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Abstract
The additive manufacturing industry requires effective and standardized methods for selecting design variants generated 
through computational tools. To address this need and overcome the current barriers in the industry, a decision support 
system based on quantitative metrics is necessary. This research aims to establish multiple criteria for evaluating design 
variations in additive manufacturing, considering both opportunistic and constraint-based approaches. The multi-criterion 
decision-making process integrates four distinct metrics that capture aspects such as geometric complexity, cost–benefit, 
and the additional cost associated with support structures. To facilitate the evaluation of design variants in metal additive 
manufacturing using laser powder bed fusion, a fuzzy power Maclaurin symmetric mean operator is employed for metric 
aggregation. The proposed approach is demonstrated by assessing topologically optimized design variants of an airplane 
bearing bracket and an engine bracket. The ranking and selection of design variants using this approach resulted in significant 
cost reductions, with a 50% reduction for the airplane bracket and a 75% reduction for the engine bracket, compared to the 
original designs manufactured using additive manufacturing techniques.

Keywords  Design for additive manufacturing · Cost–benefit ratio · Incremental cost · Design variant selection · Metal 
additive manufacturing · Fuzzy multi-criterion decision-making

1  Introduction

Industries can leverage a range of computational tools within 
the framework of design for additive manufacturing (DfAM) 
principles to optimize designs. These tools include topology 
optimization, generative design, compositionally heteroge-
neous multi-material component design, embedded graded 
lattices, tailored porous functional structure integration, 
and functional part consolidation [1]. Compared to conven-
tional manufacturing methods, additive manufacturing (AM) 
offers greater design freedom. By eliminating the need for 
intermediate tooling, AM enables the creation of complex 

designs without incurring additional costs. This advantage 
is particularly beneficial for achieving lightweight designs 
and streamlining production steps, as AM operates as a die-
less manufacturing method [2]. Conversely, conventional 
manufacturing often eliminates such complexity due to cost 
constraints. Computational optimization of designs for tra-
ditional manufacturing methods has proven to be costly and 
challenging, making AM an attractive alternative for real-
izing intricate designs without incurring high expenses [3]. 
However, the abundance of computational tools, such as gen-
erative design and topology optimization, poses a challenge 
for engineers and designers, as they lack decision support in 
selecting the most suitable design variant for manufacturing 
techniques like AM. Consequently, achieving efficiency and 
cost objectives in AM necessitates advanced training and 
education to identify appropriate designs that consider both 
economic and technical aspects [4]. To address this issue, 
we propose a multi-criterion decision-making (MCDM) 
approach in this study to identify the optimal design from 
computationally optimized design variants.
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1.1 � Related work

Additive manufacturing offers engineers numerous design 
optimization approaches to create multiple design variants 
based on structural optimization, process constraints, and 
multi-functionality [5–7]. However, the selection of these 
design variants has received limited attention in existing 
literature. Part selection strategies, on the other hand, have 
been extensively discussed. This section provides a con-
cise review of these strategies.

The part selection strategy proposed by Lindemann 
et al. [8] uses a trade of matrices and consists of multiple 
questions related to part dimensions and material infor-
mation. The user is then allowed to score the part for AM 
processing by assigning weights to each factor entered in 
the trade of the matrix. To automate part selection, Page 
et al. [9] employed a machine learning-based algorithm to 
assess the economic feasibility and potential benefits of 
the AM process for manufacturing parts. Another machine 
learning-based part selection approach proposed by Yao 
et al. [10] uses geometric features to recommend the part 
for AM. The part selection approach proposed by Ahti-
luoto et al. [11] developed a feasibility index calculated 
using the part performance, time to build the part, and 
cost. However, this methodology can only be applied for 
the selection of the selective laser melting (SLM) process, 
and expert knowledge is required for calculating the fea-
sibility index. Then, a high-level method was proposed 
by Parks et al. [12] to identify the suitable part for AM, 
and the dimensions of the part were compared with the 
build volume of the machine and the material availability 
according to design requirements. These criteria will help 

users screen many parts of the inventory. Then, a detailed 
analysis of logistic variables, such as lead time, price, and 
frequency of procurement, is used for the final candidate 
selection. Klahn et al. [13] used four criteria to select a 
part from a system perspective. These four criteria are 
related to system performance and economic benefits when 
the components are manufactured using the AM process. 
Subsequently, a modular design guideline was discussed 
by Jee et al. [14] to determine the successful production 
of the part using AM. These guidelines are related to the 
part geometry, which is important but differs across vari-
ous AM processes. Schneck et al. [15] used 128 case stud-
ies to identify 11 enablers and ten objectives of AM to 
select the most suitable part for AM. Ghiasian et al. [16] 
proposed a method for part selection using AM-specific 
process planning. The steps involved in the analysis were 
geometric evaluation, support generation, and verification 
of necessary resources. From the detailed comparison of 
existing part selection strategies, the parameters used for 
selection can be classified into three categories and listed 
as shown in Fig. 1.

A part selection guide was developed by Pham and Gaul 
[17] to identify the strengths and weaknesses of different 
AM processes by comparing process parameters such as 
layer thickness, process accuracy, and printing speed. Bib 
et al. [18] proposed a software tool for generating quotes to 
calculate printing time and cost. Based on this cost analysis, 
users decide on part selection. Campbell and Bernie [19] 
created a database that discusses the capabilities of various 
AM systems, and users can use this database to select an AM 
process for their part. Materialise [20] has used bounding 
box volume, geometric complexity, production volume, and 
function to decide the candidacy of a part.

Fig. 1   Classification of part 
selection criteria from various 
kinds of literature
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Multi-criterion decision-making (MCDM) involves 
selecting preferred options by evaluating a set of predeter-
mined alternatives across multiple conflicting criteria. Qin 
et al. [21] have discussed numerous challenges within the 
realm of AM which can be classified under MCDM. Among 
the various challenges, part selection, design selection, and 
production scheduling have been discussed less using differ-
ent MCDM approaches. Knofius et al. [22] have proposed 
an analytic hierarchy process (AHP)-based approach to the 
selection of suitable spare parts from the list of spare parts 
information in after-sale service industry. Similarly, to iden-
tify suitable candidates for AM in the defence sector, Fos-
hammer et al. [23] considered inputs from semi-structured 
interviews and workshops to identify suitable criteria and 
used AHP to calculate the score for selecting suitable parts 
for AM. Muvunzi et al. [24] have summarized the important 
parameters for selecting suitable parts from the literature 
and proposed weights for each parameter based on AHP. 
The proposed approach was validated by selecting different 
case studies from the automotive industry. Similarly, Roch-
man et al. [25] used the AHP-based MCDM approach to 
identify the most suitable design of 3D printed face mask by 
considering various criteria, such as usefulness, ease of use, 
print time, print cost, material, and additional material cost.

1.2 � Background and motivation

Metal additive manufacturing (MAM) is associated with 
higher production costs than traditional manufacturing. 
Although metal AM is expensive, the main benefit is to 
investigate the advantages of DfAM methods, such as topol-
ogy optimization, generative design, lattice optimization, 
functionally graded materials, and hierarchical/heteroge-
neous structures. In this case, technological feasibility and 
economic viability should be considered when choosing a 
suitable part for metal additive manufacturing.

One of the main challenges currently faced by the indus-
try is choosing an appropriate part from the vast array 
of parts available for a given design problem because of 
DfAM capabilities. Therefore, quantitative measurements 
were required to select the right part. Various complexity 
measures have been used to assess the technical feasibility 
of the redesigned part using the DfAM methods (e.g., shape 
complexity, material complexity, hierarchical complexity, 
and functional complexity). A cost–benefit analysis is also 
required to investigate the economic viability of these design 
improvements and assist users in part selection. The follow-
ing section presents a thorough analysis of the various part 
selection strategies.

Academic and industry research on the selection of 
parts for additive manufacturing is becoming increas-
ingly significant. Currently used part selection methods 
can be loosely divided into three categories: part selection 

based on geometrical features, part selection based on 
process constraints, and part selection based on economic 
considerations.

Multiple variants of a single design are made feasible 
by leveraging the unique design capabilities of the DfAM. 
For example, several design variants can be generated for 
a given design problem in generative design and topology 
optimization (TO). In such cases, it is difficult for the users 
to select an appropriate design variant. To assist such users, 
we propose a composite measure of geometric complexity 
and economic benefits using multi-criterion decision-mak-
ing. Dalpadulo et al. [26] created a tool for selecting the best 
design variant by merging it with a topological-optimization 
algorithm. Prabhu et al. [27] proposed a method for selecting 
design variants using three categories: DfAM use, manu-
facturing efficiency, and inventiveness. This helps users to 
avoid part failures when choosing a design variant. Another 
method for selecting design variants proposed by Zhang 
et al. [31] is to examine the limits of process planning.

The existing literature presents various part selection 
strategies that employ quantitative measures. These stud-
ies often compare parameters such as cost, complexity, and 
functionality. In Table 1, an overview of different methods 
used for selecting suitable parts for AM is provided. How-
ever, it is noteworthy that only a limited number of meth-
ods consider both cost and complexity when evaluating the 
suitability of a part. Additionally, most of the approaches 
discussed in the literature are primarily focused on part 
selection rather than design variant selection. While numer-
ous methods for part selection are available, they may not 
be suitable for effectively selecting design variants. This 
limitation arises from the limited variations observed in the 
geometry, functionality, and processing cost of the design 
variants generated for a single part. To address this gap, the 
implementation of an MCDM approach for design variant 
selection becomes crucial. Consequently, there arises a need 
to develop an MCDM-based approach that integrates all cost 
measures (pre-processing, processing, and post-processing 
costs) and shape complexity measures (including both inter-
nal and external shape complexity) to effectively select the 
most suitable design variant.

2 � Methodology

2.1 � Problem definition

To develop a quantitative metric-based decision support sys-
tem (DSS), defining reliable complexity measurements is the 
first step in creating such systems. To this end, we proposed 
four measures for assessing the suitability of design variants: 
two metrics for assessing the shape complexity and two for 
assessing the economic viability of the design variants.
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Definition 1  The external shape complexity metric (ces) is 
the shape complexity of a design variant’s external shape 
and is determined by comparing views taken from various 
viewpoints around it. A higher ces number suggests a more 
complex shape [33].

Definition 2  The internal structural complexity metric (cis) 
is the shape complexity of the internal structure taken from 
the intersection of parallel planes with the 3D model at vari-
ous heights from the base. A greater value suggests a more 
complex shape [33].

These shape complexity metrics have been proposed 
for evaluating the design variants in [33], but to ensure 
the economic viability of the design variant, another two 
cost metrics have been defined in this study as given below. 
A detailed explanation of these metrics has been given in 
Section 2.4.

Definition 3  Cost–benefit ratio (Cbr) is the ratio of the ben-
efit in the processing cost after optimization to the total 
processing cost of an unoptimized part in the MAM using 
the L-PBF process. It represents the cost savings of the 

optimization effort. The probability of selecting a design 
variant is higher for an optimized design variant with a 
larger Cbr.

Definition 4  Incremental cost 
(
Ci

)
 is the additional cost 

incurred in processing the design variant compared to the 
unoptimized design variant in MAM using L-PBF. The 
design variant with the high incremental cost is not preferred 
for manufacturing using AM.

The assumptions in the proposed work while calculating 
the incremental cost and cost–benefit ratio are given below.

•	 All design variants in the case studies were realized using 
Ti6Al4V in metal additive manufacturing (MAM) using 
laser powder bed fusion (L-PBF) EOS M270.

•	 The type of support structure used for all the case study 
design variants is area support with polyline (a support 
structure variant in Autodesk Netfabb).

A multi-criterion decision-making method (Fig. 2a) is 
required to aggregate these metrics (Fig. 2b) that may be 
used to choose the most suitable design variant. In this 

Table 1   Comparison of different part selection strategies for additive manufacturing

Sl. no Author (year) Cost-related measure Functional performance 
measure

Design variant selec-
tion/part selection

Qualitative/
quantitative 
measure

Any 
MCDM 
used

Pre-pro-
cessing 
cost

Pro-
cessing 
cost

Post-pro-
cessing 
cost

Shape 
complexity 
metric

Part function-
ality/CAD 
data

1 Muvunzi et al. 2021 
[24]

− ✓ − ✓ − Part selection Qualitative Yes

2 Dalpadulo et al. 2020 
[26], Prabhu et al. 
2021 [27]

− − − − ✓ Design variant selec-
tion

Quantitative No

3 Booth et al. 2017 
[28], Bracken et al. 
2020 [29]

− − − ✓ ✓ Part selection Quantitative No

4 Klahn et al. 2020 
[13]

− ✓ ✓ − − Part selection Quantitative No

5 Ahtiluoto et al. 2019 
[30]

✓ ✓ − − ✓ Part selection Quantitative No

6 Page et al. 2019 [9] − ✓ − − ✓ Part selection Quantitative No
7 Schneck et al. 2019 

[15]
− − − − − Part selection Qualitative No

8 Ghiasian et al. 2018 
[16]

✓ ✓ ✓ − − Part selection Quantitative No

9 Lindemann et al. 
2015 [8], Jee et al. 
2015 [14], Parks 
et al. 2016 [12]

− − − − ✓ Part selection Qualitative No

10 Zhang et al. 2014 
[31]

− ✓ − − ✓ Design variant selec-
tion

Quantitative No

11 Bibb et al. 1999 [32] − ✓ − − ✓ Part selection Quantitative No
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study, a fuzzy power-weighted Maclaurin symmetric mean 
(FPWMSM) operator-based multi-criterion decision-mak-
ing technique has been adopted and is presented in the next 
section. This operator offers a robust and effective method 
for aggregating multiple criteria and making informed 
decisions in complex decision-making scenarios. By inte-
grating fuzzy numbers, power averaging, and the Maclau-
rin symmetric mean, the FPWMSM operator ensures a 
comprehensive and balanced consideration of various 
criteria. The application of this approach allows for more 
accurate and reliable decision-making, particularly in situ-
ations where multiple criteria need to be considered for 
alternatives with less difference with each other. Through 
the utilization of the FPWMSM operator, this work aims 
to provide a valuable contribution to the field of multi-
criterion decision-making, in the field of design for addi-
tive manufacturing, hence helping the design engineers to 

take a decision while they have multiple design variants 
for a given design problem.

2.2 � Evaluation of metrics

The details of calculating the external shape and internal 
structure complexity have been mentioned in the previous 
work of the authors [33]. To address the limitations of design 
variant selection based solely on opportunistic DfAM, it 
is imperative for users to consider the potential manufac-
turing challenges associated with AM. In metal AM pro-
cesses, the construction and removal of support structures 
are often regarded as non-value-adding activities. Therefore, 
in addition to shape complexity metrics, we propose a new 
cost-related measurement. The following section presents 
a comprehensive description of the cost factors involved in 
the selection process.

Fig. 2   a Overview of the pro-
posed methodology. b Aggrega-
tion of the proposed metrics to 
compute the composite metric
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2.3 � Definition of economic factors for part selection

2.3.1 � Cost–benefit ratio (Cbr)

Opportunity-based tools for redesign in DfAM have emerged 
as powerful means to enhance shape, material, and hierar-
chical complexity during the AM process. Techniques such 
as topology optimization, generative design, and lattice 
optimization enable the creation of intricate and functional 
designs. These tools have found application in conventional 
designs to improve functionality and reduce weight. How-
ever, the complexity introduced by these design modifica-
tions is not adequately captured by shape complexity metrics 
alone. To address this limitation, we propose the inclusion of 
an economic factor called the cost–benefit ratio. This ratio 
is computed as the quotient of the processing cost benefit 
and the total processing cost of the unoptimized design. 
The processing cost benefit represents the cost difference 
between the unoptimized design and the optimized design. 
By introducing the cost–benefit ratio, we aim to provide a 
comprehensive economic assessment that encompasses the 
benefits gained from design modifications in terms of pro-
cessing costs. The cost model for calculating the process-
ing cost of a part in AM is adopted from [34] and listed in 
Table 7 in the Appendix—the equations for calculating the 
cost–benefit ratio are given below in Eq. (1) and Eq. (2). 
The equations for the processing cost calculations are given 
in the Appendix.

where

To assess the impact of weight reduction on the effec-
tiveness of the Cbr , design variants of the triple clamp were 
selected for analysis. The Cbr values of these design vari-
ants were plotted against weight reduction, as depicted in 
Fig. 3a, revealing a linear relationship between the two 
factors. It was observed that the design variant with the 
highest Cbr offered the most favourable outcome among the 
other design variants. However, as pointed out by Simpson 
[35], during the redesign process for AM, the process-
ing cost tends to increase due to the additional expenses 
associated with support structures. Consequently, rely-
ing solely on the Cbr for decision-making may not yield 
accurate results. To address this concern, we propose the 

(1)
Cost − benef it ratio

(
Cbr

)
=

Processing cost benef it

Total processing cost of unoptimized design

(2)Cbr =
(CBefore TO − CAfter TO)�

CBefore TO

𝜆 =

{
0 if CBefore TO − CAfter TO < 0

1 if CBefore TO − CAfter TO > 0

inclusion of another economic factor termed the incremen-
tal cost ( Ci ), which is further elaborated in the subsequent 
section.

2.3.2 � Incremental cost

Furthermore, apart from the cost benefits gained through 
increased complexity, there are additional opportunities to 
reduce production costs by carefully selecting the orienta-
tion of the part to minimize the need for support structures 
or by implementing redesigns that eliminate the need for 
supports altogether. In the redesign process, weight reduc-
tion is achieved by removing material from non-critical 
areas of the design space. However, it is important to note 
that this weight reduction can lead to an increase in arti-
ficial support volume during the manufacturing process. 
This is due to the introduction of new overhang surfaces 
after optimization. To accurately account for the additional 
costs resulting from design optimization, particularly 
from the added support volume, we introduce a cost fac-
tor denoted as incremental cost ( Ci ). The incremental cost 
is computed using Eq. (3) as specified in the subsequent 
section. The details of the cost model [36] used for calcu-
lating the support structure cost ( CS ) are given in Table 7 
in the Appendix.

The incremental cost of each design variant of the triple 
clamp is determined by utilizing Eq. (3) and subsequently 
compared to the corresponding weight reduction, as illus-
trated in Fig. 3b. Notably, the incremental cost exhibits a 
distinct trend when contrasted with the behaviour of the 
Cbr metric. This divergence arises due to the inherent dis-
similarity between weight reduction and support structure 
volume. It is crucial to recognize that the amount of sup-
port structure required is intricately linked to the presence 
of overhangs within the design, thereby influencing the 
overall relationship between weight reduction and incre-
mental cost.

To address the uncertainties associated with evaluat-
ing shape complexity metrics and economic factors, this 
study employs fuzzy set theory-based MCDM to aggregate 
these economic characteristics with the shape complex-
ity metrics. By incorporating fuzzy set theory, we aim to 
overcome the challenges posed by the variable nature of 
parameters used for assessing complexity measures and 
economic factors.

(3)Incremental cost, Ci =
(
CS

)
After TO

−
(
CS

)
Before TO
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2.4 � Evaluation of shape complexity metrics

The external shape and internal structural complexity 
of a design are calculated by comparing multiple views 
obtained from different external points and layers. These 
complexity metrics assess the shape complexity of the 
design both internally and externally. A CAD model may 
appear simple based on its external shape, as it is gener-
ated layer by layer; the internal shape complexity should 
also be considered. For this reason, both complexity meas-
urements are significant for AM. The methodology for 

calculating the shape complexity using view similarity is 
shown in Fig. 4.

To eliminate the limitations of part selection based on 
opportunistic DfAM, users must consider potential AM 
manufacturing challenges when defining part selection 
strategies. The printing and removal of support structures 
is a challenge in metal AM processes. Therefore, in addi-
tion to shape complexity measurements, we provide a new 
metric for quantifying the impact of the support volume on 
shape complexity. The following section provides a thorough 
explanation of the shape complexity metric. The details of 

Fig. 3   Variation of a C
br

 and 
b Ci with weight reduction of 
design variants
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the adopted MCDM approach for determining the most suit-
able part for AM are explained in the following section.

3 � Need for aggregation

The authors in a previous study [33] conducted a case study 
to evaluate the mentioned shape complexity metrics in the 
context of selecting a design variant for a triple clamp. The 
rankings of the design variants based on the metric are pre-
sented in Fig. 5a. It is noteworthy that when the design vari-
ants are individually ranked using either the shape complex-
ity metric or cost factors, distinct outcomes are obtained. The 
findings indicate that design variants with high complexity 
may not be economically viable, whereas those offering 
substantial economic benefits often entail significant incre-
mental costs. Consequently, relying solely on these metrics 

in isolation fails to provide a comprehensive assessment of 
the technical feasibility and economic viability of the design 
variations. For instance, although TC3 exhibits high shape 
complexity and economic benefits compared to other design 
variants (refer to Fig. 5b–e), its elevated incremental cost 
renders it unfavourable for selection. Hence, depending on 
a single metric can result in biased decision-making. There-
fore, it is observed that an aggregated metric offers a more 
balanced approach to selecting a design variant.

In the present context, the aggregation of metrics should 
consider the relative importance of each metric. The effec-
tive selection of a design variant requires considering both 
the technical feasibility and economic viability [37]. Ignor-
ing the interrelationship of these criteria during decision-
making can lead to the selection of a technically feasible 
design that lacks economic viability, or vice versa. To 
address this concern, this study introduces a fuzzy power-
weighted Maclaurin symmetric mean (FPWMSM) operator 
that incorporates fuzzy numbers (FN), the power average 
(PA) operator, and the Maclaurin symmetric mean (MSM) 
operator. The FPWMSM converts decision values into 
fuzzy numbers before aggregation, thereby ensuring a uni-
fied range for all measures. The weights for aggregating the 
measures are calculated using the MSM operator, which is 
dynamic in nature and accounts for the interaction between 
the criteria. This approach mitigates the risks associated 
with decision-making by considering the risk factor [38]. 
Consequently, this work introduces a composite metric that 
considers both complexity and cost factors.

Definition 5  The composite metric (cco) is an aggregated 
metric calculated using a fuzzy power-weighted Maclaurin 
symmetric mean operator of shape complexity metrics and 
cost factors.

4 � Part selection using fuzzy MCDM

In literature, MCDM techniques in additive manufactur-
ing primarily focused on process selection and determin-
ing the optimal orientation of parts within the build vol-
ume [39]. For instance, Muvunzi et al. [21] developed an 
MCDM model specifically for selecting parts in the trans-
port sector for additive manufacturing. Their approach 
employed the analytical hierarchy process (AHP) to 
assign weights to various criteria, ultimately leading to 
part selection based on their cumulative scores. In the pre-
sent study, we utilize the power average operator to miti-
gate the influence of subjective factors that may impact 
decision outcomes. Moreover, to capture the interrelation-
ships among criteria, particularly those pertaining to geo-
metric complexity and economic viability, we employ the 

Fig. 4   Methodology for calculating c
es

 and c
is



5207The International Journal of Advanced Manufacturing Technology (2023) 129:5199–5218	

1 3

Maclaurin symmetric mean operator while determining 
dynamic weights. As these criteria possess intricate inter-
dependencies, their consideration significantly influences 

the decision-making process. Further elaboration on the 
aggregation operator is provided in subsequent sections, 
outlining its details and implications.

Fig. 5   (a) Design variants of triple clamp (b) ranking of design variants using c
es

 (c) ranking of design variants using c
is
 (d) ranking of design 

variants using C
br

 (e) ranking of design variants using C
i
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4.1 � Details of FPWMSM operator [38]

The fuzzy MCDM approach in this study requires an input 
decision matrix consisting of a set of alternatives, a range of 
suggested technical and economic parameters as criteria, and 
corresponding criteria weights. To facilitate the analysis, the 
input decision matrix is transformed into a fuzzy decision 
matrix through the utilization of ratio models. This conver-
sion process allows for the incorporation of uncertainty and 
imprecision, enabling a more comprehensive evaluation of 
the decision matrix within the fuzzy MCDM framework.

Once the fuzzy decision matrix has been normalized, the 
aggregation of fuzzy information within the decision matrix 
is performed using the FPWMSM operator, incorporating 
the Hamacher T-norm T-conorm (HTT). This aggregation 
process allows for a comprehensive assessment of the fuzzy 
information. Subsequently, a sequence of options is estab-
lished by arranging them in order based on the aggregated 
fuzzy numbers (FNs). Ultimately, the best option is deter-
mined through this ranking process. A visual summary of 
the part selection methodology is presented in Fig. 6, encap-
sulating the key steps and procedures involved.

L e t  �1 = ⟨�1⟩, �2 = ⟨�2⟩, �3 = ⟨�3⟩, ........, �n = ⟨�n⟩ 
be the n FNs for aggregation and w1,w2,w3,…… ..,wn 
be the respective weights of n  FNs, such that 
w1 + +w3 +⋯ + wn = 1 andk = 1, 2, 3,…… , n . The Euclid-
ian distance between �i and �j is given byd(� i, �j) , the degree 
of support between the FNss(� i, �j) = 1 − d(� i, �j) , and then, 
the FPWMSM operator based on HTT is given by:

where the dynamic weight is

The aggregation operator used in this study relies on three 
essential parameters: k, δ, and Wij . The parameter k plays 
a crucial role in determining the interactions between the 
fuzzy numbers (FNs) considered for aggregation. When k 
equals 1, it indicates that the criteria are independent of each 
other, with no interaction. On the other hand, if k equals 2, it 
signifies that the two criteria are dependent, indicating some 
level of interdependence. The next parameter, δ, represents 
the risk attribute. A higher value of δ corresponds to a more 
pessimistic approach, reflecting a greater emphasis on risk 
considerations during the aggregation process. Furthermore, 
the parameter Wij is assigned to each fuzzy number con-
cerning the other FNs. These values are calculated based on 
the degree of support. By incorporating this parameter, the 
aggregation results are less influenced by unduly large or 
small fuzzy numbers, ensuring a more balanced and robust 
outcome. By carefully adjusting these parameters, the aggre-
gation operator accounts for the interactions between crite-
ria, risk considerations, and the relative significance of each 
fuzzy number, thereby producing reliable and meaningful 
aggregated results.

5 � Case study

The MCDM method proposed in this study for part selection 
relies on the design variants generated by topology optimi-
zation and generative design. Two distinct sets of design 
variants were chosen as inputs: the first set comprised design 
variants of an engine bracket [40], while the second set con-
sisted of design variants of an airplane bearing bracket [41]. 
These design variants were sourced from the online library 
GrabCAD, and an example of the design variants of the 
engine bracket can be observed in Fig. 7. The part selection 
process involves the consideration of both technical and eco-
nomic criteria, each assigned specific weights. The weights 
for the criteria are detailed in Table 2. As the criteria are 
deemed to be independent, the interaction parameter k is set 
to 1, indicating no interaction between criteria. Additionally, 
a risk parameter δ of 3 is selected, signifying a somewhat 
pessimistic approach to aggregation, emphasizing risk con-
siderations during the decision-making process.

(4)
FPWMSMk

HTT

(
𝛽1, 𝛽2, 𝛽3,…… ., 𝛽n

)

=
(

k!(n−k)!

n!

⊕

1≤i1≤i2≤⋯≤ik≤n

k

⊗

j=1
(Wij𝛽ij

) 1

k

(5)Wij =
nwj(1 +

∑n

q=1,q≠ij
s(� i, �q))∑n

p=1
wp(1 +

∑n

q=1,q≠p
s(�p, �q))

Fig. 6   Proposed MCDM approach
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Although equal weights were initially assigned to each 
criterion, dynamic weights are employed during the aggre-
gation process to account for variations within the decision 
matrix. These dynamic weights are calculated based on the 
values of ces , cis , Cbr , and Ci across all the selected datasets. 
The aggregation is performed using the FPWMSM opera-
tor based on the HTT. The methodology for selecting the 
best design variant using the presented MCDM approach 
is outlined as follows. The first step involves constructing a 
decision matrix comprising the alternatives (design variants) 
and criteria. Specifically, the decision matrix for the engine 
bracket set is presented in Table 3.

The second step is to convert the decision matrix into a 
fuzzy decision matrix using a ratio model; different ratio 

models are available. Brauers et al. [42] compared various 
ratio models and chose the most commonly used ratio model 
for normalization as presented in Eq. (6).

where yi,j represents the value of each criterion in the deci-
sion matrix, and each entry is converted to an FN yi,j� ; then, 
the initial decision matrix is converted into a fuzzy decision 
matrix M′.

Each MCDM problem has two criteria: benefit and cost. 
The benefit criteria will positively affect decision making, 
and the cost criteria will have a negative effect, so the fuzzy 
decision matrix is normalized using Eq. 7. Then, the fuzzy 
decision matrix is normalized, and normalization is carried 
out based on the criteria for part selection discussed earlier.

ces , cis , and Cbr are the positive criteria and Ci is a negative 
criterion. The normalized fuzzy decision matrix M′′ is cal-
culated as follows:

(6)yi,j� =
yi,j�∑m

i=1
y2
i,j

M
�

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.4417 0.3772

0.1706 0.1341

0.3397

0.1379

0.2583

0.4639

0.1923

0.4888

0.1990

0.2101

0.3227

0.4484

0.3202

0.2770

0.3473

0.4136

0.2473

0.0450

0.4015 0.0766

0.2657 0.0008

0.3552

0.2283

0.3205

0.3932

0.3728

0.3621

0.2520

0.0000

0.3398

0.1491

0.5043

0.0628

0.2523

0.2395

0.6908

0.0000

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(7)y
��

i,j
= {

y�
i,j

1 − y�
i,j

ifCjis a positive criterion

fCjis a negative criterion

Fig. 7   Design variants of an 
engine bracket

Table 2   Details of the weights and criteria considered in this study 
(initial weights)

Criteria ces cis Cbr Ci

Weights 0.25 0.25 0.25 0.25

Table 3   Calculated technical and economic criteria of the design 
alternative of the engine bracket

Part name ces cis Cbr Ci($)

TO1 7.70 6.96 0.7468 44.79
TO2 2.97 2.47 0.4942 0.49
TO3 5.92 5.95 0.6606 198.8
TO4 2.40 8.27 0.4247 87.23
TO5 4.50 5.91 0.5962 295.03
TO6 8.09 5.11 0.7314 36.72
TO7 3.35 6.41 0.6934 147.63
TO8 8.52 7.63 0.6735 140.09
TO9 3.47 4.56 0.4687 404.12
OD 3.66 0.83 0 0
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The next step is calculating the criteria’s dynamic weights 
using the normalized fuzzy decision matrix. The dynamic 
weights are calculated using Eq. 5.

The raw element of the normalized fuzzy decision 
matrix is aggregated into a single FN using the explicit 
FPWMSM operator in Eq. 4. For each alternative, a single 
aggregated FN is calculated: �1 = ⟨0.5472⟩ , �2 = ⟨0.4278⟩ , 
�3 = ⟨0.4150⟩ , �4 = ⟨0.4152⟩ , �5 = ⟨0.3469⟩ , �6 = ⟨0.5346⟩ , 
�7 = ⟨0.4130⟩ , �8 = ⟨0.5074⟩ , �9 = ⟨0.2516⟩ . This number 
represents a composite metric ( cco ). The TO1 has the highest 
cco value compared to other design variants; hence, TO1 is 
selected as the most suitable design variant for AM.

This section evaluates the effectiveness of the weights and 
different MCDM in the context of design variant selection. 

M
��

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.4417 0.3772

0.1706 0.1341

0.3397 0.3227

0.4015 0.9234

0.2657 0.9992

0.3552 0.6602

0.1379 0.4484

0.2583 0.3202

0.4639 0.2770

0.2283 0.8509

0.3205 0.4957

0.3932 0.9372

0.1923 0.3473

0.4888 0.4136

0.1990

0.2102

0.2473

0.0450

0.3728 0.7477

0.3621 0.7605

0.2520

0.0000

0.3092

1.0000

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

W =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.2700 0.2662

0.2863 0.2794

0.2616 0.2591

0.2700 0.1938

0.2863 0.1481

0.2616 0.2178

0.2558 0.2718

0.2496 0.2581

0.2748 0.2553

0.2718 0.2005

0.2581 0.2341

0.2748 0.1952

0.2464 0.2710

0.2620 0.2620

0.2471

0.2932

0.2534

0.2932

0.2710 0.2116

0.2543 0.2216

0.2534

0.2839

0.2460

0.1298

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

To study the effectiveness, we have considered the second 
dataset, design variants of an airplane bracket (AB). The 
design variants are shown in Fig. 8. Then, the external shape 
complexity, internal structure complexity, cost–benefit ratio, 
and incremental cost of the selected design variants were 
calculated and are listed in Table 4.

Based on the proposed methodology, AB5 is selected as 
the most complex design among the design variants. If the 
design variants are arranged in decreasing order, cco , they 
will follow the order AB5 > AB1 > AB9 > AB2 > AB8 > A
B7 > AB3 > AB4 > AB6 > AB OD. The detailed discussion 
on the sensitivity of criteria weights and the appropriate-
ness of other MCDM methods to select design variants are 
discussed in the following subsections.

6 � Results and discussion

6.1 � Sensitivity of criteria weights

The weights assigned to each criterion in MCDM will affect 
the results significantly. There are various methods avail-
able for calculating the criteria weight, such as objective 
method, subjective method, and integrated method [43]. In 
this work, we used four different weight calculation methods 
applicable for fuzzy MCDM approaches as mentioned such 
as standard deviation (SD), entropy, CRiteria Importance 
Through Inter-criteria Correlation (CRITIC), and equal 

Fig. 8   Design variants selected for the case study (airplane bracket)

Table 4   Decision matrix for bearing bracket design variant

Part name ces cis Cbr Ci($)

AB1 3.6685 5.1000 0.4902 4.46
AB2 3.646 5.9267 0.4314 11.84
AB3 4.4385 4.4666 0.4164 18.86
AB4 4.7082 4.2674 0.4174 23.41
AB5 3.7464 4.8378 0.5069 0.59
AB6 4.0377 3.9887 0.3877 28.52
AB7 4.163 4.2756 0.4203 8.79
AB8 3.2577 4.5099 0.4108 9.38
AB9 3.569 6.5320 0.4226 12.07
ABOD 4.1231 2.7427 0 0

Table 5   Criteria weights for different cases

Weight calculation 
methods

Criteria and their weights

ces cis Cbr Ci

SD 0.25 0.23 0.24 0.28
CRITIC 0.26 0.17 0.20 0.37
Entropy 0.01 0.05 0.23 0.71
Equal weights 0.25 0.25 0.25 0.25
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weights method. The calculated weights for each criterion 
are listed in Table 5. Then, the obtained weights are used to 
evaluate the cco for design variants of airplane bracket (as 
shown in Fig. 8) using the FPWMSM operator and shown 
in Fig. 9. Entropy-based weight calculation is based on 
the degree of dispersion and degree of differentiation. The 
higher the degree of dispersion of measured values and the 
higher the degree of differentiation of the index, then more 
weight will be given to those criteria. In our problem, values 
of incremental cost are having more dispersion and external 
shape complexity has less dispersion. So, more weight will 
be given to incremental cost and less weight is assigned to 
external shape complexity.

6.2 � Ranking order correlation of various MCDM 
methods

This section discusses the similarity in the ranking of design 
variants using different MCDM methods along with ranking 
based on weight reduction and processing cost. The Spear-
man rank correlation coefficient was used to represent the 
similarity between the rankings of the design variants. The 
design variants are ranked using three different MCDM 
methods such as Technique for Order Preference by Simi-
larity to Ideal Solution (TOPSIS) [44], FPWMSM opera-
tor, and a hybrid approach by combining AHP and TOP-
SIS [45]. To evaluate the efficiency of ranking the design 
variants using the fuzzy MCDM, two more ranking methods 
were chosen, the first one ranking of design variants based 
on weight reduction; i.e., rank 1 is assigned to the design 

variant with the highest weight reduction. The next rank-
ing is based on the processing cost; rank 1 is assigned to 
the design variant with less processing cost. The ranking 
obtained for the design variants in each method is shown in 
Fig. 10. Then, the spearman rank order coefficient [46] is 
calculated and listed in Table 6. The higher rank order coef-
ficient when compared to the FPWMSM is for processing 
cost because our proposed ranking is based on economic and 
geometric complexity. However, the rank order coefficient of 
weight reduction is lower with the ranking of the FPWMSM 
operator. The geometric complexity metric considered in 
this work has a good correlation with weight reduction [33]. 
So, the composite metric is an effective measure of both geo-
metric complexity and economic factors to decide the selec-
tion of design variant to realize in additive manufacturing.

6.3 � Comparison of rankings

The design variants can be ranked using the shape com-
plexity metrics according to [33]. In this section, we are 
comparing the ranking of design variants with and without 
aggregating the shape complexity metrics with economic 
factors. The case study design variants considered in the first 
case study are chosen for comparison of ranking. The eco-
nomic loss or benefit of choosing the inappropriate design 
variant is also studied here. The shape complexity values for 
the design variants of engine bracket are calculated. To rank 
the design variants, Jayapal et al. [33] have used a combined 
shape complexity metric by a weighted addition of the inter-
nal structure and external shape complexity values. Then, 

Fig. 9    c
co

 values of each design variant for different weight calculation methods
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Fig. 10   Ranks of design variants for different MCDM methods, weight reduction, and processing cost

Table 6   Spearman rank order 
coefficient for different rankings

FPWMSM TOPSIS AHP-

TOPSIS

Weight 

reduction

Processing 

cost

FPWMSM 1 0.81 0.77 0.66 0.90

TOPSIS - 1 0.64 0.36 0.67

AHP-

TOPSIS
- - 1 0.51 0.71

Weight 

reduction
- - - 1 0.84

Processing 

cost
- - - - 1
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the design variants are prioritized in the decreasing order of 
complexity value as shown in Fig. 11. From the figure, TO8 
has higher complexity compared to other design variants, so 
TO8 has been selected for manufacturing in AM.

Similarly, the cost–benefit ratio and incremental cost for 
these design variants are calculated using the proposed mod-
els in this work and ranked them in the decreasing order 
of composite value as shown in Fig. 12. So, we have two 
different decision strategies such as decision 1 based on the 

combined shape complexity metric and decision 2 based on 
the composite metric.

From Fig. 12, the design variant TO1 has got higher 
complexity value compared to other design variants, but 
while ranking the design variant without using the proposed 
aggregated metric, TO8 has been selected as the suitable 
design variant. To understand the economic benefits of the 
decision made using the combined and composite metrics, a 
cost–benefit analysis is performed here. Cost–benefit analy-
sis involves comparing the total cost of a decision with total 
benefits expected from it. To calculate the benefit from the 
decision in this work, the difference between the process-
ing costs of design variants selected using the two metrics 
(i.e., combined shape complexity and composite metric) is 
calculated using the equation given in Eq. 8.

Decision 1 is based on the combined shape complexity 
metric and decision 2 is based on the composite metric. If 
the Net benef it is a positive value for a given case, then 
the design variant selected using decision 1 will be selected 
as the suitable design variant. Otherwise, the final decision 
will be made using decision strategy 2. In Fig. 13, the pro-
cessing cost and net benefit of selected design variants are 
compared, and the design variant selected based on cco has a 
positive net benefit compared to the design variant selected 
based on csc . Therefore, the presented case study selection 
based on cco will be economically viable.

(8)Net benef it, Nb = Cpcsc − Cpcm

Fig. 11   Ranking of engine bracket design variants using combined 
shape complexity

Fig. 12   Ranking of engine bracket design variants using composite 
metric

Fig. 13   Cost–benefit analysis of design variant selection using com-
posite metric and combined shape complexity metric
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7 � Conclusion

This study focuses on the utilization of computation tools 
for design for additive manufacturing to generate multiple 
redesign solutions and establish an effective method for 
selecting the most suitable design variants. The economic 
aspect of design variant selection is addressed through the 
introduction of two cost-related measures: the cost–ben-
efit ratio and the incremental cost. The geometry aspect 
considers the desirable additional complexity for AM 
fabrication, specifically assessing the external shape and 
internal structure complexity. Moreover, the sensitivity of 
these metrics to weight reduction resulting from redesign 
is investigated. To aggregate these various measures and 
metrics into a comprehensive evaluation, a multi-criterion 
decision-making approach is implemented. This approach 
considers the interrelationships between criteria while mini-
mizing the influence of subjective evaluation. The outcome 
is a single measure known as the composite metric, which 
serves as a holistic indicator of the design variant’s over-
all performance. To evaluate the effectiveness of this pro-
posed aggregation method, two distinct datasets comprising 
design variants of an engine bracket and an airplane bearing 
bracket are employed. Furthermore, a comparative study is 
conducted, comparing the rankings of the design variants 
with and without the application of the aggregation method. 
This analysis aims to investigate the efficacy of the pro-
posed composite metric in enhancing the decision-making 
process. A cost–benefit analysis of decision making using 
the proposed composite metric and existing combined shape 
complexity metric is carried out in this work. The decision 
based on the proposed approach has a positive net benefit 
compared to the decision based on shape complexity metric 

alone. So, the decision making using composite metric will 
be economically viable compared to the decision making 
based on existing shape complexity metric. In this work, 
the utilization of the composite metric for the selection of 
design variants led to significant cost reductions. Specifi-
cally, the engine bracket design variants achieved a cost 
reduction of 75%, while the airplane bracket design variants 
demonstrated a cost reduction of 50%. Furthermore, the 
study investigates the impact of varying criteria weights on 
the calculation of the composite metric, providing insights 
into the effectiveness of different weightings in assessing 
design complexity and making informed decisions. The 
scope of the proposed approach is focused on the process-
ing of design variants specifically within the L-PBF (laser 
powder bed fusion) process. This limitation arises from the 
utilization of cost metrics developed specifically for the 
L-PBF process. An additional limitation of these MCDM-
based strategies for part selection is the necessity for accu-
rate utilization of the MCDM approach and proper weight 
assigned to combine diverse criteria effectively. However, 
it is important to note that this approach can be applied 
to various types of design variants beyond those obtained 
solely through structural optimization. It is also applica-
ble to other multi-disciplinary optimized design variants, 
allowing for prioritization using the proposed approach. 
The multi-criteria decision-making approach presented in 
this study can be applied to the selection of parts when 
employing group technology strategies to categorize similar 
parts within the inventory. In the future, other dimensions of 
complexity related to additive manufacturing such as mate-
rial, hierarchical, and functional complexity in addition to 
the geometric complexity can be defined and included as 
additional criteria in multi-criterion decision-making.
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Appendix

Table 7   Data used for the calculation of cost–benefit ratio and incremental cost

Number Item Formula Nomenclature

1 Total processing cost in AM CTotal = CMaterial + CSetup + COperation + CRemovalCMaterial−Material cost (USD)
CSetup−Setup cost (USD)
COperation−Operational cost (USD)
CRemoval−Part removal cost (USD)

2 Operation cost COperation = TBuild(CAM + CGas) TBuild−Build time for the part (h)
CAM−Hourly rate of AM machine (USD/h)
CGas−Hourly rate of inert gas consumed 

(USD/h)
3 Build Time TBuild = TBuildrate(Vp + Vs) + Trecoat TBuildrate−Time taken to build unit cm3 of 

material ( h∕cm3)
Vp−Volume of the part (cm3)
Vs−Volume of support structure (cm3)
Trecoat−Recoat time (h)

4 Recoat time Trecoat =
(Trecoatrate×No.oflayers)

3600

Trecoatrate−Average time taken to spread one 
layer of powder (s∕layer)

5 Setup cost CSetup = TSetup(CAM + Coper) TSetup−Setup time for machine
Coper−Hourly rate of operator (USD/h)

6 Material cost CMaterial = M×Cmu M−Mass of the material consumed
Cmu−Unit cost of material (Ti6Al4V)

7 Mass of the material consumed M = 1.4�w(Vp + Vs) + 0.25�tVs �w−wrought density of material (g∕cm3)

�t−Tap density of material (g∕cm3)

8 Part removal cost CRemoval = TRem(CAM + Coper) TRem−Time required to remove the part (h)
9 Processing cost of support structure CS = CD + CM + CP CD−Design cost of support structure (USD)

CM−Manufacturing cost of support structure 
(USD)

CP−Post-processing cost of support structure 
(USD)

10 Design cost of support structure CD = CO,D + CE,D + CR,D CO,D−Operator cost for design (USD)
CE,D−Equipment cost for design (USD)
CR,D−Office space cost for design (USD)

11 Operator cost for design CO,D = tod
(
Cwgd + Cwid

)
tod−operators time for designing (h)
Cwgd−Hourly wage of designer (USD/h)
Cwid−Average incidental age (USD/h)

12 Equipment cost for design CE,D =
tED

usw
Csw +

tED

uHW

CIHW

taHW

tED−Equipment usage time for designing (h)
usw−Annual utilization of design software 
(h∕a)

Csw−License cost of design software (USD∕a)
uHW−Annual utilization of computational 

power (h∕a)
CIHW−Investment cost of computer hardware 

(USD)
taHW−Amortization period of computer hard-

ware (year)
13 Office space cost for design CR,D =

tED

uO
AO(CRRO + CROO) uO−Annual utilization of office workspace 

(h∕a)

AO−Standard area office space used (m2)

CRRO−Average rent of office space (USD∕m2)

CROO−Average operation cost of office space 
(USD∕m2)

14 Manufacturing cost of support structure CM

=CM,M + CP,M,M + CP,F,M + CP,G,M + CP,E,M

CM,M−Material cost of support structure
CP,M,M−Production cost of support structure
CP,F,M Cost due to gas filter
CP,G,M−Cost of post-processing gas
CP,E,M−Cost of energy for production
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Table 7   (continued)

Number Item Formula Nomenclature

15 Material cost CM,M = �Vs

(
Cmat − Cscrap

)
�−Density of the support material (kg∕m3)

Vs−Volume of support structure (m3)

Cmat−material cost of support structure 
(USD∕kg)

Cscrap Scrap price of solid titanium alloy 
USD∕kg)

16 Cost of production CP,M,M =
tB

uM

(
CIM

taM
+ AM

(
CRRM + CROM

)
+ CMSer

)
tB−Build time (h)
uM−Annual utilization of L-PBF machine 

(h/a)
CIM−Investment cost of L-PBF machine 

(USD)
taM−Amortization period of L-PBF machine 

(year)
AM−space for L-PBF machine ( m2)
CRRM—Average rent for machine space 
(USD∕m2)

CROM−Average operation cost of machine 
space (USD∕m2)

CMSer−Annual service cost of L-PBF machine 
(USD∕a)

17 Build time tB =
Vs

Ṁ
+

Δh

th
(tp + tDel) Ṁ−melt rate of support structure

Δh−Offset height of support structure (mm)
th−Height from the build plate (mm)
tp−Recoating time for L-PBF machine (s)
tDel−Delay time for L-PBF machine (s)

18 Melt rate Ṁ = vsdhthnL vs—Scan speed (mm/s)
dh−Hatch spacing (mm)
th−Layer thickness (mm)
nL—Number of layers

19 Cost of gas filter CP,F,M =
tB

uM

CIF

taF

CIF−Investment cost of filter (USD)
taF−Amortization period of L-PBF machine 

gas filter (year)
20 Cost of post-processing gas CP,G,M = tBCG CG−Cost of gas (USD)
21 Cost of energy for post-processing CP,E,M = tBCE CE−Cost energy supplied to the L-PBF 

machine (USD)
22 Post-processing cost of support structure CP = CSubstrate + CPostp CSubstrate−Cost of substrate post-processing 

(USD)
CPostp−Cost of post-processing (USD)

23 Cost of substrate post-processing CSubstrate = CStress + CEDM CStress−Cost for stress relieving the build plate 
(USD)

CEDM−Cost of separating parts from the build 
plate

24 Cost of post-processing the part CPostp = TPostp
(
Cop + Ctools

)
TPostp−Post-processing time (h)
Cop−Operators hourly rate (USD/h)
Ctools−Cost of tools used for post-processing 

(USD/h)
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Nomenclature  c��  : External shape complexity metric; c��  : Internal 
structure complexity metric; C

After TO
  : Processing cost in AM after opti-

mization (USD); CBefore TO  : Processing cost in AM before optimiza-
tion (USD); C��  : Cost benefit ratio; C�  : Incremental cost (USD)
; (�� )����� ��

  : Processing cost of support structure after optimization 
( USD); (�� )������ ��

  : Processing cost of support structure before opti-
mization ( USD); y�,�  : Value of each criterion in the decision matrix
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