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Abstract: The interest in additive manufacturing (AM) processes is constantly increasing due to the
many advantages they offer. To this end, a variety of modelling techniques for the plethora of the
AM mechanisms has been proposed. However, the process modelling complexity, a term that can be
used in order to define the level of detail of the simulations, has not been clearly addressed so far. In
particular, one important aspect that is common in all the AM processes is the movement of the head,
which directly affects part quality and build time. The knowledge of the entire progression of the
phenomenon is a key aspect for the optimization of the path as well as the speed evolution in time
of the head. In this study, a metamodeling framework for AM is presented, aiming to increase the
practicality of simulations that investigate the effect of the movement of the head on part quality. The
existing AM process groups have been classified based on three parameters/axes: temperature of
the process, complexity, and part size, where the complexity has been modelled using a dedicated
heuristic metric, based on entropy. To achieve this, a discretized version of the processes implicated
variables has been developed, introducing three types of variable: process parameters, key modeling
variables and performance indicators. This can lead to an enhanced roadmap for the significance
of the variables and the interpretation and use of the various models. The utilized spectrum of AM
processes is discussed with respect to the modelling types, namely theoretical/computational and
experimental/empirical.

Keywords: additive manufacturing; simulation; path planning; modeling; head speed

1. Introduction

In additive manufacturing (AM) processes, parts are created in a layer-by-layer fash-
ion by selectively fusing the material of the current layer on that of the previous one, based
on information provided by 3D model data [1]. In 1981, Dr. Hideo Kodama came up with
the rapid prototyping idea, while in 1984, Chuck Hull filed his patent for his stereolithog-
raphy apparatus [2]. AM differs from rapid prototyping [3] in that it specifically aims to
manufacture end-user parts, rather than just prototypes [4]; its first application took place
on 1999 for the creation of a scaffold for a human bladder [5]. In 2006, the first metal-AM
application was made commercially available in the form of selective laser sintering. The
interest in AM processes has been steadily increasing in the past years [6]; according to
estimations, it will soon exceed 5% of the total global market [7], leading to a $667 million
of added value produced exclusively using AM [8]. One of the most important advantages
of AM is the manufacturing freedom it offers [9], rendering part complexity nearly cost free.
This complexity-related cost is similar to what is known as the penalty of change; a change
in the part design due to customization results in some additional costs, depending on the
flexibility of the manufacturing process [1]. In the case of additive manufacturing, this cost
is very close to zero, as it requires no additional tools. The overall cost, however, is a much
more complicated issue, as the whole lifecycle of the part as well as that of the machine
tool are implicated [10] and is of course case dependent [11]. This freedom in design has a
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direct impact on many industrial sectors, as well as in part designs [12]. In addition, AM is
viable in terms of cost production of small batch sizes, even of one part, paving the way for
mass customization of products [6]. Moreover, these processes are environmentally and
ecologically promising in terms of material and energy consumption [9]. A classification of
the existing AM processes is summarized in Table 1 [13] according to (ISO 17296-2) [14].

Table 1. Classification of additive manufacturing (AM) processes (according to [14]).

AM Process Group Typical Commercial Names

Vat Photopolymerization (VP) Stereolithography (SLA), Digital Light Processing, Solid Ground Curing, Projection
Stereolithography

Powder Bed Fusion (PBF)
Electron Beam Melting (EBM), Electron Beam Additive Manufacturing (EBAM),
Selective Laser Sintering (SLS), Selective Heat Sintering, Direct Metal Laser Sintering
(DMLS), Selective Laser Melting (SLM), Laser Beam Melting (LBM)

Directed Energy Deposition (DED)
Laser Metal Deposition (LMD), Direct Metal Deposition (DMD), Direct Laser Deposition
(DLD), Laser Engineered Net Shaping, Electron-Beam Freeform Fabrication, Weld-based
Additive Manufacturing

Binder Jetting (BJ) Powder Bed and inkjet Head, Plaster-based 3D Printing
Material Extrusion (ME) Fused Deposition Modeling (FDM), Fused Filament Fabrication

Material Jetting (MJ)
Multi-Jet Modeling, Aerosol Jet, Ballistic Particle Manufacturing, Drop On Demand
(DOD), Laser-Induced Forward Transfer, Liquid Metal Jetting (LMJ), Multi-Jet-Printing
(MJP), Nano Metal Jetting, NanoParticle Jetting, Polyjet, Printoptical Technology

Sheet Lamination (SL) Laminated Object Manufacturing (LOM), Ultrasonic Consolidation
AM for the Construction Sector Cement AM/3D Printing, Concrete AM/3D Printing

As observed, in AM, there are several different process mechanisms, machine types,
and materials, including plastics, metals, composites [15], biomedical, and cement-based
materials [16]. Subsequently, within the wide range of challenges (as indicatively shown
in [17]), part quality is of the utmost importance [17–21], as mentioned in literature [18].
Various models are used to predict the final part quality and, as a matter of fact, they could
achieve this even in computational times comparable to the process cycle time [22]. Besides,
the diversified process parameters encountered in the plethora of the mechanisms, as well
as the movement of the head are of major importance for the process, as they directly affect
build time, strength and dimensional accuracy of the part [22]. However, in the majority of
existing studies, processes are usually simulated either throughout a very short portion
of the manufacturing time or at very small parts [23–28]. It remains, however, a fact that
knowledge of the entire progression of the phenomenon is key for the optimization of the
parameters of the process [29], as summarized in Figure 1.

A unified approach in additive manufacturing towards metamodeling is not consid-
ered to be straightforward, since there is a plethora of mechanisms as aforementioned.
However, in general, the challenges that are adjacent to AM are easy to be classified into
technical, capability-related, financial, design and IT-integration-related [30], which re-
sembles the classification from the design point of view [31]. The technical ones could
be classified into four sub-categories [18]: process related, people related, raw material
related and machine related. It is noted, though, the process and the machine related
challenges are interrelated, since the delivery of the energy and/or the material are done
by mechatronic systems [32]. The benefits, both per process and in general, have also
been pinpointed by Deloitte in the aforementioned study; complexity of the part, time to
market, cost reduction (in the strict sense of inventory minimization), customization, and
eco-friendliness are some key features of AM, regardless of the mechanism. Additional
benefits and challenges of a hybrid nature (both technical and business) can be found in
other works in the literature, such as the tabular presentation of Ford and Despeisse [33],
where even aspects like localized material recycling are mentioned, while per process,
the generic features are well documented [34]. Another interesting classification of the
technical issues come across in literature has been the 4M’s, where the making, the material,
the metrology as well as the market are mainly regarded [35]. This particular approach



Appl. Sci. 2021, 11, 7743 3 of 20

can help also as regards the material properties and hence the mechanisms that are present
in industrial AM. This has a direct impact on industrial systems metamodeling, as from
the cyber-physical system point of view the mechanism and the subsystems are of ut-
most importance [36]. Meanwhile, in the performance prediction through modelling, the
key aspect is indeed the identification of the main mechanisms (process- and machine-
wise) [37]. As a matter of fact, Michopoulos et al. [38] indicate five domains of modules;
Energy deposition, motion control, stock feeder, material and geometry, while at the same
time they discuss behavior at macro, meso and micro level (3m’s). Thus, as one may be
interested in studying in a unified matter the various mechanisms that there are available,
a specific schematic (Figure 2, left diagram) could be created, in order for the conceptual
modelling to be conducted. Then, a Bayesian network [39] could be used to elaborated
quantification of the features. However, before this aspect, a more quantified approach
for conceptual modelling could be elaborated. This is depicted in the right diagram of
Figure 2, adopting the abstract notation of unified modeling language (UML), a general
purpose modelling language providing the visualization of the design of a system [40]. In
this case, the involved entities are engaged in an one-to-many relationship (denoted as
1–1..*), i.e., a machine may have more than one heads. This way, all the classifications of
benefits and challenges (i.e., 4Ms and 3m’s, above) can be integrated in terms of specific
components’ features. It is noted that the main focus of this work is on variables involved,
thus the listofModels is the most related term.
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As proven in literature, there are many attempts to correlate quality issues in particular
with modelling aspects, throughout the entirety of the AM processes. For instance, in
metal-AM processes and especially on powder bed fusion processes, the investigation
of process parameters (input variables—tuned) on the performance indicators (output
variables—regulated) depending on the scale of the modelling. Primarily, four multi-scale
modelling techniques occur in the literature [41–43], (i) the micro-scale which focuses on
the discrete powder level and examine the melt-pool dynamics, (ii) the meso-scale which
focuses on continuous powder and study the thermal-field and the melt-pool dimensions,
(iii) the macro-scale which aims on the building low volume geometries and investigates
the developed thermal- and stress-field and (iv) the part-scale which does not consider a
moving printing head, but the heating of upper nodes in equivalent layers (namely flash
heating method). An analytical model for the thermal field is constructed by the authors
of [44] to predict the quality aspect of density of printed parts, producing the process
map of two different alloy materials. Similar to metallic-AM one, the first three scales
come upon to SLA [45]. Nevertheless, each one targets different phenomena. For instance,
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the micro-scale of SLA investigates the chemical, thermal and mechanical behavior of
resin and the meso-scale focuses on the cured-depth. The macro-scale in both SLM and
SLA, explore the thermal expansion of the printing body. An approach to determine the
optimal orientation of SLA-fabricated parts is investigated by [46] utilizing parametric
finite element method simulations to identify the minimum deformations. In AM for
construction purposes such as cement-based AM, mechanical and rheological have to be
assessed for adequate bond strength between the layers [47]. A study on 3D-printing of
concrete is conducted by [48] to predict the quality aspect of cross-section in matter of
layer height and width through computational fluid dynamics (CFD), validating it with
experimental results. FDM is another AM process that requires the attention to the quality
challenges. In the literature, the authors of [49] consider the adoption of FEA modelling
to predict the structural behavior of two test cases. As such, it can be claimed that the
complexity introduced by processes mechanism (and consequently by processes modelling)
in design and operation phases is quite differentiated among the various processes.

Appl. Sci. 2021, 11, x FOR PEER REVIEW 4 of 20 
 

1..*), i.e., a machine may have more than one heads. This way, all the classifications of 
benefits and challenges (i.e., 4Ms and 3m’s, above) can be integrated in terms of specific 
components’ features. It is noted that the main focus of this work is on variables involved, 
thus the listofModels is the most related term. 

 
Figure 2. Abstract depiction of AM machine modules (left) and the corresponding abstract modelling using unified mod-
eling language (UML) (right). 

As proven in literature, there are many attempts to correlate quality issues in partic-
ular with modelling aspects, throughout the entirety of the AM processes. For instance, in 
metal-AM processes and especially on powder bed fusion processes, the investigation of 
process parameters (input variables—tuned) on the performance indicators (output vari-
ables—regulated) depending on the scale of the modelling. Primarily, four multi-scale 
modelling techniques occur in the literature [41–43], (i) the micro-scale which focuses on 
the discrete powder level and examine the melt-pool dynamics, (ii) the meso-scale which 
focuses on continuous powder and study the thermal-field and the melt-pool dimensions, 
(iii) the macro-scale which aims on the building low volume geometries and investigates 
the developed thermal- and stress-field and (iv) the part-scale which does not consider a 
moving printing head, but the heating of upper nodes in equivalent layers (namely flash 
heating method). An analytical model for the thermal field is constructed by the authors 
of [44] to predict the quality aspect of density of printed parts, producing the process map 
of two different alloy materials. Similar to metallic-AM one, the first three scales come 
upon to SLA [45]. Nevertheless, each one targets different phenomena. For instance, the 
micro-scale of SLA investigates the chemical, thermal and mechanical behavior of resin 
and the meso-scale focuses on the cured-depth. The macro-scale in both SLM and SLA, 
explore the thermal expansion of the printing body. An approach to determine the optimal 
orientation of SLA-fabricated parts is investigated by [46] utilizing parametric finite ele-
ment method simulations to identify the minimum deformations. In AM for construction 
purposes such as cement-based AM, mechanical and rheological have to be assessed for 
adequate bond strength between the layers [47]. A study on 3D-printing of concrete is 
conducted by [48] to predict the quality aspect of cross-section in matter of layer height 
and width through computational fluid dynamics (CFD), validating it with experimental 
results. FDM is another AM process that requires the attention to the quality challenges. 
In the literature, the authors of [49] consider the adoption of FEA modelling to predict the 

Figure 2. Abstract depiction of AM machine modules (left) and the corresponding abstract modelling using unified
modeling language (UML) (right).

From the point of view of standard process planning procedure [50] two major factors
are utilized in a process family selection; material properties and production rate (or
volumes) [1]. The family of additive manufacturing, however, is pretty much well defined
in such a space of two variables; almost all materials are addressed and it regards rather
customization, i.e., not high production volumes. To this end, one would need further
criteria to proceed with the exact AM selection [51,52]. Also, at the same time, during both
the design and operation phases of manufacturing, it is highly desirable to have criteria for
modelling the process [53,54] also towards digital twins’ inclusion [55]. To this end one
would need similar criteria with respect to the process, and potentially the machine [56]. It
seems that process mechanism could be described by temperature [57–59] and the product
could be represented by its size [60,61]. However, the modelling is not included yet as
an aspect.

As different AM mechanisms and different models are utilized, it would be helpful to
have an overall approach for a holistic metamodeling framework, like the one depicted in
Figure 3. This would use the introductory steps of conceptual [62] and mathematical [63]
modeling towards forming a model. This model can capture the full effect of all the
parameters on the final performance, including the machine that embodies the process [64].
A desired and customizable level-of-detail for the simulations [65] can be used to control
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the predictability of the model. The complexity of the process model, as mentioned, can
be a useful term in this procedure, as it captures all the related aspects in a quantified
manner. Besides, the Ishikawa diagrams [66], indicating the path of dependences among
the involved variables, are a qualitative and complementary version of this approach.
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To this end, a roadmap is needed towards selecting the optimal modelling technique.
One of the key aspects that will help in this is the efficiency of modelling, however, it
seems that there is no unique metric for such a concept (beyond the computational time),
as both computational models and empirical ones require their own dedicated time for
preparation and solution. Thus, complexity is a key feature that needs to be taken into
account; however, the modelling complexity is more than simply stating the interactions
between the variables [67,68] or estimating the computational complexity (especially since
numerical methods are not considered to be algorithms, albeit there is the related concept of
convergence). In the current work, process complexity is considered in terms of modelling
complexity and it is measured via the relationship between the process parameters and the
performance indicators. It is used under the framework of a metamodeling framework,
specifically developed to accommodate this concept. Also, there are some preliminary
results that are derived, based on data from previous works and help towards classifying
the processes with respect to a complexity scale.

2. Framework

The principles of model-based system engineering (MBSE) [69] were taken into ac-
count for the development of the framework. According to MBSE, a system model com-
prises increasing detailed models that are all part of a holistic system model, aiming to
“construct a model of a system that we can transform into the real thing” [69]. Complexity
is not a straightforward concept [70,71], due to the fact that it is problem-oriented and its
definition varies [72]. For sure, the factors that are implicated change with the type of the
system. For instance, depending on the (deterministic herein) model used, the following
factors affect the complexity:

• Algebraic systems f(xn) = 0: number of variables n, form of equations f, solvability.
• Dynamic systems f(xn’,xn) = 0: number of variables, order of derivatives, form of

equations, solvability
• Distributed systems f( ∂kxn

∂qmk ,xn) = 0: number of variables, number of independent
variables, order of derivatives, form of equations, solvability
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• Control problems f( ∂kxn
∂qnk ,xn,um) = 0: number of variables, number of independent

variables (u), order of derivatives, number of inputs, form of equations, solvability,
controllability

Focusing on linear systems and considering the control problem in order to frame the
quantities needed, the following quantities are indicative of the complexity, given that the
equation is reduced to ∑K

k=1 ∑M
m=1 ∑N

n=1 an,k
∂kxn
∂qmk + ∑Q

k=1 ∑M
m=1 ∑U

n=1 an,k
∂kun
∂qmk = 0 could be

expressed through a heuristic metric like the following, without taking into account the
solvability or the effect of the inputs on output.

• I = log(KMNQU)

However, this metric is not applicable to process modelling. In particular, the phase
change in not represented in such equations without some extra manipulation. Also, it
is not inclusive for multi-phenomena modelling. Finally, it regards only straightforward
theoretical modelling, i.e., the behavior of the machine tool is not included. To this end, the
following four-steps approach of Figure 4 is adopted. The goal is to have an estimation
of the interactions complexity among the discretized variables. Hence, the black dots
represent the discrete values that each variable may take. The key variables are a newly
introduced term that attempts to describe variables deriving from modelling and can
have either input, or output, or even neutral character; examples of such variables for the
case of SLM are: B1 temporal derivative of temperature, B2 temperature, B3 gradient of
temperature. Examples of input variables (or process parameters) can be the laser power
and the head (or table) speed and output variables (or performance indicators) can be
process time and quality. The graph formed is not indicative of the true relationships.
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The procedure followed to acquire a quantified version of this relationship’s complex-
ity is given below in Figure 4. There are four steps, three of which are analyzed below and
the fourth one is explicitly applied in the case of AM in the next section. The first three
steps are related to acquiring such a relationship and rendering its simplification and its
quantification feasible. Hence, they correspond to standard modelling techniques, with
simplification in mind as one of the final goals. Also, it has to be mentioned that there is a
possibility that the input parameters are not always completely measurable, so they could
be eventually replaced by other metrics. For instance, the path configuration itself is not a
quantifiable aspect, thus in literature it can be substituted by discrete configurations and
intermediate metrics [22,73].

In view of addressing the plethora of different AM processes, the aspects that are
finally kept in this metamodeling approach are the process mechanism and its process
parameters, as well as the motion of the head related to the part. Also, the quality is the
manufacturing attribute [1] that is of interest, implicating a whole family of related key
performance indicators. As explained further below, these indicators have to be defined in
the next step, based on the process category and the manufacturer’s interests. Therefore,
one characteristic process of each process group has been selected; SLM has been chosen
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from the metal-based AM processes, FDM was chosen from the plastic-based and SLA
from the resin-based ones. Regarding cement-based AM, the process chosen has been that
of concrete printing, instead of contour crafting, due to lack of mold [74]. Concerning
the temperature of these processes, the process mechanism of the metal-based AM (PBF)
demonstrates the highest temperature, followed by that of the plastic-based AM (FDM).
Thus, a chart occurs (Figure 5) implicating these concepts through a graph and separating
the interlinking entities in four different categories, as below:

1. Software, including a form of input to the process.
2. Hardware, specifying what is being affected directly by the corresponding software.
3. The process characteristic, which mainly consists of motion and bonding; the latter is

depending on the process that this procedure is applied on, so candidates underlying
mechanisms may be solidification (i.e., in SLM) and polymerization (i.e., in SLM).

4. Manufacturing, containing the corresponding KPIs (that is quality, in the context of
the current work).
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However, this is still an abstract scheme, so it needs to be elaborated and possibly
simplified. Thus, the corresponding abstract entities (indicated by the word “software” in
Figure 5, implying some sort of control), ought to be transformed into regulated variables,
potentially towards quantification. In the meantime, output variables, specifically quality-
related ones as mentioned in Figure 5, are analyzed into output (Quality) related variable(s),
per manufacturing process. Next, the two categories “Hardware” and “Process” are
substituted by key variables, also per manufacturing process. This is not a straightforward
choice, however, there are more than one aspects that contribute towards justifying the
choices in Figure 6, such as literature aspects in modelling and control. As indicated in
literature, temperature can be considered such a variable for metals, since it guarantees
the solidification (enthalpy is overlooked deliberately for reasons of simplification), while
temperature gradient is responsible for stresses formation [22] and temperature’s temporal
derivative causes defects creation (this may also cover the melt-pool effect on defects, due
to enthalpy rate) [75]. As far as the other manufacturing processes are concerned, plastics
are reigned once more by temperature [76], resins operate on a power-exposure time basis,
so cure depth can be used to simplify that [77] and cement-based additive manufacturing
relies on additives for a sufficiently good combination of printability and settling time [21].
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The quality of each process is also different, spanning from simple dimensional
inaccuracies to all four indicators of Figure 6. Thus, the impact of the process param-
eters can be measured based on the variance of the performance indicators (Q), as per
Equation (1), adopted from literature [78], with V denoting a bonding key variable and S a
motion variable.

I =
∂Q
∂V

∆V +
∂Q
∂S

∆S, (1)

All in all, this metric can be used to quantify the impact of the variances of process
parameters on the quality indicator. Examples of related relationships are shown for the
case of metals in Figure 7.
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However, there are some shortcomings in the use of this formula; firstly, the partial
derivatives are not known before the models solution and the path is not always character-
ized by a single variable. Thus, an alternative approach has to be considered, which takes
into account the following assumptions:

1. The complexity is an additive metric, thus it should engage logarithms, as in the case
of Shannon’s entropy [79].

2. Discrete values for each variable are considered. This is a way to ease the computation
of the complexity.

3. The size of the search space (combined process parameters (PPs) and key performance
indicators (KPIs) space) in a control or an optimization problem is indicative of
its complexity.
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4. Laser frequency is neglected as pulsed laser could be considered continuous with
reduced power, under specific conditions.

5. Speed is considered to be a control variable, in the sense that it controls the process
time and the bonding variable compensates for its effect.

6. All issues related to post-processing are neglected.
7. Path effect can be represented by the gradient of the temperature. This reduces to a

high extent the formulation, as path itself is not an easily quantifiable factor.

It is noted that in the case of cement, the geometry of the part here is rather designed
for the part, regardless of the process. This means that the geometry of the part serves the
function of the part, rather than its buildability, i.e., a bench made of concrete is supposed
to be ergonomic and aesthetically pleasant. Therefore, the geometry of the part itself cannot
be used for process optimization for the most part, even though several guidelines for the
infill geometry can be formally stated [80]. In any case, the form of the path or the head
motion are not that useful for optimizing the manufacturing quality explicitly as, firstly,
there are no gradients in temperature and, secondly, the consolidation (within a layer) is
not an issue, since the setting times are quite high [81].

In the following attempt for rigorous metamodeling, the manufacturing KPIs of cost
(C), time (t) and defects (D) are considered. Also, the key variable(s) (K) is taken into con-
sideration, with it being the temperature, or the cure depth or the curing status, depending
on the process case. Finally, the speed (S) and the motion profile (M) are regarded. Since
S and M are regarded rather as control variables (Equation (2)), it seems that a particular
relationship between the outputs and the rest of the variables (Equations (3) and (4)) can
be retrieved, significantly simplifying the problem. It is noted that the terms of ∇K and
∂K/∂t are indicative of the SLM and FDM cases, but they can be included in an attempt for
global metamodeling.

t = q(S, M) (2)

C = f1(K; S, M), D = f2(∂K/∂t,∇K, K; S, M) (3)

K = g1(P; M), ∇K = g2(P; M), ∂K/∂t = g3(P; M) (4)

The fact that all issues related to post-processing can be ignored allows us to overlook
the temporal derivative of K. Then, simply by considering Equation (3) in the sense that they
manufacturing metrics could be decoupled from process mechanism complexity, and at the
same time considering that the motion results in a set of K gradients, namely ∇K = ξ(M),
one can assume that there is a relationship between the three main variables that are
remaining, given that S is completely ignored as it is a control parameter (Equation (5)).

η(P, K,∇K; S) = 0 (5)

For further simplification, the agnostic character of the complexity metric with respect
to the form of the equations is also adopted, resulting in considering discrete values of all
the implicated variables and considering a link between them. Thus, a kind of probabilistic
metric is used for this overall relationship. Entropy seems like a good candidate. The final
combination of metrics is presented in Figure 8. Speed is also mentioned there for reasons
of completeness, while the discretization will take place in the next section.
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3. Implementation and Primary Results

The goal of this section is to apply the aforementioned numerically on AM process
groups and classify them with respect to their complexity. To this end, the data used here
are taken from relevant literature and are applied on the framework that was described
above. All the values are summarized in Tables 2 and 3. Therefore, as mentioned in the
previous section, regarding the choice of discrete values for the aforementioned variables,
one needs to set criteria on their discretization taking into account their values range. To this
end, what follows is a justification of selection of three characteristics for each one of them:
(a) minimum value, (b) maximum value and (c) the largest possible step they can obtain,
which is defined as “Important Step” herein. This is not a straightforward task, however,
one requires previous knowledge, either from theoretical models, or from experimental
works, since the procedure of discretizing the variables is not a heuristic method.

Table 2. Indicative quality-affecting process parameters per process, along with minimum, maximum, and important-step
values and alternatives calculation.

Process Material Process Parameters Min Max Important
Step

Alternatives
(Max −Min + 1)/Step

SLM [26] Steel Laser Power (kW) 1 10 0.1 100
FDM [67] PLA Heat Power (W) 150 300 10 16
SLA [66] Resin Laser Power (mW) 30 80 10 6

Cement-based
AM [18] Cement Extrusion/Head

Speed ratio 0.55 2.5 0.5 6
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Table 3. Indicative quality key performance indicator (KPI) per process group along with minimum, maximum, important
step values and alternatives calculation.

Process Material Performance Indicators Min Max Important
Step

Alternatives
(Max −Min + 1)/Step

SLM [26] Steel Temperature (◦C) 700 1500 10 81
FDM [67] PLA Temperature (◦C) 60 175 15 8
SLA [66] Resin Cure Depth (mm) 0.35 0.55 0.05 24

Cement-based
AM [18] Concrete Part consistency–quality

metric 1 5 1 5

For SLM, laser power has been selected as the process parameter because it is the most
important in terms of defining the quality of a part due to the nature of the thermal-based
process mechanism. The important step has been set to 0.1 kW, the minimum value to 1 kW,
and the maximum to 10 kW, leading to a total of 100 alternatives. For FDM, heating power
has been selected as the process parameter because it is the most defining parameter of the
heating-based process mechanism. Following the same procedure, 16 alternatives have
been defined in FDM. In SLA, owing to the nature of the process mechanism (photopoly-
merization), the laser-power values are relatively low compared with the power values
of the thermal AM process groups. In addition, it is noted that the difference between
the minimum (30 mW) and maximum (80 mW) indicative values is not considerable in
comparison to the important step. Finally, in concrete AM, the speed ratio of the head speed
and the extrusion speed is the most important process parameter in terms of defining part
quality. This decision is derived from the fact that if, according to the literature [21], one
utilizes this ratio and the extrusion speed as two process parameters, instead of utilizing
the two speeds, then the quality and the time as criteria are decoupled. Thus, the extrusion
speed can be used as a tool for selecting the process time and the aforementioned ratio
can be used as a control for quality. The important step is quite difficult to find, as by
reviewing previous works it can be seen that the partitions in corresponding the ratio scale
are non-linear [21]. For the sake of simplicity, though, an average value of 0.5 is adopted.
In general, the process-parameter selection for the aforementioned processes, as well as
the minimum and maximum values are supported by the extensive literature review that
has been presented in a previous work by the present authors [18]. This is also the case for
the important step, however, additional knowledge is needed, such as input from control
performance [82].

In Table 3, an indicative quality-based KPI has been selected for the aforementioned
processes, along with the most common minimum and maximum values and the important
step. For SLM and FDM, the KPI of temperature has been selected because the process
mechanism of these particular process groups utilizes heating for the joining of the con-
secutive layers. In SLA, exposure has been selected, as it characterizes the success of the
polymerization-based process mechanism. In concrete AM, a heuristic measure for quality
based on the consistency and uniformity of the path dimensions has been selected; this
KPI is described in [21]. The important step for each KPI has been selected to enable a
representative resolution for the corresponding phenomena of each process. Following a
similar procedure to that of the process parameters, an indicative number of different alter-
natives has then been calculated for the KPIs as well. More specifically, 81 alternatives were
calculated for SLM owing to the minimum of 700 ◦C, maximum of 1500 ◦C and important
step of 10 ◦C, as the difference of the temperature limits of the mushy region (between solid
and liquid) [29] results in this value. The difference between the two temperatures, divided
by the important step results in 81 alternatives. The indicative alternatives of FDM were
calculated to be 8 for a temperature range of 60–175 ◦C and an important step of 15 ◦C.
In SLA, which is not a thermal-based AM process, the nature of the process mechanism
requires a constant exposure in order for the bonding to be successful. Therefore, the
curing-depth KPI has been selected along with typical minimum and maximum depths.
Finally, in concrete AM, the part consistency–quality metric (PCQM) has been selected as
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the most representative KPI. The PCQM is a qualitative empirical metric, reflecting the
consistency and quality of the extruded part [21], in terms of extruded part width variation
and roughness. It ranges from 1 (implying bad quality) to 5 (for high quality).

In Table 4, the joint Shannon entropy of the alternatives has been calculated for each
process. For this calculation, the alternatives of the process parameters (Table 2) and of the
KPIs (Table 3) of each process have been used based on the following equation:

H(X, Y) =
log(X Y)

log(2)
(6)

where H is the joint entropy of the process parameter (X) and KPI (Y) of each process.
The results of this calculation yield the total entropy of each process joint with temper-
ature, which is an indicative measure of motion complexity regarding its effect on part
quality (Table 4).

Table 4. Process parameter (PP)–KPI coupled complexity.

Process Material Total Entropy (bit)

SLM Steel 13
FDM PLA 7
SLA Resin 8

Cement-based AM Concrete 5

These results indicate the complexity of the process mechanism regarding the impact
of the process-parameter selections on the most representative quality-related KPIs. It
may be observed that the indicative process of the metal-based AM group (SLM) has
the highest value of process PP–KPI coupled complexity. It is followed by the indicative
processes of the cement-based AM and plastic-based AM. The resin-based AM has the
lowest total-entropy value, as there is a very strong PP–KPI connection and the best results
are given when a strict relationship is maintained.

Another aspect of the process complexity that should be considered is the spatial
complexity of the process mechanism. In thermal-based AM, the zone around the head
is affected thermally (heat affected zone). These thermal gradients have an impact on
part quality. In processes that use a different fusion mechanism, there is no such spatial
differentiation that impacts part quality. Table 5 summarizes an indicative analysis of the
aforementioned process groups concerning the spatial impact of the process mechanism
and its complexity.

Table 5. Process-mechanism spatial complexity.

Process Material
Process Mechanism
Spatially Indicative

Parameter
Min Max

Directly
Affected

Vicinity (mm)

Total Entropy
(bit)

SLM [26] Steel ∆T (◦C) 300 1500 5 8
FDM [67] PLA ∆T (◦C) 60 175 5 5
SLA [66] Resin - 0

Cement-based AM [18] Concrete - 0

Indicative minimum and maximum temperatures that can simultaneously exist in a
part during its manufacturing have been selected, along with the radius of the heat-affected
zone. In SLM, owing to the high melting points of metals, there are significant temperature
differences leading to intense thermal gradients. In FDM, this phenomenon is less intense
owing to the lower melting point of the materials and the lower laser-power requirements.
In SLA, although the fusion of the new layers is achieved via the use of a laser, the power is
very low because the process mechanism is photopolymerization. Therefore, there are no
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significant temperature differences that would lead to thermal stresses and deformations.
Finally, in cement-based AM, no spatial interaction occurs when the deposition of new
material takes place. Table 6 lists the total complexity of the analyzed process groups.

Table 6. Total complexity.

Process Material PP–KPI Entropy (bit) Process-Mechanism
Spatial Complexity (bit) Total Entropy (bit)

SLM Steel 13 8 21
FDM PLA 7 5 12
SLA Resin 4 0 8

Cement-based AM Concrete 7 0 5

It may be observed that the highest complexity can be identified in metal-based AM
(SLM), followed by plastic-based AM (FDM). The complexities of resin- and cement-based
AM are the lowest. This indicates that the optimization required for the processes that
utilize thermal-based process mechanisms is more complex: the values of the process
parameters and the path sequence are more complicated and have a greater impact on
part quality.

4. Discussion
4.1. Classification of Processes

As mentioned, the part size and the temperature could be used as criteria for process
selection. The first one separates the mainly cement-based AM from the others, where
the temperature is used as a classifier of the rest of them. As a matter of fact, in a draft
quantified way, they seem to lie along a curve that resembles the equation Temperature =
a/Part size.

Therefore, as summarized in Figure 9, it may be observed that metal- and cement-
based AM process groups are at the edges of the spectrum of the aforementioned param-
eters: Metal-based AM presents the highest temperature, very high complexity, and fine
part size; the opposite is true for cement-based AM, as it presents low temperature and
motion complexity and the largest part sizes. Subsequently, these two processes are ideal
for the investigation of part quality focusing on the effect of the movement of the head.
More specifically, in metal-based AM, the path component defines the gradients of the
thermal field over time, which leads to the development of thermal stresses and defor-
mations [17,22]. Moreover, metal-based AM processes feature the highest temperatures
and some of the lowest part sizes. In contrast, in cement-based AM, the speed over time
directly affects the dimensions and consistency of the deposited path because the process
mechanism involves material flow from the head onto the machine platform [21]. The
relatively large path dimensions compared with those of the layer further increase this
effect. In addition, the process temperatures in cement-based AM are the lowest compared
with those of all AM process groups, whereas the final part sizes are the largest. Finally,
both the metal- and cement-based AM process groups attract ever-increasing industrial
interest, while simultaneously, in both cases, there is a need for improvement of technical
issues regarding part quality.

Furthermore, the (process) complexity, that is also related to modelling, can be in-
troduced as an extra scale in this diagram, a third axis, in order to accommodate the fact
that there are many more process parameters and many more performance indicators to
take into account during modelling, as well as their mutual relationship complexity also
varying. Once again, it seems that the metal- and cement-based AM process groups require
completely different treatment (and effort) towards their performance prediction.
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The aforementioned facts make these two process groups ideal for the investigation
of the effect of the head movement on part quality. Hence, the investigation of the effect
of head path planning on quality has been performed by modeling metal-based AM [22];
meanwhile, the effect of speed on quality has been investigated by modeling cement-based
AM [21].

4.2. Connection to Modelling Procedure

The modeling approach that corresponds to the principles of the proposed framework
has to be in line with the basic concepts set by MBSE, i.e., aiming to bridge the gap between
the different AM stakeholders. More specifically, such models promote the successful
communication among the system development team, the design and production engineer,
thus replacing the document-centric approach and minimizing the need for expensive and
time-consuming experiments [83]. This is achieved by maintaining low computational
costs and by introducing user-friendly metrics that reflect the impact of the decisions of the
part designer, production engineer, tester, and user [21,22]. The result is a holistic modeling
approach—enabling the simulation of the entire process time—which can be used by all
the stakeholders for the evaluation of their decision-alternatives toward increased part
quality and lower risk of failed parts. Moreover, important aspects of the AM process can
be considered (effect of the movement of the head on part quality [21,22]) owing to the
practical and close-to-the-process modeling approach. A more detailed description of the
modeling approach will be presented below.

Summarizing, the classification of Figure 9 highlights the impact of each of the two
components of the head movement (i.e., path and speed) on part quality for the different
AM process groups. The additional parameters that have been used for this classification,
beyond the complexity, are temperature of the process, and final part size. The process
temperature and the final part size, inspired from classical classification [1] are parameters
that are self-explanatory and can be easily quantified. The complexity is indicated by the
coupling of the process parameter (PP) and the key performance indicator (KPI) of each
AM process group.

It is noted that in thermal AM applications, the head path planning directly deter-
mines the profile of the thermal field of the part, which drives the development of thermal
stresses and deformations: high temperature gradients lead to increased thermal stresses
and deformations [84]. Due to the fact that the thermal phenomena that take place in
AM processes are highly dynamic in time and space [27], the existing thermal models
are disadvantaged by their very high computational cost in terms of time and memory
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requirements [17]. Toward the improvement of the practicality of modeling and simula-
tions, the Stress Formation Tendency Index (SFTI) has been developed and used. SFTI
encapsulates the intensity of the non-uniformity of the thermal field, which is responsible
for the development of thermal stresses and deformations [84]. Therefore, conclusions con-
cerning process-parameter and head path planning selections are drawn from the thermal
field, which is significantly faster in its calculation than the thermally induced stresses and
deformations [22].

Regarding the investigation of the head speed on part quality in the cement-based
AM process group, the empirical modeling approach would better be followed because
it was best suited for the investigation of the KPIs and process parameters involved (as
per the extensive literature review [18]). The effects of controlling the path width on the
quality were investigated in the manner that the path width was controlled by changing
the head speed, while maintaining the extrusion speed (material flow) constant [21]. This
resulted in a change in the ratio of the aforementioned speeds which is the main factor
of the changes in the width of the deposited path. The advantage of this approach is its
higher precision and productivity because the response time of the head is faster than that
of the extrusion-head system for large-scale cement-based AM applications [85].

4.3. Subjectivity and Limitations of the Heuristic Entropic Metric

It is inevitable that some parameters that are taken into consideration may be subjective
and that the heuristic entropic metric taking into account the discretized variables may not
be an appropriate. In particular, given that A may be the maximum value of a variable, B
its minimum value and C the corresponding important step, the entropy of this variable is
given by X of Equation (7).

X =
log A−B

C
log(2)

, (7)

Therefore, to study the subjectivity of this metric, one should transform the metric
as a function of the ξ = ∆/C quantity, where ∆ = A − B. Thus, it is the order of magnitude
between the important step and the variable extreme values that signifies how this function
behaves. As a matter of fact, if ξ is approximately equal to 1, then the metric is very close to
zero. If, on the other hand, ξ is approximately equal to 10, then, about 7 bits are needed to
describe the combinations. Therefore, as an attempt to study bias with respect to variables,
and indicatively for the case of temperature-related complexity, the difference of SLM
and FDM entropies is considered (Equation (8)), taking into account the (rather arbitrary)
values appearing in Table 7 for the corresponding important steps. It can be observed
that FDM has smaller Important Step values, to compensate for the lower temperature
extreme values.

∆X =
log 1500−700+1

CSLM

log(2)
−

log 175−60+1
CFDM

log(2)
, (8)

Table 7. Difference between SLM and FDM entropies for the cases of temperature. A positive value
means that, for that specific combination of important steps C, SLM is more complex. A negative
value means that FDM is more complex.

FDM\SLM CSLM = 10 CSLM = 100 CSLM = 200 CSLM = 500 CSLM = 1000

CFDM = 0.1 3 0 −2 −3 −4
CFDM = 1 7 3 1 0 −1
CFDM = 2 8 4 2 1 0
CFDM = 5 9 6 3 2 1
CFDM = 10 10 7 4 3 2

Agnostically, simply by estimating the average of the occurring values, the mean value
of the entropies difference is equal to almost 3 bits, not too far from the actual difference of
4 bits that occurs once one uses the important steps of Table 3. This could be an indication
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that the intrinsic complexity of SLM is larger than that of FDM. In any case, these numerical
examples are only indicative. After all, the ξ ratio of each process seems to be the key to this
path and the values for extremes as well as the important ratio were based on sophisticated
guesses, based on specific functionalities, as justified above. Additionally, as information is
aggregated with respect to the process mechanism, it seems that this difference is increasing,
leading to rather safe conclusions on the classification of the processes with respect to
their complexity.

5. Conclusions

To summarize, a heuristic metric for the complexity of a process has been suggested
and applied in the case of various AM processes. This metric has been proved to be quite
useful towards forming a metamodeling framework for processes that includes the machine
aspect (i.e., through path and speed selection) on attributes/performance indicators (i.e.,
part quality). In particular, all the goals towards successful AM modeling are summarized
in the following points and can be facilitated through the current framework:

• Development of process models for the increase in AM part quality;
• Consideration and investigation of the effect of the head movement on part quality

(path and speed);
• Increase in the practicality of simulations for AM;
• Enabling the practical evaluation of alternatives to achieve higher part quality;
• Achieving the simulation of the entire process time.

In particular, the path of the head directly affects the thermal gradients by inducing
thermal stresses and deformations. Thus, the general principles concerning head path
planning that have been drawn from the investigation conducted on metal-based AM
can be applied to the remaining thermal-based AM processes, such as plastic-based PBF
(FDM). Also, for the AM process groups that there is material flow from the head to the
machine platform, coordination between the flow rate and the change in speed is required
in order to maintain part quality. In such a case, the conclusions drawn in both cases are
applicable and should be considered. It should be noted that the control of the energy flow
(i.e., change in laser power) has a faster response rate; thus it is easier to be achieved than
the control of the flow of the material. In addition, the response rate becomes lower for
greater flows from nozzles of larger diameters.

Moreover, it can be concluded easily that in the case of direct energy deposition, the
complexity is even higher, thus more elaborated modelling should be performed. The
reason is that the flow of the powder itself is an extra process parameter that has to be
taken into consideration.

Finally, as far as the practicality of the modelling procedure in industrial applications is
concerned, MBSE could benefit from such metrics, as the added value of a model that can be
adapted to different levels of detail could be based on such metrics. For instance, the model
development time can be predicted through such a complexity metric. Then, by comparing
this time against the monetary benefits derived from the corresponding modelling, i.e., due
to zero-defect policies, one could decide on what level of detail to adopt.

Regarding future work, metamodeling frameworks need to keep being enhanced, so
that both conceptual and mathematical modeling are facilitated; the key concept seems to
be that of level-of-detail, so everything has to be performed in accordance to MBSE and
hierarchical modelling. Also, it has to be mentioned that metrics need to include somehow
the complexity of the equations, without neglecting the function η above in Section 5.
Potentially, the solution times of the models as well as the dimensionless constants could
be integrated to this end. This direction will help also towards achieving further aspects of
practicality, since a more accurate in-advance estimation of modelling development time
would be achieved.
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