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Abstract: This paper reports the study and development case of an innovative application of the
Cloud Manufacturing paradigm. Based on the definition of an appropriate web-based applica-
tion, the infrastructure is able to connect the possible client requests and the relative supply chain
product/process development capabilities and then attempt to find the best available solutions. In
particular, the main goal of the developed system, called AMSA (Additive Manufacturing Spare parts
market Application), is the definition of a common platform to supply different kinds of services that
have the following common reference points in the Additive Manufacturing Technologies (DFAM,
Design For Additive Manufacturing): product development, prototypes, or small series production
and reverse engineering activities to obtain Computer-Aided Design (CAD) models starting from a
physical object. The definition of different kinds of services allows satisfying several client needs
such as innovative product definition characterized by high performance in terms of stiffness/weight
ratio, the possibility of manufacturing small series, such as in the motorsport field, and the possibility
of defining CAD models for the obsolete parts for which the geometrical information is missed.
The AMSA platform relies on the reconfigurable supply chain that is dynamic, and it depends
on the client needs. For example, when the client requires the manufacture of a small series of a
component, AMSA allows the technicians to choose the best solutions in terms of delivery time,
price, and logistics. Therefore, the suppliers that contribute to the definition of the dynamic supply
chain have an important role. For these reasons, the AMSA platform represents an important and
innovative tool that is able to link the suppliers to the customers in the best manner in order to obtain
services that are characterized by a high-performance level. Therefore, a provisional model has been
implemented that allows filtering the technologies according to suitable performance indexes. A
specific aspect for which AMSA can be considered unique is related with the given possibility to
access Design for Additive Manufacturing Services through the Web in accordance with the possible
additive manufacturing technologies.

Keywords: additive manufacturing; key performance indicators; topology optimization; design for
additive manufacturing; design for additive manufacturing services

1. Introduction

Recently, the manufacturing sector has seen several changes in its own reference
markets. These changes are linked to different factors such as the advent of new tech-
nologies and customer needs. For the first aspect, the advent of new technologies, it has
introduced new ways to manufacture products that allow obtaining high flexibility and
new possibilities to manufacture components with innovative shapes. In addition to the
technologies, the customer needs have assumed a strategic importance because they are
going toward high quality levels, high customization, and high complexity of the products,
leading from the “Mass Production” model to the “Mass Customization” one. Another
important aspect that supports these market changes is the new capabilities that the IoT
(Internet of Things) offers. This term is a neologism that refers to an Internet extension
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toward the world of objects and places, which was introduced by Kevin Ashton in 1999
and further developed by the research agency Gartner [1].

Additive Manufacturing (AM) is defined as “a process of joining materials to make
objects from 3D model data, usually layer upon layer, as opposed to subtractive manufac-
turing methodologies” [2], and it is considered one of the most promising manufacturing
technologies, owing mainly to the geometrical flexibility it provides, but also to assets
such as production flexibility, lead time reduction for short series production, reduced
cradle-to-grave energy usage, and CO2 footprint [3]. With the rise of AM in the last decade,
a multitude of processes has become available to engineers, at a much lower cost than pre-
viously [4]. This has led to considering AM for manufacturing anything from appliances to
automobiles and aircrafts. However, the applicability of AM to such areas is questionable.
Moreover, although AM processes share a common approach and thus a few common
characteristics, each one of the market-available AM technologies presents its own unique
opportunities and limitations [4].

Zaman et al. introduce a generic decision methodology, based on multi-criteria
decision-making tools, that will not only provide a set of compromised AM materials,
processes, and machines but will also act as a guideline for designers to achieve a strong
foothold in the AM industry by providing practical solutions containing design-oriented
and feasible material-machine combinations from a current database of 38 renowned AM
vendors in the world. An industrial case study, related to aerospace, has also been tested in
detail via the proposed methodology [5].

AM has the potential to simultaneously build an object’s material and geometry but
considering unlimited potential does not guarantee having unlimited capability. The de-
signers working in the AM industry have to not only concentrate on the types of constraints
involved in procedures such as Computer-Aided Design (CAD) and the digitization of
its ideas [6], discretization (digital and physical) of the parts to be produced, assessing
capabilities of AM machines, and processing of materials to gauge the impact on properties,
but they also have to cater for new challenges and requirements associated with metrology
and quality control, maintenance, repair and recycling, lack of generic interdependency
between materials and processes, limitation in material selection, longer design cycle than
manufacturing cycle, surface finishing issues, and post-processing requirements [7,8]. Since
the stakeholders in AM industry related to part manufacture are not altering the design
completely in the “design phase”, thereby resulting in an increase in the costs incurred
both due to manufacturability and production time, it is highly important to address
the relationship between manufacturing constraints, customer requirements, and design
guidelines so that the overall cost including assembly and logistics is minimized [9].

Colosimo et al. present a cost model to evaluate the economic impact of defects and
process instability in metal Additive Manufacturing (AM) [10].

The introduction of new technologies could cause deep changes to the entire supply
chain configuration. A new approach designed to understand the importance of supply
chain considerations for a suitable technology assessment has been studied. It is aimed at
proposing a quantitative model for the evaluation of different structures of supply chains
based on different production technologies. In particular, by defining a set of Key Perfor-
mance Indicators and applying a multi-criteria decision method, a final score is computed,
giving important information about both environmental and economic aspects [11,12].

Bikas et al. define a framework to assist non-expert potential users of AM technology
with evaluating their specific use cases [13].

Di et al. establish a mathematical cost model to quantify the different cost components
in the direct metal laser sintering process, and it is applicable for evaluating the cost
performance when adopting dynamic process planning with different layer-wise process
parameters. The case study results indicate that 12.73% of the total production cost could
be potentially reduced when applying the proposed dynamic process planning algorithm
based on the complexity level of geometries. In addition, the sensitivity analysis results
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suggest that the raw material price and the overhead cost are the two key cost drivers in
the current additive manufacturing market [14].

Sustainability aspects and cost efficiency in the product lifecycle have great potential
for improvement, so cost models are necessary to assist managers in selecting part-specific
allocation strategies for metal spare parts realized in AM.

Ott et al. propose a two-stage model as a basis for decision support in spare part
allocation. The first stage introduces a multi-criteria part classification regarding classical
criteria as well as criteria referring to AM. The impacts on different spare part allocation
strategies such as final stockpiling, conventional spare part production, or AM on demand
will be the focus. Based on the first stage, a conceptual model for a comprehensive activity-
based cost assessment will be adopted to assess the arising costs that occur for each of the
compared allocation strategies [15].

Sabiston et al. expand upon existing mathematical constructs by providing an al-
gorithm to minimize the cost and time associated with additively manufactured parts
within a three-dimensional topology optimization framework. The formulation has been
constructed in such a manner to accommodate large-scale topology optimization problems,
including a filtering scheme requiring minimal storage of additional mesh information and
an iterative finite element analysis solver. A rigorous trade-off analysis is conducted to
determine the optimal contribution of additive manufacturing factors to minimize build
time [16].

Liu et al. present a manufacturing cost constrained topology optimization algorithm
considering the laser powder bed additive manufacturing process. The proposed algorithm
would provide an opportunity to balance the manufacturing cost while pursuing the
superior structural performance through topology optimization [17].

Palanisamy et al. adopt a multi-criteria decision-making (MCDM) technique, namely
the best-worst method (BWM)), to select the suitable material for the product. This is along
with the end user expectations in AM. In the initial phase, the suitable machine to be
selected from the available machines is based on the parameters such as cost, accuracy,
variety of materials, and material wastage. From the variety of materials, the suitable
material was selected based on the respondent requirement. The criteria that had a greater
influence on the overall cost of the product manufacture through AM are identified and
used. According to the BWM, the criteria to be selected by the decision maker based on
the respondent expectations are identified. In the BWM method, pairwise comparisons are
carried out between the best and worst criterion suggested by the decision makers, as that
leads to the selection of the suitable material [18].

Within a research project, the authors have developed a web-based innovative solution
that is able to supply services thanks to innovative technologies such as internet capa-
bilities, additive manufacturing processes, product development know-how, and reverse
engineering systems.

This paper aims to report the obtained results thanks to the application of AMSA
(Additive Manufacturing Spare parts market Application) methodology to one of the
selected case studies in order to validate it also for complex geometries. The aim of the
defined methodology is to provide support to the AMSA operator to properly evaluate the
selection of suppliers based on the characteristics of the geometry to be created. Therefore,
a provisional model has been implemented that allows filtering the technologies according
to suitable performance indexes. The AMSA platform is a web-based service developed on
the basis of the main guidelines defined by the modern paradigm of Cloud Manufacturing
(https://www.amsacloudmanufacturing.it/, accessed on 1 December 2020).

The potential advantages that distinguish this paradigm are the following:
Flexibility;

Tool to support the decision-making process;

Intelligent production “on demand”;

Production capacities intended as services.
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After a brief description of the case studies, the appropriate Key Performance Indi-
cators (KPIs) have been defined and then calculated for a selected case study in order to
simulate the working condition of the AMSA operator, in the attempt to identify the most
suitable technologies to adopt for the component production. Starting from the Compati-
bility Index (CBA, provides a relative compatibility index between the product and the AM
machine, which is better described in the Appendix A) results, the components production
was therefore started and, once realized, the requirements validation was carried out.

At present, the procedure has been developed and tested with the AMSA test cases,
so the different indices values need to be further refined with the print of additional
components. The implemented relationships are the result of an analytical interpretation
of empirical evaluations matured on the field.

2. AMSA Methodology Description

The AMSA methodology was created with the aim to provide a functional tool, that is
integrable within a web platform to favor the selection of the most appropriate additive
technologies and/or machinery depending on the product characteristics.

In order to facilitate the inclusion of this platform within the additive market, it was
decided to start from market research to evaluate the most commercially interesting context.
Following this study, it was decided to concentrate activities on additive technologies aimed
at the production of metal components:

e  Selective Laser Melting (SLM)
e  Electron Beam Melting (EBM)
e  Directed Energy Deposition (DED).

In addition, it is worth mentioning that they represent almost 100% of the production
capacity present on the market, and the three technologies also ensure the possibility of
managing a wide range of product requirements, from the large components proposed
by DED processes to the dimensional accuracy obtainable with SLM processes, up to the
management of particularly reactive materials thanks to the EBM ones. For each of the
above-mentioned technologies, an analytical-parametric model has been developed in
order to correlate the main process parameters with product performance in terms of costs
quality and mechanical characteristics. The developed models, supported by suitable
experimental tests that are able to calibrate and optimize the simulation parameters, have
allowed us to identify the most relevant process variables responsible for the additive
production success for each technology.

Figure 1 shows the configured supply chains for new products and spare parts. As
reported, the supply chain is not fixed, and it varies, taking into account the typology
of services. One of the straight points of the AMSA platform is the possibility to adapt
the supply chain and the resources to the market changes. AMSA represents also a good
opportunity for the suppliers to improve the action range and then their business.

Starting from these results, the AMSA methodology has been developed, with the
aim to extrapolate and to create appropriate relationships among different data sources
able to provide, for each component to be produced by additive manufacturing, a series of
key information:

e  The most suitable technology;

e  The suggested machine type;

e  The production time;

e  The production cost.

Considering the large amount of variables to be managed, it was decided to consider
an approach based on the selection of a series of technical KPIs, whose objective is to
provide an index of compatibility of each machine type (non-technology) with respect to

the requirements of the component to be produced (Table 1).
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Figure 1. AMSA (Additive Manufacturing Spare parts market Application) supply chain: (a) new product; (b) spare part.

Table 1. Matrix example that associates the Key Performance Indicator (KPIs) with the various machine types available on
the platform (Powder Bed, PB or Directed Energy Deposition, DED).

AVAILABLE MACHINES
PRODUCT A “bs1 ez Pes DEDT  DED2  DED3

KPI1 29% 94% 83% 79% 45% 61%
KPI2 25% 75% 51% 92% 7% 97%
KPI3 13% 99% 25% 11% 71% 90%

KP4 26% 53% 89% 41% 39% 8%
i KPI5 76% 97% 44% 66% 18% 50%
P KPI6 78% 91% 26% 79% 57% 44%
KPI7 25% 61% 40% 33% 12% 29%
KPI8 52% 76% 54% 83% 3% 10%
KPI9 58% 16% 61% 48% 100% 97%

KPI10 30% 98% 93% 25% 82% 97%

KPI11 16% 28% 11% 77% 76% 2%
COMPATIBILITY 39% 72% 53% 58% 46% 53%

The technical KPIs have a percentage values from 0 to 100% and different calculation
methods depending on the considered case.

Once the KPIs calculation is completed, the platform provides a list of solutions
ordered based on a compatibility KPI (CBA), which were obtained as an average (properly
weighed) of the other available KPIs. With the compatibility KPI, the platform provides
two other fundamental KPIs, which provide a complete summary that is able to facilitate
the choice of the most appropriate machinery:

o  Cost KPI (CST): provides an evaluation of the component price to be produced associ-
ated with the various machines available in AMSA;

e Time KPI (TMP): provides an estimate of production times according to the consid-
ered technology.

Identification of the technical KPIs, which define the CBA compatibility KPI, has been
defined from a comprehensive analysis of the following aspects:
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The physical and mechanical characteristics of the materials selected for industrial
applications;

Analytical models selected from what is available in the technical and scientific litera-
ture;

Analytical-empirical models developed by the research group during previous R&D
(Research and Development) activities;

Finite Element (FE) models where useful to make the correlation between process
parameters and obtainable final results objective;

The performance specifications description to be achieved for the selected industrial
applications.

Therefore, the final list of the defined technical KPlIs is the following:

Material evaluation (MAT);
Overall dimensions study (ING);
Precision analysis (PRE);
Resolution analysis (RIS);
Roughness analysis (RGS);
Study of the undercuts (STQ).

To formulate each one of the KPIs, the research team has tried to take into considera-

tion all the aspects that are evaluated by the specialists during the process design phase
for a specific product. These aspects have been correlated with each other in specific
flow diagrams and then translated into analytical expressions, which are appropriately
calibrated according to a series of experimental results. Figure 2 shows, as an example, the
flow chart of the MAT KPL

s the material treated by the MAT =0
machine?

Is the materlal avallable In stock? Supply Time?

Material change

time? 0 < MAT < 100%

Is the main material?
' Processability risk?

MAT = 100%

Figure 2. Flow chart of the material evaluation (MAT) Key Performance Indicator (KPI).

In the specific case of the material to be used for the production of the component, it is

a direct request from the customer, which must be crossed with the available technologies to
verify that it is actually obtainable with the available machines and evaluate any problems
related to the timing or processability. MAT KPI is an index between 0 and 1, and has as its
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objective the expression of the process described in the Figure 1: once the request for an
estimate has been received, the material indicated by the customer must be compared with
the databases of the machines made available by the AMSA platform to identify the list of
those who are actually capable of handling the material. Therefore, the list of machines is
ordered according to three criteria:

e  Powder supply time;
e  Time to change material in the machine;
e  Risk of material processability.

Evaluating the aspects highlighted in Figure 1, the following expression of MAT was
proposed; the details are provided in the Appendix A.

MAT = Omat- + Xm-

—f) @

1 1
Kappr' —F———— —F—t O(fr‘(z
1+ Tapprw(g] /1 TAMmg]

Omat: compatibility between material and machine;

oappr: metal powder supply coefficient;

Tapprw[g]: SUPPLy time for metallic powders (days);

amt: material change coefficient;

TaMmt[g]: Material change time (days);

«g: material processability risk coefficient;

fr: risk factor of material processability, which represents a factor for increasing the
mass of material required by the process, and it is requested to the supplier.

A clearly different approach was instead reserved for the KPIs of Cost (CST) and
Time (TMP), which present particularly complex formulations that are able to take into
consideration all the production phases of a product from design to finishing (Figure 3).

AM

treatment production

finish

Figure 3. List of production phases considered for the Cost KPI (CST) and Time KPI (TMP) calculation.

In addition, in this case, the complete formulations are provided in Appendix A.
With the application of the methodology, appropriately integrated within the AMSA
platform, users are therefore able to evaluate the main process aspects and compare them,
as described below.

3. Test Cases

e  Automotive manifold (Figure 4): The use case representative of the possible industrial
application for the spare part is a manifold that is used in the automotive sector for the
discharge of exhausted gas. The product is currently made by welding three different
components: a flat base suitably drilled, a truncated cone of connection, and a final
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neck on which the exhaust pipe is inserted. The welds are clearly visible in the image
shown in Figure 4. The material is 316L stainless steel, which is able to withstand the
high temperatures of the gas generated by combustion.

Jo T ——

Figure 4. Real automotive manifold.

e Fused Deposition Modeling (FDM) head (Figure 5): The use case identified to repre-
sent the classes of components indicated as “new product” and “small series” is an
assembly of metal parts welded together, which was designed by the research group
to connect an FDM nozzle to the Z-axis of a Cartesian machine carried out within
another research project. The prototype works in two different configurations:

- FDM for traditional plastics (PLA, ABS, PP);
-  FDM for PEEK in a controlled temperature atmosphere.

Figure 5. Fused Deposition Modeling (FDM) head of PEEK extrusion machine.

The difference between the two configurations consists in the assembly of a heated
chamber conveniently sized to guarantee a constant temperature of 120 °C and thus reduce
thermal stress due to the additive process to a minimum that can generate important
tensions and distortions, such as compromising the correct growth of the component. In
the case of PEEK, this minimum requires process temperatures over 350 °C.

4. Methodology Application to the Case Studies

In this section, the KPIs have been calculated based on the three machine types
available: DED, SLM, and EBM. As an example, the application of the methodology for the
FDM head for traditional plastics is reported.
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4.1. KPIs Calculation for the FDM Head for Traditional Plastics

The FDM head for traditional plastics has been made in A357 and must respect defined
functional requirements.

4.1.1. MAT KPI

This index evaluates the effects of compatibility between the material requested by
the customer and the analyzed AM machine.

The A357 material is compatible with DED and SLM technologies. For this last
machine, it represents a “main material”; for this reason, in this case, the supply time
and the material change time are equal to zero. The EBM does not manage aluminum
alloys because due to working conditions very close to the vacuum, there have been
detected cases of material vaporization subjected to electron beam bombardment. This
problem has no consequences only from the point of view of the deposition process, but it
represents a critical condition also from the point of view of safety, because the vaporized
particles generate scattering in the electrons, which are therefore spread uncontrollably
inside the chamber. Regarding DED, a rather high-risk coefficient has been inserted, since
the aluminum alloys processability has always been particularly problematic with this
technology (Table 2).

Table 2. MAT calculation for the FDM head for traditional plastics.

MAT Allowed Values Description DED SLM EBM
Material A357 A357 A357
Ot [0]; [1] 0 = incompatible material 1 1 0
1 = compatible material
Qappr [0:1] Weight related to the powder supply time 0.5 0.5 0.5
) Time expressed in days equal to the
Tapprwlg] [0:00) powder supply time 7 0 14
Xt [0:1] Weight related to material change time 0.3 0.3 0.3
Time expressed in days equal to the
TAMmt[g] [0:00) powder change time in the machine for a 2 0 5
given material
) Weight related to the risk of material
e [0:1] processability in the machine 02 02 02
Material processability risk in the
f, [1: c0) machine - Increase factor of material 1.5 1 1
mass required by the process
MAT 45% 100% 0%
4.1.2. ING KPI

ING KPI evaluates the compatibility between the dimensions of the component(s)
to be produced with respect to the AM machine. The aspects considered by this KPI are
as follows:

o  Compatibility between the component overall dimensions and the machine work-
ing volume;
e  Convenience of work volume saturation in the case of powder bed processes.

The considered component has dimensions such that it can be processed by all the
considered machinery. The lowest value of ING for powder bed technologies derives from
the fact that the production of a single piece does not saturate the working volume, which
instead happens (for obvious reasons) in the case of DED (Table 3).
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Table 3. Overall dimensions study (ING) calculation for the FDM head for traditional plastics.

ING Allowed Values Description DED SLM EBM

Bigger component of the machine
working volume

Oing [0]; [1] 1 ! !
Compatible component with the machine
working volume
XAM [0:00) 1.000 0.245 0.200
Machine working volume expressed as
YAM [0:00) X7 i m 1.500 0.245 0.200
ZAM [0:00) 2.000 0.300 0.300
Xd [0:00) Volume of the parallelepiped containing 0-100 0.100 0-100
Vd [0:00) the component to be produced expressed 0.100 0100 0.100
2 [0:00) as X-Y-Zinm 0.185 0.185 0.185
) Maximum number of components that
m [0:c0) can be produced within a job 1 4 8
n [0:00) Number of components of the lot 1 1 1
) Cycles number required by the machine
Tleycle [0:c0) to produce the entire lot 1 ! 1
ING 96% 39% 29%

4.1.3. PRE KPI

PRE KPI evaluates the compatibility between the precision required by the component
and the precision guaranteed by the machine. The aspects considered by the KPI are
as follows:

e  Reference precision of the component;
e  Accuracy guaranteed by the machine.

The precision required by the component is compatible only with SLM and EBM
technologies; this means that in the case of DED, it is necessary to provide subsequent
mechanical processes to ensure that the customer’s requirements are respected (Table 4).

Table 4. Precision analysis (PRE) calculation for the FDM head for traditional plastics.

PRE Allowed Values Description DED SLM EBM
Opre [0]; [1] Opre =0 = &a < Cam 0 1 1
Opre =1 = g > Cam
G4 [0:00) Reference precision of the component 0.200 0.200 0.200
CAM [0:00) Machine precision 0.500 0.050 0.100
PRE 0% 75% 50%

4.1.4. RIS KPI

RIS KPI evaluates the compatibility between the smallest feature of the component and
the machine’s capabilities in making it. The aspects considered by the KPI are as follows:
e  The smallest feature dimension in the component;
e  Machine resolution.

The resolution required by the component is compatible with all technologies; there-
fore, it is not necessary to provide subsequent mechanical processes to remove excess
material (Table 5).



Metals 2021, 11, 409 11 of 24

Table 5. Resolution analysis (RIS) calculation for the FDM head for traditional plastics.

RIS Allowed Values Description DED SLM EBM
6 o
O [0 [1] s =0 = & < bam 1 1 1
Oris =1 — & > &am
&q [0:00) Reference resolution of the component 2.000 2.000 2.000
EaM [0:00) Machine resolution 1.000 0.300 0.400
RIS 50% 85% 80%
4.1.5. RGS KPI

RGS KPI evaluates the compatibility between the roughness required by the compo-
nent and the roughness obtainable by the AM machine. The aspects considered by the KPI
are as follows:

e  Component reference roughness;
e Roughness guaranteed by the machine.

The roughness required by the component is not compatible with the available ma-
chinery for which, for the interested areas by that type of roughness, it is necessary to
provide subsequent mechanical processing (Table 6).

Table 6. Roughness analysis (RGS) calculation for the FDM head for traditional plastics.

RGS Allowed Values Description DED SLM EBM
Orgs [0]; [1] Orgs =0 = Xd < Xam 0 0 0
Brgs =1 — Xq4 > Xam
Xd [0:00) Component reference roughness 3.2 3.2 3.2
XAM [0:00) Roughness obtainable with the machine 15.0 5.0 10.0
RGS 0% 0% 0%
4.1.6. STQ KPI

STQ KPI evaluates the compatibility between the undercut surfaces and the capacity
of the considered AM machine. The aspects considered by the KPI are as follows:

e  Surface of the undercut areas;
e  Total component surface.

The amount of surfaces in undercut conditions is rather important compared to the
total; therefore, the KPI suggests the powder bed technologies that are more easily able to
manage it (Table 7).

Table 7. Study of the undercuts (STQ) calculation for the FDM head for traditional plastics.

STQ  Allowed Values Description DED SLM EBM
Sq [0:00) Total surface of the component 0.028 0.028 0.028
St [0:00) Total surface in undercut 0.003 0.003 0.003
VP [0:1] Support management coefficient 0.1 0.6 1.0
STQ 9% 78% 91%
4.1.7. CST KPI

The objective of this KPI is to provide an indicative economic quotation of the product
according to the indicated technology. The aspects considered by the KPI are costs due to
the following:
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Material;

Printer usage time;
Operator;

Geometry complexity.

The CST KPI presents results only for SLM and DED, because the EBM does not
support aluminum and the methodology also sets the result of CST to zero. In this case,
the value of the DED machine is slightly lower, but the SLM technology provides a valid
alternative due to the fact that DED has several disadvantages on aluminum management.
In this case, the quantity of lot numbers has its weight: if the lot number had been higher
and next to 4 (work volume saturation for SLM), the CST value would clearly favor the

SLM machine (Table 8).

Table 8. CST calculation for the FDM head for traditional plastics.

CST Allowed Values Description DED SLM EBM
Ot [0]; [1] 0 = incompatible material 1 1 0
1 = compatible material
0 = bigger component of the machine working
Oing [0]; [1] volume 1 1 1
1 = component compatible with the working
volume of the machine
n [0:00) Number of components of the lot 1 1 1
5y [0:00) Density of the material 1nd13cated by the customer 2670 2670 2670
(kg/m”)
Va4 [0:00) Volume of the component to be produced (md3) 5.03 x 1078 5.03 x 108 5.0310°8
Sq [0:00) Total surface of the component(mz) 0.0282 0.0282 0.0282
] Average machining allowances thickness
Yrt [0:00) identified by technology (m) 0.002 0.0002 0.0005
Ratio between the surface subject to machining
Ow [0:1] allowance and the total surface of the component 8% 8% 8%
(%)
) Powder management efficiency in the machining o o o
Ewr [0:1] allowance production (%) 70% 85% 85%
) Powder management efficiency in the component o o o
Ewd [0:1] production (%) 70% 85% 85%
Cw [0:00) Unit cost of metal powders (€/kg) 70 130 0
ot [0:00) Material density chosen for the supports (kg/m?) 2670 2670 2670
. Volume of the parallelepiped containing the
Vboudt [0:00) support structures (m®) 0.0003 0.0003 0.0003
ot [0:1] Technological coefficient fo;‘ the supports material 01 0.6 03
mass (%)
Ce [0:00) Unit material cost required for the supports (€/kg) 70 130 0
dg [0:00) Density of the anchor plate material (kg/m3) 2670 2670 2670
Hg [0:00) Anchor plate thickness (m) 0.025 0.025 0.025
Shound [0:00) Surface of the component bounding box (m?) 0.01 0.01 0.01
g [0:00) Coefficient of increase of the bounding box surface 10% 59, 59,

(%)
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Table 8. Cont.
CST Allowed Values Description DED SLM EBM
fr [0:1] Material risk coefficient 1.5 1 1
Cg [0:00) Unit cost of anchor plates (€/kg) 5 5 0
Kq [0:00) Complexity coefficient for process design 1.3 1 1
Cdop [0:00) Cost operator time for process design €/h 30 30 30
Tdor [0:00) Operator time to 1dent1(f}}ll)c0mponent orientation 05 05 05
. Operator time to identify the optimal slicing
Tdsl [000) strategy (h) 2 2 2
Tdps [0:00) Operator time to identify process parameters (h) 0.5 0.5 0.5
Tdem [0:00) Operator time to set the tool path (h) 0.5 0.5 0.5
Kam [0:1] Complexity coefficient for additive production 1.3 1 1
Hourly cost for Additive Production due to
CAMeq [0:00) Y o ion 50 46.5 81.4
. Hourly cost for Additive Production due to
CAMmh [0:00) maintenance 10 71 15
CAMen [0:00) Hourly cost for Additive Prqductlon due to energy 1.93 1.68 257
consumption
) Hourly cost for additive production due to the
CAMop [0:00) operator 0 0 0
TAMmt [0:00) Material change time (h) 0.5 0 5
TAMstart [0:00) Machine start-up time (h) 1 3 3
TAMrisc [0:00) Machine preheating time (h) 0 1 1
) Maximum components number that can be
m [0:00) produced within a job ! 4 8
TAMce [0:00) Cycle change time (h) 2 4 1
V4 [0:00) Total volume to be melted (m3) 0.000105976  0.000223014  0.000142268
Pam [0:00) Machine productivity (m3/h) 0.000100 0.000015 0.000080
T AMraffr [0:00) Room cooling time (h) 2 2 8
TAMclean [0:00) Excess powder removal time (h) 0.5 4 4
CST (€) 633.39 € 1,541.08 €
4.1.8. TMP KPI
TMP KPI provides an estimation of component delivery time. The aspects considered
by the KPI are as follows:
e Powder supply time;
e  Material change time in the machine;
e  Time for process design;
e  Accessory times for the machine heating and cooling phases;
e Production time;
e  Machine cleaning time.

This KPI provides an estimate of the lot production times. In the case of EBM, it
remains equal to zero because, as already mentioned, it does not support the used material.
In the case of the SLM, it is the main material for which TMP only represents the production
time equal to about one day. For the DED, on the other hand, it also includes delivery times
for the powder that is not in stock (Table 9).
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Table 9. TMP calculation for the FDM head for traditional plastics.

TMP Allowed Values Description DED SLM EBM
Ot [0]: [1] 0 = incompatible material 1 1 0
1 = compatible material
0 = Bigger component of the machine
working volume
9ing [OL [1] . N 1 1 1
1 = component compatible with the
working volume of the machine
n [0:00) Number of components of the lot 1 1 1
Vv, [0:00) Volume of the com(li);)%ent to be produced 5.03 x 10-8 503 x 10-8 5.03 x 10-8
Tapprw[h] [0:00) Powder supply time (h) 168 0 336
) Operator time to identify component
Tdor [0:00) orientation (i) 0.5 0.5 0.5
) Operator time to identify the optimal
Tasl [0:c0) slicing strategy (h) 2 2 2
) Operator time to identify process
Tdps [0:00) parameters (h) 0.5 0.5 0.5
Tdem [0:00) Operator time to set the tool path (h) 0.5 0.5 0.5
TAMmt [0:00) Material change time (h) 0.5 0 5
TAMstart [0:00) Machine start-up time (h) 1 3 3
TAMrisc [0:00) Machine preheating time (h) 0 1 1
. Maximum components number that can
m [0:c0) be produced within a job ! 4 8
TAMce [0:00) Cycle change time (h) 2 4 1
Va4 [0:00) Total volume to be melted (m?) 0.00010598 0.00022301 0.00014227
Pam [0:00) Machine productivity (m3/h) 0.000100 0.000015 0.000080
TAMraffr [0:00) Room cooling time (h) 2 2 8
TAMclean [0:00) Excess powder removal time (h) 0.5 4 4
TMP (gg) 7.5 2.6 0.0
4.1.9. CBA KPI

The compatibility coefficient is represented by the appropriately weighted sum of a
series of contributions given by specific KPIs. This last can be analyzed separately by the
AMSA technician in the analysis of the estimate quotation, but the values will flow into the
CBA calculation, which will be used to order the list of suppliers to be evaluated (Table 10).
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Table 10. Compatibility Index (CBA) calculation for the FDM head for traditional plastic.

CBA Allowed Values Description DED SLM EBM
0 = incompatible material
Omat [0]; [1] P 1 1 0
1 = compatible material
0 = Bigger component of the machine
working volume
9ing [OL [1] . N 1 1 1
1 = component compatible with the
machine working volume
PRE [0:1] Precision KPI 0% 75% 50%
RIS [0:1] Resolution KPI 50% 85% 80%
RGS [0:1] Roughness KPI 0% 0% 0%
STQ [0:1] Undercuts KPI 9% 78% 91%
CST (€) [0:00) Cost KPI 633.39 € 1,541.08 €
TMP (gg) [0:00) Time KPI 7.5 2.6 0
CBA (%) 40% 53% 0%

It provides a relative Compatibility Index between the product and the considered
AM machine.
Indeed, CBA provides an overview of the various KPIs:

e  Both the material and the component overall dimensions are supported by SLM and
DED; the material is not supported by the EBM, which is therefore automatically
excluded from the CBA calculation.

e  The required precision is manageable only by SLM; therefore, in the case of DED, it is
necessary to provide a specific post-processing step.

The required resolution is largely managed by all the machines.

The required roughness requires post-processing for all machines.

There are undercuts; therefore, they should be more easily managed by powder bed
technologies.

e  The cost slightly favors the DED, while the production time clearly favors the SLM.

Therefore, the final result of CBA suggests the geometry production by SLM.

5. Methodology Validation

Component production has allowed us to obtain the necessary information for the
KPI compilation and therefore the methodology validation.

5.1. FDM Head for Traditional Plastics

According to the KPI results, the head for traditional plastics should be produced by
SLM (A357). In the present paper, only the geometry and material analysis are presented,
since both the process parameters identification and the CAM development are not the
object of the present work.

5.2. Geometry and Material Analysis

For the FDM head, it has been necessary to proceed with a specific topology opti-
mization phase. The geometry is reported in Figure 6, where two slots are visible in the
upper part for the Cartesian Z-axis fixing (1), the holes (2) for the extruder mounting, and
the holes (3) for the folding assembly, which protects the aluminum structure from the
heat produced by the process chamber. Altair’s INSPIRE® software [19] has been used for
topology optimization. The four screw fixings have been constrained to the Z-axis of the
Cartesian. As load, we considered the component and extruder weight and the force due
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to the head movement, which has been applied on the lower plate as an acceleration equal
to 0.1 g in the X and Y-directions (Figure 7).

Figure 6. Component coupling surface.

b

Figure 7. Accelerations application point.

To simplify the component redesign after the optimization, the non-design zones have
been remodeled, and the slots for fixing to the Cartesian have become bushings, as well
as the holes for extruder fixing (Figure 8). The base plate has been cut by a laser, and to
ensure assembly, other bushings have been modeled for coupling screws insertion. Tetra
elements have been modeled to maintain a flush between this component and the Z-axis.

Figure 8. Material density distribution after topology optimization.
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Since the base plate must also allow the capacitive sensor to be mounted in the case
of PEEK production, and it must necessarily be removable, it was decided to remove it
from the “design space” and provide, on the optimized geometry, four holes to ensure this
assembly option.

The following optimizations have been realized:

e  Optimization for A357 Aluminum to obtain the head for traditional plastics (SLM—
small series);

e  Optimization for Ti6Al4V Titanium to obtain the head for traditional plastics (SLM—
new product).

The stiffness maximization has been defined as an objective function. The two results
have provided very similar geometries between them, and then, they have been remodeled
with Inspire’s PolyNurbs feature, which allows us to “coat” imperfect geometries deriving
from topology optimization with more regular shapes, in order to obtain components
almost ready for printing (Figure 9). Subsequently, the model has been engineered in the
SolidWorks® environment (Figure 10).

Figure 9. Remodeled component with PolyNurbs.

Figure 10. A357 component for Selective Laser Melting (SLM).
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Particular attention has been given to the interface areas between the PolyNurbs and
the non-design areas: the transition between the two portions of the CAD model must be
gradual to avoid the stress concentration in these areas during the printing process.

After the CAD modeling, the components were verified again by static analysis to
detect any stress concentrations. Figure 11 shows the real component created that was
detached from the sacrificial platforms and analyzed to verify the success of the production
process.

Figure 11. Real component made by SLM (small series).

6. Functional Requirements Verification and KPIs Validation for Small Series (SLM)

The created component has been removed from the sacrificial platforms and analyzed
to verify the obtained quality. As can be seen in Table 11, all the positioning tolerances
as well as the dimensional tolerances have been respected. The planarity of the reference
plans for the head mounting was verified.

Table 11. Functional requirements verification of the FDM head for traditional plastics.

FDM Head for Traditional Plastic

(Small Series) Characteristic Functional Requirement
Positioning tolerances of the fixing holes mk 0.1 o
Reference plan planarity mk 0.1 o
Head fixing component Z-axis
Dimensional tolerance of through fixing holes mk 0.1 O
Reference plan planarity roughness Ra3.2
Positioning tolerances of the fixing holes mk 0.1 O
Nozzle head fixing component Dimensional tolerance of through fixing holes mk 0.1 O
Internal roughness of the holes Ral.6
Positioning tolerances of the fixing holes mk 0.1 0
Folding head fixing component Reference plan planarity mk 0.1 0
Dimensional tolerance of through fixing holes mk 0.1 o
Structure and material Vibration resistance Able to support acceleration 0

of 0.1g
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However, the holes’ internal surfaces roughness did not respect the reference values,
and they have required further processing in order to consider the requirement satisfied.
The roughness has been measured and has been equal to 5.2 Ra on the reference plans and
7.7 Ra in the nozzle fixing holes.

Furthermore, the vibrations resistance was verified only from a numerical point of
view; in fact, the topological optimization was carried out based on this constraint.

From KPIs validation point of view, it is possible to compare the real data with those
predicted by the implemented methodology. Table 10 shows how precision, and undercuts,
as expected, were easily managed by technology. It is also confirmed that the roughness
was not obtainable with the additive process, and in fact, the process was able to provide a
maximum of 5.2 Ra.

Finally, as regards the production cost, a comparison was made with the calculated
real results, and a deviation of approximately 3.8% was found. Specifically, considering the
number of productive hours of an industrial machine equal to 2800, a cost of €1600 was
obtained, compared to the calculated value of €1541 (Table 10).

7. Conclusions

The target of this study has been to evaluate the capabilities of the AMSA methodology
considering a defined test case representative of a typical application in order to validate
the complex geometries that AMSA service could face. For this reason, the main operations
that the AMSA technician could manage for a possible production order request have
been simulated. The KPIs have been calculated considering the formulation described in
Appendix A.

Starting from the CBA results, the component has been manufactured. After the
production, in order to evaluate the AMSA methodology performance, a verification of the
functional requirements and the KPI values have been carried out. The obtained results
highlight that the AMSA methodology is robust enough to manage complex geometries,
and it represents a valid tool for manufacturing engineers during the decision process
related to the handling of possible production orders. The procedure has been developed
for AMSA test cases, and the different indices values need to be further refined with the
printing of additional components.

On the basis of the obtained results, the methodology seems to respond, above all
qualitatively, quite well to the variables introduced, even for complex components such as
the considered use cases.

From a quantitative point of view, especially as regards the production cost, it would
be good to carry out other tests with different geometries in order to have a statistical basis
capable of further improving the formulation of the technological coefficients that have a
significant weight in the CST calculation. What has been demonstrated certainly represents
an important result that can be the starting point for the drafting of real algorithms able to
assist the AMSA operator in deciding which technology to use for production, highlighting
all the critical aspects that should be kept into account.

Author Contributions: Conceptualization, A.D.P. and T.P.; methodology, A.D.P. and T.P,; Validation,
A.D.P. and T.P. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Ministry of Economic Development, Bando Horizon 2020-
PON 2014 /2020.

Informed Consent Statement: Not applicable.
Data Availability Statement: Data sharing not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

To better understand the details, the complete formulation of the indexes listed above
is shown below.
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Appendix A.1. Material Index “MAT”

The following is the complete formulation of the MAT index with the relative control

variables.

MAT = Omat- ( + Gmt- + o‘fr - ) (Al)

1
Cappr*
V1 Tapprwlg] 1 Tavmig)

Omat: compatibility between material and machine
®appr: Metal powder supply coefficient

Tappr, s supply time for metallic powders [days]
Gt matenal change coefficient

TAM g material change time [days]

ag: material processability risk coefficient
f;: risk factor of material processability, which represents a factor for increasing the
mass of material required by the process, and it is requested to the supplier.

Appendix A.2. Production Cost Index “CST”

Below, we describe the complete formulation of the CST index with the list of related

control variables.

CST = emat . eing
( vd M)} -Cyw + [n-8¢-Vioundt ©t)-Ct

{[ms G

+[ ug Sbound (1 + (pg) } g} f

+4Ky- (Cdop (Tdor + T4, + Tdps + Tdcm)) + Kam

{ CaMeq + CaMyy, + CaMe, + Camy,
(AN (TAMgar + T (3] + v+ Tan([B] 1)
+(TAMyage T TaMaesn) [ )]}
(A2)

Omat: compatibility between material and machine
Bing : compatibility between component and the machine working volume
84: material density indicated by the customer (kg/m3);
V4: volume of the component to be produced (m?);
Sq: total area of the component (m?);
v average machining allowance thickness identified by technology (m);
@w: ratio between the surface subject to machining allowance and the total surface
area of the component (%);
ew,: powders management efficiency in the production of machining allowance (%);
€wy: powders management efficiency in the production of the component (%);
Cyw: unit cost of metal powders (€/kg);
8 material density chosen for the supports (kg/m?);
Vpound,: parallelepiped volume of the containment of support structures (m?);
@¢: technological coefficient for the mass of material for the supports (%);
Ci: unit cost of the material required for the supports (€/kg);
d¢: material density of the anchor plate (kg/m?);
He: thickness of the anchor plate (kg/m?);
Spound: surface of the component’s bounding box (kg/ md);
@g: increase coefficient of the bounding box surface (%);
f;: material risk coefficient;
Cg: unit cost of the anchor plates (€/kg);
Kq4: complexity coefficient for process design;
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Kawm: complexity coefficient for additive production;
Cd,,: operator hourly cost for process design;
T4,,: operator time to identify component orientation (h)
T4, operator time to identify the optimal slicing strategy (h)
® T4, Operator time to identify process parameters (h)
T4, : Operator time to set the tool path (h)
CAMeq' hourly cost for Additive Production due to amortization;
caM,,,: hourly cost for Additive Production due to maintenance;
CAM,,: hourly cost for Additive Production due to energy consumption;
CAM,,: hourly cost for Additive Production due to the operator;

TAM,,: material change time (h);

TAM,.: Machine start-up time (h)

TaM,,.: Mmachine preheating time (h);

n: components of the lot number;

m: maximum number of components that can be produced within a job;
[2]: number of jobs required by a machine with a maximum capacity of m compo-
nents to make n components;

TAM,.: cycle change time (h);

Pam: machine productivity (m3/h);

TAM, ;- chamber cooling time (h);

TAM,, €Xcess powders removal time (h).

Appendix A.3. Production Time Index “TMP”

The following is the complete formulation of the TMP index with the relative control
variables.

TMP = Omat - eing
’ {Tapprw[h] + (Tdor + ngl + pos + Tdcm>

n
+ |:TAMmt + (TAMsfart + TAMrisc) ’ (a) :|

ot ((2) =)+ [ (ot + oavn) (2)]}

Omat: compatibility between material and machine
Oing : compatibility between component and the machine working volume

(A3)

®  Tappryy, powder supply time (h)

T4,,: operator time to identify component orientation (h)

T4, : operator time to identify the optimal slicing strategy (h)
T4, : operator time to identify process parameters (h)

T4,,,: Operator time to set the tool path (h)
TAM,,, : Material change time (h)

TAM,y - Machine start-up time (h)

TAM,;,. - machine preheating time (h)

m: maximum components number that can be produced within a job
TAM, g, : TOOm cooling time (h)

TAM, ooy : €XCeSS powder removal time (h)
TAM,, : cycle change time (h)

n : number of components of the lot

Pam: machine productivity (m3/h)

V4 : total volume to be melted (m?)
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Appendix A.4. Overall Dimensions of the Component in the Machine “ING”

The following is the complete formulation of the ING index with the relative control
variables.

NG o, [T AIRCAVEN) B R P |
m, 2

(A4)

Bing: compatibility between component and the machine working volume
XAM

y apm: Machine working volume

ZAM

Xd

yq4: volume of the parallelepiped containing the component

Zq

n: number of components of the lot

Ncycle: jOb numbers

m: maximum number of components that can be produced within a job

Appendix A.5. Technology Precision “PRE”

The following is the complete formulation of the PRE index with the relative control
variables.

(Ca — Cam)
Ca
®  Opre: product—machine coefficient, Opre = 0 = Cg< CaM Opre =1 — Cg >Cam;
° Cq: reference precision of the component;
e  (am: machine precision.

PRE = Opre- (A5)

Appendix A.6. Technology Resolution “RIS”

The following is the complete formulation of the RIS index with the relative control
variables.

(&a — &am)
&d
e  0Ojs: product—machine coefficient, 85 = 0 = (g < Cam Oris = 1 = &g >Cam;
° Cq: reference resolution of the component;
e (am: machine resolution.

RIS = 0,4 (A6)

Appendix A.7. Undercuts Management “STQ”

The following is the complete formulation of the STQ index with the relative control
variables.

STIQ= ——— (A7)

e 54 :total component surface;
e S, :total undercut surface;
e 1 :support management coefficient.

Appendix A.8. Technology Roughness “RGS”

The following is the complete formulation of the RGS index with the relative control
variables.

RGS = ergs. (Xd ;XAM) (AS)
d

® O product—machine coefficient, 055 = 0 — Xq< Xam Orgs = 1 — X4 >Xam’
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e  Xq: component reference roughness;
e  Xam: roughness obtainable with the machine.

Appendix A.9. Compatibility Index “CBA”
The following is the complete formulation of the CBA index with the relative control
variables.
CBA = OmatOing

PRE + RIS + RGS + STQ
*q Xgmt* 1 + Oest

(A9)

< 1-CST >—|—oc - 1—-TMP )
CSTmax'(]. + acst> tmp TMPmax' (]. + o(tmp)

The KPI in equal to zero when 0yt or Oing are null, which are conditions correspond-
ing respectively to an incompatibility in terms of material (the material is not supported by
the machine) or overall dimensions (the component is too large compared to the machine’s
working volume).

If PRE, RIS, RGS, or STQ are equal to zero, CBA does not become null because the
component is actually feasible; it requires only additional treatments or workings that
cannot be ignored if the customer’s request is to be satisfied.

Omat: Omat = 0 — incompatible material 0ot = 1 — compatible material;
Oing : compatibility between component and the machine working volume
agmt: weight associated with geometric KPIs;

xest: Weight associated with cost KPIs;

tmp: Weight associated with time KPIs;

PRE: technology precision;

RIS: technology resolution;

RGS: technology roughness;

STQ: undercuts management;

CST: production cost;

TMP: production time;

CSTmax: maximum CST value calculated among all available machines;
TMPmax: maximum TMP value calculated among all available machines.
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