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Abstract—Additive manufacturing (AM) has become popular
in various fields, not only for industrial use, but also for
personal use due to its key advantages in almost unlimited
design freedom and material efficiency. Manufacturers in the
industry recognize AM as a promising method in direct digital
manufacturing for their design, research and development,
and production processes. However, the applicability of AM
technology is limited due to its process instability from several
factors including the orientation selection of the part.
Orientation of a part refers to the building direction with
respect to the part being fabricated by the AM machine. In
addition, available quantitative methods to determine the part
orientation are limited. In this paper, we examine the part
orientation alternatives’ efficiency using data envelopment
analysis (DEA). We illustrate a case study for one AM process;
fused deposition modeling (FDM). The orientation
alternatives’ efficiency is identified and presented through
trade-offs among conflicting criteria and machines. By using
the DEA analysis, it provides insights regarding efficiency of
each alternative, which can be used for the benchmarking
leading to a best-practice frontier. The proposed method can
be applied to other AM technologies in the industrial AM-
based production environments for effective management.

Keywords-multi-criteria decision-making; data envelopment
analysis; part orientation; additive manufacturing; fused
deposition modeling

L INTRODUCTION AND MOTIVATION

Additive manufacturing (AM) has become popular in
various industries, not only for high-quality industrial use of
three-dimensional printing (3DP), but also for personal 3DP
use. These three-dimensional (3D) printers and technologies
are categorized by materials and operations, each of which
has their own advantages and disadvantages [1-3].
Manufacturers in the industry recognize AM as a promising
method and have attempted to operate various types of 3D
printers in their design, research and development, and
production processes. In contrast to the traditional method,
AM can provide almost a perfect design freedom for part
fabrication. Although companies recognize the significance
of AM technologies, the applicability of 3DP technology is
considered limited due to its low cost-efficiency and quality
variation from machine control parameters and part layout
issues [4]. Among many issues, the part orientation is one of
the critical factors that can affect processing time, part cost,
surface quality, and anisotropic properties of a part.
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Orientation of a part refers to the building direction with
respect to the part being fabricated by the AM machine. The
optimal part orientation is considered to be a critical issue of
AM processes as it can impact many key characteristics in
part production, including processing cost and time,
mechanical properties, and support volume. Researchers
have studied the impacts of the part orientation in AM and
proposed models to aid a process planning for the part
building (e.g., [5-7]). However, existing models that show
orientation efficiency and account for process planner’s
preference are lacking. Two key tasks to solve the part
orientation concern are to determine the alternative
orientation and to select the most suitable orientation among
these alternatives [8]. Although no deterministic way of part
orientation can be theoretically arranged, only a certain
number of them are practical in the actual process planning
[9]. As a selection of the part orientation can affect multiple
and conflicting factors, such as processing cost and time,
mechanical properties, etc.; the part orientation, thus, can be
viewed as the multi-criteria decision-making (MCDM)
problem.

MCDM is a sub-discipline of operations research and
management science (OR/MS) that explicitly considers
multiple criteria in a decision-making environment. It is
mainly used to support decision-makers (DMs) facing
decision and planning problems that a wunique optimal
solution does not exist and decision-maker’s preferences are
involved. Common MCDM methods have been proposed in
a variety of applications including analytic hierarchy process
(AHP), data envelopment analysis (DEA), multi-attribute
utility theory (MAUT), multi-objective mathematical
programming (MOMP), and goal programming (GP) (e.g.,
[10-11]). Among MCDM methods, DEA is a linear
programming methodology to measure efficiency of multiple
decision-making units (DMUs) when the problem is
presented with multiple inputs and outputs. Solution methods
for these problems are inclusive of exact, heuristic, and
combined simulation methodologies (e.g., [12-14]).

In this research, we examine the part orientation decision
making using DEA methodology. Initially, the orientation
alternatives are generated based on the concept of the convex
envelope of a part visualized as the smallest convex set that
contains a part. Next, six conflicting criteria are determined
including build time, build cost, surface quality, part
accuracy, mechanical properties, and support volume. Then,
these orientation alternatives are fabricated from fused
deposition modeling (FDM) printer so that data related to




different criteria can be collected with both qualitative and
quantitative measures and used to aid a DM to evaluate
orientation alternatives. These criteria may be more-or-less
measureable and intangible [15]. Given multiple input and
output data, we examine the efficiency of each orientation
alternative. Next, the best orientation of the part is identified
and presented through trade-offs among these conflicting
criteria. The validity of the algorithm is verified with
technical staffs to improve optimal, effective process
planning in the AM.

The remaining sections of this research paper are
organized as follows. We overview the MCDM-based part
orientation framework using DEA in Section 2. Next, an
experimental design and a case study are discussed in
Sections 3 and 4, respectively. Finally, Section 5 presents our
research conclusions and outlines directions for future
research.

II.  DATA ENVELOPMENT ANALYSIS METHOD

DEA is used for both the production theory in economics
and for benchmarking in operations management, where a
set of measures is selected to benchmark the performance of
manufacturing and service operations [20]. It is a multi-
factor productivity analysis model that compares each
variable with the best performing one. Variables in a DEA
analysis are often referred to as DMUs, in which the main
aim is to provide benchmarking guidelines for inefficient
DMUs. It can be useful in handling models with multiple
inputs and outputs. Advantages of DEA include the
capability to handle multiple inputs and outputs, where the
sources of inefficiency can be analyzed and quantified for
every evaluated unit. Mathematically, the relative efficiency
of a particullar DMU can be obtained by solving the
following model (Equations (1)-(4)), where the objective
function is to maximize the ratio of the weighted sum of the
outputs to the weighted sum of the inputs.

Sets

I :Setofinputs, indexed by i

J  : Set of outputs, indexed by j

K :Set of criteria (DMUs), indexed by &
Parameters

X, :Amount of input data for input i of DMU &
Yk - Amount of output data for output j of DMU £
Decision variables

U, :The weight assigned to input i

V, :The weight assigned to output j
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Next, given the non-linear form of the above

mathematical model, it can be converted into the linear
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constraint set. That is, we will obtain the following model

(Equations (5)-(9)).
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After the DEA linear programming model is solved, a
particular DMU will be considered efficient if it obtains a
score of one, whereas scores that are lesser than one imply
relative inefficiency.

III.  DESIGNED EXPERIMENT

We discuss the experimental design of the proposed
DEA-based MCDM framework in this section. An
experimental design is conducted based on the six criteria
(i.e., build time, build cost, surface quality, part accuracy,
mechanical properties, and support volume) and one
particular AM technology (i.e., FDM) to demonstrate an
applicability and scalability of the proposed framework.

A. Orientation Alternatives

Theoretically, an infinite number of orientation
alternatives may be arranged; however, only a certain
number of them are practical in the process planning. The
test model in Figure 1, with the size of 70%25%30 mm3, is
used in this study to demonstrate the determination of
orientation alternatives. We note that the test part similar to
the one studied by [16] is used to aid a comparative study.
Figures la) and 1b) show orientation alternatives based on
the concept of convex envelope and build direction of the
model, respectively. Mathematically, the convex envelope or
convex hull of a set of points is the smallest convex set that
contains all the points. Thus, six orientation alternatives can
be identified from this illustrative part. We note that




orientation alternatives 2 and 4 are differentiated, such that
alternative 2 is oriented with sharp angle between the
printing platform and part, whereas alternative 4 is
perpendicularly oriented between the printing platform and
part.
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Figure 1. Orientation alternatives a) based on the convex envelope;
b) based on the build direction.

B. Criteria for AM Orientation

The part orientation problem is a typical MCDM
problem, in which trade-offs among conflicting criteria
should be compromised. In this study, we consider six key
criteria discussed in the literature as follows.

1)  Build time (BT) criterion: Build time is related to the
time spent on layer scanning, which is dependent on the
number of slices. The number of slices is also determined by
mainly two parameters (i.e., layer thickness and the height
of the part from the z building direction). As an orientation
of the part will directly affect a part’s z height, it follows
that different orientations impact greatly the build time.

2) Build cost (BC) criterion: Build cost refers to the
resources consumed during the manufacturing of a part in
AM, which usually contains direct (e.g., material) and
indirect cost (e.g., machine, energy, labor, etc.). While the
direct cost can be calculated from the materials, the indirect
cost can be typically estimated based on the build time.
Thus, it follows that an orientation of a part will have an
important effect on the part cost.

3) Surface quality (SQ) criterion: Parts which are
typically parallel or perpendicular to the build orientation
tend to have a better surface roughness or finish than those
whose face normal has an angle to the build direction.
Additionally, declining faces will be affected more severely
by the staircase deformation. Thus, the build direction of the
part will affect the surface quality of a part.

4) Part accuracy (PA) criterion: Parts accuracy refers to
the difference between the produced part and the design
model. Part orientation can affect both shrinkage and
distortion, which are the main factors in AM resulting in
this difference. For example, a part with a tall and thin
structure oriented in parallel to the build direction can suffer
a more serious distortion than the part being perpendicular
to the build direction.

5) Mechanical properties (MP) criterion: It is well
known that the properties of a part produced by AM are
anisotropic (i.e., the property of being directionally
dependent). For example, tensile strength and yield strength
are found to be higher in the horizontal direction than in the
vertical direction based on the build direction. Other
properties, such as thermal and electric conductivity are also
affected by the build orientation.

6) Support volume (SV) criterion: Support structure is
needed in some particular AM processes, such as FDM for
over-hangings; while it is typically not needed in selective
laser sintering (SLS), as un-sintered materials acts as a
support. Support volume also affects the building time,
building cost, and post-processing of a part. As the building
orientation affects the quantity of over-hangings of a part, it
follows that the building direction also impacts support
volume.

IV. CASE STUDY AND ANALYSIS

A.  Part Fabrication for FDM

We fabricate parts for all orientation alternatives from
FDM printer at the center for 3D advanced additive
manufacturing at Ulsan National Institute of Science and
Technology (UNIST) (Figure 2). In particular, PLA material
and Sprout from Former’s Farm are used for the FDM.
Next, in order to evaluate each criterion for printed part
orientations, a questionnaire filled out by technical experts,
part testing, and MagicsTM software developed by
Materialise [17] are used to obtain necessary information to
aid a DM to evaluate each orientation alternative.
MagicsTM is a versatile data preparation and file editor
software for 3DP that equips with build time and cost
estimators. In particular, data related to the build time, build
cost, and support volume are quantitative and are estimated
from MagicsTM; whereas surface quality, part accuracy,
and mechanical properties are combined qualitative and
quantitative data obtained from part test and expert
opinions. That is, part accuracy in terms of root mean square
(RMS) error is obtained from using the 3D scanner; surface
quality in terms of surface roughness data ( R, ) is obtained

from measuring the largest surface area of each part on the
Formtracer machine; and mechanical properties are implied
qualitative data evaluated by technical experts based on
existing literature that study dog-bone specimens for
different orientations (e.g., [18-20]).




Figure 2. Part fabrication for orientation alternatives from FDM

Figures 3a) illustrates part accuracy test between CAD
file and printed part for FDM, whereas Figures 3b) and 3¢)
show 3D scanner to obtain printed part’s geometry and
surface roughness test on the Formtracer, respectively.

Figure 3. Part test a) part accuracy test between CAD model and
printed part for FDM, b) 3D scanner to obtain the printed part’s
geometry ¢) surface quality test on the Formtracer

The summary of the data for FDM are illustrated in
Table 1. Tt is clear that data for all criteria from altered
orientation alternatives are conflicting with each other. For
example, the build time and the build cost for different
alternatives in FDM are found to be in a similar range due to
the energy source and used material. In addition, the support
material is typically required in FDM. The mechanical
properties are then rated for FDM. In terms of surface
roughness, the values of orientations 3 and 6 for FDM are
found to be similarly higher than the others (i.e., the worst).
In addition, the value of orientation 4 in FDM is found to be
lowest (i.e., the best surface quality). On the other hand, the
RMS values representing the part accuracy of orientations 4
and 5 for FDM are found to be lower than the others (i.e.,
good part accuracy).

B. DEA Results and Analysis

We now illustrate the DEA analysis for multiple input
and output based on evaluated criteria to obtain efficiency of
each part orientation alternative. In this study, we model the
linear programming model of DEA in AMPL and analyzed
using CPLEX solver on a PC with an Intel (R) Core (TM)
i7- 6500 CPU @2.50 GHz and 8.0 GB of RAM. The
computational time is found to be practically negligible (i.e.,
in seconds). Given six conflicting criteria, it is common that
the build cost and the build time are available, limited
resources of the process planner in AM. Thus, the build time

and the build cost are used as input data, whereas all the
criteria of interest are chosen as output for FDM. The
efficiency scores for all orientation alternatives are reported
in Table 2. The orientation alternative 4 of FDM is found to
be the most efficient with a score of 1 when comparing to
other alternatives.

Table 1. Summary of data to aid DEA analysis for FDM

Ori.l | Ori2 | Ori.3 | Ori4 | Ori.5 | Ori6
4.5- 5.0- 4.5- 4,0- 4.5- 4.5-
BT(rs) | 59 55 50 45 50 50
BC $12 $15 $13 $12 $13 $13
SQ Ra Ra Ra Ra Ra Ra
5.58 5.45 13.06 2.75 9.98 11.22
PA (in 0.128 0.127 0.146 0.109 0.103  0.141
RMS) mms mms mms mms mms mms
Score Score Score Score Score Score
MP (5-1) 2 3 1 5 4 1
SV 3 1 5 1 3 4
grams  gram  grams  gram  grams  grams

Table 2. Efficient score for each orientation alternative in FDM

AM Orientation Efficiency score
FDM Alternative 1 0.4

Alternative 2 0.5

Alternative 3 0.2

Alternative 4 1.0

Alternative 5 0.7

Alternative 6 0.2

C. Discussion

By using the DEA analysis, it provides insights
regarding efficiency of each alternative whether it is
efficient when multiple inputs and outputs are considered.
We note, however, that it is possible that more than one
alternative may be efficient among the others. The efficient
DMUs defined by DEA can also be used for the
benchmarking leading to a best-practice frontier [20]. The
DEA approach shows that orientation 4 from FDM is the
most efficient one following with orientations 5, 2, 1, and
3/6. Orientations 3 and 6, in particular, are found to have
similar efficient scores of 0.2. This implies that they are
equally efficient in terms of the inputs and outputs when
comparing to other alternatives. When we compare the
results from this study with the study from Byun and Lee
[16], the best orientation alternative is found to be consistent
with them.

V. CONCLUSIONS AND FUTURE RESEARCH

This research paper presents the MCDM-based part
orientation framework using DEA, which considers multiple




criteria to analyze two key tasks for the part orientation in
FDM; determining the alternative orientation and selecting
the most suitable one among alternatives. This paper
provides a ‘proof-of-concept’ case study to demonstrate how
the orientation alternatives can be analyzed for their
efficiency. We note that this paper is the first phase of our
integrated AM process planning studies by analyzing the part
orientation decision making using the MCDM framework.
Our future works are to integrate the orientation model with
the part-to-printer optimization assignment problem using
the multiple-objective optimization approach and the part-
location-in-the-printer problem using genetic algorithm.
Additionally, part orientation alternatives produced from
other AM technologies can be further tested.
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