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a b s t r a c t
Additive manufacturing (AM) has become popular for both industrial and personal use thanks to the
freedom and beneﬁts it provides in designing parts, reducing lead time, improving inventory, and part
consolidation. However, few studies examine process planning issues in a network of AM systems that
account for part-to-printer assignment involving multiple parts and printers with scheduling objectives.
AM printers are characterized by different processes, heating technologies, and sizes of the build chamber,
which impacts efﬁcient and effective process planning and 3D printer scheduling. Given ﬁxed, unrotated
orientation of parts, we propose a decision aiding model based on a multi-objective optimization for a
batch of parts and multiple printers. The proposed model considers operating cost, load balance among
printers, total tardiness, and total number of unprinted parts as objectives in fused deposition modeling
(FDM) process. A case study with automotive parts is used to verify and validate model functionalities.
Then, the conﬂicting objectives of the model are analyzed using trade-off analysis to understand conﬂicting aspect among objectives. Next, a designed experiment with different number of parts and printers
show the complexity and the generalization of the model.
© 2017 The Society of Manufacturing Engineers. Published by Elsevier Ltd. All rights reserved.

1. Introduction
Additive manufacturing (AM) or three-dimensional printing
(3DP) refers to the method of producing physical objects from digital information using computer-aided design (CAD) layer-by-layer
[1]. It is estimated that the AM industry’s revenues worldwide for
all products and services have increasingly grown 26% to more than
$5 billion in 2015 [2,3]. In contrast to the traditional method, AM
can provide almost perfect design freedom for part fabrication with
less material waste [4–6]. Regarding the process engineering of AM,
3D printer utilization and efﬁcient scheduling of 3D printer(s) are
critical issues affecting total processing time and cost. While the
3D printer utilization implies a usage of one particular printer, the
printer scheduling entails several parts and a network of AM systems with multiple 3D printers. In this study, the term 3D printer
scheduling and part-to-printer assignment are used interchangeably to imply scheduling of multiple parts to multiple printers. With
regard to a particular printer, the part placement problem has been
mostly solved by skilled technicians with their experience, which
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is time-consuming and sub-optimal when placing a batch of parts
with large quantity and complex geometries. Thus, studies have
been proposed to solve the printer utilization for a particular printer
[7]. However, as the future of AM is moving towards its mature
state making business and supply chain models for AM complicated
involving shared 3D printers, it is important to explore a network of
AM systems, in which a number 3D printers are shared to increase
capacity [8–12]. Gartner [27] also expected that customer use of
AM will reach a level of mainstream adaptation between 2020
and 2025. As the AM network involves the constantly increasing
web-based retailers as the ﬁrst tier of the supply chain, the AM supply chain will tend to shift from the production-distribution-retail
model toward a model, in which retail takes place electronically,
initiating manufacturing and ﬁnal distribution to the end customer
[12].
Additionally, researchers have proposed mathematical models by considering a single objective (e.g., [13–15]). However, the
part-to-printer-assignment models for AM that investigate different criteria accounting for related scheduling objectives are lacking.
Existing models also scarcely consider characteristics of AM technology related to energy source and requirements of a particular
AM process (e.g., whether to stack a part or not in fused deposition
modeling (FDM)). In evaluating the feasibility of the part-to-printer
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assignment process; an important factor is the ability to compose
batches of parts accounting for space in the 3D printers, overall operation cost and time, and load-balances among printers.
Our research questions and aims are thus to understand how to
schedule parts to be printed on a network of particular AM printers. In addition, conﬂicting objectives and customers’ due date
are explicitly evaluated using multiple-criteria decision-making
(MCDM) method. MCDM is a sub-discipline of operations research
and management science (OR/MS) that explicitly considers multiple criteria in a decision-making environment [16]. It is mainly used
to support decision makers (DMs) facing decision problems that a
unique optimal solution does not exist. Common MCDM methods
including analytic hierarchy process (AHP), multi-objective mathematical programming (MOMP), and goal programming (GP) have
been used in many applications [17–21]. Solution methods for these
problems are inclusive of exact, heuristic, and combined simulation
methodologies (e.g., [22–25]). In particular, we propose a multiobjective optimization model considering total cost, load balance
among printers, total tardiness, and number of unprinted parts. We
take the unrotated part orientation [26] and assign optimal parts
to printers in this study accounting for requirements of the FDM
process.
The remaining sections of this paper are organized as follows.
We overview the pertinent literature in Section 2. Then, our multiobjective optimization model is presented in Section 3. Next, a case
study and an experimental design are discussed in Sections 4 and
5, respectively. Finally, Section 6 presents our research conclusions
and outlines the directions for future research.

2. Literature review
There are different terminologies commonly used for AM including direct digital manufacturing, solid free form fabrication, rapid
manufacturing, and 3DP. The American Society for Testing and
Materials (ASTM) [28] has classiﬁed AM technologies into seven
main categories: 1) photopolymer vat, 2) material extrusion, 3)
powder bed fusion, 4) directed energy deposition, 5) sheet lamination, 6) material jetting, and 7) binder jetting. Advantages and
challenges for AM have been discussed in the literature [29–37].
For example, Wohlers [2] discussed AM advantages including agile
manufacturing, decentralized supply chain, and reduction in inventory; whereas challenges are noted for cost of machines and
materials and process planning. The author suggested that successful AM builds depend upon the orientation and location of parts on
the build platform and the number of parts that are built at one time.
Wohlers’ survey [2] showed that FDM is the AM technology with
the highest number of installed industrial systems. FDM is a type
of material extrusion, in which material is selectively dispensed
through a nozzle as the extrusion head or the build platform moves
in the x-y plane requiring support structures for bottom surfaces
and overhanging features [38]. Niaki and Nomino [39] suggested
that research on AM management is moving from its infancy to
the developing phase, in which challenges for AM in the future are
automation of design, process planning, and business models.
Previous studies in AM process planning (e.g., [40–43]) have
been centered on the part orientation. However, there is an increasing need for studies aiming at part-to-printer assignment [7,10].
Zhang et al. [7] discussed that more parts should be placed as compactly as possible to improve the 3D printer utilization by reducing
the total build time and cost per machine run. Recent studies have
also used different optimization and metaheuristic approaches
for 3D printer utilization problem by taking part orientation into
account [13–15,44–49]. Manogharan et al. [44] suggested that the
impact of AM production cost and time can be mitigated by increasing the batch size. That is, by nesting multiple unique parts, the

overall unit cost of each part is expected to be lowered. Hur et al.
[48] introduced the orientation and packing model that employs
the adapted bottom-left approach with a genetic algorithm (GA)
for the platform. Canellidis et al. [13] proposed a model with two
stages, such that each part is orientated to have a good surface
quality with either minimal support structure, lower build time,
or minimal projection area in the ﬁrst stage. Then, the second stage
considers the projections of the parts on a particular printer. Zhang
et al. [14] suggested a two-step method to solve the orientation
optimization problem of multi-part production. While the ﬁrst step
is based on the feature based model for a speciﬁc part, the second
step employs the GA to search for an optimal combination of parts
on a printer. Freens et al. [15] presented a two-stage production
planning that generates batches for multiple 3D printers. The onedimensional bin packing model is used to allocate objects in a batch
and the packing software is used to ﬁnd position of parts in a printer.
However, studies considering one printer alone lack a perspective
of shared 3D printers with multiple printers expected in the future.
In addition, accounting for speciﬁc AM technology in the model can
reveal some insights for interested DMs.
Researchers have also discussed future of AM business and supply chain [50–59]. Rylands et al. [50] suggested that AM in the future
will not replace, but compliment and strength traditional manufacturing. Esmaeilian et al. [51] pointed out that future process
planning of manufacturing systems is not limited to production
planning, but includes all aspects of a manufacturing ﬁrm, such
as capacity planning and scheduling. The authors noted that supply chain integration and advanced scheduling should be equally
considered for the future of AM. Lan [53] discussed key issues
including planning a manufacturing chain, selecting feasible collaborative manufacturers, and queuing a manufacturing tasks in
AM. According to the author, a network of web-based AM systems can enhance the availability of AM facilities and improve
the capability of manufacturers. Piller et al. [54] discussed several AM business models. For example, Shapways and i.materialise
use a similar business model to offer 3D model marketplace and
production service, while 3D Hubs uses a platform to ﬁnd nearby
3D printers and share existing capacity of locally available printers. Thomas and Gilbert [45] suggested three possible alternatives
for the diffusion of future AM. The ﬁrst is where consumers purchase 3D printers and produce products themselves; the second is
a copy shop scenario, where customers submit their designs to a
3DP service provider; and the third involves AM being adopted by
the commercial manufacturing industry. In addition, researchers
have emphasized inventory and transportation aspects in the context of AM supply chain [56–59]. For example, AM provides the
ability to manufacture parts on demand, which is important for
spare parts industry and results in a signiﬁcant saving in amount of
inventory of infrequently ordered parts [58]. Holmström et al. [59]
studied spare parts in the aircraft industry and show that, currently,
on demand centralized production is the most likely approach to
succeed; however, the distributed approach becomes more feasible
when AM develops into a widely adopted process.
In particular, we highlight gaps in the existing research and
discuss our proposed study as follows:

• Mathematical models to aid decision makers and AM planners
that focus on process planning issues in AM are still needed considering a continuing growth of 3D printers nowadays and in the
future.
• Existing models in the literature typically consider the 3DP utilization problem for a particular printer by considering the part
orientation and part placement. However, AM is moving towards
its mature state involving complicated and shared 3D printers.
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Thus, a study that considers AM scheduling for a network of AM
systems is needed.
• Existing models scarcely consider characteristics of AM technology related to energy source (e.g., laser versus extruder) and
requirements (e.g., nesting or stacking of parts) of the printer,
which are essential for process planning in AM and offer insights
for DMs.
• Process planning in AM clearly involves conﬂicting, multiple criteria, such as quality, time, cost, etc. While a few models focus on
AM supply chain and 3DP scheduling, a single objective is typically used without exploring multiple objectives of the problem.
In addition, customers due date is an important aspect that should
be evaluated in the model.
3. The multi-objective build chamber optimization model
It is important to understand AM from macro and micro perspectives. A decision support tool is needed to aid a DM/planner
in effectively and efﬁciently planning and scheduling parts to be
printed on a printer(s). The model developed in this study takes
the best orientated parts (i.e., without rotation) analyzed previously
[26] as an input set and composes batches of parts to be assigned
to each printer in a network of AM systems based on different,
conﬂicting objectives of interest. When a planner makes a tactical and/or operational decision depending on a planning period,
s/he may decide to wait for more parts to better utilize printers
or to schedule a printing decision at that time depending on the
policy employed (i.e., efﬁciency vs. responsiveness) and planning
objective (i.e., total operating cost vs. total delay). In addition, the
tardiness calculated from customer’s due date is considered in this
problem representing a delay in process planning. That is, the proposed model provides a set of optimal parts for a part-to-printer
assignment in a network of AM printers, in which four conﬂicting
objectives are introduced: total operating cost, load balance among
printers, total tardiness, and total number of unprinted parts. Fig. 1
illustrates the AM supply chain’s strategic level planning and the
proposed problem in a tactical/operation level at a production stage
with a focus on the part-to-printer assignment problem.
3.1. Assumptions
• Parts ordered from customers are known for the FDM printer
type. That is, the manufacturer and customers have agreed on
the properties and tolerances of the printed parts.
• The orientation of the part is decided before the printing process.
That is, the part is unrotated during the part-to-printer assignment process.
• The cost-related parameters are simpliﬁed and extrapolated from
the Magics software from Materialise [60] and existing literature
(e.g., see Thomas and Gilbert [45]). For example, the printer cost
in this study is approximated from the indirect cost involving
technician, overhead, and machine cost. The part cost and time
are directly obtained from an estimate from Magics software. The
part cost is computed from the consumed material for part, support (if needed), and associated waste; whereas the part print
time is inclusive of the printer preparation and cool time. The
holding cost is assumed in our study based on the part cost to
account for both inventory- and penalty-related cost. That is, the
holding cost relates to storing and maintaining part inventory
over a certain period of time as well as lost customer and sales in
contract. Thus, there is a trade-off whether to print a part at this
period or to hold a part for the next period.
• All assigned parts are assumed to be taken out from a printer
at the same time. Thus, the requirement of print time for FDM
is based on the sum of all part time (e.g., an extruder dispenses
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material from a nozzle part by part and layer by layer). We note
that it may not be the case for other AM processes. For example,
the print time for selective laser sintering (SLS) are based on the
time that a laser scans all assigned parts so that material powder
in SLS is sintered with the shared recoating time.
• In the typical FDM process, parts to be printed do not stack on top
of each other due to the extruded ﬁlament. However, this may not
be the case for other AM processes. For example, parts for SLS may
be stacked on top of each other when printing of powder material
is used.

3.2. Model notation
Sets
I : Set of parts to be printed, indexed by i
J : Set of FDM printers, indexed by j
Parameters
print er
cj
: Cost of using each FDM printer j ∈ J ($/printer)
part

ci

: Cost of printing a part in $ for each part i ∈ I ($/part)

holding

: Cost of holding a part in $ for each unassigned part i ∈
ci
I ($/part)
b : Total planned budget ($)
li : Length of the bounding box of each part i ∈ I (millimeter/part)
wi : Width of the bounding box of each part i ∈ I (millimeter/part)
hi : Height of the bounding box of each part i ∈ I (millimeter/part)
cap
: Length capacity limit of each printer j ∈ J (millimelj
ter/printer)
cap
wj
: Width capacity limit of each printer j ∈ J (millimeter/printer)
cap
hj
: Height capacity limit of each printer j ∈ J (millimeter/printer)
ai : Area parameter of each part i ∈ I (millimeter2 /part)
min : Minimum area capacity for each printer j ∈ J
acap
j
(millimeter2 /printer)
max : Maximum area capacity for each printer j ∈ J
acap
j
(millimeter2 /printer)
fpr inter : Fraction determining the minimum area for a printer to
operate
fnum part : Fraction determining the minimum number of parts
to be printed
tipart ini hour : Initial expected print time in hours for each part i
∈ I (hour/part)
olabor : Operating hours per day determined by labor working
hours (hour/day)
di : Lateness calculated from due date for each part i ∈ I
(day/part)
(Positive/negative lateness denote tardiness/earliness)
e : Wait time for the next planning period for parts that are not
assigned to a printer (e.g., operational daily plan e = 1; weekly plan
e = 7)
m : An arbitrarily large number
p : A lower bound of the time that each printer spends in days;
used in the transformation of the quadratic function in a constraint
(e.g., 0)
q : An upper bound of the time that each printer spends in days;
used in the transformation of the quadratic function in a constraint
(e.g., 7)

˛k : Weight parameter for each objective k;
˛k = 1
Decision variables
Xi,j : Part i to be printed in FDM printer j, binary {0,1}
Yj : Printerj to be used for printing, binary {0,1}
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Fig. 1. A schematic AM supply chain in macro and micro perspectives.

Ri : Remaining part i that is not printed and is waited for the
next planning period, binary {0,1}
Ti : Tardiness of each part i in days
G : Maximum tardiness
B : Minimum percentage of area used in each machine to balance
load
Wi,j : Printer time in days for part i on printer j; used in the
transformation of the quadratic function in a constraint
Auxiliary variables
tipart wait day : Wait time in days for an unassigned part i ∈ I
(day/part)
tjprint er hour : Print time in hours required for each printer j ∈ J
(hour/printer)
tjprint er day : Print time in days required for each printer j ∈ J
(day/printer)
tipart out day : Finishing time in days for each printed part i ∈ I
(day/part)
tiprocess day : Processing time for each part i ∈ I (day/part)
l : Limit the length of part i that is assigned to printer j, binary
Ki,j
{0,1}
w : Limit the width of part i that is assigned to printer j, binary
Ki,j
{0,1}
h : Limit the height of part i that is assigned to printer j, binary
Ki,j
{0,1}

3.3. Part-to-printer-assignment mathematical model

functions are typically conﬂicted and optimal decisions need to be
taken in the presence of trade-offs among them. For example, minimizing total operating cost does not necessarily provide a minimum
number of unprinted parts and vice versa. Likewise, achieving a
maximum load balance may not yield minimum tardiness and vice
versa.




MinimizeZ1 :

print er
cj
Yj

 


MaxMinZ2 :



 ai Xi,j
cap max

i∈I

MinimizeZ3 :

aj

i∈I

 

+

j∈J



holding
ci
Ri

(1)

i∈I

∗ 100

(2)




Ti

(3)

i∈I

MinimizeZ4 :




Ri

(4)

i∈I

We note that the maximin objective function (Z2 ) can be linearized as a maximization objective by introducing the B variable,
where B is a minimum percentage of area used in each machine to
balance load (5).
MaximizeZ2 : B; B ≤



 ai Xi,j
cap max

i∈I

3.3.1. Objective functions
We ﬁrst discuss objective functions Z1 and Z2 that reﬂect efﬁcient performance (i.e., resource focus) and objective functions Z3
and Z4 that reﬂect effective performance (i.e., result focus). In particular, Z1 minimizes the total operating cost calculated from the
cost to use FDM printers, part printing cost, and holding cost (1);
whereas Z2 maximizes the load balance of all FDM printers calculated using the maximin technique (2). Next, Z3 minimizes the total
tardiness calculated as the sum of all positive lateness (3) and Z4
minimizes the total number of unprinted parts (4). These objective

+

j∈J

part
ci Xi,j

aj

∗ 100; ∀j ∈ J

(5)

3.3.2. Constraint sets
We now turn to the constraint sets. While each part to be printed
is assigned to at most one printer (6), the part that is not assigned
in the current planning period is still in the inventory list (7). The
number of parts to be printed per a planning period should also be
higher than a minimum requirement speciﬁed by a DM (8).


j∈J

Xi,j ≤ 1; ∀i ∈ I

(6)
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Ri = 1 −



Xi,j ; ∀i ∈ I

(7)

j∈J



⎛

Xi,j >= f num

part



⎝

i∈I j∈J

i∈I j∈J

Xi,j +



⎞
Ri ⎠

(8)

i∈I

The next requirement for the FDM is that parts to be printed
are typically not stacked on top of each other due to the extruding process. Thus, the area of each part can be computed based on
the x-y platform (9). The maximum area limit based on a printer
capacity and the minimum area requirement to utilize each printer
can be computed using (10)–(11). Next, the total area of all parts
to be printed cannot violate the maximum (12) and minimum (13)
capacity limit of each printer.
ai = li wi ; ∀i ∈ I
=

cap cap
lj wj ; ∀j

=

max
f print er acap
; ∀j
j

max
acap
j
min
acap
j



(9)
∈ J

(10)
∈ J

(11)

Yj ; ∀j ∈ J

(12)

Yj ; ∀j ∈ J

(13)

ai Xi,j ≤ acap
j

max

ai Xi,j ≥ acap
j

min

i∈I


i∈I

from a printer at the same time, it follows that the printer time for
FDM is based on the sum of all part time for all assigned parts to each
FDM printer. For example, if parts 1 and 2 requiring an estimate of
5 and 10 h, respectively, are assigned to the FDM printer, a heated
extruder will move from part to part and layer to layer, which ﬁnishes printing both parts in 15 h. Thus, the FDM printer time can be
computed (21). Given the FDM printer time in hour, printer time in
days can then be calculated based on the labor schedule (22).
tjprint er

hour

=



tipart

ini hour

Xi,j ; ∀j ∈ J

(21)

i

tjprint er

day

= tjprint er

hour

/olabor ; ∀j ∈ J

(22)

Next, the actual time in days for each assigned part that
is taken out from a printer can be formulated as tipart out day =



tjprint er

day X .
i,j

However, this condition is non-linear with

j∈J

quadratic function, which can be linearly transformed to avoid
convexity issue using (23)-(28). Wi,j variable is needed in the transformation to represent printer time in days for each part i that is
taken out from printer j. It is equal to the tjprint er day but reﬂects
both dimensions on both part i and printer j.
Wi,j = tjprint er
tipart

In addition, additional constraint sets are needed to reﬂect a
requirement on the length, the width, and the height of each part,
such that each assigned part to a FDM printer will not exceed the
printer size (14)–(19). In particular, Eqs. (14)–(15) are combined to
restrict a printing requirement for the length based on the if-then
condition. Similarly, Eqs. (16)–(17) as well as (18)–(19) are used to
restrict the width and the height, respectively. For example, if part i
is printable (has a length that is lesser than a printer capacity), K in
Eq. (14) will be either 0 or 1. If K is 0, it will force X in Eq. (15) to be
0. On the other hand, if K is 1, X can be 0 or 1 depending on a desired
objective function. On the other hand, if part i is not printable (has
a length that is longer than a printer capacity), K in Eq. (14) will be
0, which then forces X in Eq. (15) to be 0. Other equations can be
similarly interpreted.

39

out day

=

day

Xi,j ; ∀i ∈ I, j ∈ J



(23)

Wi,j ; ∀i ∈ I

(24)

j∈J

Wi,j ≤ qXi,j ; ∀i ∈ I, j ∈ J

(25)

Wi,j ≥ pXi,j ; ∀i ∈ I, j ∈ J

(26)

Wi,j ≤

tjprint er day

Wi,j ≥ tjprint er

day

− p(1 − Xi,j ); ∀i ∈ I, j ∈ J

(27)

− q(1 − Xi,j ); ∀i ∈ I, j ∈ J

(28)

; ∀i ∈ I, j ∈ J

(14)

l
Xi,j ≤ Ki,j
m; ∀i ∈ I, j ∈ J

(15)

cap
wj ; ∀i

(16)

The part that is not assigned to a printer in the current planning
period awaits the next planning period (29). Thus, the actual process in days for all parts inclusive of both assigned and unassigned
parts can be computed using constraint set (30). Tardiness for all
parts are next calculated (31). The lateness in a scheduling problem
is a deviation from the due date, such that the positive lateness is
termed tardiness and the negative lateness is earliness. For example, if the part’s due date is in three days, in which the print time
requires one day, it follows that the negative lateness is two (earliness). On the other hand, if the print time requires four days, the
positive lateness will be one (tardiness).

(17)

tipart

cap

l
li Ki,j
≤ lj

w
wi Ki,j
≤

∈ I, j ∈ J

Xi,j ≤ Ki,j m; ∀i ∈ I, j ∈ J
w

cap

h
hi Ki,j
≤ hj

; ∀i ∈ I, j ∈ J

(18)

h
Xi,j ≤ Ki,j
m; ∀i ∈ I, j ∈ J

(19)

Next, the total cost for using printer, part printing, and associated holding/penalty cost cannot exceed the planned budget (20).
A budgetary expenditure represents an upper bound indicating a
maximum ﬁnancial capacity to efﬁciently utilize the resources suggested by a customer or a company. We note that the budget could
be assumed inﬁnite implying that a budget constraint set is not
enforced.

⎛



⎝

j∈J

⎞ ⎛

print er

cj



Yj ⎠ + ⎝

⎞ 

 holding
part
⎠
c
Xi,j +
c
Ri ≤ b(20)
i

i∈I j∈J

i

i∈I

In addition, the FDM process uses a heated extruder as an energy
source to dispense material from a nozzle part-by-part and layerby-layer. When all printed parts on the FDM printer(s) are taken out

wait day

tiprocess day

=

= eRi ; ∀i ∈ I
tipart out day

di + tiprocess day

+ tipart wait day ; ∀i

≤ Ti ; ∀i ∈ I

(29)
∈ I

(30)
(31)

Finally, variable-type constraints are shown in constraint sets
(32)–(41).
Xi,j =

0, 1 ; ∀i ∈ I, j ∈ J

(32)

Yj =

0, 1 ; ∀j ∈ J

(33)

Ri =

0, 1 ; ∀i ∈ I

(34)

Ti ≥ 0; ∀i ∈ I

(35)

B≥0

(36)

G≥0

(37)

Wi,j ≥ 0; ∀i ∈ I, j ∈ J

(38)

l
Ki,j
=

0, 1 ; ∀i ∈ I, j ∈ J

(39)
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w
Ki,j
=

0, 1 ; ∀i ∈ I, j ∈ J

(40)

h
Ki,j
=

0, 1 ; ∀i ∈ I, j ∈ J

(41)

The above model complexity formulated as a mixed integer
linear programming (MILP) can be analyzed using a reduction technique. Given that the above model contains multiple objectives and
a subset of parts can be assigned to printers, it is reducible to the
multi-objective, multiple knapsack problem, which is a variation of
the 0–1 knapsack problem known to be NP-hard ([61,62]). Thus, the
computation time tends to grow exponentially when a problem size
becomes sufﬁciently larger. In particular, by discarding all other
objective functions (Z2 , Z3 , and Z4 ) and leaving only the second
term of the ﬁrst objective function (Z1 ), this minimization function of the part cost is equivalent to the maximization function of
the single objective, multiple knapsack problem. Next, besides the
parameters and constraint sets related to an assignment of a subset
of parts (6) and maximum capacity limit (12) as well as their associated variable-type constraints, other constraints can be discarded.
Mathematically, the above model with the scheduling performance
∝ multi-objective, multiple knapsack problem ∝ single-objective,
multiple knapsack problem ∝ 0–1 knapsack problem.
4. Case study and trade-off analysis
We now illustrate the case study and objective functions’ tradeoff analysis using the concept of approximate efﬁcient frontier
to verify and validate the proposed model in this section. We
model the mathematical model in AMPL [63] and analyzed it using
CPLEX solver. The algorithms used in CPLEX for integer-type problems include advanced branch-and-bound with presolve, feasibility
heuristics, and cut generators. The case study as well as all the test
data sets for a designed experiment are analyzed on a PC with an
Intel (R) Core (TM) i7- 6500 CPU @2.50 GHz and 8.0 GB of RAM. The
maximum computational time limit allowed for each test is set to
3600 s.
4.1. Case study data
During the model formulation, the model was veriﬁed through
regular discussions with AM experts through several toy examples. Next, after obtaining automotive parts for the case study,
part-speciﬁc parameter data is obtained by using Magics software
developed by Materialise [60] and by randomly generating other
relevant parameter data as shown in Table 1. MagicsTM is a versatile data preparation and ﬁle editor software for 3DP that equips
with part build time and cost estimators. We note, however, that
other cost and time models exist and have been discussed in the
literature (e.g., see [45]). Based on a cost model discussed by the
authors, we approximate the printer cost based on the indirect cost
inclusive of labor, overhead, and machine cost. Then, the part cost
computed by Magics based on material for part, support (if needed),
and associated waste is directly obtained; whereas the holding cost
is assumed based on the part cost, such that a trade-off between
assigning a part in the current period and holding a part for the
next period is discussed.
With regard to the FDM printer capacity data, two printers
available at the center for 3D advanced AM at the Ulsan National
Institute of Science and Technology (UNIST) are used to illustrate
the small- and large-size printers in this study. We further discuss
the model performance when more printers are taken into account
in the next section. In particular, we use two FDM printers (i.e.,
Former’s Farm’s Sprout and MakerBot Z18 with the build chamber size 235*200*200 and 300*305*457 millimeter3 , respectively).
Table 1 presents the parameter data to test the case study and an
experimental design. Table 2 illustrates 10 different parts obtained

from an automotive company with their respective parameters to
be assigned to the two FDM printers.
4.2. Multi-objective and trade-off analyses
We initially solve the case study problem for each objective
function alone as shown in Table 3. It is clear that trade-offs exist
among these conﬂicting criteria. The computation time is found
to be practically negligible (i.e., in seconds), which is not surprising due to the small size of the case study’s problem. The result
from solving each objective function alone is later used as an
ideal solution to solve the multi-objective problem formulated as a
non-preemptive model. For example, only printer 1 (i.e., the small
printer with lesser printer operating cost) is utilized when minimizing total cost (Z1 ) is desired because there is a trade-off between
cost of assigning a part and penalty/inventory cost of holding a part
for the next-period printing. When either maximizing load balance
(Z2 ) or minimizing total unprinted parts (Z4 ) is used as a sole objective function, the solution is found to be the same with 2 unprinted
parts and 96.6% of printers’ load balance. However, we note that this
is not necessarily always the case depending on data and problems
of interest. Given the size of each part based on a ﬁxed orientation, it is clear that parts 3 and 4 (i.e., O3 and O4) could only ﬁt in
the printer 2 (i.e., the large printer) if either of them is going to be
printed. In addition, parts 6 and 7 (i.e., O6 and O7) could not ﬁt in
either the small or the large printer due to their size limit (Table 3).
Given that the proposed model contains clearly conﬂicting,
multiple criteria; the non-preemptive method (i.e., the weighted
sum method) is used to illustrate the multi-objective model solution. The non-preemptive approach employs criteria weights for
each objective to solve a multi-objective model as a single, linear (weighted) objective function model. The objectives must be
normalized to allow intercriterion comparison. One normalization
technique shown in (42) can be used to convert each objective
function to be in a range between 0 and 1. While the ﬁrst term
shows the normalization for the beneﬁt criterion (i.e., maximum
value is better), the second term presents the normalization for
the cost criterion (i.e., minimum value is better). This normalization technique employs the ideal/utopia (I) and anti-ideal/nadir
(AI) solutions, where the I and AI solutions are the best and the
worst possible solution from solving each objective function alone,
respectively. While ZiI denotes the ideal solution based on max Zi
for beneﬁt criterion and min Zi for cost criterion; ZiAI denotes the
anti-ideal solution based on min Zi for beneﬁt criterion and max
Zi for cost criterion. Next, after all objective functions are normalized, they can be reformulated as a single-objective model with
maximization as shown in (43), where ˛k is the weight parameter
to emphasize an importance of each objective function k obtained
from a DM. The result from solving the case study based on assigning equal weight (i.e., ␣1 = 0.25, ␣2 = 0.25, ␣3 = 0.25, ␣4 = 0.25) to all
objective functions is shown in Table 3. We note that all other combinations of weights are possible. It is clear that the model tries to
balance total cost, load balance, total tardiness, and total unprinted
parts. In particular, both small and large FDM printers are used with
the 79.3% of load balance between printers. Further, the total tardiness and the number of unprinted parts are found to be 26 days
and 3 parts.

0 ≤

Zi − ZiAI
ZiI − ZiAI

0 ≤

≤ 1 for benefit criterion;

ZiAI − Zi
ZiAI − ZiI

≤ 1 for cos t criterion

(42)
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Table 1
The parameter data list of FDM case study and designed experiment.
Activities

Descriptive detail

(Cost/Budget)
:Cost of using a printer ($)
:Cost of printing a part ($)
:Cost of holding a part ($)
:Planned budget ($)

FDM: (Small 500, Large 800)
Part-speciﬁc cost is obtained from Magics based on material type, weight, etc.; FDM: U (20, 100)a
FDM: U (20, 100)
FDM: 3000b

(Area/Capacity)
:Projection length/width/height parameter of each part (mm.)
:Capacity of each printer (mm.)
:Fraction for the minimum volume/area of a printer
:Fraction for the minimum number of parts to be printed

FDM: U (80,220)
FDM: Former’s Farm (235*200*200); MakerBot (300*305*457)
3%b
30%b

(Time/Labor)
:Initial expected print time in hours for each part (hours)
:Operating hours determined by labor working schedule
:Lateness based on due date of each part in days (days)
:Wait time for the next planning for unassigned parts

Expected part print time is obtained from Magics based on AM machines; FDM: U (10, 30)a
8 h/day
U (−5,5)c
FDM: 14 days

U denotes uniform distribution.
a
The case study data are obtained from Magics; the designed experimental data follows uniform distribution.
b
The parameter value is adjusted in an experimental design when number of parts and printers are varied.
c
Positive lateness denotes tardiness; whereas negative lateness denotes earliness.

Maximize˛1

+˛3

Z1AI − Z1
Z1AI − Z1I

Z3AI − Z3
Z3AI − Z3I

+ ˛2

+ (1 −



Z2 − Z2AI
Z2I − Z2AI

˛i )

i

Z4AI − Z4
Z4AI − Z4I

(43)

We further discuss the trade-off analyses of the conﬂicting
objectives for the above case study. In a maximization problem,
a solution x0 ∈ S is said to be efﬁcient if fk (x) < fk (x0 ) for some x ∈ S
implying that fj (x) > fj (x0 ) for at least one other index j. It is, therefore, a feasible solution that is not dominated by any other feasible
solutions and has the property that an improvement in any one
objective is possible only at the expense of a poorer solution in
at least one other objective [64]. The set of all efﬁcient solutions,
the efﬁcient frontier, is commonly used to visually evaluate tradeoffs among two decision criteria in objective space. In this study,
we develop an approximate efﬁcient frontier based on a selected
set of efﬁcient solutions to study solution trade-offs. We illustrate
three objective pairs for the case study: Pair 1) min Z1 total cost
vs. max Z2 load balance, Pair 2) min Z1 total cost vs. min Z3 total
tardiness, and Pair 3) min Z1 total cost vs. min Z4 total unassigned
parts. Initially, a selected set of efﬁcient solutions is generated by
varying the weight ˛k for objective k discretely from 0.1 to 0.9 at
0.1 increments. However, other random weight can also be used.
In particular, Pairs 1)–3) are normalized using a linear normalization technique to allow inter-criterion comparison as shown in
(44)–(46), respectively. We note that other objective pairs can be
obtained in a similar way.
Maximize˛1

Maximize˛1

Maximize˛1

Z1AI − Z1
Z1AI

− Z1I

Z1 − Z1AI
Z1I − Z1AI
Z1AI − Z1
Z1AI − Z1I

+ (1 − ˛1 )

+ (1 − ˛1 )

+ (1 − ˛1 )

Z2 − Z2AI
Z2I − Z2AI
Z3AI − Z3
Z3AI − Z3I
Z4AI − Z4
Z4AI − Z4I

(44)

combination and y axes on the left and right show objective values) rather than showing the x axis with one objective value and
y axis with another objective value. However, an interpretation
of the trade-off analysis is the same, in which an improve in one
objective can deteriorate the second one’s performance. While
Fig. 2a) shows an analysis for the minimize-maximize pair, both
Fig. 2b) and c) present the minimize–minimize pair. For example,
when more weight is given to the total-cost objective than in the
load-balance objective in Pair 1 (e.g., ␣1 = 0.8, ␣2 = 0.2), the corresponding objective values for total operating cost and load balance
between printers are $913 and 0%, respectively. In this case, 0% load
balance implies that only one printer is used (i.e., 0% for printer 1
and 73.54% for printer 2). However, when more weight is given
to the load-balance objective in Pair 1 (e.g., ␣1 = 0.2, ␣2 = 0.8), the
corresponding objective values are $2043 and 96.6%, respectively.
Consider the Pair 2 study, when more weight is given to the totalcost objective than in the total-tardiness objective (e.g., ␣1 = 0.9,
␣3 = 0.1), the corresponding objective values for total operating cost
and total tardiness are $913 and 37 days for all parts, respectively.
On the other hand, they are found to be $1744 and 25 days when
more weight is given to the total-tardiness objective (e.g., ␣1 = 0.1,
␣3 = 0.9). A similar trade-off evaluation can be done for the Pair
3 (total cost vs. total unprinted parts). That is, the corresponding
objective values are found to be $2043 and 2 unassigned parts
for weight pair (␣1 = 0.3, ␣4 = 0.7), whereas they are $913 and 6
unassigned parts for weight pair (␣1 = 0.7, ␣4 = 0.3), respectively.
We note, however, that a DM can choose several combinations of
objective weights (e.g., (0.1, 0.9), (0.2, 0.8), . . ., (0.9, 0.1)) to evaluate trade-offs among these pairs of objective functions as shown in
Fig. 2.
5. Experimental design and discussion
5.1. A designed experiment

(45)

(46)

Fig. 2a–c) illustrate the trade-off analyses of Pairs 1), 2), and
3), respectively. Given that some combinations of weights yield
the same efﬁcient point, we graphically illustrate trade-off analysis for all the combinations of weights (e.g., x axis is the weight

After the part-to-printer-assignment model is veriﬁed and validated through a case study, we conduct a designed experiment by
varying the number of parts and printers to test the model complexity and its computation time for the model developed for FDM
in this section. Table 4 presents an experimental data with four levels of part number (10, 50, 100, and 500) and three levels of printer
number (2, 5, and 10). Each test data from a designed experiment
is randomly generated using Matlab software based on the param-
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Table 2
Parts for the case study with data obtained from Magics.
FDM
Part’s print cost
($)

Part’s print
time (hour)

Part length
(mm)

Part width
(mm)

Part height
(mm)

Projection area
(mm2 )

O1

30

4

214

120

7

25,680

O2

60

5

78

77

45

6006

O3

321

26

291

85

88

24,735

O4

80

7

125

283

26

35,375

O5

5

1

72

24

28

1728

O6

98

14

311

48

44

14,928

O7

52

5

185

353

11

65,305

O8

67

7

176

90

60

15,840

O9

60

4

89

80

52

7120

O10

14

2

135

146

33

19,710

Part Object

CAD ﬁle

eter data in Table 1, which yields 12 test combinations. Then, for
each test combination, 30 replications are performed and an average computation time is collected. Given that a number of parts
for rapid manufacturing or AM is typically in a small batch rather
than in a mass production as in the traditional production process,
the experimental design for the number of parts are limited to 500
parts.

5.2. Computation time for single-objective model
Table 5 presents the average computation time across all replications for solving each objective function alone based on varied
number of printers (i.e., 2, 5, and 10) and parts (i.e., 10, 50, 100,
and 500). The average computation time is found to range from
practically negligible in less than a second to 3600 s (time limit)
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Table 3
Case study’s results obtained from solving each objective function and a non-preemptive solution.
Z1: Minimize total cost

Z2: Maximize load
balance

Z3: Minimize total
tardiness

Z4: Minimize total
unprinted parts

Equal weight

Part-to-printer assignment

(Printer 1):
O2, O5, O9, O10

Parts that are not assigned
Printers used
Total operating cost ($)
Load balance

O1, O3, O4, O6, O7, O8
Printer 1
(Small)
*913
Printer 1 (73.5%)

Total tardiness (days)
Total unprinted parts (parts)

37
6

(Printer 1):
O1, O10
(Printer 2):
O2, O3, O4, O5, O8, O9
O6, O7
Printers 1, 2
(Small and large)
2043
*Printer 1 (96.6%)
Printer 2 (99.3%)
44
2

(Printer 1):
O5, O9, O10
(Printer 2):
O1, O2, O4, O8
O3, O6, O7
Printers 1, 2
(Small and large)
1744
Printer 1 (60.8%)
Printer 2 (90.6%)
*25
3

(Printer 1):
O1, O10
(Printer 2):
O2, O3, O4, O5, O8, O9
O6, O7
Printers 1, 2
(Small and large)
2043
Printer 1 (96.6%)
Printer 2 (99.3%)
44
*2

(Printer 1):
O5, O8, O10
(Printer 2):
O1, O2, O4, O9
O3, O6, O7
Printers 1, 2
(Small and large)
1744
Printer 1 (79.3%)
Printer 2 (81.1%)
26
3

*Denotes ideal/Utopia solution.

Fig. 2. Trade-off analysis for a) Pair 1: cost vs. load balance, b) Pair 2: cost vs. tardiness, and c) Pair 3: cost vs. unassigned part.

depending on a number of printers, a number of parts, and a desired
objective that are considered. For example, when 2 printers and
100 parts are available with a desire to obtain the minimum total
operating cost, the average computation time takes only 0.11 s.
However, when we desire to obtain the maximum load balance,
the average computation time takes around 2670 s. Next, when we
increase to 10 printers with the same number of 100 parts, the
average computation time for obtaining the minimum total operating cost and the maximum load balance are found to be 0.55 s
and reach the time limit of 3600 s, respectively. As expected, when
either/both more printers or/and more parts are used, the computation time tends to increase. In addition, while the computation
time for objective functions to minimize total operating cost and
total tardiness (i.e., Z1 and Z3 ) are found to be within the time
limit of 3600 s, the average computation time for objective functions to maximize load balance and minimize total unprinted parts
(i.e., Z2 and Z4 ) exceed the time limit when higher number of parts
and/or printers are used. The high computation time is especially
noticeable for objective Z2 to maximize load balance. This result is
expected as the maximin technique is used to formulate load bal-

Table 4
A designed experiment with varied number of parts and printers.
Factor

Level

Level detail

Part number
Printer number

4
3

10, 50, 100, 500
2, 5, 10

ance among printers. Ransikarbum and Mason [20] noted that the
maximin technique is typically applied to the case when a larger
performance function value is considered better. Salles and Barria [65] found that this technique requires complex optimization
procedures and signiﬁcant computation time to ﬁnd a solution.
We further aggregate the computation time for each factor as
shown in Table 6. For example, the aggregate computation time
for 2, 5, and 10 printers across all number of parts in a designed
experiment are found to be 0.23, 0.96, and 2.19 s for objective function Z1 , respectively. Similarly, the aggregate computation time for
10, 50, 100, and 500 parts across all the number of printers in a
designed experiment are found to be 0.07, 0.15, 0.30, and 3.97 s for
objective function Z1 , respectively. Other aggregated computation
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Table 5
Computation time (seconds) for solving each objective alone in a designed experiment.
Number of printers

Number of parts

Z1: Minimize
total operating cost

Z2: Maximize
load balance

Z3: Minimize
total tardiness

Z4: Minimize
total unprinted parts

2

10
50
100
500

0.05
0.07
0.11
0.69

0.36
858.78
2669.76
3062.01

0.03
0.05
0.05
0.35

0.06
0.84
4.24
3.16

5

10
50
100
500

0.09
0.13
0.25
3.35

3.03
3600*
3600*
3600*

0.02
0.27
1.25
88.18

0.21
307.84
1173.23
1483.52

10

10
50
100
500

0.08
0.26
0.55
7.86

0.07
3445.03
3600*
3600*

0.03
362.52
400.48
1122.79

0.32
2985.14
3006.08
3600*

*The computational time limit of 3600 s is reached for all the replications.

Table 6
Aggregated computation time (seconds) for solving each objective alone.
Factor

Z1: Minimize
total operating cost

Z2: Maximize
load balance

Z3: Minimize
total tardiness

Z4: Minimize
total unprinted parts

Number of printers

2
5
10

0.23
0.96
2.19

1647.73
2700.76
2661.28

0.12
22.43
471.46

2.08
741.20
2397.89

Number of parts

10
50
100
500

0.07
0.15
0.30
3.97

1.15
2634.60
3289.92
3420.67

0.03
120.95
133.93
403.77

0.20
1097.94
1394.52
1695.56

time for the less of objective functions could be similarly analyzed.
Due to the complexity of the proposed model, it can be observed
that computation time increases when the number of parts and/or
number of printers also increases. Next, when we aggregate the
computation time for each objective function across all number of
printers and parts, the sequence of aggregate computation time for
minimizing load balance (Z2 ) is found to be higher than minimizing total unprinted parts (Z4 ), minimizing total tardiness (Z3 ), and
minimizing total operating cost (Z1 ). In particular, the aggregate
computation time for Z2 , Z4 , Z3 , and Z1 are around 2337, 1047, 165,
and 1 s, respectively.
5.3. Computation time for multi-objective model
Given all the ideal and anti-ideal solutions obtained from solving
each single-objective function alone, the non-preemptive approach
is used with equal weights among all objectives to transform the
multi-objective model to single-objective model. Next, the model
is solved and the average computation time across all replications
based on a varied number of printers and parts is recorded (Table 7).
As seen in the table, when 2 printers are used, the average computation time for all varied number of parts is found to be within
the time limit of 3600 s. However, when we increase the number
of printers to 5 and 10, the average computation time reaches the
time limit when the number of parts is 50 and higher. For example, the average computation time for 2 printers and 10 parts when
the multi-objective model is solved is 0.11 s. When we increase
a number of parts to 100 parts, it requires around 225 s. On the
other hand, while the average computation time for 10 printers
and 10 parts is also within a second (0.53 s), it increases to 3600 s
(time limit) when we increase to 100 parts. Thus, trade-offs clearly
exist between solution quality and computation time. Given that
the number of parts in AM, such as in FDM process, is typically in a
small batch starting from a batch of one part, the computation time
of the model is arguably reasonable. However, when more parts
and/or printers are desired, although it is still practical to obtain

Table 7
Computation time (seconds) for solving a non-preemptive model of multiple
objectives.
Number of
printers

Number of parts

A non-preemptive model
with equal weight

2

10
50
100
500

0.11
26.07
225.17
575.81

5

10
50
100
500

0.38
3600*
3600*
3600*

10

10
50
100
500

0.53
3600*
3600*
3600*

*The computational time limit of 3600 s is reached for all the replications.

solutions in an hour, some other alternative solution methods (e.g.,
heuristics and metaheuristic approaches) may be desired.
5.4. Managerial insights
The multi-objective optimization model suits well in the context of process planning in AM considering a complex AM supply
chain and a network AM systems. The future of AM is moving
from its infancy state to a mature state, which makes business
models for AM more complicated involving shared 3D printers.
Parts with large quantity and more complex geometries also further complicate a planning process of AM systems, which makes
the manual placement become time-consuming and sub-optimal
for a DM. On the other hand, an optimization model is a proven
technique useful to systematically aid planners for assigning parts
to printers, given limit resources, constraints, and desired criteria.
Furthermore, given multiple criteria of the part-to-printer assign-
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ment problem, it is clear that trade-offs exist among conﬂicting
criteria of the problem as shown in the case study. Thus, the tradeoff analyses beneﬁt to a DM to examine trade-off curves and to
visualize the solution space. The preferred point on a particular
Pareto front can also be identiﬁed and optimal decisions can be
quickly obtained. These fronts also inform a DM on how improving
one objective can deteriorate the second one’s performance along
the curve.
To reﬂect an accurate AM process planning, different AM systems and energy sources should be taken in to account and
understood. Considering FDM, SLS, and stereolithography (SLA), for
example, some AM requirements that differentiate them include
part nesting and printer time. With regard to the location of parts
in a printer, FDM and SLA processes most often require special support structures to fabricate overhanging designs; whereas SLS does
not need a separate feeder for support material because the part
being constructed is surrounded by unsintered powder at all times.
Thus, through a technique known as ‘nesting’, multiple parts can be
positioned to ﬁt within the boundaries of the printer in SLS. On the
other hand, FDM generally has some restrictions on the slope of
the overhanging requiring supporting structures. SLA also requires
the use of supporting structures attaching to the elevator platform
to prevent deﬂection due to gravity and to hold cross sections in
place in order to resist lateral pressure from the resin-ﬁlled blade
or retain newly created sections during the bottom-up printing. To
mathematically model this aspect, the x-y platform of the printer
is used to represent the capacity of FDM printer. Additionally, the
part area computed from the length and the width of the bounding
box of each part ensures that possible supporting structures and an
enough gap between two printed parts are taken into account. With
regard to the printer time, FDM technology is different than SLS and
SLA in terms of the energy/power source. In particular, SLS involves
the use of a high power laser (i.e., a carbon dioxide laser) to fuse
small particles of powder material into a mass that has a desired
3D shape. Similarly, SLA works by focusing an ultraviolet laser on to
a vat of photopolymer resin. On the other hand, the model or part
in FDM is produced by extruding small ﬂattened strings of molten
material to form layers as the material hardens immediately after
extrusion from the heated nozzle. Thus, the main difference is that
while each layer of all parts assigned to either SLA or SLS is scanned
by a laser, each layer of all parts assigned to FDM will depend on the
tool-path of the nozzle part-by-part and layer-by-layer. In order to
mathematically model this aspect, the printer time for FDM is based
on the sum of all part time for all assigned parts to each FDM printer.
Computation time wise, when either/both a number of printers
or/and parts is/are increased, the computation time also increases.
This is true for both a single-objective and multi-objective functions. When a single-objective model is considered, the way each
objective function is formulated also affects the average computation time. The higher average computation time is especially
noticeable for maximizing load balance, in which the maximin
technique is used to formulate the load balance among printers.
Next, when multiple objectives are solved, a similar trend that the
size of the problem with higher number of printers and/or parts
impacts greatly computation time can also be observed. Thus, there
are trade-offs among solution quality, size of the problem, and
computation time. As seen in our case study, given a small number of parts and printers, the problem can be reasonably solved
using the exact approach. Nonetheless, it is advised that the size of
the problem should be veriﬁed to evaluate the commutation time
obtained from using the non-preemptive (weighted sum) approach
suggested in this study. In addition to the non-preemptive method,
the other well-known exact method called preemptive method
may also be used to solve the multi-objective model. In contrast
to using the weighted sum method as a single-objective model;
the preemptive approach involves prioritizing objectives, which

45

can be solved by sequential optimization (e.g., see Ravindran [60]).
Besides an exact approach, a tailored solution method (e.g., heuristic or metaheuristic approach) especially for solving larger-scale
problems may also be an alternative.
6. Conclusions and future research
AM processes have recently gained many communities’ interests as they can provide several beneﬁts in design ﬂexibility,
time-to-market reduction, high speed of the process, product customization, material savings, etc. While the emphasis in AM has
shifted towards direct manufacturing for end-use parts, some
issues related to inefﬁciency and ineffectiveness caused by underutilization of scheduling part-to-printer assignment still need to
be addressed. As AM printers are characterized by different technologies and sizes of the build chamber, it is clearly essential to
effectively and efﬁciently manage and plan the 3D printer scheduling. In this research, we take the best orientated parts (i.e., without
rotation) analyzed previously as an input set and compose a batch
of parts to be assigned to each FDM printer based on different,
conﬂicting objectives of interest. In particular, the multi-objective
optimization model was developed considering the total cost, load
balance among printers, total tardiness, and number of unprinted
parts. A case study was conducted to verify and validate the model
functionality. In addition, a designed experiment was further conducted by varying the number of parts and printers to further
analyze computation time, given the complexity of the model
shown to be NP-hard.
This research provides a practical case study for the DM to plan
different parts in a network of FDM printers. We initially solved
each single objective function alone and then provided a solution
method for the multi-objective problem using a non-preemptive
approach. The results of trade-off analyses for different pairs of
objective functions indicated that trade-offs clearly exist among
these conﬂicting criteria, which should be understood by the decision maker/planner of 3DP. For future work, we are planning
to investigate an alternative approach, such as using a heuristic
or metaheuristic approach, to obtain a sufﬁciently good solution
within satisfactory computation time when increasing the number
of parts and/or printers is desired. In addition, while the 3DP software typically comes with a visual estimate of part location in the
printer, it is interesting to further study the location of each part in
each printer and its impact using some heuristic approaches and
compare the result with typical 3DP software. Last but not least, it
is our intention to further enhance the part-to-printer-assignment
model to account for some particular requirements in other AM
processes and technologies (e.g., selective laser sintering (SLS) and
Stereolithography (SLA)) due to different energy sources and material types.
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Additive layered manufacturing: sectors of industrial application shown
through case studies. Int J Prod Res 2011;49:1061–79.

[31] Berman B. 3-D printing: the new industrial revolution. Bus Horiz
2012;55:155–62.
[32] Guo N, Leu MC. Additive manufacturing: technology, applications and
research needs. Front Mech Eng 2013;8:215–43.
[33] Ren L, Sparks T, Ruan J, Liou F. Process planning strategies for solid freeform
fabrication of metal parts. J Manuf Syst 2008;27:158–65.
[34] Beyer C. Strategic implications of current trends in additive manufacturing.
ASME J Manuf Sci Eng 2014;136:064701.
[35] Choi SK. 3D printing technology and architectural application. J Archit Inst
Korea 2014;58:17–25.
[36] Gibson I, Rosen D, Stucker B. Additive manufacturing technologies: 3D
printing, rapid prototyping, and direct digital manufacturing. Springer; 2014.
[37] Gardan J. Additive manufacturing technologies: state of the art and trends. Int
J Prod Res 2016;54:3118–32.
[38] Wong KV, Hernandez A. A review of additive manufacturing. ISRN Mech Eng
2012:1–11.
[39] Niaki MK, Nonino F. Additive manufacturing management: a review and
future research agenda. Int J Prod Res 2016:1–21.
[40] Mellor S, Hao L, Zhang D. Additive manufacturing: a framework for
implementation. Int J Prod Econ 2014;149:194–201.
[41] Bikas H, Stavropoulos P, Chryssolouris G. Additive manufacturing methods
and modelling approaches: a critical review. Int J Adv Manuf Technol
2016;83:389–405.
[42] Paul R, Anand S. Optimal part orientation in Rapid Manufacturing process for
achieving geometric tolerances. J Manuf Syst 2011;30:214–22.
[43] Phatak AM, Pande SS. Optimum part orientation in Rapid Prototyping using
genetic algorithm. J Manuf Syst 2012;31:395–402.
[44] Manogharan G, Wysk RA, Harrysson OLA. Additive manufacturing-integrated
hybrid manufacturing and subtractive processes: economic model and
analysis. Int J Comput Integr Manuf 2016;29:473–88.
[45] Thomas DS, Gilbert SW. Costs and Cost Effectiveness of Additive
Manufacturing. NIST Speical Publication; 2014. p. 11–76.
[46] Yao X, Moon SK, Bi G. A cost-driven design methodology for additive
manufactured variable platforms in product families. J Mech Design
2016;138:041701.
[47] Yoon HS, Lee JY, Kim HS, Kim MS, Kim ES, Shin YJ, et al. A comparison of energy
consumption in bulk forming, subtractive, and additive processes: review and
case study. Int J Precision Eng Manuf Green Technol 2014;1:261–79.
[48] Hur SM, Choi KH, Lee SH, Chang PK. Determination of fabricating orientation
and packing in SLS process. J Mater Process Technol 2001;112:236–43.
[49] Wu S, Kay M, King R, Vila-Parrish A, Warsing D. Multi-objective optimization
of 3D packing problem in additive manufacturing. IIE Annual Conference.
Proceedings 2014:1485.
[50] Rylands B, Böhme T, Gorkin III R, Fan J, Birtchnell T. The adoption process and
impact of additive manufacturing on manufacturing systems. J Manuf Technol
Manage 2016;27:969–89.
[51] Esmaeilian B, Behdad S, Wang B. The evolution and future of manufacturing: a
review. J Manuf Syst 2016;39:79–100.
[52] Kianian B, Tavassoli S, Larsson TC. The role of additive manufacturing
technology in job creation: an exploratory case study of suppliers of additive
manufacturing in Sweden. Procedia CIRP 2015;26:93–8.
[53] Lan H. Web-based rapid prototyping and manufacturing systems: a review.
Comput Ind 2009;60:643–56.
[54] Piller FT, Weller C, Kleer R. Business models with additive
manufacturing-opportunities and challenges from the perspective of
economics and management. In: Advances in Production Technology.
Springer International Publishing; 2015. p. 38–48.
[55] Kietzmann J, Pitt L, Berthon P. Disruptions, decisions, and destinations: enter
the age of 3D printing and additive manufacturing. Bus Horiz
2015;58:209–15.
[56] Walter M, Holmström J, Tuomi H, Yrjölä H. Rapid manufacturing and its
impact on supply chain management. Proceedings of the Logistics Research
Network Annual Conference 2004:9–10.
[57] Huang SH, Liu P, Mokasdar A, Hou L. Additive manufacturing and its societal
impact: a literature review. Int J Adv Manuf Technol 2013;67:1191–203.
[58] Khajavi SH, Partanen J, Holmström J. Additive manufacturing in the spare
parts supply chain. Comput Ind 2014;65:50–63.
[59] Holmström J, Partanen J, Tuomi J. Walter M. Rapid manufacturing in the spare
parts supply chain: alternative approaches to capacity deployment. J Manuf
Technol Manage 2010;21:687–97.
[60] Materialise Magics, http://www.materialise.com/en/software/magics.
[61] Martello S, Toth P. Knapsack Problems: Algorithms and Computer
Implementation. John Wiley and Sons; 1990.
[62] Karp RM. Reducibility among combinatorial problems. In: Complexity of
computer computations. US: Springer; 1972. p. 85–103.
[63] Fourer R, Gay D, Kernighan B. In: Monterey CA, editor. AMPL: A Modeling
Language for Mathematical Programming. 2nd edition Duxbury Press,
Brooks/Cole Publishing; 2002.
[64] Ravindran AR. Operations Research and Management Science Handbook, 4.
Boca Raton, FL: CRC press; 2007.
[65] Salles RM, Barria JA. Lexicographic maximin optimisation for fair bandwidth
allocation in computer networks. Eur J Oper Res 2008;185:778–94.

