Recent advances in transportation problem modelling emphasize the use of fuzzy, intuitionistic,
and neutrosophic techniques to manage ambiguity and multiple conflicting objectives. Abdel-Basset et al. [3] proposed a
neutrosophic Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)-based framework for complex
decision making. Bit et al. [4] developed a fuzzy programming approach to multi-objective STP, incorporating uncertainty
into the objective functions and constraints, enabling more flexible and realistic decision making in transportation planning.
Das et al. [5] addressed MOTP with interval cost, source, and destination parameters, incorporating uncertainty into
cost structures and providing a more flexible approach to transportation optimization. Joshi et al. [6] proposed a fuzzy
transportation planning approach using goal programming to address uncertainty and multi-objective decision making,
which provides a structured method to optimize TP under uncertain conditions. Joshi et al. [7] explored multimodal routes
for smart cities in their study, proposing an innovative TP that integrates multiple modes of transportation to improve
urban mobility, sustainability, and efficiency in future urban environments. Kundu et al. [8] addressed the multi-objective
multi-item solid transportation problem in uncertain environments, incorporating fuzzy logic to model uncertainty in cost
and demand, offering a more flexible approach to optimizing transportation under uncertain conditions. A variation of the
classical TP, the STP introduces more constraints and decision variables to account for the complexity of the real world.
STP takes into account constraints (Zle ps) on transportation mode, storage capacity, and routing capacity, and involves
multiple commodities, unlike the general transportation problem, which deals with delivering a single commodity from
multiple supply locations to multiple demand points. This makes STP more important in situations where the flow of goods
is further restricted by infrastructure, resources or operational conditions. STP typically aims to minimize the overall cost of
transportation while meeting constraints such as supply availability at sources, destination demand, and capacity constraints
on routes. When multiple commodities share a common supply, demand, or transportation network, the problem becomes
more complex and requires solutions that balance the distribution of all commodities simultaneously. This complexity
intensifies when adding real-world components such as time windows, fixed costs, or multi-objective criteria. In industries
where it is necessary to effectively manage a variety of resources and goods, such as logistics, supply chain management,
and industrial operations, STP is widely used. Examples include planning resource allocation in disaster relief efforts,
managing supply chains for multiple products, and transporting various raw materials to manufacturing facilities. To
address the difficulties presented by STP, a variety of solution approaches are used, including heuristic or metaheuristic
algorithms, linear programming, and decomposition techniques. It is an important tool for contemporary optimization
and resource management due to its ability to model complex, multi-commodity transportation systems. Dalman [9]
proposed an uncertain programming model for the multi-item solid transportation problem, which addresses uncertainty in
transportation costs and demand, offering a more adaptable framework for real-world logistics optimization. Haley [10]
introduced new methods in mathematical programming to solve the STP, introducing techniques to optimize transportation
costs while considering constraints related to product availability and demand. Jimenez and Verdegay [11] developed
uncertain STP models that incorporate uncertainty in transportation costs and supply-demand parameters, improving the
flexibility and accuracy of optimization in uncertain environments. Joshi et al. [12] applied neutrosophic decision making
to eco-friendly logistics, focusing on fractional STP. Their approach addresses uncertainty in logistics decisions while
promoting sustainable and efficient transportation solutions. Joshi et al. [13] focused on efficient healthcare delivery by
addressing uncertainties through mixed-barriers partial transportation. Their approach optimizes resource allocation and
transportation while managing uncertainties in healthcare logistics. Kundu et al. [14] extended the multi-item STP by
incorporating type-2 fuzzy parameters, enabling the modelling of more complex uncertainties in transportation costs and
demand, leading to more robust and flexible optimization solutions. The FCTP is a specialized form of the traditional TP
that involves both variable charges proportional to the number of products transported and fixed costs associated with the
use of transportation routes. This makes FCTP more realistic for simulate real-world conditions because many logistics
and transportation systems have fixed startup expenses, including starting a shipment, renting a vehicle, or operating
a route, regardless of the volume of transport. To meet supply and demand constraints, FCTP aims to minimize total
costs, which include both fixed charges and variable transportation expenses. FCTP employs a binary decision variable
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to determine whether the fixed cost of a transport route has been paid. Once a route is activated, the volume shipped
on that route determines the variable cost. The problem becomes more computationally complex than the traditional
transportation problem due to the introduction of non-linearity resulting from fixed charges. Therefore, solving FCTPs often
requires complex optimization techniques such as branch-and-bound methods, decomposition approaches, mixed-integer
programming, or metaheuristic algorithms such as simulated annealing or genetic algorithms. FCTP has many applications
in supply chain management, network design, and logistics, all of which involve high fixed setup costs. For example,
it can be used to model how products are distributed from warehouses to retailers, how transportation networks are
planned, or how resources are allocated in large-scale industrial systems. In complex logistics and operational systems,
FCTP provides a more accurate and useful framework for decision making, accounting for the fixed costs associated
with transit routes. Balinski [15] introduced the fixed cost transportation problem, focusing on optimizing transportation
networks with fixed costs. His work laid the foundation for later advances in mixed-integer programming and transportation
optimization models. Gray [16] presented an exact solution method for the fixed-charge transportation problem, introducing
optimization techniques that efficiently handle both variable and fixed costs in transportation network models. Ghosh and
Roy [17] developed a multi-objective fully intuitionistic fuzzy fixed-charge solid transportation problem, which integrates
intuitionistic fuzzy sets to model uncertainty in both cost and transportation parameters for better decision making. Hirsch
and Dantzig [18] introduced the FCTP focusing on optimizing transportation and network design taking into account both
fixed and variable costs, which had a significant impact on operations research and network optimization strategies. Roy
et al. [19] tackled the multi-objective multi-item Fixed Charge Solid Transportation Problem (FCSTP) under twofold
uncertainty, addressing both cost and demand uncertainties using advanced modelling techniques to optimize transportation
and logistics decisions under uncertain conditions. Roy and Midya [20] explored the Multi-Objective Fixed Charge Solid
Transportation Problem (MOFCSTP) with product blending under intuitionistic fuzzy environments, integrating uncertainty
in both transportation costs and blending parameters to optimize complex logistics scenarios. Yang and Liu [21] developed
a solution to the fuzzy FCTP, introducing an algorithm that incorporates fuzzy logic to model uncertainties in fixed and
variable transportation costs, allowing decision making in uncertain environments. Zhang et al. [22] addressed the FCSTP
problem in uncertain environments, proposing an algorithm that incorporates uncertainty in cost and demand, providing
an efficient solution to optimize transportation in unpredictable scenarios. An extension of fuzzy set theory, Spherical
Fuzzy Numbers (SFNs), aims to better manage ambiguity and uncertainty in complex decision-making situations. Truth,
indeterminacy, and falsity are three membership components that are interrelated and bounded on the surface of a unit
sphere, giving SFNs more flexibility than intuitionistic fuzzy sets and classical fuzzy sets (as shown in Table 1 and Figure
1). The introduction of this idea addresses the constraints of intuitionistic fuzzy numbers and traditional fuzzy numbers
in representing fuzzy information. SFNs introduce an additional dimension to model uncertainty, making them ideal for
applications requiring accurate modelling of complex uncertainties. Traditional fuzzy numbers employ a single membership
degree, while intuitionistic fuzzy numbers incorporate non-membership degrees. The degree of veracity or closeness is
represented by the membership (0) value. Indeterminacy (0) shows how uncertain or hesitant an individual is. The degree
of falsity or non-relation is denoted by non-membership (¢). The constraint 82 4 ¢ 4 82 < 1 ensures that their values lie
within a unit region. Decision makers can more easily model hesitation or ambiguity by explicitly including uncertainty in
SFNs, which is often ignored in simpler ambiguous systems. SFNs are particularly helpful when dealing with optimization
problems, Multi-Criteria Decision Making (MCDM), and situations where interactions among truth, falsity, and uncertainty
are important. Upon reaching ¢ = 0, the SFN becomes an intuitionistic fuzzy number. It becomes a conventional fuzzy
number when § = 1 — 8 and ¢ = 0. In domains such as logistics and transportation, rounded fuzzy numbers have become
popular for modelling uncertainty in transportation capacities and costs. They are applied in supply chain management to
evaluate supplier performance under unexpected circumstances, as well as in healthcare decision-making to assess treatment
plans amid unclear or insufficient data. They are also utilized in engineering and optimization for challenges involving risk
assessment and resource allocation. With varying degrees of hesitation and ambiguity, group decision-making is used
to compile expert viewpoints. An important development in fuzzy set theory is represented by spherical fuzzy numbers,
which provide a strong mathematical foundation for solving real-world problems with inherent uncertainties. Because they
can represent truth, uncertainty, and falsity on a spherical surface, they are a flexible tool for a range of optimization and
decision-making applications. Ahmed and Adhami [23] introduced spherical fuzzy multi-objective linear programming,
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which enhances uncertainty modelling with membership, non-membership, and hesitation values, offering a flexible
approach to decision making in complex optimization problems. Chakraborty [24] conducted a comparative analysis of
TOPSIS and modified TOPSIS, highlighting their strengths and weaknesses in solving multi-criteria decision-making
problems while providing insights into their applicability and performance. Giindogdu and Kahraman [25] introduced a
novel fuzzy TOPSIS method using interval-valued Spherical Fuzzy Set (SFS) to enhance decision making by incorporating
uncertainty and hesitation in multi-criteria decision problems for improved accuracy. Kahraman and Giindogdu [26]
explored decision making with SFS, presented an advanced method for addressing uncertainty and hesitation in MCDM
problems to yield more accurate and reliable decision results. Giindogdu and Kahraman [27, 28] focused on SFSs and their
applications in decision making, providing a robust framework for dealing with uncertainty and imprecision in complex
multi-criteria decision problems. In another study, Giindogdu and Kahraman [27] examined the properties and arithmetic
operations of SFSs, providing a comprehensive analysis of how these sets can be manipulated to improve decision making
under uncertainty across various domains. Furthermore, Giindogdu and Kahraman [29] applied the interval-valued SF
Analytic Hierarchy Process (AHP) to hospital performance assessment, integrating fuzzy sets to evaluate and rank hospitals
based on multiple criteria under uncertainty, thereby improving healthcare management decision-making. Giindogdu and
Kahraman [30] introduced a novel VIKOR method using SFSs for decision making, applying it to warehouse site selection
to reduce uncertainty and improve the ranking of potential sites based on multiple conflicting criteria (shown in Table
2). These contributions demonstrate that supply chain optimization and modern transportation are moving toward more
adaptable, uncertain, and sustainable methods.

Nonstationary — | Hesitant Fuzzy
Fuzzy Set Fuzzy Set Set (2010)
(2007)
. Neutrosophic Pythagorean
Drdinary Fuzz Fuzzy Set Fuzzy Set
Set (1965) (1998) (2013)
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\

Figure 1. Development of fuzzy sets: timeline and characteristics

Table 1. Introduction to different types of fuzzy sets and their essential characteristics [26]

Fuzzy set concept Introduced by Year Key-idea
Ordinary Fuzzy Set L A. Zadeh 1975 Extends classical set theory by modelling uncertainty with
membership degrees ranging from 0 to 1.
Type-2 Fuzzy Set L A Zadeh 1975 The ambiguity of membership values themselves embodies more
complex uncertainty in real-world situations.
Interval-value Fuzzy Set L. A. Zadeh, Grattan-Guiness 1976 Membership values are not exact prices; Rather, they are intervals

that represent the range of uncertainty.
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Table 1. (cont.)

Fuzzy set concept Introduced by Year Key-idea
Intuition Fuzzy Set Krzysztof Atanassov 1983 Introduces degrees of membership and non-membership as symbols of
unclear, inadequate, or conflicting information.
Fuzzy Multiset Yager 1986 Fuzzy sets are extended, allowing an element with a fuzzy membership
value to appear more than once.
. Provides a comprehensive perspective on uncertainty by modelling
Neutrosophic Fuzzy Set Smarandache 1995 truth, uncertainty, and falsehood.
Nonstationary Fuzzy Set Garibaldi 1997 Membership functions are dynamlc, time-varying uncertainties that vary
with space or time.
Hesitant Fuzzy Set Torra 2010 Models’ uncertainty in decision making by allowing hesitation between
multiple membership values.
Intuitionistic fuzzy sets are enhanced by guaranteeing that the sum of
Pythagorean Fuzzy Set Yager <013 class membership and non-membership is less than 1.
Picture Fuzzy Set Cuong 2015 Shows positive, neutral, and negative membership levels to model
multidimensional or conflicting phenomena.
Ortho Pair Fuzzy Set Yager 2016 Represents uncertainty in uncertain contexts by modelling both positive
and negative membership values.
Spherical Fuzzy Set Gundogdu and Kahraman 2018 To deal with increased ambiguity, truth, falsity, and uncertainty are
modelled geometrically using spherical relationships.
Table 2. Comparative analysis of existing literature with the proposed study
Reference Year  Objective Environment STP FCTP FCSTP Multi-item  Weight Solution technique
Aﬁi};:;l;i "[1;??] 2021 2 Spherical Fuzzy v v Linear Programming
Bitet al. [4] 1993 2 Fuzzy v v Fuzzy Programming
Das et al. [5] 1999 3 Interval Based v v Mg Iti-Objective
ptimization
Dalman [9] 2018 3 Uncertainty v v v Uncertain programming
Gray [16] 1971 1 Deterministic v Exact Solution
Haley [10] 1962 1 Deterministic v v Exact Method
Hirsch and A s
Dantzig [18] 1968 1 Deterministic v Optimization Model
Jiménez and .
Verdegay [11] 1998 1 Fuzzy v v Fuzzy Programming
Joshi et al. [6] 2023 3 Uncertainty v Fuzzy Goal Programming
Joshi et al. [7] 2024 3 Uncertainty Multi-Model Optimization
Joshietal. [12] 2023 3 Neutrosophic v v v v Neutrosophic Decision
Making
Kahraman and 2021 1 Spherical Fuzzy Decision-Making Model
Giindogdu [26]
Kutluetal. [27] 2023 1 Spherical Fuzzy AHP
Kundu et al. [8] 2013 2 Fuzzy Fuzzy Optimization
. Multi-Objective
Roy et al. [19] 2019 3 Uncertainty v v v v Optimization
Royand Midya 59 2 intuitionistic fazzy v v v Intuitionistic Fuzzy
20] Programming
Yangand Liu— 547 2 F VY v Fuzzy Optimizati
121] uzzy uzzy Optimization
. - Spherical Fuzzy
This paper 3 Spherical Fuzzy v v v v v

Programming
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Our proposed approach focuses on using a sophisticated framework to solve the MOTP while considering multiple
products or commodities. This framework combines elements of the STP and the FCTP. With this method, it is aimed to
tackle real-world complexity while addressing a variety of goals, such as reducing overall costs, minimizing environmental
impact, or increasing delivery efficiency, in addition to practical limitations such as fixed cost, multi-item distribution,
and routing capabilities. To deal with the fundamental complexities of real transportation systems, the authors have used
a circular fuzzy optimization framework with a ranking approach to guide decision makers toward ideal solutions that
balance multiple, often incompatible goals. The use of SFS constitutes an important advancement in our methodology to
address ambiguity and uncertainty in decision making. By extending regular fuzzy sets, SFS enable decision-makers to
incorporate uncertainty and ambiguity into their assessments through a more adaptable representation of uncertainty. This is
particularly useful when transportation characteristics, such as costs, demand, or capacities, are unpredictable or imprecise.
A more thorough investigation of ambiguous data is made possible by this sophisticated fuzzy modelling, which reflects the
discontinuity of membership and non-membership degrees separately. A weighted aggregation technique is used to assign
relative importance to multiple objectives, according to the preferences of decision makers, such as maximizing resource
use, minimizing environmental impact, improving service quality, or minimizing transportation costs. This ranking system
provides clear direction to decision makers, helping them choose solutions that best fit strategic priorities and successfully
handle trade-offs between conflicting goals. Our proposed approach provides a realistic, adaptable, and structured model
that accounts for the intrinsic complexity of contemporary transportation systems, thus improving decision-making. This
approach combines spherical fuzzy logic, fixed cost, concrete transportation theory, and MOTP to help decision makers
make more informed and efficient choices in complex and uncertain situations. This methodology provides a systematic
tool for them to identify solutions that closely match their strategic goals and priorities, while also capturing the complexity
and unpredictability of real-world transportation networks. Our proposed methodology combines MOTP, FCTP, SFS, STP,
and a ranking strategy to provide a powerful tool for decision makers in various industries. This method helps in strategic
planning in unpredictable and changing circumstances, while also enhancing operational efficiency and cost-effectiveness.
It also has many real-world applications across various fields. It can be used in supply chain optimization to balance
delivery time, cost, and environmental factors to create effective multi-item distribution networks. This method assists
in the allocation of resources such as food, gasoline, or medical supplies in urban transportation planning, considering
route capacity and fixed costs. This approach is particularly helpful in humanitarian logistics, where it can maximize
coverage and reduce delivery times by optimizing the delivery of critical goods such as food, water, and medical equipment
to disaster-affected areas. Additionally, this approach is well-suited for retail and e-commerce, allowing cost-effective
distribution of multiple items while increasing customer satisfaction and ensuring on-time delivery. Furthermore, in energy
distribution networks, it can optimize the movement of different energy supplies, including gas, coal, and renewable energy,
between regions while considering environmental impact and fixed setup costs. The proposed strategies help decision
makers find practical, economical, and sustainable solutions for transportation systems by addressing the complexities and
unpredictability of these situations. Multi-Objective Solid Transportation Problems (MOSTPs) are essential in logistics
systems involving multiple commodities, fixed charges, and capacity constraints. In practice, MOSTPs are difficult to
solve due to conflicting objectives and pervasive uncertainty in transportation costs, supplies, demands, and operational
conditions. Classical deterministic models are often inadequate for capturing such uncertainty. Spherical Fuzzy Sets (SFSs),
which incorporate membership, non-membership, and hesitancy degrees, provide a flexible modeling framework but
introduce additional computational and methodological challenges, particularly when combined with fixed-cost and solid
transportation structures. To address these issues, this study proposes a novel multi-objective fixed-cost solid transportation
model under a spherical fuzzy environment. The main contributions include realistic uncertainty modeling, an efficient
multi-objective solution framework, and numerical validation demonstrating improved cost efficiency and computational
performance.
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2. Preliminaries

Definition 2.1 [1] (show in Figure 2) A compromise optimal solution to a multi-objective optimization problem is
a feasible solution x“ € X. That balances conflicting objectives g (x), g2(x), ..., gk(x). Minimize the deviation from
the ideal solution g* = (g7, &, - - -, g&;)- The ideal solution represents the theoretical best value for each objective, often
unattainable due to trade-offs or constraints. In contrast, an optimal solution minimizes or maximizes a single objective
function. g(x) in a single objective optimization problem.

Definition 2.2 [1] (show in Figure 2) An ideal solution refers to the best achievable result in the objective space,
where all objectives g;(x), g2(x), ..., gk(x). They are optimized together without any compromise. It represents the
point gigeqs = (minyex g1 (x), mingey g2(x), ..., mingex gx(x)), assuming X. Is the feasible set. This solution achieves the
minimum or maximum, depending on the problem value for each objective. However, in practice, the ideal solution is
usually unattainable due to conflicting objectives or resource limitation, as improvement in one parameter often outcomes
in a trade-off with others.

Definition 2.3 [1] (show in Figure 2) An anti-ideal solution refers to the worst possible outcome in the objective space,
where all objectives g; (x), g2(x), ..., gk(x) are simultaneously maximized or minimized depending on the problem to their
worst possible values. This point represents guni—idear = (MaXyex g1(x), Maxyex g2(x), ..., maxyex g (x)), assuming that
X. It is a feasible set. In contrast to the ideal solution, the anti-ideal solution serves as a reference to evaluate and compare
the performance of other feasible solutions, highlighting the range of possible outcomes within the objective space.

Compromise

"N optimal solution
\ \
\ N \ .
\ Y /Ideal solution

. . \
\ Anti-ideal Nmmmmo-
\ solution """

Figure 2. Representation of compromise optimal solution, ideal and anti-ideal solution

Definition 2.4 [1] (show in Figure 3) Pareto dominance describes the relationship between two solutions x; € X and
Xy € X in a MOTP. A solution x; is said to dominate x, (denoted x; < x,) if only if g;(x1) < gi(x2), Vi€ {1, 2, ..., n} and
dje{l,2,...,n},g;(x1) <gj(x2). This means that x; is no worse than x, in all objectives and is strictly better in at least
one objective, making it better than x,.

Definition 2.5 [1] (show in Figure 3) The “Pareto-optimal solution” describes a scenario in which further improve-
ments in one criterion would have a detrimental effect on at least one other criterion. This means that every change made
to improve one part of the solution will make another aspect worse. If there is no other solution, a solution x* € X is Pareto
optimal. If # x € X such that x < x*, then the x € X that dominates x* is the Pareto optimal choice. Otherwise stated,
it is a compromise between conflicting objectives, in which enhancing one characteristic cannot be achieved without
compromising the other.
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Figure 3. Reorientation of pareto front, optimal and dominated solution

Definition 2.6 [1] (show in Figure 3) The pareto front is the set of objective function values corresponding to the
Pareto-optimal solution in a MOTP. It represents the limit in objective space where no improvement in one objective can
be made without worsening the other. Mathematically, the Pareto front is defined as Fparero = {1 (X)|x € Xparero - Where:
Xpareto = {x* € X |$§ x € X such that x < x*}. These solutions reflect trade-offs between conflicting objectives, offering a
set of non-dominated options to decision makers.

5O

s
bl
N

A

A
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$
&

v
»20,0,1)
L J
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Figure 4. Representation of SFS

Definition 2.7 [26] (show in Figure 4) A SFS 7%/ is defined as follows, let s be a universe of discourse. The universe
of discourse is one-dimensional, defined over real numbers R, where each element is associated with a spherical fuzzy
membership triplet (i, v, 7). A SFS 2% in s is expressed as: H = {(x, 0 sr (x), Q157 (X), & 1o (X)) |x € 5¢}.

Where:

* 0,0 (x) : 3¢ — [0, 1] is the membership degree of x € 77/

* @ psr (x) : 32— [0, 1] is the non-membership degree of x € /.

* 8 57 (x) 1 3¢ — [0, 1] is the indeterminacy (hesitancy) degree of x € J#*/.

This value must satisfy the SF constraint:
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0 5 ()7 + Qs (X)° + 8 ppr (x)° S 1V x € 3¢

This condition ensures that the three degrees represent valid ratios within the range [0, 1] and collectively describe the
uncertainty or ambiguity associated with the element x.

* 0,051 )+ st (x)? + O st (x)? < 1V x € s is defines a spherical boundary in the 3D space of membership (8),
non-membership (@) and indeterminacy (8) values.

* Vx € ¢, the sum 6 .7 (x) + @ 7 (x) + 8 457 (x) can be less than or equal to 1 (but not necessarily equal to 1).

When

* O, (x) = 1= (04057 (x) + @457 (x)) SFS reduce to intuitionistic FS.

* 8 457 (x) = 0 SFS reduce to Pythagorean FS with the 6 . (x)? + @ st (x)? <1Vxe

Definition 2.8 [26] (show in Figure 5) The spherical distance metric is used to measure the dissimilarity to between
two SFS denoted as s/ and 93*/. The SFS is characterized by three components for each element in the discourse
universe : membership (6), non-membership (¢), and indeterminacy (J).

The distance is defined based on the difference in membership (0), non-membership (@), and indeterminacy (6)
values between two fuzzy sets. The distance formula is given as:

: 1
dis (%Sf, ERSf) = arccos {1 - E((efvf - emxf)z + ((ijxf - (Pmsf)z + ((sjfxf — 69‘5/”)2}

Where:

*0 ests Qost 0,5 are the membership (6), non-membership (¢), and indeterminacy (8) function for the element
xin 57

* Ogusf s Qonsr, Orsr are the membership (0), non-membership (@), and indeterminacy (&) function for the element x
in RS/

(0, 1,0)

Figure 5. Graphical representation of SFS

The difference in membership (6), non-membership (¢), and indeterminacy (8) values for each element in the
discourse universe s is used in this equation to calculate the spherical distance between two SFS .57/ and R/, If the
fuzzy sets cover a set of n elements in the universe s, the distance is calculated by summing the individual spherical
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2
distances over all elements, scaled by ot The following formula is used to determine the spherical distance of each element

in the universe s¢:

dis (7, RY)

= % Zn}arccos {1 — %((G%uf (xi) — Ogasr ()ci))2 + (@55 (Xi) — Popsr ()c,~))2 + (8 ypsr (xi) — Ognsr (xi))z}

The resulting distance scale is set between [0, 1] and {O, g} Since 0 7 ()2 + @ s ()2 + 8y (x)* < 1 Vx € 2,

and given as:

6 sr (xi) * Oy (x7)
2 n

dis (7, R) = " Y arccos | @7 (xi) % Qgr (x:)
i=1

8 sy (i) * Ogusr (i)

Normalization is applied to ensure that distance values are within a limited range. The normalized spherical distance
is given by:

6 ypsr (Xi) * Ogr (x;)

L h s 2
dis (A 7R f) = Zarccos O spsr (i) * Qazsr (x7)
i=1

0 sy (i) * Oogsr (Xi)

Normalization ensures that the distance is within the range [0, 1] where 0 means that the sets are equal, and 1 indicates

maximum dissimilarity. In this case, when the factor o is used, the distance values are undeniably in the range [0, 1]
rather than [0, 7].

* The denormalized distance is 0 < dis (7, /) <n.

« For normalized distance 0 < dis (2%, R%%/) < 1.

These distances can be used to measure indeterminacy degree (6), non-membership degree (¢), and the membership
degree (0) of two spherical fuzzy sets covering the entire discourse universe. Ambiguity exists in many domains, including
risk assessment, fuzzy optimization, and decision making. These distances provide a practical means of evaluating and
comparing variations in spherical fuzzy sets.

Definition 2.9 [26] Given two SFS 7%/ and R%/. On a 5, where Vx € 5 is associated with triplets (8 s (x), @ 57 (%),
and & 7 (x)) for 75 and (Ogq.r (x), Porsr (%), and Sger (x)) for RS/ the following operations are defined:

1. Union:
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max {9%”-‘/’ G%V} ) min{(pji”sf’ (PE)%Sf}v
2T R =

min{\/(l — ((max {6 ., wa})z + (min{@ s, (pmsf})2>, max {8 ., 6msf’}}
2. Intersection:

min {67, Osr b, Max{Q s, Porsr b,
2570w =

max { \/(1 — ((min {65, Gsmf})z + (max {Q s, ‘Pmsf})z), min{8,.r, 59@;'}}

3. Addition:

\/Gﬁﬂsf2 +Og0r” = 005> O, @ s Ponr
(]“fsf fast msf —

\/(1 - Gmxfz) 8%(@/'2 + (1 - emsfz) Smsfz - 5'}(13']'269%#2

4. Multiplication:

6 51 Omsrs /@ apsr® + Posr® — @ s Popss 2
%sf ® RS f—

(1 - (mefz) 5{%.#2 + (l - (ijrfz) amsfz - a;fxfzamsfz

5. Multiplication y > 0:

W’ (Pjiﬂsf # P

m
\/(1 =02, ) = (1= 05> = 8 p5s%)

u =

6. u power of SFS u > 0:

9:”%”#’ 1—(1- ‘P.yfsfz)# ,
(AT =

V=002 = (1= 0,02 = 82,,)"

Definition 2.10 [26] For two SFS 55/ = (0 .1 (x), @5 (x) and 8 ,,.¢r(x)) and R = (Ogssr (x), Pogsr(x), and
Ogs7 (X)), the following properties hold under the condition u, uy, up > 0.
(1) 2 @RS =R @
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() 5 @R = R @ .

B w (AT R = ustst o uRsy .
) Wt S WS = (1 + )7
(5) (%s.f®msf)/*‘:%sfﬂ® msfli.
(6) jfsf”l ® %sfﬁ& — %sf,ul‘ﬂ‘a.

1. Commutativity of addition:
%Sf ® RS f RS f @ %sf
Proof.

%Sf fast E)C{Sf

= {\/nysfz + Gmxfz - etyfsfzemsfz 5 (Pe%asf(,og{sf 5 \/(1 - 6m5f2) 6}()#2 + (1 — e(yﬂrfz) 6msf2 - ayfxfzsmsfz}

mff fast %Yf

= {\/ Oosr” + 651" — Bopor > Oess”  Popos @ ess \/ (1= 6557%) oy + (1= O3s?) 8 p0s” — 59{Sf25,7ﬂf2}

And so, we can say that s#/ @R = R @
2. Commutativity of multiplication:

QR =R @
Proof.

S0 @RS

= {me Oouss \/ Poesr >+ Porsr® = P ypsr> Pouor? \/ (1= Pyror?) 8> + (1= Ppss?) Soper” = 5;zﬂsf25msf2}

msf R %Sf

= {ewf 6 7 \/ Qs+ Qs — Ot Pt \/ (1= @ 0r%) Porssr® + (1= Qs 2) 8 ss” — Smsfza,%"sfz}

And so, we can say that 77/ @R = R @ 257
3. Scalar multiplication with addition:
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u (27 oRY) = pots’ o uRy

Proof.

/,l (%Sf@i)‘isf) = ,Ll {\/G%Jsfz + emjfz - ijxfzemsfz, (pjﬂfsf(pmxf,

\/(1 —Ogus?) 8 + (1= 0,077 B — @fsfz(smsfz}

= {\/1 = (1= (B + O™ = 0,52 005r%) )" @ror Por

\/ (1= (8™ + O™ = 0505577 ) — <1 — (B5r” + Bipsr” = 0,51 Oer )

u
- (1 - em,rfz) 5‘%0#2 - (l - ejfsfz) 593'?702 - 6(%,rf25msf2> }

H%Sf@“.%sf == { 1— (1 —ijsfz)u 9 (ijsfu, \/(I—G%sz)“ — (1 —Gj{)sfz—Sfxfz)u}

@ { \/ 1 - (1 - Gmsfz)u 3 (pmsfu, \/(1 — em.y_fz)u - (1 — emsfz - S%sz)”}

\/1 — (1= 0" 1= (1= )" = (1= (1= 0D ) (1= (1= O0D)").
P pst Pogss s

1= (1= (1-65?)")

_ ((1_9%”#2)”—(1—9%Sf2—59ﬂf2)”)+

1— (1— (1—9%7.;,»2)”)

(1= 6per”)"

(10,02 = 80®) N = (1= 00)" = (1= 0,0~ 8,%) )

u
((1 - emsfz)u - (1 - emxfz - Smxfz) )
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\/1 — (1= 0,52) " (1= Brr™) ", @sr P

= (1 - 6%”_2)“ (1 - Gms.fz)“ — ( (1 - 9%3/'2) - S%SJ'Z)M

(1= By %) — S ™) "

\/1 — (1 — (9%4/'2 + emsfz - G%Sj'zemsf'z))u, (p'%/ﬂsf(pmsf

1— (ee%asfz + emeZ - ee%ﬂsfzemsfz)

(1 — (9%3/2 + Gmsfz - ejfsfzemsfz))u - - (1 — em.rfz) 6%?/”2

— (l — Gﬁmfz) Smsfz + 5%5./?2 Smsfz

And so, we can say that, u (7 @RY) = ust & uRY .
4. Distributivity of scalar multiplication over addition:

A © S = (1 + ).
5. Exponentiation of multiplication:

e QWY = Q) e
Proof.

@)

(1= @oer?) ‘S,sz

= 05 Onr \/ (@osr* + Oorer = Pupss > Pror ™),
— (1= @) Biper” + 8 s Biper”
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8,51 Bogss . \/ (1= (1= (@57 + Qe — 9> Pis?)))

(1= (@or” + Porer> = Ppsr > Popss ) !
N —((1 = (@opsr® + Porss”™ = P s Popsr?) )

— (1= (@oor® + Oorer® = s Prss?) = (1= G ?) S

jfsf H ® msf u

sty A 1= (1= @ s2)], Ogesr ™, /1 — (1 — @ger®)",

n

n

\/(1 — Pyer?)" — (1 — B> — 5W-2)

6 51 Bgrsr ™, \/1 —(1- (ijxfz)n +1—(1- (Pmsfz)n - (1 -(1- ‘P%/sfz)n) (1 —(1—= (Pmsfz)n),

= - (1 - (1= (PERSfZ)n> ((1 — Qo) = (1 — By’ — 5msf2)n)

(10" = (1-0,> = 8,07) ") (1= 030s2)" = (1= O ~ %))

0, O™, 1/ (1= (1= @,5r2)" (1= )"

\/((1 — @52 (1= Qo0 2) T = (1= @r?) 8 esr ™) (1= Piper ) Biper )

65 Ognsr ™, \/ L= (1= (@ + Oopor® = Qs > 0o ?))

(1= (@upsr® + Oorer> — Qs Poror?) )

1— ((P;fsf 2+ (me/”z - %fsz(Pm-vfz) - (1 - <mef2) 5,;@"2 !

- (1 - (Pjg/sfz) 8msf2 + 5%#25%3']"2

And so, we can say that, (7 QR )" =5 @ R,
6. Exponentiation of single SFS:
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%sfﬂl ® %sfﬂz _ %xfﬂﬁrﬂz

Definition 2.11 The score and accuracy functions of SFS:
Score function defined as:

Score () = ( O t1-9 éfsf +1-8 )

1
Score (%”Sf) = §(2+ 0 st — @ ypsr — O ypsr)
Accuracy function defined as:

Accuracy (%”Sf) = G;ﬂfz + (p;f.rfz + 5%#2

Two SFS 575/ and 2%/ is determined as follows:

S0 < R iff:

* Score (%”Sf) < Score (%Sf) or
* Score (%Sf) < Score ( %Sf) and Accuracy ( %”Sf) < Accuracy ( wf).

These functions provide an organized method to evaluate and organize SFS according to them indeterminacy degree

(8), non-membership degree (¢), and the membership degree (0).
Spherical Fuzzy Programming:

Defined as an optimization framework where parameters and/or decision variables are represented using spherical
fuzzy sets, characterized by membership, non-membership, and hesitancy degrees satisfying spherical constraints (Table

3).

Table 3. Mathematical notation

Notation

Transportation cost per unit from source i to destination j

i Transportation cost per unit from source i to destination j for the k" objective
Zy Objective function value for the " objective
6 Membership function
(0} Non-membership function
) Indeterminacy function
0 psr (x) Membership degree of x in .77/
Q51 (X) Non-membership degree of x in 5/
8,57 (X) Indeterminacy (hesitancy) degree of x in .72/
i SFSI
R/ SFS1I
Oggsr Membership degree of x in 91/
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Table 3. (cont.)

Notation
Porsf Non-membership degree of x in R
Ognsf Indeterminacy (hesitancy) degree of x in 9

Cijs Transportation cost per unit for conveyances p, from source i to destination j for the k' objective

S Fixed charge associated with the transportation link between source i and destination j
Xij Amount of first commodity transported from source 7 to destination j
Vij Amount of second commodity transported from source i to destination j
Wi Weight assigned to the & objective in a MOTP
T Deviations variable
u Degree of satisfaction

3. Mathematical model

The traditional TP is extended by the MOTP, in which the distribution and allocation of resources from supply (Y72 | a;)
locations to demand points (¥j_, b;) takes into account multiple competing objectives (XX, Z), where Z; is the k'
objective function, at the same time. Unlike the single objective TP, which only considers minimize transportation costs,
MOTP incorporates additional goals (Zszl ¥ Z;’-:] cij) such as reducing delivery time, increasing customer satisfaction,
reducing environmental impact, or balancing resource utilization. Since these objectives often conflict, a compromise is
required to find a solution that meets all these criteria at an acceptable level. The presence of multiple objectives and the

necessity of balancing them significantly increase the complexity of decision-making in MOTP.

MOTP Model I:

Minimize/Maximize Z; = Y;" | Z?:l CijXij.
Subject to: Z?:] Xij = a;.

YiZixij=Dbj.

x;j>0vVi=1,2...m j=1,2...n,k=1,2...K.

The feasibility condition is Y./, a; = ):;?:1 b;. It is necessary to strike a balance between multiple competing goals
while making decisions across a variety of businesses, which is where the MOTP comes into play as an essential component.
The use of MOTP in urban transportation planning helps to ensure that public transportation systems are efficient by
lowering costs, shortening travel times, and minimizing the negative effects on the environment. When it comes to the
distribution of energy and utilities, it provides assistance in the establishment of power networks that optimize reliability
while simultaneously minimizing costs and energy losses. Through the balance of coverage dependencies, network
latency, and operating expenses, MOTP contributes to the optimization of telecommunications transmission networks.
MOTP is used in e-commerce and retail logistics to optimize delivery routes in order to accomplish the goals of lowering
carbon emissions, enhancing speed, and reducing costs. During times of emergency or disaster, it makes it easier to send
relief supplies to areas that have been impacted in a way that is both efficient and cost savings. In a similar manner,
the management of supply chains makes use of MOTP in order to enhance the reliability of delivery, reduce costs, and
streamline the movement of commodities. MOTP strikes a balance between cost, environmental impact, and recycling
efficiency in the field of waste management. When it comes to agricultural logistics, MOTP helps reduce the amount of
perishable items that are wasted and ensures that they are distributed fairly. MOTP is relied upon by the healthcare industry
to ensure that necessary medical supplies are transported to remote areas in a timely manner and at an affordable cost. Last
but not least, in the field of logistics, it guarantees efficient resource deployment while maintaining a balance between
safety, time, and financial concerns. In order to handle complicated and multi-objective problems that are encountered
in the real world, these examples demonstrate the versatility of MOTP. The STP is generalized as the MOSTP, which
must account for capacity constraints (Y3_, p,) on sources (S;), destinations (D;), and modes of transportation, while
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simultaneously optimizing multiple competing objectives. This model is particularly useful in real-world situations where
decision makers must evaluate trade-offs.

MOSTP Model II:

Minimize/Maximize Z, = Y% ¥ Y5 cijoxij.

Subject to: Z’}:] Zle Xijs = aj.

7y X1 Xijs = bj.

Zlmzl Z?:l Xijs = Ds-

x;j>0vVi=1,2...m, j=1,2...n,k=1,2...K,ands=1,2...8.

The feasibility condition is Y2 a; = Yj_1 bj = Y5_, ps. Itis possible to make use of MOSTP in circumstances when
the planning of logistics incorporates the fulfilment of competing goals. In the context of supply chain management, for
instance, MOSTP is utilized to strike a balance between available capacity constraints, transportation expenses, delivery
timeframes, and carbon emissions. Additionally, this assists in the management of the trade-off between transmission
losses, cost reduction, and supply reliability in the energy distribution industry. The applications of waste management
include preserving the capacity of vehicles and facilities while striking a balance between cost, the efficiency of recycling,
and the influence on the environment. In the context of health care logistics, MOSTP ensures the timely delivery of medical
supplies while minimizing the impact on both the environment and the economy, particularly in the event of an emergency.
In order to maximize resource deployment, it helps strike a balance between cost, speed, and security. The aforementioned
applications demonstrate how MOSTP can be utilized to address difficult and multidimensional decision-making problem
situations.

A fixed cost is charged whenever a shipment is made from a source to a destination, in addition to variable costs
dependent on the quantity delivered. This is known as the FCTP which is an extension of the classical transportation
problem. Compared to the classical transportation problem, this makes the problem nonlinear and more difficult to solve.
In real-world situations were establishing or using a transportation link involves heavy overhead expense, such as opening
a shipping lane or activating a facility, this approach is particularly relevant. Reducing the total cost of transportation,
including:

* Fixed cost: An expense that always occurs when a route is opened or a transportation link is used, regardless of the
quantity delivered.

* Variable cost: Price that depends on how many goods are being transported.

FCTP Model I1I:

Minimize Z = Zyar. cost + ZFixed cost = Z;n:] Z?:] (Cijxij + i%](@l])

Subject to: Z’}zlx,-j =aq;, ):;"zlxij = bj7 Xjj > ovi=1,2...m,j=1,2...n.

((ol-j:0, ifxij:O

@i =1, if xij >0

The feasibility condition is ;" | a; = Z?:l b;.
The FCTP comment by Balinsky [3] is an important piece of information to resolve this issue. According to observation,
there is an ideal solution for the relaxed form of FCTP, where integer bounds on £;; are relaxed with the following property:

e T
ﬁj =i min (a,‘, b])

In addition to variable cost based on volume of transport MOFCTP add fixed cost for each route used, expanding
the MOTP. The quantity of the product is represented by x;; the factor coefficient corresponding to the objective Z; for
transporting one unit of the product is represented by c;; and the fixed cost .%;; associated with using the route corresponds
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to the objective Z; is vehicle, transportation cost and damage cost upon arrival from source i to destination j. The supply,
or what is available at source S; and the demand D; required at destination j are represented by a; and b; respectively. This
problem, which has several goals including minimizing transportation time and cost, is modelled using binary variables (0
or 1) for f;; which represent continuous decision variables for route usage and transportation volume. In this case, ;; is
defined as a function with ;; = 1 if x;; > 0 and otherwise ;; = 0.

MOFCTP Model 1V:

Minimize Zy = Zyay. cost + ZFixed cost = szzl Z?:l (C,'jxij + %]ﬁ])

Subject to: Z;lexij =a;, Y xij=bj,x;j>0Vi=1,2...m,j=1,2...n,k=1,2...K.

ij = 0, if Xij = 0
#,j =1, if x;; > 0 (if goods are transported from i to j)

Those in charge of making decisions in a variety of different industries are required to strike a balance between
many conflicting objectives while also taking into consideration the fixed costs connected with new transportation routes.
This issue is commonly referred to as the MOFCTP. Within the realm of supply chain management, it assists firms in
determining the most cost-effective routes and warehouse activations, all while maintaining a balance between efficiency
and sustainability. In order to minimize the expenses of operation and the negative effects on the environment, MOFCTP
optimizes the layouts of power plants and transmission lines located within energy distribution networks. MOFCTP, in
a similar fashion, helps enhance latency and quality of service in the field of telecommunications while also decreasing
costs associated with network setup and maintenance. In the context of urban transportation systems, MOFCTP provides
assistance in the design of optimal bus or metro networks, the reduction of travel times and operation costs, and the
promotion the sustainability of the environment. This strategy is also utilized in the field of disaster relief logistics,
where it is utilized to rapidly establish warehouses and transportation routes. This helps to guarantee the prompt delivery
of necessary products while simultaneously lowering the costs of both setup and operation. MOFCTP is utilized by
waste management companies in order to optimize collection routes and facility activations, which ultimately results in
a reduction in fees and emissions associated with transportation. Within the realm of e-commerce logistics, it assists
firms in determining efficient delivery routes and warehouse arrangements, which in turn helps to reduce the amount
of time and money spent on delivery, as well as the influence that they have on the environment. In the end, MOFCTP
optimizes the transportation of perishable items in agricultural product distribution, hence lowering the negative effects on
the environment, financial costs associated with transportation, and the amount of time that perishable goods are wasted.
Due to the fact that MOFCTP takes into account fixed setup costs and optimizes several performance measurements, it
becomes possible to allocate resources in a more efficient manner across all of these applications.

TOPSIS is a MCDM technique that ranks alternatives based on their proximity to the best alternative, or ideal solution,
and the worst alternative, or negative-ideal solution. The process begins by creating a decision matrix containing criteria
and options. To ensure comparability, the metrics are then normalized. Each normalized value is subsequently weighted
according to the importance of the corresponding criterion. Then, the negative-ideal solution is identified as the worst value,
while the ideal solution is identified as the best value for each criterion (minimum for the cost criterion and maximum for
the benefit criterion). The Euclidean distance between each alternative and both the ideal [;" and negative-ideal [;. The
solutions are then calculated. The relative proximity of each alternative to the ideal alternative is computed, and these
values are used to rank the options, with larger values indicating better choices. TOPSIS is widely preferred due to it is
simplicity and ability to account for both positive and negative aspects of the selection criteria; however, it is sensitive to
the normalization process and requires precise weighting for criteria.
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In order to address the MOTP problem while taking into account a number of different items or commodities, the
approach that the authors have proposed features a comprehensive framework. A number of aspects of both the STP and
the FCTP are incorporated into this framework. The authors hope that by utilizing this strategy, they will be able to address
the complexity that exists in the actual world by optimizing numerous objectives while also taking into consideration
practical limits such as fixed costs, various item distributions, and routing capabilities. The authors have used a spherical
fuzzy optimization framework with a ranking technique to steer decision makers toward optimal solutions by the process
of balancing various objectives, which are frequently in conflict with one another. This allows us to tackle the inherent
complexities that are present in real transportation systems. When it comes to dealing with transportation features that are
unpredictable or imprecise, such as variable costs, uncertain demand, or varying capacity, this technique is very useful.

Proposed Model V

Pseudo code of proposed algorithm

! Decision variables;

MAXIMIZE: )

P B8 TR (cigijs £ ijsijs) — X Koy X5y iy (cigigs + i)™ ]
Py X By T (ctjsis - sisaiis) " = Tily Tijmy Xy T (cijsijs +sijsaiis) " |
! Constraints;
@FOR (SOURCES(i):
@FOR (CAPACITY (s):
@SUM (DESTINATIONS(j), WEIGHTS (k): x;js=ai;
)i

1/ o

);
@FOR (SOURCES(i):
@FOR (CAPACITY (s):

@SUM (DESTINATIONS(j), WEIGHTS (k): yijs=ai;
);
);
@FOR (DESTINATIONS(j):

@FOR (CAPACITY (s):

@SUM (SOURCES(i), WEIGHTS (k): x;js=b;;
);
);
@FOR (DESTINATIONSj):

@FOR (CAPACITY (s):

@SUM (SOURCES(i), WEIGHTS (k): y;js=b;;
);
);
@FOR (CAPACITY (s):

@SUM (SOURCES(i), DESTINATIONS(j), WEIGHTS (k): x;js=ps;
);
@FOR (CAPACITY (s):

@SUM (SOURCES(i), DESTINATIONS(j), WEIGHTS (k): yijs=ps;
);
@FOR (SOURCES(i):

@FOR (DESTINATIONS():

@FOR (CAPACITY (s):

©,j= 1 @BND (@SUM (WEIGHTS (k): x;;> 0);

)
);
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);
! Weight constraints;
@SUM (WEIGHTS (k): wy= 11,
@FOR (WEIGHTS (k): 0 <w;< 1);
! Fixed charge constraints;
SUM (SOURCES, DESTINATIONS, CAPACITIES, WEIGHTS:
(clyigs+ss) SZ7+(1-wy);
SUM (SOURCES, DESTINATIONS, CAPACITIES, WEIGHTS:
(Cf,;yxijs%%jsﬁjs) + (2" -2%)>=2;
! Bounds;
@FOR (SOURCES(i):
@FOR (DESTINATIONS(j):
@FOR (CAPACITY (s):
@FOR (WEIGHTS (k):
Xijs, Vijs=> 0;

);

);
);
! U constraints;
O<p<l
END
Maximize

k
(Cijsxijs + Lijs#ijs)

Wk

Min

Max

m n S K
k k
(ciis¥ijs +Fisdiis) = 2 X X Y (ciiokijs +ijs ijs)

i=1 j=1s5=1k=1

Subject to:

(ngE
e
M=

(Ci'(jsxijs + Ljs2js) <2+ (1 —wy)

Il
—
~.
=
©
Il
—
~
I
—_

M=
M
M=

(Ci'(jsxijs + ejﬂijspijs) + (Z% _Ziﬂ) < 7%

I
—
~.
-
o
I
-
~
Il
—_
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n S
Z lejs_ala szus =bj, Z th]s = Ps

j=ls=1 i=1s= i=1j=

n S m
Z Zyz/s—an ZZ}’us = bj, Z ZYIJS—Ps

j=ls=1 i=1s= i=1j=
K
Y wi=1,0<w <1Vk=1,2..K,0<u<1,7>0

Xijs,Yijs, 20 Vi=1,2...m, j=1,2...n, k=1,2...K and s=1,2...§

(@j:07 ifx,-j:O

(@jZI, ifx,'j>0

By utilizing this strategy, strategic planning can be accomplished under settings that are unpredictable and dynamic,
while simultaneously improving operational efficiency and cost-effectiveness. There are numerous real-world applications
for the strategy that was described, which span a variety of fields. It is possible to use it to supply chain optimization in order
to strike a balance between delivery time, cost, and environmental concerns, which will result in the creation of effective
logistics networks for many items. In addition, it helps with the distribution of resources in urban transportation planning
by taking into consideration route capacity and fixed costs. These resources include things like food, gasoline, and medical
supplies. This is especially important in the field of humanitarian logistics, where it ensures the effective distribution
of essential products such as food, water, and medical supplies to areas that have been devastated by a disaster. It also
maximizes coverage and decreases delivery delays. This strategy is also well-suited for retail and online commerce, since it
allows for the efficient distribution of various items at a low cost, while simultaneously boosting customer satisfaction and
ensuring that deliveries are made on time. In the context of energy distribution networks, it optimizes the transmission of
various energy sources, such as gas, coal, and renewable energy, across areas while taking into consideration the impact on
the environment and the fixed costs of setting up the network. By taking into account the complexities and uncertainties of
these scenarios, the proposed methodologies provide decision makers with assistance in locating solutions for transportation
systems that are not only feasible but also cost-effective and environmentally friendly.

3.1 Solution process for solving the proposed approach (MOSFCTP using SFN (shown in Figure
6)

Step 1: Start the Process.

Start with the initialization of the problem and the parameters needed to solve it.

Step 2: Solve the SFNs.

Solve SFNs using appropriate methods or techniques to handle implicit uncertainty. This will give us a representation
of the uncertainty in the decision-making process.

Step 3: Convert the SFNs to a crisp value.

Once the SFNs is resolved, convert it to a crisp value using appropriate defuzzification methods (score function).
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Figure 6. Solution framework for multi-item MOFCSTP

Step 4: Resolve the FCTP.

Solve the FCTP by using optimization methods to determine the optimal transportation plan, by obtaining a cost as
the objective function value.
Step 5: Solve the STP.

Next, solve the STP which involves calculating transportation costs considering capacity transportation constraints.
Step 6: Find ideal and anti-ideal values for each objective.
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Based on the results of the previous steps, determine the ideal (best possible) and anti-ideal (worst possible) values
for each objective in the MOFCSTP.

Step 7: Apply the Proposed Model.

Apply the proposed model that integrates both fixed charge and solid transport components. It should consider various
objective criteria.

Step 8: Assign a weight to each objective.

Weight each objective based on its importance, as defined by the Decision Maker (DM). The weights reflect the
relative priority of each objective in the optimization process.

Step 9: Check the DM’s Satisfaction.

Evaluate the results and present them to the decision maker. If the DM is satisfied with the results, proceed to step 10
and stop the process.

Step 10: If not satisfied, return to previous steps.

If the decision maker is not satisfied, revisit the previous steps, adjusting the model, weights, or other parameters to
refine the solution until satisfaction is achieved.

Step 11: Stop the Process.

Once the DM is satisfied with the result, terminate the algorithm and finalize the solution.

4. Illustrative scenario

Take into consideration a multi-objective transportation problem that involves the transfer of two different commodit-
ies, x;; and y;; (for example, food and pharmaceuticals), from three different sources (81, 82, S3) to four different destinations
(D1, Dy, D3, Dy). According to the information presented in the Appendix (Tables A1-A6), the shipment is comprised
of two different goods and employs two distinct conviction levels. From the three separate sources, the supply amounts
of the first item are in the following order: 85, 45, and 95 units, respectively. Seventy-two, fifty, sixty, and forty-three
units are the required quantity of this item across all four locations, respectively. In a similar manner, the second item
is supplied by three different sources, with 78, 62, and 50 units available, but the demand for it across the four different
destinations is 55, 70, 30, and 35 units, respectively. For this particular situation, the objective is to minimize the three
competing goals, which are the cost of transportation (Z;), the amount of time (Z,), and the amount of damage (Z3). In
order to take into consideration, the ambiguity and inaccuracy that are present in the data, the model utilizes spherical
fuzzy numbers. Depending on the source-destination pair and the type of object, the prices of transportation, the amount of
time required, and the potential damage costs for each item are different. In addition, there are two capacity restrictions
(p1 =225 and py = 190) included in the transportation routes in order to guarantee that there is a connection between the
origins and the destinations of the transportation routes. In order to achieve the goal of finding the ideal transportation
strategy that effectively balances these three objectives, the purpose is to ensure that demand at each place is met while
simultaneously minimizing overall costs, time, and damage across all routes.

Now, the score function is used to solve SFS and provide a crisp value from SFNs:

Score () = <9 e F 1= @y +1=8 4y >
3
1
Score () = §(2+ O st — O st — O psr)

This approach combines the indeterminacy degree (8), non-membership degree (¢), and the membership degree ()
to produce a crisp value (as shown in Appendix (Tables A7-A12)) for informed decision-making.
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To solve the FCTP formulation (presented in Tables 4-6), the objective is to minimize the total cost incurred, which

includes both fixed charges and variable costs.

Table 4. Data on crisp transportation cost Z; for item 1 and item 2 under different conviction levels

D, D, D; Dy
Conveyance = 1
Item=1 Item =2 Item=1 Item =2 Item=1 Item =2 Item =1 Item =2
S1 0.677 0.607 0.84 0.559 0.613 0.822 0.565 0.749
S 0.413 0.508 0.547 0.678 0.812 0.548 0.410 0.613
S3 0.506 0.482 0.741 0.41 0.67 0.517 0.539 0.681
D D D D.
Conveyance = 2 ! 2 ’ N
Item =1 Item =2 Item =1 Item =2 Item =1 Item =2 Item =1 Item =2
S1 0.43 0.55 0.63 0.5 0.67 0.83 0.67 0.67
S 0.47 0.6 0.53 0.8 0.55 0.57 0.47 0.47
S3 0.6 0.47 0.5 0.57 0.53 0.6 0.4 0.4

Table 5. Data on crisp transportation time Z; for item 1 and item 2 under different conviction levels

D, D, D; Dy
Conveyance = 1
Item =1 Item =2 Item =1 Item =2 Item=1 Item =2 Item =1 Item =2
S1 0.836 0.484 0.511 0.6118 0.61 0.85 0.715 0.545
S 0.541 0.408 0.610 0.511 0.411 0.692 0.56 0.543
S3 0.805 0.742 0.679 0.646 0.408 0.497 0.813 0.411
D, D, D3 Dy
Conveyance = 2
Item =1 Item =2 Item =1 Item =2 Item =1 Item =2 Item=1 Item =2
S1 0.6 0.67 0.55 0.83 0.8 0.6 0.73 0.55
S 0.5 0.4 0.67 0.53 0.53 0.8 0.6 0.4
S3 0.47 0.5 0.4 0.73 0.5 0.66 0.67 0.53

Table 6. Data on crisp damage cost Z3 for item 1 and item 2 under different conviction levels

D, D, Ds Dy
Conveyance = 1
Item =1 Item =2 Item =1 Item =2 Item =1 Item =2 Item =1 Item =2
S1 0.481 0.810 0.81 0.539 0.678 0.743 0.416 0.849
S 0.383 0.540 0.687 0.510 0.414 0.69 0.543 0.492
S3 0.407 0.613 0.54 0.482 0.611 0.424 0.713 0.385
D D, D3 Dy
Conveyance = 2
Item =1 Item =2 Item=1 Item =2 Item=1 Item =2 Item=1 Item =2
M 0.8 0.83 0.83 0.5 0.6 0.6 0.53 0.7
S 0.47 0.53 0.73 0.6 0.67 0.4 0.47 0.55
S3 0.6 0.8 0.8 0.67 0.83 0.4 0.4 0.8
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5. Results and discussion
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The performance of the three models (Proposed, Joshi, and WSM) varies significantly depending on how the objectives
are weighted. Different weight parameters (wy, w,, and ws for Z;, Z,, and Z3, respectively) were applied to evaluate each
model. Table 7 presents the results, showing the objective function output at different weight settings for each model. This
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presentation facilitates understanding of which objective is prioritized and how effectively each model performs in various
decision-making scenarios.

Table 7. Comparison of objective function for different weight combinations and decision scenarios in different models

. Proposed Model Joshi’s Model WSM Model
Weight

Z Z Z3 Z Z Z3 Z Z Z3

0.1,09,0.0 222.12 208.76 237.37 227.22 210.7 255.6  222.66  208.15 251.26
0.2,0.8,00 22212 208.76 232.11 223.78 213.87 25586 21993  208.66 251.26
0.3,0.7,0.0 223.02 213.74 230.4 222.66 217.05 26484 21251 210.96 232.64
04,0.0,0.6 21899 226.94 214.93 229.27 236.87 202.07 233.52 271.03 225.69
0.5,0.0,0.5 21899 226.94 219.92 224.37 231.85 216.12 218.72 271.84 225.69
0.6,0.0,04  210.78 231.43 225.18 219.61 226.98 2273 20993 253.46 232.38
0.0,0.3,0.7  219.43 226.79 210.23 233.97 241.68 199.41  266.03 24558 225.46
0.0,0.2,0.8  220.61 228.00 205.57 240.33 248.19  199.41  266.03 24558 223.75
0.0,0.1,0.9  233.59 241.29 200.6 247.6 255.63  195.04  260.58  268.92 210.54
03,03,04 21943 226.79 218.29 225.97 23349 223.84 22358 224.73 225.46
03,04,03  223.65 214.14 222.14 222.19 229.62  232.64 223.02 213.74 231.9
04,03,03 21899 226.94 221.85 222.48 22991 23484 21347  220.49 225.6
Average 220.977  223.3767 219.8825  228.2875 231.32 22558 230.83 236.93  230.1433

Ideal 199.59 206.48 195.14 199.59 20648 19514 199.59  206.48 195.14

Anti-Ideal 260.58 268.91 288.33 260.58 268.91 28833  260.58 26891 288.33

Z; (primary objective): With an average of 220.98, the proposed model consistently provided values that were closest
to the optimal value for Z;. This outcome shows that the model can achieve this goal while showing comparatively strong
performance over the other two across a variety of weight combinations. In instances where Z; is weighted adequately
(w; =0.1, wo = 0.9, and w3 = 0.0) the model performed remarkably well, providing one of the lowest Z; values compared
to other models. There is still room for growth to get closer to the ideal value. Z; (primary objective): With an average of
228.29, Joshi’s model performed somewhat worse than the proposed model for Z;. This suggests that in situations where
minimizing Z; is important, the model may not be as appropriate. For most weight combinations, the model produces
greater values for Z;, especially when Z; is assigned a lower weight. For different optimization goals, the Joshi model
remains a good choice, despite its poor performance for Z;. Z, (secondary objective): The average performance of the
proposed model for Z, is 223.38, which is reasonably consistent. This model, while not the greatest, performs competitively
in most weight combinations. This shows that although the proposed model effectively prioritizes Z;, it performs less well
for Z,, especially when Z, is given high importance in the decision-making process (w; = 0.2, wp = 0.8, and w3 = 0.0)
(show in Figure 7). In terms of stability and preventing significant deviations from the norm, it outperforms Joshi’s model.

Z, (secondary objective): Joshi’s model had the best performance for this objective, minimizing Z, with an average
value of 231.32. This is especially noticeable when Z, was assigned high weights (w; = 0.0, wy = 0.3, and w3 = 0.7)
(show in Figure 8). A compromise between balancing all objectives and optimizing for one is highlighted by the fact that
this success comes at the cost of reduced performance for primary and secondary objectives.
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Figure 7. Impact of weight distribution on transportation cost Z; across different methods (proposed model, Joshi’s model, WSM, optimal and anti-ideal
value)
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Figure 8. Impact of weight distribution on transportation time Z; across different methods (proposed model, Joshi’s model, WSM, optimal, and anti-ideal
value)

Z3 (third objective): The proposed model had the best balance between different weights of Z3, averaging 219.88.
The results were quite close to the optimal value of 195.14, especially for weight combinations in which Z3 was either
medium or low weight. For this purpose, the proposed model performed most consistently compared to other models
(shown in Figure 9). Z3 (third objective): Joshi’s model performed the worst for Z3 with an average score of 225.58. The
model’s performance for Z3 was consistently better than the other models, suggesting that Joshi’s model biases the findings
in favour of Z3, resulting in inferior performance for Z3 when all three objectives are considered. This is still a good choice
when Z3 optimization is more important.
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Figure 9. Impact of weight distribution on damage cost Z3 across different methods (proposed model, Joshi’s model, WSM, optimal, and anti-ideal
value)

When compared to earlier models, the suggested model has a superior performance for Z; with average values of
220.98, which is relatively near to the number that is considered to be optimal, which is 199.59. Although the WSM model
also performs well, Joshi’s model produces somewhat greater numbers, which indicates that it performs less perfect in
terms of the primary purpose. The WSM model (236.93) and the model given for Z, (223.38) are both outperformed by
Joshi’s model, which demonstrates the best average value of 231.32 among comparable models. On the other hand, the
WSM model generates results that are more consistent across a variety of weights, which makes it an appealing option in
circumstances when decision consistency is of utmost importance. The proposed model has a good overall performance
for Z3, with an average of 219.88, which is relatively near to the value that is considered to be ideal, which is 195.14. The
WSM model and the Joshi model both have high numbers; the Joshi model consistently generates values around 230.14,
which indicates that it has a tendency to target upside to a higher extent than other models. Particularly with regard to Z;
and Z3, the performance of the suggested model was significantly closer to the values that were ideal. Since this is the
case, it suggests that it might produce superior results in optimization problems where it is necessary to minimize Z; and
Z3. Additionally, its performance across all load combinations demonstrates that it is capable of achieving an acceptable
balance between the three goals. Joshi’s model performed extraordinarily well for Z,, but it drifted much further from the
ideal for Z; and Z; than it did for Z,. It is possible that the performance of the model could be improved provided that the
objectives were more evenly distributed. On the other hand, when this objective is of greater significance, the Z, is an
outstanding alternative due to the superb performance it offers. It was proved that the WSM model is effective in restricting
non-ideal results, particularly for Z,, by the fact that it maintains a consistent distance from anti-ideal values. The stability
of the WSM model is advantageous, particularly in practical applications that demand the capability to make decisions in a
reliable manner. When all factors are taken into account, the suggested model has the best overall performance, taking
into account the equilibrium of all three objectives, particularly for Z; and Z3. Despite the fact that Joshi’s model is quite
good at maximizing Z;, it is not as well balanced when other goals are taken into consideration. Although it is somewhat
less efficient for Z; and Z3, the WSM model may be more dependable in certain decision-making circumstances due to its
stable and consistent performance across all objective functions. This is despite the fact that it is slightly less efficient for
Z1 and Z3. In subsequent study, it may be possible to examine making tweaks to the model in order to further improve its
equilibrium for specific weight combinations. Model selection in real-world applications will be heavily influenced by
the relative relevance of each target, which will play a significant role. For instance, the proposed model would be most
appropriate for use in the optimization of transportation or logistics when time and cost (represented by Z; and Z3) are
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essential needs. As an alternative, Joshi’s model might be a more suitable option for supply chain optimization in situations
where resource allocation Z; is of significant importance.

6. Conclusion

The study comes to a conclusion by resolving the difficulties associated with DM in dynamic and complex logistics
networks. This is accomplished by establishing a robust MOSTP that takes into account the adaptability of multi-commodity
flows, fixed charges, and SFNs. The approach that has been offered provides enhanced customer happiness and reliable
service by efficiently balancing any competing goals, such as minimizing the costs of transportation, the amount of time
it takes to deliver the product, and fixed costs. The versatility and practical utility of this method is demonstrated by its
application to real-world scenarios, such as the allocation of resources, the distribution of products in metropolitan areas,
and the management of supply chains under instances of uncertainty. This methodology enhances both the operational
efficiency and the outcomes of decision-making by providing decision-makers with the ability to systematically prioritize
and ensure that objectives are balanced through the utilization of ranking tools. The suggested model exceeds the current
technique, as demonstrated by the comparison study, which reveals that it achieves 91% efficiency in ranking, beating
Joshi’s model by 70% and the WSM model by 57%, and coming close to the optimal performance of 100% (as shown in
Table 8 and Figure 10). Through the generation of solutions that are extremely close to the ideal value, the MOFCSTP
that has been proposed has proven to be quite advantageous across a wide range of sectors. Through the incorporation of
fixed charges, multi-commodity flows, and uncertainties, this model offers decision makers options that are dependable,
cost-effective, and flexible in order to address actual logistics difficulties.

Table 8. Comparative performance analysis of objective function models based on ideal, anti-ideal values and ranking

Method Z Z> Z3 % Rank
WSM Model 230.83 236.92 230.14 57% 4
Joshi’s Model 228.28 231.32 225.58 70% 3

Proposed Model 220.97 223.37 219.88 91% 2
Ideal-Value 199.59 206.48 195.14 100% 1
Anti Ideal-Value 260.58 268.91 288.33 0 5
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Figure 10. Ranking framework for multi-item MOFCSTP
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Appendix

Table Al. Spherical fuzzy transportation cost Z; and fixed charge parameters for item 1 under different conviction levels

Conveyance = 1 D D, D3 Dy
B cij (0.5,0.3,0.2) (0.75, 0.25, 0) (0.4,0.4,0.2) (0.33,0.33,0.34)
1
S (0.33, 0.34, 0.33) (0.25,0.5,0.25) (0.75,0.15,0.1) (0.5,0.25,0.25)
s cij (0.1, 0.6, 0.3) (0.3,0.5,0.2) (0.7,0.2,0.1) (0.1, 0.45, 0.45)
2
i (0.4,0.4,0.2) (0.7,0.2,0.1) (0.35,0.35,0.3) (0.2,0.3,0.5)
g cij (0.25,0.25,0.5) (0.6,0.3,0.1) (0.5,0.4,0.1) (0.3,0.4,0.3)
3
S (0.2,0.3,0.5) (0.35,0.35,0.3) (0.4,0.3,0.3) (0.1, 0.6, 0.3)
Conveyance =2 D, D, D3 Dy
S1 (0.15, 0.5, 0.35) (0.45,0.45,0.1) (0.5, 0.25, 0.25) (0.5,0.4,0.1)
S (0.2,0.5,0.3) (0.3,04,0.3) (0.33, 0.34, 0.33) (0.2,0.3,0.5)
S3 (0.4,0.5,0.1) (0.25, 0.4, 0.35) (0.3,0.4,0.3) (0.1, 0.45, 0.45)

Table A2. Spherical fuzzy transportation cost Z; and fixed charge parameters for item 2 under different conviction levels

Conveyance = 1 D, D, D3 Dy
s cij (0.4,0.3,0.3) (0.33, 0.33,0.34) (0.7,0.2,0.1) (0.6,0.3,0.1)
1
S (0.15, 0.5, 0.35) (0.45,0.45,0.1) (0.5,0.25,0.25) (0.5,0.4,0.1)
s cij (0.25,0.25,0.5) (0.5,0.4,0.1) (0.3,0.3,0.4) (0.4,0.35,0.25)
2
i (0.2,0.5,0.3) (0.3,0.4,0.3) (0.33,0.34, 0.33) (0.2,0.3,0.5)
s cij (0.2,0.7,0.1) (0.1, 0.3, 0.6) (0.25,0.5,0.25) (0.5, 0.25,0.25)
3
Zij (0.4,0.5,0.1) (0.25, 0.4, 0.35) (0.3,04,0.3) (0.1, 0.45, 0.45)
Conveyance =2 D, D, D3 Dy
M (0.33, 0.34, 0.33) (0.25,0.5,0.25) (0.75,0.15,0.1) (0.5, 0.25,0.25)
S» (0.4,0.4,0.2) (0.7,0.2,0.1) (0.35,0.35,0.3) (0.2,0.3,0.5)
S3 (0.2,0.3,0.5) (0.35,0.35,0.3) (0.4,0.3,0.3) (0.1, 0.6, 0.3)
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Table A3. Spherical fuzzy transportation time Z, and fixed charge parameters for item 1 under different conviction levels

Conveyance = 1 D, Dy D; Dy
s cij (0.75, 0.25, 0) (0.25,0.75, 0) (0.4, 0.25, 0.35) (0.55,0.3,0.15)
1
S (0.25,0.75, 0) (0.35,0.35,0.3) (0.4, 0.25, 0.35) (0.5,0.4,0.1)
s cij (0.3,0.5,0.2) (0.4,0.3,0.3) (0.1,0.4,0.5) (0.33, 0.34, 0.33)
2
i (0.3,0.2,0.5) (0.2,0.7,0.1) (0.3,0.4,0.3) (0.15, 0.3, 0.55)
s cij (0.7,0.2,0.1) (0.5,0.3,0.2) (0.1, 0.3, 0.6) (0.7,0.1,0.2)
3
S (0.1, 0.3, 0.6) (0.2,04,0.4) (0.25,0.75, 0) (0.4,0.35,0.25)
Conveyance = 2 D, D, D; Dy
S1 (0.4,0.3,0.3) (0.33,0.33, 0.34) (0.7,0.2,0.1) (0.6,0.3,0.1)
Sh (0.25,0.25,0.5) (0.5,0.4,0.1) (0.3,0.3,0.4) (0.4, 0.35,0.25)
S3 (0.2,0.7,0.1) (0.1, 0.3, 0.6) (0.25,0.5,0.25) (0.5,0.25,0.25)

Table A4. Spherical fuzzy transportation time Z, and fixed charge parameters for item 2 under different conviction levels

Conveyance = 1 D, D, D3 Dy
s cij (0.2,0.3,0.5) (0.4,0.25,0.35) (0.75,0.15, 0.1) (0.3,0.3,0.4)
1
S (0.7,0.2,0.1) (0.75,0.15,0.1) (0.4, 0.25, 0.35) (0.3,0.5,0.2)
s cij (0.1,0.45, 0.45) (0.25,0.75, 0) (0.5,0.25,0.25) (0.3,0.2,0.5)
2
S (0.2,0.5,0.3) (0.6,0.1,0.3) (0.5,0.4,0.1) (0.2,0.5,0.3)
s cij (0.6,0.3,0.1) (0.45,0.45,0.1) (0.2,0.3,0.5) (0.1, 0.3, 0.6)
3
i (0.4,0.35,0.25) (0.7,0.1,0.2) (0.75, 0.1, 0.15) (0.1, 0.45,0.45)
Conveyance = 2 D, D, D3 Dy
M (0.5,0.3,0.2) (0.75,0.25, 0) (0.4,0.4,0.2) (0.33,0.33,0.34)
S (0.1, 0.6, 0.3) (0.3,0.5,0.2) (0.7,0.2,0.1) (0.1, 045, 0.45)
S3 (0.25,0.25,0.5) (0.6,0.3,0.1) (0.5,0.4,0.1) (0.3,0.4,0.3)
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Table AS. Spherical fuzzy damage cost Z3 and fixed charge parameters for item 1 under different conviction levels

Conveyance = 1 D Dy Ds Dy
s cij (0.2,0.3,0.5) (0.7,0.2,0.1) (0.5,04,0.1) (0.1, 0.45, 0.45)
1
S (0.7,0.2,0.1) (0.25, 0.4, 0.35) (0.3,0.2,0.5) (0.55,0.15,0.3)
S cij (0.1,0.25,0.75) (0.5,0.4,0.1) (0.1, 0.3, 0.6) (0.3,0.5,0.2)
2
i (0.4,0.3,0.3) (0.7,0.1,0.2) (0.5,0.25,0.25) (0.4, 0.25,0.35)
s cij (0.1, 0.6, 0.3) (0.3,0.5,0.2) (0.4, 0.25, 0.35) (0.55,0.3,0.15)
3
S (0.35, 0.3, 0.35) (0.25,0.75, 0) (0.5,0.1,0.4) (0.34, 0.33, 0.33)
Conveyance = 2 D D, D3 Dy
M (0.7,0.2,0.1) (0.75, 0.15, 0.1) (0.4, 0.25,0.35) (0.3,0.5,0.2)
S (0.2,0.5,0.3) (0.6,0.1,0.3) (0.5,0.4,0.1) (0.2,0.5,0.3)
S3 (0.4,0.35,0.25) (0.7,0.1,0.2) (0.75, 0.1, 0.15) (0.1, 0.45,0.43)

Table A6. Spherical fuzzy damage cost Z3 and fixed charge parameters for item 3 under different conviction levels

Conveyance = 1 D, D, D3 Dy
g cij (0.7,0.2,0.1) (0.3,0.5,0.2) (0.6,0.3,0.1) (0.75, 0.1, 0.15)
1
S (0.34, 0.33, 0.33) (0.5, 0.5, 0.0) (0.1, 0.45, 0.45) (0.5,0.4,0.1)
s cij (0.3,0.2,0.5) (0.25,0.4,0.35) (0.5,0.1,0.4) (0.2,0.3,0.5)
2
S (0.4,0.3,0.3) (0.5, 0.25, 0.25) (0.4, 0.25,0.35) (0.7,0.2,0.1)
s cij (0.4,0.5,0.1) (0.2,0.3,0.5) (0.1,0.2,0.7) (0.1, 0.25, 0.75)
3
i (0.5,0.4,0.1) (0.4,0.3,0.3) (0.6, 0.1, 0.3) (0.3,0.4,0.3)
Conveyance = 2 Dy D, D3 Dy
S1 (0.75, 0.25, 0) (0.25,0.75, 0) (0.4,0.25,0.35) (0.55,0.3,0.15)
S> (0.3,0.5,0.2) (0.4,0.3,0.3) (0.1,0.4,0.5) (0.33, 0.34, 0.33)
S3 (0.7,0.2,0.1) (0.5,0.3,0.2) (0.1, 0.3, 0.6) (0.7,0.1,0.2)
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Table A7. Data on crisp transportation cost Z; for item 1 under different conviction levels

Conveyance = 1 Dy D, Ds3 Dy
s cij 0.67 0.83 0.60 0.55
1
S 0.55 0.50 0.83 0.67
cij 0.40 0.53 0.80 0.40
S> X
S 0.60 0.80 0.57 0.47
Cij 0.50 0.73 0.66 0.53
S3 /
' H 0.47 0.57 0.60 0.40
Conveyance = 2 D, D, D3 Dy
S1 0.43 0.63 0.67 0.67
S 0.47 0.53 0.55 0.47
S3 0.60 0.50 0.53 0.40

Table A8. Data on crisp transportation cost Z; for item 2 under different conviction levels

Conveyance = 1 Dy D, D3 Dy
cij 0.60 0.55 0.80 0.73

N
S 0.43 0.63 0.67 0.67
s cij 0.50 0.67 0.53 0.60

2
S 0.47 0.53 0.55 0.47
cij 0.47 0.40 0.50 0.67

S3 ’

S 0.60 0.50 0.53 0.40
Conveyance = 2 D, D, D3 Dy
S1 0.55 0.50 0.83 0.67
S 0.60 0.80 0.57 0.47
S3 0.47 0.57 0.60 0.40
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Table A9. Data on crisp transportation time Z; for item 1 under different conviction levels

Conveyance = 1 Dy D, Ds3 Dy
cij 0.83 0.50 0.60 0.70
N
S 0.50 0.57 0.60 0.67
S cij 0.53 0.60 0.40 0.55
2
S 0.53 0.47 0.53 0.43
Cij 0.80 0.67 0.40 0.80
S3 /
' H 0.40 0.47 0.50 0.60
Conveyance = 2 D, D, D3 Dy
S1 0.60 0.55 0.80 0.73
S 0.50 0.67 0.53 0.60
S3 0.47 0.40 0.50 0.67

Table A10. Data on crisp transportation time Z, for item 2 under different conviction levels

Conveyance = 1 Dy D, D3 Dy
g Cij 0.47 0.60 0.83 0.53
1
S 0.80 0.83 0.60 0.53
s cij 0.40 0.50 0.67 0.53
2
S 0.47 0.73 0.67 0.47
Cij 0.73 0.63 0.47 0.40
S3 ’
S 0.60 0.80 0.83 0.40
Conveyance = 2 D, D, D3 Dy
S1 0.67 0.83 0.60 0.55
S 0.40 0.53 0.80 0.40
S3 0.50 0.73 0.66 0.53
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Table A11. Data on crisp damage cost Z3 for item 1 under different conviction levels

Conveyance = 1 Dy D, Ds3 Dy
s cij 0.47 0.80 0.67 0.40
1
S 0.80 0.50 0.53 0.70
S cij 0.37 0.67 0.40 0.53
2
S 0.60 0.80 0.67 0.60
cij 0.40 0.53 0.60 0.70
S3
S 0.57 0.50 0.67 0.56
Conveyance = 2 D, D, D3 Dy
M 0.80 0.83 0.60 0.53
S 0.47 0.73 0.67 0.47
S3 0.60 0.80 0.83 0.40

Table A12. Data on crisp damage cost Z3 for item 2 under different conviction levels

Conveyance = 1 Dy D, D3 Dy
cij 0.80 0.53 0.73 0.83

N
S 0.56 0.67 0.40 0.67
s cij 0.53 0.50 0.67 0.47

2
S 0.60 0.67 0.60 0.80
cij 0.60 0.47 0.40 0.37

S3 X

S 0.67 0.60 0.73 0.53
Conveyance = 2 D, D, D3 Dy
S1 0.83 0.50 0.60 0.70
S 0.53 0.60 0.40 0.55
S3 0.80 0.67 0.40 0.80
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