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Summary

Additive manufacturing (AM), also referred as three-dimensional printing or rapid prototyp-
ing, has been implemented in various areas as one of the most promising new manufacturing
technologies in the past three decades. In addition to the growing public interest in de-
veloping AM into a potential mainstream manufacturing approach, increasing concerns on
environmental sustainability, especially on energy consumption, have been presented. To
date, research efforts have been dedicated to quantitatively measuring and analyzing the
energy consumption of AM processes. Such efforts only covered partial types of AM pro-
cesses and explored inadequate factors that might influence the energy consumption. In
addition, energy consumption modeling for AM processes has not been comprehensively
studied. To fill the research gap, this article presents a mathematical model for the energy
consumption of stereolithography (SLA)-based processes. To validate the mathematical
model, experiments are conducted to measure the real energy consumption from an SLA-
based AM machine. The design of experiments method is adopted to examine the impacts
of different parameters and their potential interactions on the overall energy consumption.
For the purpose of minimization of the total energy consumption, a response optimization
method is used to identify the optimal combination of parameters. The surface quality of
the product built using a set of optimal parameters is obtained and compared with parts
built with different parameter combinations. The comparison results show that the overall
energy consumption from SLA-based AM processes can be significantly reduced through
optimal parameter setting, without observable product quality decay.
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Introduction

Additive manufacturing (AM) refers to an innovative man-
ufacturing technique wherein the product is built by adding
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materials layer by layer, based on the three-dimensional (3D)
geometry designed in computer-aided design (CAD) software
(Huang et al. 2013). Attributable to this innovative capability,
parts with complex geometries and customizable materials can
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be fabricated through AM processes. Consequently, AM has
gained significant public interest since it emerged in the 1980s,
leading to a rapid proliferation of academic achievements and
industrial applications in diverse industry subsectors, such as
aerospace, health care, automotive, electronics, construction,
etc. For instance, the Boeing Company builds more than 200
different parts using AM technologies for both military and
commercial jets (Wohlers 2013). The National Aeronautics
and Space Administration (NASA) also introduces AM pro-
cesses into aerospace projects, for example, around 70 parts that
make up the human-supporting Mars rover are built by AM
processes (Stratasys 2015). According to the latest Wohlers
Report, the AM industry, including all AM products and ser-
vices worldwide, grew 25.9% (compound annual growth rate)
to US $5.165 billion in 2015 (Wohlers 2016). Consequently,
AM is poised to revolutionize the way products are designed,
manufactured, and distributed (Gao et al. 2015).

The rapid growth of AM market is attributed to its distin-
guished advantages superior to traditional manufacturing pro-
cesses. The most unique characteristic of AM is that it adopts a
new production technique by adding layers of material, which
eliminates the need for tooling, lubricants, and cutting fluids.
This feature also implies the potential for a shorter product
development cycle, easier process control, and higher prod-
uct quality. Additionally, because the whole production pro-
cess can be finished on one machine, regional and localized
production can be incorporated into the AM process, lead-
ing to a shortened supply chain associated with lower energy
consumption.

Attributable to the uniqueness of AM, multiple types of AM
technologies have been developed to achieve differing produc-
tion goals. Different AM processes can produce different types
of materials by distributing and solidifying layers of materials
in various methods (Wong and Hernandez 2012). Some pro-
cesses build parts from powder material, for example, selective
laser sintering (SLS), electron beam melting (EBM), binder-
jetting (BJ), and laser powder forming. Some processes involve
solid material similar to filament or wire such as fused depo-
sition modeling (FDM). Additionally, some other processes,
such as stereolithography (SLA) and Polyjet, produce parts
from liquid resin by solidifying the liquid into solid through
a light source. The diversity of current AM technologies facili-
tates continuous innovation and evolution and, consequently,
will bring about more academic devotions and industrial
utilizations.

Over the past few decades, numerous research efforts on AM
have been dedicated to enhance the performance of different
core techniques in AM processes, for example, laser technique
(King et al. 2014) and curing process (Mitteramskogler et al.
2014; Lopes et al. 2014). The solidification methods (Yang
et al. 2015b), geometry design approaches (Yang et al. 2015a),
and computational algorithms (Martukanitz et al. 2014; Duro-
Royo et al. 2015) have been widely investigated to improve
the production procedure. Moreover, the product quality (Zha
and Anand 2015), support structure (Hu et al. 2015), material
properties (Park et al. 2014), and structure (Hong et al. 2015)

have been studied to reveal the characteristics of parts built by
AM processes. In addition to the technical research mentioned
above, social impacts of the adoption of AM technologies have
also been assessed (Huang et al. 2013). The occupational risk,
economic analysis, and future challenges have been examined
(Baumers et al. 2016; Weller et al. 2015).

Recently, attributed to the growing public concerns in cli-
mate change, more attention has been drawn to environmental
sustainability related performance of AM processes considering
energy, ecological, economic, and other aspects (Burkhart and
Aurich 2015). Among the different perspectives, energy con-
sumption of AM is considered as the top-driving factor that
needs more academic studies, which is also identified as one of
the unsolved issues for AM processes (Drizo and Pegna 2006;
Short et al. 2015).

Several academic studies have been committed to the mea-
surement of energy consumption of different AM processes. For
example, the electricity consumed by the SLA system was ac-
quired (Sreenivasan and Bourell 2009), the energy consumption
for the BJ AM process was investigated (Xu et al. 2015), and
the energy flow of the BJ AM process was monitored (Meteyer
et al. 2014). Studies regarding energy consumption comparison
between different AM processes as well as the comparison be-
tween AM and traditional manufacturing processes have also
been conducted. For instance, a comparative assessment of the
electricity consumption from two laser sintering (LS) AM ma-
chines was presented (Baumers et al. 2011a). In this research,
the authors argued that LS energy consumption is mainly dom-
inated by time-dependent energy consumption. In addition,
case studies for three AM processes have also conducted: SLA,
SLS, and FDM (Luo et al. 1999). For each type of AM process,
the results of energy consumption differed with varying com-
binations of material types, equipment, and disposal scenarios.
Further, the energy consumption for building nylon parts us-
ing SLS and injection molding (IM) processes were compared
(Telenko and Conner Seepersad 2012). It was concluded that
the SLS process consumed significantly more energy than the
IM process; however, which can be partially offset by the en-
ergy contributed by the production of the injection mold from a
life cycle viewpoint. Additionally, the energy consumption and
environmental impacts among FDM, Polyjet, and traditional
computer numerical control (CNC) processes were compared
(Faludi et al. 2015). The researchers concluded that electric-
ity usage had the dominant impact on the sustainability re-
lated performance for both AM process and traditional CNC
process.

In addition to such research focusing on energy consump-
tion measurement and comparison, a few studies on energy
consumption modeling aiming to uncover the relationships be-
tween different parameters and energy consumption have been
accomplished. For example, Mognol and colleagues (2006) in-
vestigated the influence of part orientation, layer thickness,
support design, and manufacturing time on the energy consump-
tion of three AM systems: Thermojet, FDM, and direct metal
laser sintering. Kellens and colleagues (2014) presented para-
metric process models to estimate the environmental footprint
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of the SLS process. More recently, Baumers and colleagues
(2017) studied the relationship between geometry shape com-
plexity and process energy consumption in EBM processes. They
concluded that EBM does not show a strong association between
shape complexity and energy consumption on a per-layer basis.
Nonetheless, the current literature on energy modeling for AM
processes is still limited and insufficient. Some types of pop-
ular AM processes (e.g., SLA) are barely considered for their
energy consumption as a part of environmental sustainability
performances. For SLA-based AM process, various parameters
might influence the energy consumption, but have not been
explored considering the different contribution of these param-
eters to the total energy consumption. Additionally, mathemat-
ical modeling for energy consumption is still lacking for AM
processes.

To advance the state of the art of the research in energy
consumption modeling of AM processes, this article is focused
on mask image projection (MIP) SLA-based AM process, one
of the most popular AM processes that can build parts by cur-
ing the liquid photopolymer resin layer by layer through an
ultraviolet (UV) light source. The energy consumption model
is established by quantifying the energy contributions of each
subsystem of the MIP SLA-based AM machine. The design of
experiments (DOE) method is used to guide the physical mea-
surement to quantify the effects of various parameters on the
overall energy consumption, explore the potential interactions
between/among different parameters, optimize the combina-
tion of parameters to minimize the overall energy consump-
tion, and validate the proposed energy consumption model.
The potential greenhouse gases (GHGs) emission reduction
attrubuted to the reduction of electricity consumption is also
estimated.

The rest of this article is organized as follows. First, the math-
ematical model for the energy consumption of the MIP SLA-
based AM process is established. After that, the experimental
design and apparatus are introduced. Then, the experimental re-
sults are analyzed to validate the proposed mathematical model
and optimize the combination of parameters to minimize the
total energy consumption. Finally, the conclusion is drawn and
the future work is discussed.

Energy Consumption Modeling

Mask Image Projection Stereolithography-Based
Additive Manufacturing Process Illustration

The MIP SLA-based AM process has been mostly used in
indoor environment as a desktop 3D printer. It has a faster pro-
duction speed compared to other AM processes, contributed
to by its innovative image projection method by exposing
two-dimensional (2D) cross-section images instead of scanning
them with a laser beam (Pan et al. 2012). Besides, it has the
ability to produce a wide variety of shapes (Reeves 2009) while
ensuring good quality and reasonable costs. Attributable to its
unique process characteristics, the MIP SLA-based AM process
has a great potential for energy efficiency improvement from

several aspects. For example, layer thickness, curing time, and
parameters associated with layer image can be configured in
the building files. In addition, part orientation, position, and
parameters regarding part geometry can also be adjusted in the
control software.

As presented in figure 1, the MIP SLA-based AM process
is comprised of a computer, a material tank with a transparent
bottom, a building platform, a Z stage, a digital micromirror
device (DMD), a UV light source, and a lens. All components
are stationary during production process except the building
platform that moves along the Z stage (in vertical direction),
allowing the part being built on the platform layer by layer.
The material tank contains liquid resin, which is solidified by
the UV light source based on the layer image projected by the
DMD. The entire production processes are divided into the
following steps:

(1) The 3D geometry built in CAD software is imported into
the control software and sliced into layers of 2D images
with uniform layer thickness. Then, the control software
generates the building files including all parameters the
machine requires to build the designed part, such as ma-
terial type, layer thickness, layer image, curing time, etc.

(2) After the building files are sent to the SLA machine, the
building platform moves down to the liquid resin and
touches the bottom of the material tank as the starting
position before the actual building process.

(3) To start the production, DMD projects the first layer
image on the bottom of the building platform through a
transparent material tank so that UV light can cure this
certain exposure area. During the UV curing process, the
liquid resin transforms to a nontacky solid (Bajpai et al.
2002).

(4) After the first layer is solidified, the building platform
moves up along the Z stage by the distance of layer thick-
ness, preparing the new building surface for the next layer.
Afterward, according to the building files, the DMD au-
tomatically projects the next layer image.

(5) Steps 3 and 4 are repeated until the part is finished. Then,
the building platform moves up to its original position.

Energy Consumption Modeling

As illustrated in figure 2, the MIP SLA-based AM process
contains multiple subsystems with their corresponding func-
tionalities, that is, layer image projection, UV curing, building
platform movement, lighting, and fan cooling. Each subsystem
contributes different portions of energy consumption. Thus, it
is critical to mathematically model the energy consumption for
the overall production process as well as for each subsystem.
Some subsystems with a minor contribution regarding energy
consumption are not included in the mathematical model, such
as layer image projection and lighting. Note that SLA-based
AM processes do not rely on a heating subsystem.
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Figure 1 Mask image projection stereolithography-based additive manufacturing process diagram. DMD = digital micromirror device;
UV = ultraviolet.

Figure 2 Mask image projection stereolithography-based additive manufacturing process subsystems illustration. PC = personal
computer ; UV = ultraviolet.

The energy consumption for each subsystem is modeled as
follows:

(1) Energy Consumption of UV Curing Process

For certain part geometry with a total height of h and
layer thickness of d, the number of layers K can be calcu-
lated through dividing h by d. For the ith layer, the UV cur-
ing energy consumption ecur i ng can be calculated as shown by
equation (1):

ecuring = PUV × ti
a

(1)

In equation (1), PUV is the UV light source power output,
and a is a constant determined by the UV source characteristics,
which can be obtained by equation (2):

a = η1 × η2 × η3 (2)

where η1, η2, and η3 are the lighting efficiency, ratio of effective
wavelength over the total wavelength, and material absorptivity
for a specific UV source, respectively. They can be obtained
from machine documentation.

In equation (1), ti is the curing time for the ith layer, and it
can be calculated by equation (3).

ti =

⎧⎪⎪⎨
⎪⎪⎩

t1
t1 − s × (i − i b)

t2
t1

i ∈ [1, i b ]
i ∈ [(i b + 1), i t ]

i ∈ [(i t + 1), (h / d − 3)]
i ∈ [(h / d − 2), (h / d )]

(3)
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Table 1 Description of experimental control parameters

Symbol Control parameter High level (+1) Low level (–1) Center point

A Layer thickness d (mm) 0.05 0.025 0.0375
B Curing time for stable layers t2 (s) 6.5 4 5.25
C Curing time transition rate s (s/layer) 2.7 1.125 1.9125
D Orientation 90° 0° 45°

Note: The detailed definitions of factors B and C can be found in equation (3).
mm = millimeters; s = seconds.

Table 2 Energy consumption results comparison with current literature

Case
no.

AM
process Material

Capacity
utilization

(%)

Layer
thickness

(mm)

Specific energy
consumption

(kWh/kg) Reference

1 PA2200 3.41 0.12 39.20
2 SLS PA2200 3.02 0.15 40.30 (Kellens et al.

2014)3 PA3200 2.50 0.15 36.00
4 SLS Polymer / 0.15 40.1
5 SLA Epoxy resin / 0.15 32.47 (Luo et al.

1999)6 FDM ABS / 0.4 115.20
7 SLA LS600M 0.05 0.025 175.95 This research

Note: AM = additive manufacturing; SLS = selective laser sintering; SLA = stereolithography; FDM = fused deposition modeling; mm = millimeters;
kWh = kilowatt-hours; kg = kilograms.

Equation (3) describes the relationships between curing time
and the layer that is being processed. From the first layer to layer
ib, the curing time is t1. t1 is usually longer than solidification
needs, in order to ensure that several layers at the beginning
can be fully cured. Starting from the layer (ib+1), curing time
decreases from t1 to t2 with a linear rate s (seconds per layer)
until layer it. Thus, layers from (ib+1) to it are defined as “tran-
sition layers” because of the transition of curing time from t1
to t2. After that, the curing time maintains at the value of t2
for the layers from (it+1) to (h/d-3). These layers are defined
as “stable layers” because they have uniform curing time. The
curing time for the last three layers changes back to t1 to ensure
that the part is fully cured with good quality.

Thus, the total energy consumption of UV curing for all the
K layers can be calculated as shown by equation (4).

Ecuring =
K∑

i =1

PUV × ti
a

(4)

(2) Energy Consumption of Building Platform Movement

During the production process, the material tank maintains
the same position all the time, while the building platform
moves along vertical direction (Z stage). An electric stepper
motor provides power for the vertical movement of the build-
ing platform, and its power output is represented by Pm . The
energy consumption of this movement can be calculated by
equation (5).

Eplatform =
K∑

i =1

(Pm) × ti (5)

(3) Energy Consumption of Cooling System

The energy consumption of cooling system can be calculated
by equation (6):

Ecooling = Pcool i ng × tcool i ng (6)

where Pheater is the power output of cooling fan. tcooling is the
cooling time which is slightly longer than the production time.

Thus, the total energy consumption can be obtained by
equation (7).

Etotal = Ecuring + Eplatform + Ecooling (7)

Experimentation

Experiment Design Methodology

The mathematical model of energy consumption is estab-
lished by modeling the energy consumption contributed from
each subsystem of the MIP SLA-based machine. Different pa-
rameters, such as the number of the layers and curing time, are
integrated into the energy consumption of these subsystems.
However, we do not have the knowledge of whether or not the
interactions between different parameters exist. The interac-
tion between different parameters means that the response of
the energy consumption may be different when changing one
parameter while keeping other parameters at different levels.
For example, if the curing time is changed from a lower value
to a higher value at the different levels of the layer thickness,
the energy consumption could be maintained as the same or
change along the way.
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Table 3 Factorial design analysis results

Factor Sum of squares p value

A 2.12e11 0.000
B 5.83e9 0.000
C 2.20e6 0.556
D 6.27e9 0.000
A*B 1.41e8 0.000
A*C 9.89e5 0.692
A*D 3.29e8 0.000
B*C 1.37e7 0.150
B*D 7.95e7 0.002
C*D 6.78e7 0.004
A*B*C 4.38e7 0.015
A*B*D 2.27e8 0.000
A*C*D 3.82e5 0.805
B*C*D 5.80e7 0.006
A*B*C*D 1.38e7 0.640

To find such interactions, multiple runs of experiments with
different combinations of input parameters need to be imple-
mented. The DOE can provide the smallest number of runs in
which the influences of a given number of input parameters
on the response can be studied. It is more efficient than the
one-factor-at-a-time strategy (Montgomery 2012). Therefore,
in addition to the mathematical model of energy consumption,
the DOE is also used to design the experiment with different
combinations of the input parameters so that the interactions
between different parameters can be examined, the optimal pa-
rameter setting to minimize the energy consumption can be
identified, and the mathematical model can be validated. The
detailed configurations of the experiment designed by the DOE
are illustrated as follows.

A two-level factorial design is used to establish the experi-
ments including four controllable factors (or input parameters),
that is, layer thickness (d), curing time for stable layers (t2),
curing time transition rate (s), and orientation as shown in
table 1. The first three factors are process-related factors,
whereas the last one is a geometry-related factor. Two lev-
els, that is, low and high, for each factor, as shown in table 1,
are considered. Two replicate experiments are conducted for
each possible combination of all four factors with different lev-
els. Moreover, four center points are added to the experiment
design to provide a measure of process stability and inherent
variability and to check for curvature. A 24 factorial design
combined with four center points result in a total 36 experi-
ment runs.

For the MIP SLA-based AM machine in the experiments,
the default value for layer thickness is 0.025 millimeters (mm),
with a higher level of this parameter set as 0.05 mm. Curing
time for stable layers originally is 6.5 seconds, and a lower
level of 4 seconds is also investigated. As for the transition rate
from longer curing time to shorter curing time, both default
1.125 seconds per layer and a higher level of 2.7 seconds per
layer are studied. The orientation is also considered for initial
value 0° and higher level of 90°.

These four input factors are coded as +1, –1, and 0 in
Minitab, where +1 denotes the high level; –1 denotes the lower
level; and 0 denotes the center point. Coded variables are used
to ensure that factors with different numerical value scales can
be compared to determine the significance of the factors’ impact
on the response, in this case, the overall energy consumption.

Experiment Apparatus

The MIP SLA-based AM machine used for the purpose of
experimentation is a Perfactory Micro EDU 3D printer. It is the
smallest desktop 3D printer in size with the highest resolution
of 150 microns (μm) for the XY axis and 50 to 100 μm for
Z axis (EnvisionTEC 2015). Equipped with state-of-the-art di-
rect light projection technology from Texas Instruments, it can
achieve a precise layer image projection by DMD. The light-
emitting diode UV light source is used for the curing process,
solidifying the liquid resin to solid form. With all mentioned
advanced machine specifications, this 3D printer can achieve a
fast building speed up to 20 mm/hour for full building capacity
(100*75*100 mm). In addition, seven types of materials can be
built through this AM machine, including LS600 M (used in
the experiments), HTM140 M, ABS Tough M, E-Denstone M
Ivory, E-Denstone M Tough, ABS Flex M, and Superflex M.

The measurement equipment is the single clamp-on power
meter CW10 by Yokogawa, with a maximum alternating cur-
rent/direct current (AC/DC) current 600 angstroms and maxi-
mum AC/DC voltage 1,000 volts. It can also measure power fac-
tor, frequency, resistance, etc. The measured data were recorded
every 5 seconds.

Attributable to the existence of power factor, the current and
voltage data obtained from the power meter aforementioned
cannot be directly used to calculate the electricity consumption.
Because the Perfactory Micro EDU 3D printer adopts a single-
phase power supply, its power factor can be measured by the
wattmeter-ammeter-voltmeter method (Prasanna Kumar et al.
1995), and thus the real power consumption Pr eal power can be
calculated as shown in equation (8):

Preal power = power factor × Sapparent power

= power factor × (Umeasured × Imeasured) (8)

where Sa ppar ent power stands for the apparent power calculated
using measured voltage Umeasur ed and current Imeasur ed . Test
runs are conducted to obtain the power factor of the system,
which turns out to be 0.85.

Results

Base Case Results Using Default Condition

Under the default working conditions (i.e., layer thickness
0.025 mm, curing time for stable layers 6 seconds, curing time
transition rate 1.125 seconds/layer, and orientation 0°), the
measured energy consumption is 278,707.35 joules (J) for
building a bolt with 1 centimeter of height. The absolute
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Figure 3 Factorial analysis results and model adequacy checking. (a) Pareto chart; (b) normal plot; (c) adequacy checking for factorial
design model; (d) adequacy checking for refined statistical model.

percentage error compared to the calculated result using the
proposed mathematical model (264,531.672 J) is only 5.36%.
The difference may come from the use of rated power of each
subsystem provided by machine documentation rather than
the actual power for the calculation using the mathematical
model. The actual power output from each subsystem cannot
be obtained, because of the limitations of the measuring
equipment and the complexity of the subsystems. Therefore,
the power rating acquired from machine documentation is used
for approximate calculation, leading to the error.

The measurement results based on the default condition are
also compared with some other processes in existing literature
as listed in table 2.

In table 2, Kellens and colleagues (2014) investigated the
SLS process through experiments using three types of materials
with different layer thicknesses. Luo and colleagues (1999) com-
pared three AM processes: SLS, SLA, and FDM, and they found
that FDM has the largest energy consumption. The energy con-
sumption from our results using the default configuration (case
no. 7) is relatively higher than the results in the literature.
Three main reasons are considered as follows. First, different
types of AM processes adopt diverse manufacturing technolo-
gies and produce dissimilar types of material, thus they might
possess different energy consumption characteristics. Second,

the capacity utilization (the ratio of printed part volume and
the maximum building volume provided by the AM machine)
also influences the specific energy consumption. According to
Baumers and colleagues (2011b), a lower capacity utilization
possibly leads to larger specific energy consumption (SEC) for
some types of AM processes. Compared with a 2.50% to 3.41%
capacity utilization ratio from Kellens and colleagues (2014),
the lower capacity utilization ratio in this research is another
probable reason why the SEC from this research is high. Third,
the layer thickness in our research is much smaller than the oth-
ers, leading to better product quality as well as higher energy
consumption.

Factorial Analysis Results

The experimental results are imported to Minitab to con-
duct further factorial analysis with a significance level of 0.05
and to obtain the statistical model. According to the factorial
analysis results shown in table 3, factors A, B, D, and inter-
actions A*B, A*D, B*D, C*D, A*B*C, A*B*D, B*C*D are
of great significance, and factor C, and interaction A*C, B*C,
A*C*D, A*B*C*D lack significance. Factors A, B and D have
a substantial effect on the response attributed to their direct
influence on production time, which is also the reason for the
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Figure 4 Response optimization results and surface plots. (a) Response optimization results; (b) surface plot of E versus A and B, A and
D, B and D. Cur = current.

high significance of interactions between these three factors.
Although factor C also affects the production time, it only lasts
for a very short period (usually 25 layers). Therefore, the effects
from factor C is negligible. Based on the DOE results, even
though factor C and other related interactions, such as A*C,
B*C, A*C*D, and A*B*C*D, are not significant, interactions
C*D, A*B*C and B*C*D have substantial effects. From the
observations of the SLA production process, the duration of
factor C changes with factor D, where C lasts longer when
the part is built horizontally and shorter when the part is built
vertically. Therefore, the interaction between factors C and D
is important. In addition, three-order interactions A*B*C and
B*C*D are significant because of the similar reasons where fac-
tor C changes according to the changes of factor A and B and
factor B and D.

The Pareto chart of the standardized effects is shown in
figure 3a, and the normal plots of the standardized effects are
shown in figure 3b. It can be seen that factor A has a negative
impact on the output E (total energy consumption), whereas
factors B and D have a positive impact on the output E. The
interaction terms of AD, ABD, BD, CD, BCD, ABC, and BC
have relatively minor influence on the output E, whereas factor
C and interaction AC have basically ignorable effects.

The model adequacy is checked as shown in figure 3c. The
normality (plus histogram) plot and the plot of residuals ver-
sus observation order illustrate that the residuals are normally
and independently distributed. The plot of residuals versus
fitted value verifies that the assumption of constant variance
is satisfied.

The corresponding refined statistical model can be written
as:

E = 259, 101 − 81, 321A+ 13, 492B + 13, 993D − 2096A

×B − 3207A× D + 1576B × D − 1456C

×D − 1170A× B × C − 2662A× B × D − 1346B

×C × D + 34, 970CtP t

where CtPt is the center point. The regression model adequacy
check is shown in figure 3d.

Based on the factorial analysis, the optimal levels of the
input factors that can lead to minimized energy consumption
are identified using the response surface method as shown in
figure 4a. A higher level of factor A, and lower level of factors
B and D, would lead to minimized energy consumption of this
MIP SLA-based AM process. In addition, figure 4b illustrates
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Figure 5 Product surface quality comparison. (a) Default condition; (b) different layer thickness; (c) different curing time; (d) optimized
condition. mm = millimeter ; μm = micron.
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the surface plots regarding the factors A, B, and D and the total
energy consumption of the process.

The measured energy consumption using the optimal com-
bination of control parameters is 127,707.35 J. An approximate
54.16% reduction in energy consumption can be achieved com-
pared with default working condition where the measured en-
ergy consumption is 278,707.35 J.

The optimal parameters obtained can also reduce GHG
emissions attributed to the reduction of electricity consump-
tion of the process. According to the U.S. Energy Informa-
tion Administration, 1 kWh of electricity generation may incur
1.52 pounds of carbon dioxide (CO2) emission (US EPA 2010).
For a regular factory equipped with MIP SLA-based AM ma-
chines, in order to produce 3,000 parts per month, the CO2

emission can be reduced from 414.96 pounds per month (under
default condition) to 191.52 pounds per month (with optimal
factors).

Product Quality Comparison

The reduction of energy consumption through adopting the
optimal combination of process parameters leads to possible
decay of part quality. Therefore, the part quality will be inves-
tigated and compared under different process parameter combi-
nations. To achieve this, a Micro-Vu vision system is utilized to
obtain the surface images, and a 3D optical profiler is adopted
for surface roughness measurement. The comparison results are
shown in figure 5. Figure 5a is the part built under default condi-
tions (layer thickness 0.025 mm, curing time for stable layers 6
seconds, curing time transition rate 1.125 seconds per layer, and
orientation 0°). It indicates good quality for the screw thread.
For the part shown in figure 5b, the layer thickness is changed
to 0.05 mm with all the other parameters the same as the de-
fault condition. In figure 5c, the curing time for stable layers
is set to a lower level. The optimized condition is presented in
figure 5d, where the layer thickness is 0.05 mm, curing time for
stable layers is 4 seconds, curing time transition rate is 1.125
seconds per layer, and the orientation is 0°. Ra, the arithmetic
mean surface roughness, is used to indicate different levels of
surface roughness of the thread on the parts. Although the four
parts are built by different combinations of process parameters,
all the results of Ra are within the order of 10 μm magnitude
(from 2.599 to 4.946 μm). Therefore, we can conclude that
the reduction of energy consumption can be achieved without
sacrificing the part surface quality.

Conclusions and Future Work

Conclusion

In this article, the mathematical model for the energy
consumption of MIP SLA-based AM processes is established.
Experiments are conducted and the results are analyzed to
validate the proposed mathematical model. In addition, using
the response surface optimization, we obtained the optimal

parameters that can lead to minimized energy consumption,
compared to the default parameter configuration. Significant
energy saving and CO2/GHG emission reduction can be
achieved while maintaining the product quality.

Future Work

To extend this research, the presented mathematical model
for energy consumption will be modified and improved so that
it can include more AM processes, such as Polyjet, FDM, etc.
Further, other important parts of environmental sustainabil-
ity (e.g., emission, material flow, etc.) will be quantified and
analyzed. In addition, in order to preliminarily explore the fea-
sibility for batch production or mass production for AM pro-
cesses, further studies will be conducted to compare the energy
consumption per part and emission under different capacity
utilization of the AM machine. Moreover, numerous aspects of
AM processes will be explored, such as geometry complexity,
part quality, etc.
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