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Abstract
The rapid advancements in 3D printing technologies have significantly reshaped themanufacturing landscape, enabling highly
customized and efficient production processes. However, selecting the most appropriate 3D printing technology for custom
manufacturing is a complex decision that requires careful consideration of multiple, often conflicting criteria. Addressing this
challenge, this study introduces a novel Fermatean fuzzy multi-criteria decision-making (MCDM) framework to facilitate
informed technology selection. The proposed methodology combines the Best–Worst Method for weighting criteria with the
Fermatean Fuzzy Weighted Aggregated Sum Product Assessment (FF-WASPAS) method for ranking alternatives, marking
the first application of this hybrid approach in the literature. To demonstrate the framework, six leading 3D printing tech-
nologies were evaluated across nine critical criteria: Cost, Precision and Surface Quality, Finishing Requirement, Production
Speed, Material Compatibility, Functional Durability, Ability to Manufacture Complex Geometry, Environmental Impact,
and Technological Maturity. The analysis identified Stereolithography (SLA) as the best alternative for custom manufactur-
ing, with the most critical criteria being Precision and Surface Quality, Functional Durability, and Ability to Manufacture
Complex Geometry. This study offers a systematic and robust decision-making framework, providing valuable guidance for
manufacturing authorities in selecting the most suitable 3D printing technology for customized applications.
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1 Introduction

Custom manufacturing, also known as bespoke or tailored
manufacturing, is the creation of products that are specifically
designed and produced to meet unique customer Technique
for Order Preference by Similarity to Ideal Solutions [1]. In
contrast to mass production, custom manufacturing empha-
sizes flexibility and adaptability. It allows manufacturers to
respond to diverse customer needs with precision. In today’s
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fast-evolving industries, the growing demand for personal-
ized products, technological advancements, and the rise of
Industry 4.0make custommanufacturing increasingly impor-
tant. This approach not only increases customer satisfaction,
but also provides a competitive advantage. It enables compa-
nies to innovate, reduce waste, and effectively serve niche
markets. Companies use significant financial resources to
invest in new production models along with advanced pro-
duction technologies in order to respond to rapidly changing
production processes and customer demands, to recognize
and apply new production technologies [2]. And, in the pro-
duction and design stages of products, in addition to the
perception of low cost and high quality, the use of tech-
nological tools also comes to the fore [3]. 3 dimensions
(3D) printing technologies, which offer unparalleled preci-
sion, scalability, and efficiency in manufacturing processes,
have emerged as transformative tools as a key enabler of
customization.

The concept of 3D printing denotes to widespread techno-
logical advances and processes that allow the production of
goods and components using a wide variety of materials [4].
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3Dprinting, also known as additivemanufacturing, is a popu-
lar technology that allows instant creation of 3D objects layer
by layer fashion [5]. 3D printing technologies have revolu-
tionized custom manufacturing. They enable the creation of
highly complex and personalized products with exceptional
efficiency and accuracy. Especially when compared to sub-
tractive manufacturing, it has advantages such as relatively
shorter product production time, material savings, the ability
to develop complex geometries and shapes, and durability
[6]. 3D printing builds products layer by layer, minimizing
waste and reducing production time, unlike traditional man-
ufacturing methods that often require extensive tooling and
material waste. This capability makes it an ideal choice for
custom manufacturing, where flexibility and precision are
paramount. In industries such as healthcare, aerospace, auto-
motive and consumer goods, the role of 3D printing extends
beyond prototyping to the production of end-use parts. It
allowsmanufacturers to create complex geometries that were
previously impossible or cost prohibitive using traditional
methods.

By enabling rapid design iterations and on-demand pro-
duction, 3D printing technologies are improving the person-
alization process, shortening lead times, streamlining supply
chains, and fostering innovation, cementing their position as
a cornerstone of modern manufacturing. This technology is
frequently used in markets with special and high-value pro-
duction chains because it provides fast production advantages
and does not require a mold [7]. Production becomes more
customized, as each part is personalized to meet the spe-
cific needs of each customer [8]. Additionally, 3D printing
technologies offer more affordable solutions than traditional
customization technologies for manufacturers to offer bet-
ter flexibility and product options to meet their demands
[9]. Thanks to these features, this technology has the poten-
tial to reduce or completely eliminate the use of traditional
tools, reduce failures, enable fully customized designs with
software modeling, and significantly reduce the cost of pro-
duction [10].

In the industrial sector, 3D printing is used to design and
manufacture prototypes, components or finished products in
almost all manufacturing sectors. This defines a growing
market where 3D printing makes a significant contribution
to industrial applications [11]. Especially, Custom products
require more flexible and smarter technologies that are often
not compatible with the production flow. And, to efficiently
produce customized product features in custom manufactur-
ing, the workflow for consecutive jobs can be very different
and part routing patterns can be complex and variable [8].

This growing dependence on 3D printing highlights the
critical need to select the most appropriate technology for
specific custom manufacturing applications. Each 3D print-
ing technology offers unique capabilities and limitations,

making the selection process a multifaceted decision. Identi-
fying themost appropriate 3Dprinting technology is essential
to optimizing production efficiency, ensuring product qual-
ity, and maintaining a competitive edge in a rapidly evolving
marketplace. As sustainability becomes increasingly impor-
tant, the choice of technologies that reduce waste and energy
consumption is a support to environmentally responsible
manufacturing practices. All in all, choosing the right 3D
printing technology is a strategic decision that impacts both
the immediate results and the long-term goals of the industry.

The main objective of this study is to identify the
most suitable 3D printing technology for custom man-
ufacturing by employing an advanced Fermatean fuzzy
multi-criteria decision-making approach. This involves inte-
grating the Best–Worst Method (BWM) for determining
the relative importance of criteria with the Fermatean
Fuzzy Weighted Aggregated Sum Product Assessment (FF-
WASPAS) method for evaluating and ranking alternatives.
By focusing on six leading 3D printing technologies and
analyzing them against multiple criteria, the study aims to
provide a robust and comprehensive framework for decision-
makers in custom manufacturing. Ultimately, this research
contributes to the body of knowledge by introducing a novel
methodology for tackling complex selection problems while
offering actionable insights for practitioners in the field.

Multi Criteria Decision Making (MCDM) approaches
provide practical and effective solutions from a broad per-
spective by considering many criteria in decision-making
processes. In the limited number of studies related to 3D
printing, traditional methods such as Technique for Order
Preference by Similarity to Ideal Solutions (TOPSIS), (Pref-
erence Ranking Organisation Method For Enrichment Eval-
uation) PROMETHEE, (Analytical Hierarchy Process) AHP
or (The Decision Making Trial and Evaluation Labora-
tory) DEMATEL have been used for material, technology or
strategy selection in different application areas [3, 12–14].
This study purposes to address the challenge of selecting
the most suitable 3D printing technology for custom manu-
facturing industry by using advanced MCDM methods. For
this aim, in order to selection of 3D printing technologies
to be used in custom manufacturing, nine critical criteria
(Cost, Precision and Surface Quality, Finishing Require-
ment, Production Speed, Material Compatibility, Functional
Durability, Ability to Manufacture Complex Geometry, Envi-
ronmental Impact, Technological Maturity) are determined
by using literature review and expert opinions. Then, to select
the most suitable one among alternative 3D printing tech-
nologies according to these criteria, BWM and FF-WASPAS
methods are integrated. In other words, in the first step of
the proposed methodology, the criteria are weighted with the
BWM and the FF-WASPAS method is applied using these
criteria weights and finally the alternative technologies are
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Determine Alterna�ves

Construc�on of evalua�on matrix

Determining the ideal solu�ons
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Ranking the alterna�ves from best to 
worst

Bayesian Best-Worst Method Fermatean Fuzzy-WASPAS

Define Criteria

3D Prin�ng Technology Selec�on

Defining the best and worst criteria

Comparison of the best criteria with 
others

Comparison of the worst criteria with 
others

Determine all criteria weights

Crea�ng a survey for BWM assessment

Fig. 1 The proposed hybrid methodology

ranked according to the scores. Thus, this study offers strate-
gic advantages to custom manufacturing company managers
to ensure customer satisfaction in a competitive environment
and rapidly changing technological conditions.

The main contributions of this paper are:

• For 3D printing, studies have generally been conducted
in the fields of material, strategy selection, and chemistry
and dental sectors. Also, in the limited number of stud-
ies conducted using MCDM approaches, the criteria were
selected by focusing on general features. This study offers
comprehensive criteria with the requirements of 3D print-
ing technology.

• The most suitable 3D printing technology is determined
by employing a novel hybrid MCDM approach.

• Different from the literature, BWM and FF-WASPAS
methods within the fuzzy environment are integrated, pro-
viding a pioneering framework for decision-making in
custom manufacturing. The BWM method is applied for
the first time in order to weigh the criteria, and the FF-
WASPASmethod is used to obtain the scores of alternative
3D printing technologies by using the obtained weights.

• With this study, the new methodology is included in the
decision-making literature, filling a gap by providing a

robust tool for handling uncertainty in multi-criteria val-
uations to confirm the sustainability and efficiency of the
custom manufacturing process.

The integration of BWM and FF-WASPAS offers several
practical advantages over other existing MCDM method-
ologies. Unlike conventional methods, such as AHP or
TOPSIS, which often require extensive pairwise compar-
isons or rely on linear normalization techniques, the proposed
hybrid approach combines the strengths of both BWM
and FF-WASPAS. BWM minimizes inconsistency in cri-
teria weighting by reducing the number of comparisons
required and focusingon themost and least important criteria,
enhancing decision accuracy and efficiency. FF-WASPAS,
on the other hand, provides a robust ranking mechanism by
incorporating both the weighted sum and weighted product
models, allowing for a comprehensive evaluation of alterna-
tives.Additionally, theFermatean fuzzy environment enables
better handling of uncertainty and hesitation in expert opin-
ions compared to traditional crisp or intuitionistic fuzzy
approaches. This hybrid approach is particularly effective
in complex decision-making scenarios, such as selecting
3D printing technologies, where conflicting criteria must
be evaluated simultaneously. By combining these methods,
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the proposed framework delivers more reliable and practi-
cal results, making it a valuable tool for decision-makers in
real-world applications.

The paper is organized as follows. In Sect. 2, literature
review is presented. Section 3 summaries the framework
structure of the proposed methodology. Section 4 suggest the
case study and discussion of the results are stated in Sect. 5.
In the last section conclusion and directions for future work
is given.

2 Literature review

Studies in the field of selection regarding 3D printing are lim-
ited in the literature. Lai and Chang [2] proposed a two-stage
procedure for 3D technology introduction. In the first stage
of this procedure, the fuzzyDelphi methodwas used to deter-
mine the criteria. As a result, criteria based on environment,
resource, strategy, technique and operational performance
were determined. Then, the criteria were weighted using the
AHP method. Raja and Rajan [12] selected nine machines
based on the views of 172 experts, all of whomweremachine
users, to choose the best 3D printing for prototyping in the
medical and construction sectors. These are factors such as
printing speed, environment, cost and security. Algunaid and
Liu [13] considered the selection process of 3D printing
service. Accordingly, they defined criteria based on perfor-
mance and sustainability. They used techniques such as AHP,
DEMATEL, TOPSIS to obtain criteria weights and evaluate
ten systems. Themost suitable 3D printing technology selec-
tion study for prosthesis production was presented by Alakaş
et al., [14]. In this study, the criterion weights were deter-
mined by AHP, which is one of the basic MCDM methods,
while TOPSIS and PROMETHEE methods were applied to
rank the alternatives. 10 alternatives, were evaluated accord-
ing to the resolutions, resistance, sensibility, smoothness and
cost criteria.

Studies in the literature have presented applications for
3D printing machine/technology selection in both a limited
number and a narrow criteria perspective. 3D printing selec-
tion is important especially for companies that do personal
production such as custommanufacturing. Therefore, a broad
criteria perspective should be considered in order to facili-
tate the decision-makingprocesses of companies. In addition,
fuzzy-based methods should be used to make the decision-
making process more efficient and to reduce the complexity
of the problem. Table 1 summarizes studies on 3D printing
selection.

Several state-of-the-art investigations have explored the
effectiveness, advantages, and disadvantages of BWM and
FF-WASPAS. For instance, studies have shown that BWM
requires fewer pairwise comparisons thanAHP,which signif-
icantly reduces the time and effort required for data collection

Table 1 Application for 3D printing selection

References Aims Application
area

Method

[12] 3D printing
machine
selection

Fusion
deposition
modeling
machine
production

Fuzzy TOPSIS

[13] Machine and
material
selection

Additive man-
ufacturing

DEMATEL,
AHP, TOPSIS

[14] Technology
selection

Mold
production

TOPSIS,
PROMETHEE

[15] Material
selection

Image
recognition
technology

Deep learning
models

[2] Technology
assessment

Mold
production

Fuzzy Delphi,
fuzzy
hierarchical
analysis

This study Technology
selection

Custom manu-
facturing

BWM,
FF-WASPAS

and analysis [16]. However, BWM’s reliance on a fixed scale
for pairwise comparisons can sometimes lead to inconsisten-
cies, especially when dealing with highly subjective criteria
[17]. In contrast, FF-WASPAS has been praised for its ability
to handle linguistic variables and fuzzy data, making it par-
ticularly suitable for problems where human judgment plays
a significant role [18]. Nevertheless, the method’s compu-
tational complexity and the need for expert knowledge to
define fuzzy sets can be seen as limitations [19]. Given these
considerations, the selection of BWM and FF-WASPAS for
this study is justified by their complementary strengths in
addressing the specific challenges of our research problem.

3 The proposedmethodology

This study proposes a novel fuzzy logic-integrated MCDM
approach to identify themost suitable 3Dprinting technology
for custom manufacturing. The methodology distinguishes
itself through the unique integration of the BWM and FF-
WASPAS, specifically tailored to address the challenges
of 3D printing technology selection. Unlike conventional
approaches, this hybrid model leverages BWM’s structured
weighting mechanism to enhance consistency in criteria
prioritization, while FF-WASPAS is employed to rank alter-
natives, ensuring a comprehensive and flexible evaluation
process. By combining BWM and FF-WASPAS, the pro-
posed approach offers a robust framework for decision-
making under uncertainty. This integration represents a key
contribution of the study, as it addresses the limitations of
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Fig. 2 Comparison of spaces for IFNs, PFNs, and FFNs

standalone methods and provides a more holistic solution to
complex selection problems.

To clarify, the methodology is not merely a repetition of
existing methods but an innovative adaptation designed to
meet the specific challenges of custom manufacturing. For
instance, modifications are introduced to the FF-WASPAS
method to better handle the imprecision and subjectivity
inherent in expert evaluations of 3D printing technologies.
The procedural steps of this hybrid approach—including
the structured expert judgment process, weight determina-
tion, and alternative ranking—are outlined in detail in Fig. 1,
ensuring a systematic and transparent decision-making pro-
cess. By emphasizing the novelty and practical applicability
of the proposed methodology, this study aims to advance
the field of MCDM and contribute to the growing body of
research on 3D printing technology selection. Fig. 2

3.1 Best worst method

The BWM, developed by Rezaei [20], is a decision-making
approach designed to simplify how criteria are weighted.
It was introduced as an improvement over the Analytic
Hierarchy Process (AHP), which requires multiple pairwise
comparisons, often leading to inconsistencies. In AHP, when
there are n criteria, decision-makers must make at least
n(n-1)/2 comparisons, which can be time-consuming and
complex [16, 20]. BWM simplifies this process by focus-
ing only on two reference points: the best (most important)
and theworst (least important) criteria [21]. Experts compare
each criterion only against these two, reducing the number of
required comparisons. Since the worst criterion has already
been compared to the best, fewer comparisons are needed,
making the process more efficient. While AHP provides a
broader set of comparisons, BWM achieves similar insights
with a more structured and straightforward approach. The
BWM’s systematic process consists of the following steps:

Step 1.1. Define the decision criteria. Experts identify a
set of n evaluation criteria relevant to the decision problem.

Step 1.2. Identify the best and worst criteria. Based on
their expertise, each decision-maker selects the criterion they
consider most important (CB , the best) and least important
(CW , the worst) from the criteria set.

Step 1.3. Rate the best criterion against all others. Using
a nine point-likert scale, decision-makers assess the best
criterion’s relative importance over each remaining crite-
rion, producing a “best-to-others” vectorAB � (aB1, ...,
aBj , . . . , aBn), where aBJ represents the strength of prefer-
ence for the best criterion over criterion C j (excluding itself,
whereaBB � 1).

Step 1.4. Rate all criteria against the worst. Decision-
makers then assess each criterion’s importance over the
worst criterion, generating an “others-to-worst” vectorAw �
(a1W , ..., a jW , . . . , anW )T , where a jW represents the pref-
erence of criterion C j over the worst.

Step 1.5. Calculate optimal weights. The criteria weights
are determined proportionally to the preference scores. The
conditions wB/w1

j � aBj and w1
j/wW � a jW are applied,

with weights w1
1, w1

2, . . . , w1
n optimized to minimize devia-

tions from these ratios. This is formulated as a minimization
problem:

minξ (1)

s.t.

∣
∣
∣
∣
∣

wB

w1
j

− aBj

∣
∣
∣
∣
∣
≤ ξ , ∀ j (2)

∣
∣
∣
∣
∣

w1
j

wW
− a jW

∣
∣
∣
∣
∣
≤ ξ , ∀ j (3)

∑

j

w1
j � 1 (4)

w j ≥ 0, ∀ j (5)

3.2 Fermatean fuzzyWASPAS

Senapati and Yager introduced the concept of Fermatean
Fuzzy sets (FFSs) as an advancement on Intuitionistic Fuzzy
sets (IFSs) and Pythagorean Fuzzy sets (PFSs), aiming to
more accurately represent uncertain and imprecise informa-
tion [22]-[23]. FFSs are designed to capture a deeper level
of ambiguity, employing a third parameter to quantify inde-
terminacy, or uncertainty regarding membership [24]-[25].
Like IFSs and PFSs, FFSs use a membership and a non-
membership degree; however, FF sets add the constraint that
the sum of the cubes of these three degrees (membership,
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non-membership, and indeterminacy) equals 1, allowing a
more flexible representation of uncertain knowledge. It is
important to note that the key distinction between FFSs,
IFSs, and PFSs lies in their respective constraints. Figure 1a
illustrates a comparison of the spaces of Fermatean Fuzzy
Numbers (FFNs), Pythagorean Fuzzy Numbers (PFNs), and
IFNs, demonstrating that the space of an FFN is broader
than that of PFNs and Intuitionistic Fuzzy Numbers (IFNs).
Consequently, FFSs are not only capable of representing
uncertain information that PFSs and IFSs can handle but also
excel at modeling more ambiguous and uncertain informa-
tion that the latter two cannot effectively capture [26, 27].
(Fig. 2)

Mathematically, FFNs are defined within a set X as [22,
28]:

F̃ ∼� {

x , μF̃ (x), vF̃ (x); x ∈ X
}

(6)

μF̃ (x) : X �→ [0,1] represents the membership function and
vF̃ (x) : X �→ [0,1] non-membership function. For these
functions, the following constraint applies:

0 ≤ μF̃ (x)3 + vF̃ (x)
3 ≤ 1 (7)

The indeterminacy is calculated as.

πF̃ (x) � 3
√

1 − (μF̃ (x))3 + (v F̃ (x)3) (8)

Basic mathematical operations on FFNs are defined as
follows. where α̃ � (μα̃ , vα̃) and β̃ � (μβ̃ , vβ̃ ) represent
two FFNs and λ is a positive scalar [25–27]:

Scalar multiplication:

λα̃ �
(

3
√

1 − (

1 − μ3
α̃

)λ
, vλ

α̃

)

(9)

Power operation:

α̃λ �
(

μλ
α̃ ,

3
√

1 − (

1 − v3α̃

)λ
)

(10)

Addition of FFNs:

α̃ ⊕ β̃ �
(

3
√

μ3
α̃ + μ3

β̃
− μ3

α̃μ3
β̃
, vα̃vβ̃

)

(11)

Multiplication of FFNs:

α̃ ⊗ β̃ �
(

μα̃μβ̃ ,
3
√

v3α̃ + v3
β̃

− v3α̃v3
β̃

)

(12)

The complement of FFN:

Com(̃α) � (vα̃ , μα̃) (13)

Table 2 Linguistic terms

Linguistic Terms FFNs

μ v

Very Low VL 0.1 0.75

Low L 0.25 0.6

Medium Low ML 0.4 0.5

Medium M 0.5 0.4

Medium High MH 0.6 0.3

High H 0.7 0.2

Very High VH 0.8 0.1

The WASPAS method [18, 29] is used to rank alterna-
tives based on multiple criteria. It combines two well-known
decision-making techniques: the Weighted Sum Model
(WSM) and theWeighted ProductModel (WPM) [30].WSM
calculates an alternative’s total score by adding up weighted
attribute values, making it easy to understand and apply.
WPM takes a different approach by multiplying attribute
values, giving more importance to strong attributes while
penalizing weaker ones [31]. WASPAS has been further
enhanced by incorporating fuzzy set extensions, making it
adaptable to various decision-making problems [32]. Despite
its effectiveness, WASPAS has limitations in accurately
determining criteria weights when evaluating alternatives
[33]. To overcome this, this study integratesBWMintoWAS-
PAS within a Fermatean Fuzzy environment, allowing for
more precise weighting and improving decision accuracy
in complex scenarios. This hybrid BWM-WASPAS model
ensures a balanced and reliable evaluation by leveraging the
strengths of both methods.

Step 1. Linguistic terms given in Table 2 are used to eval-
uate the alternatives.

In this framework, the assessment of alternative i with
respect to criterion j by expert t is denoted by the corre-

sponding FFN At
i j �

(

μt
i j , vti j

)

.

Step 2. Expert opinions are aggregated [28].

zi j � Z
(

μi j , vi j
) �

⎛

⎝ 3

√
√
√
√1 −

d
∏

t�1

(

1 −
(

μt
i j

)3
)ψ t

,
d

∏

t�1

(

vti j

)ψ t
⎞

⎠

(14)

where ψ t is the expert weight.
Step 3. In the traditional WASPAS approach, a linear

normalization technique is applied to the decision matrix.
However, with FFSs, the elements are already within the 0
to 1 range, so adjusting the scale through normalization isn’t
necessary. For non-beneficial (cost) criteria, however, adjust-
ments are needed. This study uses the complement of FFSs to
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adjust values associated with non-beneficial criteria. Equa-
tion (13) defines the complement of a FFN.

Step 4. The aggregated evaluations are then converted into
crisp values using the score function [30].

S(zi j ) � 1

2

[((

μzi j

)3 − (

vzi j
)3 − ln

(

1 +
(

πzi j

)3
))

+ 1
]

(15)

Step 5. For each alternative, Q1 (WSM) and Q2 (WPM)
are calculated based on the criteria weights and aggregated
evaluations:

Q1
i �

n
∑

j�1

w j Z i j (16)

Q2
i �

n
∏

j�1

Z
w j
i j (17)

Step 6. The values Q1 and Q2 each alternative is combined
to determine the relative preference value.

Qi � λQ1
i + (1 − λ)Q2

i (18)

λ is the threshold value.
Step 7. The crisp value of Qi is calculated based on score

function for each alternative i . Finally, the alternatives are
ranked in descending order based on their crisp values.

4 Case study

This paper focuses on the determination of the best 3D print-
ing technology for custom manufacturing. The proposed
methodology integrates BWM with FF-WASPAS method
with considering various criteria and alternative technolo-
gies. For this purpose, we determined nine main criteria, as
defined in Table 3 with literature review and expert view. In
this step, firstly, the opinions of afive-person expert teamcon-
sisting of industrial engineering and mechanical engineering
academicians were collected. In addition, similar studies in
the literature on this field were examined and analyzed and
the criteria given in Table 3 were determined. And, BWM is
applied in order to calculate the criteria weights.

Then, we selected six 3D printing technologies based
on expert opinions and literature review, as described in
Table 4. The selection of the six 3D printing technolo-
gies analyzed in this study was based on their prominence
and widespread application in the custom manufacturing
industry. These technologies represent a diverse range of
capabilities. Additionally, they are well-documented in the
literature and extensively used across various industries such
as healthcare, aerospace, automotive, and consumer goods,

Table 3 Definition of proposed criteria

Criteria Definitions References

C1. Cost It covers the installation,
operation, and
maintenance costs of
3D printing technology

[2, 34]

C2. Precision and
Surface Quality

It refers to the level of
accuracy provided by
the printing technology
in the production
process. High precision
is especially important
for parts that require
detailed or precise
measurements

[35, 36]

C3. Finishing
Requirement

It refers to the additional
processes that must be
performed after printing
in order for the
produced part to reach
the desired surface
quality, durability, or
dimensional accuracy

Expert view

C4. Production Speed It indicates how long
technology can produce
a part. High production
speed provides a
significant advantage
for time-sensitive
projects

[12]

C5. Material
Compatibility

It refers to the ability of
3D printing technology
to work with different
materials. Adapting to
various materials
allows technology to be
used in a wide range of
applications

[2]

C6. Functional
Durability

It refers to the resistance
of the produced part
against mechanical and
environmental
conditions. Durability
ensures that the part is
long-lasting and
reliable

Expert view

C7. Ability to
Manufacture
Complex Geometry

It refers to the ability of
technology to produce
complex and detailed
geometries. This feature
is especially important
in productions that
require special design
or high detail

[2]
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Table 3 (continued)

Criteria Definitions References

C8. Environmental
Impact

It includes sustainability
criteria such as energy
consumption of
technology, waste
production, and
environmental
footprint. Low
environmental impact is
the reason for
preference for
environmentally
friendly production

[2, 34, 37]

C9. Technological
Maturity

It indicates the level of
development of
technology and the
degree of acceptance in
the industry. A mature
technology may be
preferred because it is
more reliable and
widely used

[2]

making them relevant for a comprehensive evaluation. The
chosen alternatives also cover a broad spectrum of mate-
rial types, providing a balanced comparison that reflects the
needs of diverse manufacturing scenarios. The ranks of alter-
native technologies were calculated by mixing the criteria
weights obtained with BWM into the FF-WASPAS method.

4.1 Calculation of criteria weights with BWM

In this section, the BWM is applied to determine the criteria
weights. In this step, the weights of the criteria are calculated
by identifying the best worst criterion, as evaluated by the
5 experts and offered in Table 5. The expert team consists
of five academics in industrial engineering and mechanical
engineering department.

Table 5 shows the most and the least important criteria.
As an example, The E1 identifies C2 (Precision and Sur-
face Quality) as the most important (best) criterion and C9
(Technological Maturity) as the least important (worst) cri-
terion. Two of the experts evaluated Functional Durability
as the most important criterion. For the least important cri-
terion, two experts pointed out the Cost criterion, while two
decided on Technological Maturity. After gathering expert
views, both Best-to-Others and Others-to-Worst vectors are
created as presented in Table 6.

E1 provides pairwise comparisons of the Best criterion
(C2) to all other criteria and all other criteria to the Worst
criterion (C9). These ratings are as follows:

Table 4 Alternative 3D printing technologies

Alternatives Description

Fused Deposition Modeling
(FDM)

This method, which prints and
shapes thermoplastic
material layer by layer, offers
an economical and fast
solution. It is usually used for
prototyping, but has low
surface quality and precision
limitations

Stereolithography (SLA) SLA produces high-resolution
parts by laser curing a
photosensitive liquid resin. It
is suitable for precise surface
quality and intricate details,
but it is costly and operates at
lower speeds

Selective Laser Sintering (SLS) In this method, the laser
selectively combines the
powdered material and
creates strong, durable parts.
Although it has wide material
compatibility, the surface
quality may not be smooth

PolyJet/Material Jetting PolyJet, which produces
high-precision parts with
very thin layers, offers
multiple color and material
options. However, it may not
be ideal for applications
requiring functional
durability due to limited
material durability

Direct Metal Laser Sintering
(DMLS)

This method, which produces
metal parts by laser bonding
metal powders, is preferred
for industrial and durable
parts. It is a high-cost and
complex process, but
provides exceptional
durability and precision

Digital Light Processing (DLP) Similar to SLA, DLP, a
resin-based method,
produces high-resolution
parts using digital light
projection. Although it
provides high precision, the
processing speed and
material options may be
limited

• Best-to-Others (B2O): [C1,C2,C3,C4,C5,C6,C7,C8,C9]
� [2,1,3,4,4,5,2,6,7]

• Others-to-Worst (O2W): [C1,C2,C3,C4,C5,C6,C7,C8,C9] �
[5,6,4,4,4,4,6,2,1]

Using the comparison vectors, the mathematical model
outlined in Step 1.5 was executed to determine the criteria
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Table 5 The best and the worst criteria by experts

Expert Best Worst

E1 C2. Precision and Surface
Quality

C9. Technological
Maturity

E2 C6. Functional Durability C9. Technological
Maturity

E3 C6. Functional Durability C3. Finishing
Requirement

E4 C7. Ability to Manufacture
Complex Geometry

C1. Cost

E5 C4. Production Speed C1. Cost

Table 6 Decision vectors for criteria

Expert Best-to-Others Others-to-Worst

E1 2,1,3,4,4,5,2,6,7 5,6,4,4,4,4,6,2,1

E2 3,2,7,5,6,1,4,8,9 7,8,3,5,4,9,6,2,1

E3 5,4,6,5,2,1,3,3,3 4,2,3,2,4,5,3,2,3

E4 1,7,8,5,3,6,9,4,2 1,7,8,5,3,6,9,4,2

E5 9,1,2,1,4,3,1,4,3 1,8,6,9,6,5,8,4,5

weights. Subsequently, the experts’ evaluations were ana-
lyzed for consistency, and allwere confirmed to be consistent.
The BWM procedure was then applied to calculate the cri-
teria weights for each expert, with the resulting weights
presented in Table 7.

As shown in Table 7, Expert 1 (E1) identified C2 (Pre-
cision and Surface Quality) as the most important criterion,
assigning it a weight of 0.2581. Conversely, the least impor-
tant criterion, C9 (Technological Maturity), was assigned a
weight of 0.0323. In this study, we assumed equal weights for
all experts when aggregating their evaluations. This assump-
tion was made to ensure fairness and consistency, as all

Table 8 Final criteria weights

Weight Rank

C1. Cost 0.0870 7

C2. Precision and Surface Quality 0.1603 1

C3. Finishing Requirement 0.0809 9

C4. Production Speed 0.1078 5

C5. Material Compatibility 0.1106 4

C6. Functional Durability 0.1443 2

C7. Ability to Manufacture Complex
Geometry

0.1245 3

C8. Environmental Impact 0.0816 8

C9. Technological Maturity 0.1029 6

expertswere selected based on their equivalent level of exper-
tise and knowledge of the problem domain. Equal weighting
reflects the absence of any pre-defined hierarchy or differ-
ences in reliability among the experts. The final aggregated
weights, derived from the experts’ evaluations, are summa-
rized in Table 8.

According to Table 8, the most important criterion in
selecting 3D printing printer technology for custom man-
ufacturing is Precision and Surface Quality with a weight
of 0.1603 while the least important criterion is Finishing
Requirement with a weight of 0.0809. The second most
important criterion was determined as Functional Durability
with 0.1443.

4.2 Ranking of alternative 3D printing technologies
with FF-WASPASmethod

In this stage, the scores of alternative technologies are deter-
minedwith integrating the criteriaweights obtained byBWM
into the FF-WASPAS method. For this purpose, seven dif-
ferent 3D printing technologies, presented in Tablo 4, were
evaluated by the proposed approach.

Table 7 Criteria weights for each expert

E1 E2 E3 E4 E5

C1. Cost 0.1613 0.1277 0.0710 0.0573 0.0178

C2. Precision and Surface Quality 0.2581 0.1915 0.0888 0.0736 0.1897

C3. Finishing Requirement 0.1075 0.0547 0.0592 0.0644 0.1186

C4. Production Speed 0.0806 0.0766 0.0710 0.1031 0.2075

C5. Material Compatibility 0.0806 0.0638 0.1775 0.1718 0.0593

C6. Functional Durability 0.0645 0.3146 0.1775 0.0859 0.0791

C7. Ability to Manufacture Complex Geometry 0.1613 0.0958 0.1183 0.0573 0.1897

C8. Environmental Impact 0.0538 0.0479 0.1183 0.1289 0.0593

C9. Technological Maturity 0.0323 0.0274 0.1183 0.2577 0.0791
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Firstly, a decision matrix is created that facilitates its
evaluation using the linguistic terms given inTable 2. The FF-
WASPASmethod supports the decision-making process for a
comprehensive and precise evaluation of alternatives, taking
into accountmultiple criteria and their respective importance.
And the criteria-alternative assessment for each expert is
offered in Table 9.

Secondly, to rank the alternatives, with the aggregated val-
ues, Q j were calculated, and the alternatives were ranked in
descending order, as exposed in Table 10. Here,λ is set to 0.5
to combine the weighted sum and weighted product models.

According to the results, Stereolithography (SLA) was
determined as the best 3D printing technologies for cus-
tommanufacturing. SecondwasDirectMetal Laser Sintering
(DMLS) and the lowest score compared to other alternatives
was Fused Deposition Modeling (FDM).

4.3 Sensitivity analysis

In this section, we perform a sensitivity analysis by vary-
ing the threshold value (λ) in the FF-WASPAS methodology
to investigate its impact on the scores and rankings of the
alternatives. The threshold value λ determines the weight
given toWSMand theWPMwithin theWASPASframework.
The analysis was conducted using threshold values ranging
from 0 to 1, with increments of 0.1. The scores and rankings
obtained for each alternative at different threshold values are
presented in the results. The scores for each alternative across
the threshold values are summarized in Table 11.

Table 11 reveals how the preferences change as the thresh-
old value shifts between the two components of theWASPAS
method. For better interpretation of the ranking dynamics,
Fig. 3 illustrates the rankings derived from these scores for
all alternatives as the threshold value is adjusted.

The highest score across all thresholds is consistently
achieved by Stereolithography (SLA), making it the top-
ranked alternative for all threshold values. This indicates its
robustness and dominance across varying levels of weight-
ing between WSM and WPM. The ranking graph shows
that Selective Laser Sintering (SLS) and Direct Metal Laser
Sintering (DMLS) compete closely for the second position.
However, as the threshold increases, their relative rankings
stabilize, with DMLS consistently occupying the second
position for thresholds above 0,5. Digital Light Processing
(DLP) is ranked last across all threshold values, highlighting
its comparatively weaker performance in this study.

The consistency of SLA as the top-ranked alternative
across all threshold values indicates its suitability for indus-
tries prioritizing precision, surface quality, and the ability
to handle complex geometries. This makes SLA particularly
appealing for sectors such as healthcare and aerospace,where
detailed and reliable outputs are critical. On the other hand,
DMLS consistently ranks second in most scenarios, making
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Fig. 3 Ranking of alternatives according to sensitivity analysis

it ideal for industries such as automotive and heavy machin-
ery, where functional durability and material strength are
of paramount importance. SLS, which shows competitive
scores and ranks close to DMLS, is well-suited for appli-
cations that require material versatility, such as prototyping
or small-scale production in consumer goods. Lower-ranked
technologies, such as FDM and PolyJet/Material Jetting,
may still be valuable for industries with lower precision
requirements or limited budgets, such as rapid prototyping
or small-batch manufacturing.

The stability of the rankings under sensitivity analysis
highlights the robustness of the proposed methodology, even
with varying λ values. For decision makers, regardless of
the weight distribution betweenWSMandWPM, top-ranked
alternatives such as SLA remain reliable choices. However,
as λ shifts, its emphasis changes-higher values prioritize
overall balanced performance, while lower values penalize
weaknesses in specific criteria. This flexibility ensures align-
ment with organizational goals and constraints, allowing
decision makers to tailor the methodology to their priorities.

4.4 Comparative analysis

To validate and cross-check the robustness of the proposed
methodology, we compared them with rankings obtained
using the Fermatean Fuzzy TOPSIS (FF-TOPSIS) method.
FF-TOPSISwas selected for this comparison due to its ability
to effectively capture the degree of hesitation in decision-
makers’ preferences, offering a comprehensive evaluation
under uncertainty. In the TOPSIS method, it is certain that
the best solution is the one that comes closest to the ideal
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Table 10 Scores and ranks of
alternatives Weighted sum Weighted product Score Rank

Fused Deposition Modeling (FDM) 0.487 0.229 0.358 6

Stereolithography (SLA) 0.6412 0.2467 0.4439 1

Selective Laser Sintering (SLS) 0.5784 0.2459 0.4121 3

PolyJet/Material Jetting 0.5361 0.2064 0.3713 4

Direct Metal Laser Sintering (DMLS) 0.6034 0.2416 0.4225 2

Digital Light Processing (DLP) 0.5245 0.2032 0.3638 5

Table 11 Results of the sensitivity analysis

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Fused Deposition Modeling (FDM) 0.229 0.255 0.281 0.306 0.332 0.358 0.384 0.410 0.435 0.461 0.487

Stereolithography (SLA) 0.247 0.286 0.326 0.365 0.361 0.444 0.483 0.523 0.562 0.602 0.641

Selective Laser Sintering (SLS) 0.246 0.279 0.312 0.346 0.356 0.412 0.445 0.479 0.512 0.545 0.578

PolyJet/Material Jetting 0.206 0.239 0.272 0.305 0.315 0.371 0.404 0.437 0.470 0.503 0.536

Direct Metal Laser Sintering (DMLS) 0.242 0.278 0.314 0.350 0.335 0.422 0.459 0.495 0.531 0.567 0.603

Digital Light Processing (DLP) 0.203 0.235 0.267 0.300 0.298 0.364 0.396 0.428 0.460 0.492 0.524

Fig. 4 Ranking for comparative
analysis
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solution. Additionally, the further it moves away from the
negative ideal solution, the more favorable it becomes [38].
The use of FF-TOPSIS allows for a deeper analysis under
uncertainty and enhances decision-making by addressing
hesitation in the evaluations. This complements WASPAS
by introducing an additional layer of confidence in the
robustness of the rankings. The steps for FF-TOPSIS were
implemented following the methodology provided in [39].
The final scores and from both methods are summarized in
Table 12, while Fig. 4 provides a visual comparison of the
ranking.

Both WASPAS and FF-TOPSIS identified SLA as the
top-performing alternative. This alignment highlights the
robustness of SLA across different evaluation methodolo-
gies. Variations were observed in the rankings for FDM and

Table 12 Results of both FF-WASPAS and TOPSIS

FF-WASPAS FF-TOPSIS

Fused Deposition Modeling
(FDM)

0.3580 0.4214

Stereolithography (SLA) 0.4439 0.5591

Selective Laser Sintering (SLS) 0.4121 0.5392

PolyJet/Material Jetting 0.3713 0.3694

Direct Metal Laser Sintering
(DMLS)

0.4225 0.5486

Digital Light Processing (DLP) 0.3638 0.3451

PolyJet/Material Jetting.WhileWASPAS ranked FDMas the
least preferred alternative, FF-TOPSIS placed it fourth. This
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suggests that FDM’s performance may be sensitive to the
specific criteria weighting and aggregation method used.

The discrepancies between the two methods can be
attributed to differences in how the methods handle trade-
offs among criteria. FF-WASPAS combines the weighted
scores through a linear mechanism, whereas FF-TOPSIS
leverages relative closeness to the ideal solution, which can
amplify differences in alternative performance. While the
rankings for most alternatives remain consistent between the
twomethods, discrepancies are observed for Fused FDMand
PolyJet/Material Jetting. Specifically, FDM ranks sixth in
WASPAS but improves to fourth in FF-TOPSIS, while Poly-
Jet shifts from fourth in WASPAS to fifth in FF-TOPSIS.
These differences highlight the sensitivity of these alterna-
tives to the aggregation mechanisms of the two methods. For
FDM, the discrepancy can be attributed to the FF-TOPSIS
method’s emphasis on relative closeness coefficients, which
may prioritize specific criteria, where FDM performs com-
paratively better. In contrast, WASPAS penalizes its lower
scores in other critical criteria. Similarly, for PolyJet, FF-
TOPSIS appears to prioritize its weaknesses, such as limited
functional durability,more strongly, resulting in a lower rank-
ing.Thesevariations highlight the importanceof selecting the
appropriate decision-making framework based on the spe-
cific context and priorities of the application.

5 Discussion

This study suggests a methodical approach to selecting the
best 3D printing technology for custom manufacturing by
considering various criteria. The results highlight the impor-
tance of the following criteria in the selection process: C2.
Precision and Surface Quality, C6. Functional Durability,
and C7. Ability to Manufacture Complex Geometry. In con-
trast,C3. Finishing Requirement is determined to be the least
important criterion compared to the other criteria.When con-
sidering the custommanufacturing process, it is expected that
precision and surface quality are very important. Therefore,
this criterion should be taken into consideration significantly
when choosing 3D printing in this sector. Also, the purpose
of the additive manufacturing of models is to ensure conti-
nuity to create a product with high surface quality [39]. In
addition, hybrid production approaches such as combining
3D printing with traditional subtractive machining can be
used to achieve higher precision and surface quality in this
process.

Precision and surface quality emerged as the most impor-
tant criterion, reflecting its critical role in determining the
overall utility and aesthetics of 3D-printed products. Achiev-
ing high precision and smooth surfaces is essential in
custom manufacturing, where unique product specifications

often require exceptional detail [40]. The superior qual-
ity of the surface finish minimizes the need for extensive
post-processing, saving time and resources while ensuring
customer satisfaction. Precision directly affects the function-
ality and reliability of the final product in industries such as
medical devices and aerospace, where precise specifications
are critical.

Functional durability ranked as the second most impor-
tant criterion, highlighting the need for robust and durable
components in custom manufacturing. In applications that
require high performance under varying environmental and
operating conditions, such as automotive and industrial tool-
ing, durability is especially important [41]. In line with
sustainability goals, a durable product not only extends the
life of the manufactured part, but also reduces maintenance
and replacement costs. Choosing a 3D printing technol-
ogy that ensures strength and durability is paramount to
maintaining customer confidence and achieving economic
efficiency, given the increasing demand for parts that balance
innovation with reliability. However, there are also studies
focusing on design to increase durability and functionality,
especially in the field of building, to prevent disinforma-
tion [42]. Similarly, 3D printing of concrete is widely used
to produce new structural sections with numerous benefits,
and new approaches to improving durability have been pro-
posed [43]. The ability to produce complex geometries is
identified as the third most important criterion. This empha-
sizes its importance in unlocking the full potential of custom
manufacturing. 3D printing is often credited with enabling
intricate designs not possible with traditional manufacturing
methods, allowing for greater innovation and design freedom
[44]. In sectors such as healthcare, where custom implants or
prosthetics with complex geometries are often required, this
capability is particularly important.

Among the evaluated technologies, SLA was selected
as the best alternative 3D printing technology for custom
manufacturing. SLA produces parts with particularly high
resolution and precise surface quality. It is also suitable for
parts with complex details. In this case, SLA produces based
on criteria determined as very important for the 3D print-
ing technology selection process for custom manufacturing.
SLAs are also frequently used in areas such as tissue engi-
neering. They are also preferred for the production of dosage
forms that encapsulate unstable drugs due to their versatility
and solubility benefits [45]. In addition, it is also preferred
in drug-loaded product and medical device production pro-
cesses because it allows objects to be produced at room
temperature and thus reduces the risk of deterioration [46]. In
particular, 60% of experts evaluated this alternative as ‘very
high’ in terms of the C2. Precision and Surface Quality cri-
terion. Conversely. FDM was determined the least favorable
alternative, mainly due to its inferior performance in this cri-
terion. In addition, DMLSwas determined as the second-best

123



International Journal on Interactive Design and Manufacturing (IJIDeM)

alternative technology. Although this alternative has many
strengths, 80% of the experts evaluated this alternative as
‘very high’ in terms of C1. Cost criterion and 20% as ‘high’.
In addition, according to the evaluations, it is not strong in
terms of C9. Technological Maturity criterion.

The results of this analysis indicated that SLA outper-
formed other technologies in terms of precision and surface
finish, which are critical factors for custom manufacturing
applications [47]. The expert-driven evaluation process con-
firmed that SLA is the most suitable 3D printing technology
for custom manufacturing, particularly when high precision
and superior surface finish are required. SLA’s superior per-
formance in these criteria aligns with its well-documented
advantages in the literature, such as exceptional precision and
surface finish, making it particularly suitable for applications
demanding high-quality outputs. While other technologies,
such as FDM and SLS, offer advantages in terms of material
versatility and production speed, they fall short in meeting
the stringent quality requirements of custom manufacturing
[48]. The use of expert opinions, combined with the rig-
orous application of BWM and FF-WASPAS, provided a
solid foundation for our conclusion. This approach aligns
with recent studies that emphasize the importance of expert
judgment in decision-making processes involving complex
technological evaluations [19].

The selection of SLA as the most suitable 3D print-
ing technology for custom manufacturing demonstrates the
effectiveness of the proposed methodology and proves its
capability to assess and rank alternatives with precision.
These findings highlight the critical role of precision, sur-
face quality and durability in the selection process of 3D
printing technology in custom manufacturing. And also, the
results highlight the need for careful consideration of these
factors in particular for the selection of a 3D printer that
meets the production requirements for custom manufactur-
ing with precision. Thus, this study provides guidance to
company managers and stakeholders by providing a compre-
hensive evaluation process. And, sensitivity analysis further
validated the effectiveness of the proposed methodology and
showed that this methodology is adaptable and reliable in
various decision-making scenarios. The consistent ranking
of the SLA alternative as the best alternative regardless of
coefficient changes strengthens the suitability of the selected
alternative.

6 Conclusion

The purpose of this study is to address the critical need for the
selection of the most appropriate 3D printing technology for
custom manufacturing, a field that requires precision, adapt-
ability, and efficiency. Through a novel integration of BWM
criteria weighting and FF-WASPAS alternatives ranking, the

research aimed to provide a systematic and comprehensive
evaluation framework. In addition to identifying best 3D
printing technology among six prominent options, this study
aim to establish a decision methodology that could balance
multiple considerations, including cost, accuracy, environ-
mental impact, and technological sophistication.

The study identifies stereolithography (SLA) as the most
suitable 3D printing technology for custom manufacturing,
consistently ranking highest among all methods evaluated.
Precision and Surface Quality (C2) emerges as the most crit-
ical factor, reflecting the importance of accuracy and finish
in custom manufacturing applications. Functional Durabil-
ity (C6) ranks second, emphasizing the need for robust and
reliable components, while Ability to Manufacture Complex
Geometry (C7) isidentified as the third most important cri-
terion, highlighting the value of design flexibility in meeting
unique customer requirements. The results underscore SLA’s
ability to excel in these areas, making it the preferred choice
for applications requiring intricate designs, superior qual-
ity and long-term reliability. These results align with the
practical needs of industries seeking to optimize their man-
ufacturing processes for custom products.

The main contributions of this study: (i) the most suit-
able 3D printing technology for custom manufacturing by
using a novel hybrid MCDM approach was selected by con-
sidering a detailed criteria set, (ii) for the first time in the
literature, BWM and FF-WASPASmethods within the fuzzy
environment are integrated, (iii) the novel methodology is
included in the decision-making literature, filling a gap by
providing a robust tool for handling uncertainty in multi-
criteria valuations to confirm the sustainability and efficiency
of the custom manufacturing process.

For practitioners and decision makers in the custom man-
ufacturing industry, the results of this study provide valuable
guidance. The study identifies stereolithography (SLA) as
the most suitable 3D printing technology, highlighting its
ability to deliver the high precision, robust longevity, and
complex design capabilities required to meet the demands of
modern manufacturing. The multi-criteria decision frame-
work presented in this study enables manufacturers to make
informed choices that align with their strategic objectives by
providing a systematic approach to evaluating technologies
based on diverse factors such as cost, environmental impact,
and material compatibility. Furthermore, the insights gained
from prioritizing criteria such as precision and durability can
help industries optimize their operations, reduce manufac-
turing inefficiencies, and improve product quality, ultimately
helping to compete in a rapidly evolving marketplace.

While integrating BWM with FF-WASPAS provides a
robust framework, certain challenges and limitations were
encountered. A key challenge is the computational complex-
ity associated with the Fermatean fuzzy environment, which
requires the handling of three interdependent membership
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parameters—membership, non-membership, and hesitan-
cy—while maintaining their constraints. This increases the
analytical workload compared to traditional crisp or intu-
itionistic fuzzy sets. In addition, BWM relies heavily on the
consistency of expert judgments, particularly in determining
the best and worst criteria. Any inconsistency in these pair-
wise comparisons can propagate through the FF-WASPAS
ranking process. This can potentially affect the reliability
of the results. Despite these challenges, the benefits of this
integration, such as improved handling of uncertainty and
increased decision accuracy, outweigh its limitations. Future
work could explore strategies for simplifying the computa-
tions, such as using more efficient algorithms or automating
certain stages of the process, to make the framework more
accessible for practical applications.

In future studies, different fuzzy-based MCDM methods
that can be applied for more comprehensive criteria and
alternatives can be considered and the results found can be
comparedwith the results of this study. The proposedmethod
can be used in different problems such as material selection
for 3D printing process. In addition, including stakeholder
perspectives such as company managers and/or customers
in the field of study can increase the power of the analy-
sis. Moreover, the proposed methodology can be practically
applied to different problems in different fields and provide
effective solutions.
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