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Manufacturing exists as a stronghold for continuous growth and development of economies, a
trend that is likely to continue as the demand for commodities and products grow. Manufacturing
drives innovation and productivity in developed nations, as well as promoting economic stability
and development in developing nations. However, manufacturing activities pose a significant
demand on the environment (e.g., using resources), which can be accounted for and reduced
through the application of sustainable manufacturing principles to analyze and improve the
performance of manufacturing systems. Additive manufacturing is a rapidly emerging alternative
to conventional manufacturing, including subtractive processes, often attributed to its claim for
sustainable product development, e.g., reduced cost, reduced energy and material use, and the
distributed production of tailored consumer products. However, these claims remain
unsubstantiated for high volume production since benefits are product-specific and vary
extensively. Hence, to ensure industrial efficiency with the growth of additive manufacturing,
informed design and manufacturing decision making tools integrated with life cycle product and
process data are required. Thus, the purpose of this research is to enable energy efficient design
for additive manufacturing through 1) cradle-to-gate characterization of the environmental

performance of additive manufacturing processes to identify the key contributors to environmental
impacts, 2) characterization and modeling of additive manufacturing process energy use, and 3)
development and demonstration of a design decision support tool for evaluation of additively
manufactured products and additive manufacturing processes. This research enables systemic
characterization of additive manufacturing process inputs and outputs, and associated
environmental impacts. Modeling of additive manufacturing process time and energy use was
driven by product design and process data and information, and supported the development of a
design decision support tool. The tool is capable of informing designers about process energy
consumption based on the key interrelationships between design and manufacturing parameters,
determined under this research. Underpinning models within the tool encompass four
commercially available additive manufacturing processes. This research demonstrates that
informed decision making for additive manufacturing can support sustainable product
development.
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1. INTRODUCTION
1.1 Chapter Overview
This chapter addresses the motivating drivers in pursuit of conducting the research outlined in this
thesis. It describes the research problem, research objectives and research tasks performed in this
research.

1.2 Motivation
Manufacturing is the result of humanity’s rational desire for continuous development and growth.
It plays a major role in modern socioeconomic systems leading to dramatic changes in the world
economy and to sustained increases in labor productivity and economic welfare [1], [2]. However,
manufacturing activities also pose a significant demand on the environment, which, when
quantified using indicators such as air quality, water pollution, and resource depletion, pose a threat
to human welfare. For example, the growth of China as a global manufacturing base has had
significant economic benefits. However, it has simultaneously fouled air quality to the point that
99% of the urban population in China is exposed to air quality much lower than the EU air quality
standard of 40μg/m3. In turn, it has been reported that this has reduced average life expectancy of
the people [3]. This pattern of economic growth with associated pollution growth can be mitigated
through the application of sustainable manufacturing principles to analyze and improve the
sustainability of products and enabling sustainable manufacturing of all products.
According to the United Nations Brundtland Report [4], sustainable development is “development
that meets the needs of the present without compromising the ability of the future generations to
meet their needs.” The context of sustainable development, however, is varied and is not
characterized entirely by environmental concerns. Rather, there exists an intricate relationship
between environmental protection, economic development, and social welfare to represent
sustainable development in a holistic worldview. These three independent and co-existing
categories were reinforced as the three pillars of sustainability at the 2005 United Nations World
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Summit [5]. Under the sustainable development framework, the term sustainable manufacturing
can be interpreted within the engineering contexts [6] as the “design of human and industrial
systems to ensure that humankinds’ use of natural resources and cycles do not lead to diminished
quality of life due to either losses in future economic opportunities or to adverse impacts on social
conditions, human health, and the environment.” Thus, engineering researchers have a duty to
provide advancements in manufacturing processes, equipment, and systems, and reduce material
consumption, energy use, waste production, and environmental impacts while simultaneously
focusing on product and process design. Towards that goal, we focus on a specific branch of
manufacturing, namely, additive manufacturing as means to sustainable product development.

1.3 Background
Additive manufacturing has emerged as an arena that is receiving intense interest from numerous
technology domains, and traditional and non-traditional manufacturers. With this growing interest,
concerns have arisen regarding the relative performance of these novel processes compared to
conventional techniques from economic, environmental, and social perspectives. Sustainabilityrelated benefits can be realized through additive manufacturing, and it is often promoted as a
sustainable technology. Subtractive manufacturing processes remove material from billets or stock
material [7], and formative processes require specialized materials, labor, and manufacturing
techniques [8]. However, additive processes assemble material layer-by-layer from digital inputs
of computer-aided design (CAD) models to produce final or net-shape parts [9]. The ability to
produce customizable and functional parts on demand, the elimination of tooling, and the
expansion of the product design space has significant benefits for a wide range of applications in
many industries [10]. Progress made through research has enabled the growth of new and
innovative techniques, and functionally viable products, framing layer-by-layer manufacturing
processes as feasible alternatives to subtractive and formative techniques [11].

Given that additive manufacturing enables the production of geometrically complex parts from a
wide range of materials, a tremendous advantage over traditional processes can be found in
material utilization, which is nearly one-to-one [9]. In fact, many sustainability benefits can be
realized through additive manufacturing due to the optimization of part design, which can lead to
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high-performance functional parts with minimal mass [12]. For instance, the fabrication of
products such as microfluidic heat exchangers and other microdevices using additive
manufacturing can significantly reduce material use, while also increasing the functional
productivity of the products [13].

However, in recent years, several studies [8], [10], [14] have been conducted on the environmental
impacts of additive manufacturing and their findings have been mixed (as discussed in Chapter 2).
While the advantages provided by a reduction in material consumption, tooling, and harmful
chemicals used in machining process is well known, the benefits have been tempered by findings
that additive manufacturing tend to be energy inefficient and contain hidden wastes [15]. In reality,
more efforts are required to fully understand the breadth of sustainability factors and improve the
efficiency of additive manufacturing processes to compete with traditional manufacturing
processes. While additive manufacturing has key advantages over traditional manufacturing in
terms of environmental performance, it still lacks the ability to produce products at the scale of
traditional processes [11], [16]–[18]. Although new additive technology is being developed to
overcome these hurdles, little is known about the environmental performance of these processes.
This is vital given the future growth of additive manufacturing.

1.4 Problem Statement
With the growing adoption of additive manufacturing as a sustainable alternative to traditional and
conventional manufacturing, it is necessary for designers and manufacturers to make informed
decisions towards the development of products for additive manufacturing. Additionally, it is
important that such decisions rely on accurate life cycle information about product and processes
to promote industrial efficiency. Available literature on additive manufacturing has been focused
on product design for sustainable additive manufacturing, quality, and efficiency of additive
manufacturing equipment and materials (as discussed in Chapter 2). Specifically, in the context of
product design for sustainable additive manufacturing, much research has focused on creating
design guidelines which ensure manufacturability of product and/or producing functionally
competent products. There is a lack of quantitative methods that investigate the complex
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interrelationships between product design attributes, and process sustainability to support design
and manufacturing decision making.

The overarching goal of this research is to enable quantitative analysis of product designs, to
inform designers on the build time, process energy use, and production cost associated with
additive manufacturing. The main objectives of this research are, 1) to characterize the
environmental performance of additive manufacturing from cradle-to-gate, and identify the key
contributors to environmental impact, 2) to characterize and model additive manufacturing process
build time, process energy use, and production cost using design attributes and manufacturing
parameters, and 3) to develop a design decision support tool to provide ease of use for evaluating
product design for additive manufacturing. The research will focus on four additive manufacturing
processes namely 1) fast mask-image projection stereolithography (MIP-SL), 2) fused deposition
modeling (FDM), 3) direct metal laser sintering (DMLS), and 4) direct metal deposition (DMD).
The study provides the integration of product design, manufacturing, and sustainability to promote
energy efficient additive manufacturing.

1.5 Research Questions
The stated objectives above will be pursued by answering the following research questions:
Question 1: What are the systemic contributors to environmental impact of additive
manufacturing?

Question 2: What information about product design and manufacturing needs to be measured,
collected, or derived to mathematically model additive manufacturing build time, process energy
use, and production cost?

Question 3: How can these mathematical models be composed and organized to capture essential
information during product design evaluation?
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1.6 Research Tasks
To fulfill the research objectives, the research tasks detailed below were undertaken. The tasks and
outcomes are shown in Figure 1.1.

Task 1: Perform cradle-to-gate environmental impact characterization of additive manufacturing
by identifying the suitable environmental evaluation methodology from existing literature, and
performing an environmental impact assessment.

Task 2: Collect product and process information to develop mathematical models to predict build
time, process energy use, and production cost. Subtasks include:

Subtask 2.1: Perform a set of designed experiments to vary product design variables (e.g., material
type, dimensional size, part volume, surface area, and aspect ratio) and additive manufacturing
process parameters (e.g., layer thickness, laser power, and material processing speed) for MIP-SL
and FDM. Impact of the various design attributes and process parameters on build time and process
energy use will be identified, and explicit interactions or interrelationships between these
parameters will be mapped. Build time of the process and power consumption of the various setup
components will be monitored to elucidate individual and system-level energy use. A multiple
regression analysis will be undertaken to model the energy use of the MIP-SL process.

Subtask 2.2: Model the build time and energy use of the FDM process using multiple regression
analysis and deep neural networks. Undertake a theoretical approach using partial differential
equations to mathematically model the multi-physical powder laser interactions in DMLS and
DMD.

Task 3: Develop a design decision support tool to assist engineers in evaluating the energy
efficiency of different additive manufacturing processes suitable for their products. Subtasks
include a spreadsheet tool that documents the product information, process information, and
mathematical models developed in Task 2. With the knowledge of the input product design and
related process type/parameters, the spreadsheet tool will solve the mathematical models to
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calculate build time, process energy use, and production cost for the input designs. The use of the
analysis tool will be demonstrated for the evaluation of fused deposition modeling for production
of six test parts.

1.7 Thesis Outline
The research conducted as a part of this thesis is reported in manuscript format and is composed
of six chapters. Chapter 1 introduces the research including motivation, background, problem
statement, objectives, and tasks. Chapter 2 presents a review of existing literature, and describes
the background on additive manufacturing focusing on environmental evaluation of additive
manufacturing, sustainable additive manufacturing, and sustainable design for additive
manufacturing. Chapter 3 is an article to be submitted to the Journal of Manufacturing Systems,
and describes a cradle-to-gate environmental characterization of additive manufacturing using
exergy analysis and life cycle analysis. Chapter 4 is an article published in the Journal of
Manufacturing Science and Engineering, and describes the mathematical modeling of MIP-SL
build time and process energy use. Chapter 5 is an article to be submitted to the Journal of
Mechanical Design, and describes the mathematical modeling of FDM, DMLS, and DMD. It also
describes the methodology for development of the design decision support tool and demonstrates
the usability of the developed tool for FDM. Chapter 6 summarizes and concludes the research
presented in the previous chapters. Recommendations for future work are also discussed to
improve on findings and carry forward the research.
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Enabling Design for Energy Efficient Additive Manufacturing

Research Task 1: Cradle-toGate Environmental
Characterization of Additive
Manufacturing

Research Task 3: Design
Decision Support Tool
Development and
Demonstration

Manuscript 1
Research Task 2: Additive
Manufacturing Process
Energy Use Characterization
and Modeling
Subtask 2.1 - Energy Modeling
of Mask Image Projection
Stereolithography
Manuscript 2

Subtask 2.2 - Energy
Modeling of Fused
Deposition Modeling,
Selective Laser Sintering
and Direct Metal
Deposition Process

Manuscript 3

Figure 1.1: Research Scope
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2. LITERATURE REVIEW
2.1 Chapter Overview
This chapter introduces the existing literature on which this research is grounded and shows how
the research in this thesis will go beyond the existing knowledge base. The primary theory of
sustainable manufacturing and historical background of additive manufacturing and sustainability
will be reviewed. This chapter draws from three manuscripts produced as part of this thesis
research.

2.2 Additive Manufacturing
AM is the process of joining materials layer-by-layer based on three-dimensional model data [9],
[19]. The process begins with a computer-aided design (CAD) file with a specified geometry for
a model of the part to be made, which must first be converted to a surface tessellation (STL) file.
The file is transferred to the computerized system, where the digital representation is “sliced” into
virtual horizontal layers of varying thicknesses by computer software. The manufacturing system
then builds each layer individually, with each successive layer built on top of the previous one.
This process is repeated until the part is completed. AM systems are capable of utilizing materials
like polymers, paper, ceramic, metal, and composites. Different materials and binding processes
are utilized, but usually a powder of ceramic, nylon, or metal is used as a base and is then fused
into the pattern for the desired layer geometry [9].

ASTM International [19] defines seven key process the form the set of technologies known as
additive manufacturing (Table 2.1) as: (1) Vat photopolymerization, including stereolithography
(SL) and digital light processing (DLP); (2) Material jetting, including multi-jet modeling (MJM);
(3) Material extrusion, including fused deposition modeling (FDM) and fused filament fabrication
(FFF); (4) Powder bed fusion, including electron beam melting (EBM), selective laser sintering
(SLS), selective heat sintering (SHS), and direct metal laser sintering (DMLS); (5) Binder jetting,
including powder bed and inkjet head 3D printing (PBIH), and plaster-based 3D printing (PP); (6)
Sheet Lamination, including ultrasonic consolidation (UC) and laminated object manufacturing
(LOM); and (7) Directed energy deposition, including laser metal deposition (LMD).
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Vat photopolymerization includes those processes in which liquid photopolymer in a vat is
selectively cured by light-activated polymerization. Material jetting involves the selective
deposition of the build materials as droplets. Material extrusion are those processes involving the
selective dispensation of material through a nozzle.

Table 2.1: Additive Manufacturing Processes
Process

Description

Selected Methods

Vat photo-

Liquid photopolymer in a vat

Stereolithography

polymerization

is selectively cured by light-

(SLA), Digital light

activated polymerization.

processing (DLP)

Selective deposition of the

Multi-jet modeling

build materials as droplets.

(MJM)

Selective dispensation of

Fused deposition

material through a nozzle.

modeling (FDM)

Selective regions in a powder

Electron beam melting

bed are fused through the

(EBM), Selective laser

application of thermal energy.

sintering (SLS)

Selective deposition of liquid

Powder bed and inkjet

bonding agent to join powder.

head 3D printing (PBIH)

Sheets of material are bonded

Laminated object

to form an object.

manufacturing (LOM)

Directed energy

Focused thermal energy used

Laser metal deposition

deposition

to fuse materials by melting as (LMD)

Material jetting

Material extrusion

Powder bed fusion

Binder jetting

Sheet lamination

they are being deposited.

Powder bed fusion includes those processes in which selective regions in a powder bed are fused
through the application of thermal energy. Binder jetting involves the selective deposition of a
liquid bonding agent to join powder materials. Sheet lamination are those processes in which sheets
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of material are bonded to form an object. Directed energy deposition uses focused thermal energy
to fuse materials by melting as they are being deposited.

2.3 Sustainability and Additive Manufacturing
As defined by the Brundtland [4] Commission, sustainability is “development that meets the needs
of the present without compromising the ability of future generations to meet their own needs.”
Therefore, a sustainable approach is a systems-based approach that seeks to understand the
interactions which exist among the three pillars of sustainability (environment, social, and
economic) in an effort to better understand the consequences of our actions [20]. It is therefore
proposed that additive technology is a manufacturing approach to balance these three pillars. AM
offers significant benefits for a range of applications in many industries due to the ability to
produce customizable and functional parts on demand through the expansion of the product design
space [5]–[7]. It helps reduce process waste through the elimination of tooling and the
displacement of inefficient and detrimental production processes [8], [9]. It improves supply chain
flexibility, elimination of work-in-process and stock obsolescence, compression of the supply
chain, and allows for manufacturing closer to the distribution location, as well as implementing
on-demand (just-in-time) manufacturing [10]–[12]. Progress made through research has enabled
the growth of new and innovative techniques, and functionally viable products, framing AM as
feasible alternative to subtractive and formative techniques [14]. The benefits enabled by AM
mentioned above can be summarized by three main elements: (1) mass-customization, (2)
geometrical complexity, and (3) elimination of extraneous tooling and material. These three
elements can be related to the three pillars.

In terms of the social context, AM can produce products that are completely customized to each
individual customer; this can increase product desirability and subsequently increase their use
throughout their life cycle. In terms of the economic context, AM allows for the creation of
geometrically complex parts, and unlike traditional manufacturing processes, there is no
significant change in cost as a function of complexity. Finally, in the environmental context, AM
allows for the placement of material only where it required, eliminating the need to remove extra
material and for tooling to hold or mold the material. This reduces material waste streams,
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eliminates any additional energy required for material removal, and eliminates environmental and
economic costs associated with tooling, like extraneous material processing, waste, and fixture
production. To support these propositions, several studies have been performed in the context of
sustainability assessment of AM and sustainable design for AM, as discussed below.

To assess the sustainability performance of AM, existing literature focus on energy use as an
important indicator of performance. The studies reflect on various methodologies to evaluate
process energy consumption and help identify research gaps that require attention in application
to AM. Luo et al. [17], [21] presented a method for environmental assessment of solid freeform
fabrication-based rapid prototyping and rapid tooling processes. The authors evaluated the
environmental impact of each individual life cycle stage of the processes using the Eco-indicator95 life cycle impact assessment methodology. They found that material use, process parameters,
such as scanning speed, and energy consumption, can affect the environmental consequence of the
process when material use, energy, human health, and environmental impacts are considered. A
similar environmental study performed by Mognol et al. [22] aimed at integrating the
environmental aspects of AM with the design and manufacturing parameters. They focused on
electrical energy consumption as the indicator for environmental impacts. They analyzed the
electrical energy consumption in three AM processes, namely, thermojet, fused deposition
modeling, and laser sintering to produce standard test build parts. They aimed at developing
guidelines to reduce electrical energy consumption in the processes. They found that build time of
the processes was the most influential factor to reduce electrical energy consumption. Specific to
each process analyzed, they concluded that height of the part had to be minimized for the thermojet
and laser sintering processes, while volume of support to be minimized for the fused deposition
modeling process. However, the study could not find a general rule for reducing energy
consumption for the processes analyzed.

Sreenivasan et al. [10] reviewed existing literature on research needs for energy and sustainability
as applied to AM. The authors performed an energy assessment study to produce non-polymeric
parts using a laser sintering process. The authors explained the lack of energy and environmental
studies focusing on AM processes and expressed the need for further investigation. Towards that
goal, Sreenivasan and Bourell [23], performed a sustainability analysis of selective laser sintering
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process from an energy standpoint. The study measured the energy consumed by the process as a
system by measuring the individual energy consumption across various sub-systems associated
with the laser sintering process. They established a factor called total energy indicator which can
be used to provide a singular representation of sustainability of process and allow for comparison
with other AM processes. They concluded that the selective laser sintering process obtained a total
energy indicator value of eight which was competitive with other AM processes.

Baumers et al. [24] investigated the energy consumption across major AM technologies based on
capacity utilization or build volumes. The study measured the specific energy to process material
for constant build volumes. It was seen that the specific energy consumption varies tremendously
(ranging from 61 – 4849 MJ per kg of material processed) across similar AM technologies even
though the variation in mean power consumption of the processes was minimal. They observed
that by varying the capacity utilization for the processes, the specific energy to process material
decreased for increasing capacity. They found that the main contributors for varying energy
consumption across similar technology platforms are likely due to the auxiliary steps involved in
the AM such as machine warm-up, machine cool-down, build environment set-up, etc. They
conclude that for effective energy efficiency studies, machine productivity is an important factor
to be considered. The study highlighted the need for development of a consistent methodology to
evaluate specific energy consumption in the processes.

To bridge the gap on the lack of studies investigating the holistic environmental and sustainability
impacts of material, energy use, and fluid flows, Telenko and Seepersad [25] analyzed the energy
requirements and material flows for producing nylon components using selective laser sintering.
In comparison with injection molded parts, it was seen that selective laser sintering was inefficient
for nylon material and considering energy consumed in the material flow and part production. The
authors performed another study evaluating the energy efficiency of selective laser sintering and
injection molding for nylon components. They concluded that from a unit-process level
characterization, the selective laser sintering consumed more energy. However, the difference
could be offset by the energy consumed in production of injection mold. The energy consumed in
the injection molding processes decreases with increase in the number of parts produced [25].
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In another front, the lack of a uniform methodology for evaluating AM environmental impacts was
tackled by Bourhis et al. [16]. The authors developed a methodology to evaluate and model the
environmental impacts of AM based on predictive models of consumption flows defined from the
manufacturing path and CAD model of the part to be produced. They explained the need for
integrating the model into the design loop for AM parts. Similarly, Mani et al. [26] investigated
the potential environmental impacts of AM and developed a methodology for sustainability
characterization of AM. The methodology served as a guide to benchmark AM processes based
on sustainability and provided a framework for sustainability characterization of AM processes.
The study aimed to establish standard metrics to assess sustainability issues in AM.

Also, Meteyer et al. [27] analyzed the energy and material flow in a binder-jetting process to build
a life cycle inventory that can be used for life cycle analysis of the process. A unit-process model
was created to model the energy and material use in the binder-jetting process. The model did not
investigate the influence of varying part designs on binder-jetting energy and material use. The
authors performed another study to model the energy consumption in the binder-jetting process by
including part geometry information. They observed that the model could accurately simulate the
manufacturing process with up to 99.3 % accuracy. The authors emphasize that the energy data
could aid in creating life cycle inventory for binder-jetting process for further life cycle analysis
studies [28].

From previous studies, it was seen that build time and process energy use greatly impact the
sustainability of AM. Thus, in an attempt to reduce AM build time and process energy use, and to
improve the process efficiency, Baumers et al. [29] developed a combined build time, process
energy consumption and cost estimator model for material-jetting process. The developed model
could accurately estimate the build time and process energy consumption with a mean average
error of 15.31%. The model estimated build time based on movement of the print head during
material deposition as opposed to previous studies which are dependent on the geometrical features
of the part produced. Similarly, Baumers et al. [30] investigated the influence of product design
on process energy consumption for making titanium parts using electron beam melting process
with focus on product shape complexity. They found that shape complexity did not drastically
change the process energy consumption but observed the cross-sectional melting area as the main
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determinant of energy consumption per layer. They provided discussion on minimization of
volume and minimization of process energy as incentives for technology adoption. The study
elucidated the advantage to produce cheap complex products and exploited this advantage as
means to improve the use-phase of the products which then can outweigh the manufacturing
impacts. However, the study does not aim to reduce the impacts at each unit stage of the product
lifecycle rather focusing on a systemic approach to control product impact.

Alongside studies focusing on improving AM sustainability performance through energy and
material estimation, several studies were also conducted to realize sustainable product design
through AM. Thirmuthulu et al. [31] developed an adaptive slicing scheme to obtain optimum part
deposition orientation such that a compromise between part surface area and part deposition time
can be achieved. The developed methodology enabled the optimization of part deposition
orientation in fused deposition modeling. The work considered the minimization of part build time
and average surface roughness by minimizing the weighted sum, but did not consider support
structure minimization which from previous studies was found to effectively influence the build
time in fused deposition modeling process.

Zhang et al. [32] undertook a two-level process planning framework to improve design for AM.
The study aimed at improving the manufacturability of products using AM. The authors identified
that mathematical models that characterize process specific information combined with
mathematical formulas quantifying the process planning knowledge is required to conduct
evaluations. They mentioned that the knowledge from process planning integrated with
manufacturing process knowledge could greatly benefit designers. Similarly, Diegel et al. [33]
discussed AM as an effective tool to produce sustainable products. The study focused on product
quality as means for improving product longevity and sustainability. They emphasized the need
for design guides as well as modification of existing tools such as life cycle analysis and cradleto-gate analyses to fit the new paradigms of manufacturing.

Ranjan et al. [34] also expresses the need for design guidelines for AM and presented a systemic
graph based approach to evaluate product designs. They formulated a set of design rules based on
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part geometry information and AM process information to improve manufacturability of the
product. From presented literature, we can conclude that

1. Integration of design and manufacturing information is essential in evaluating the sustainability
of AM processes.

2. A uniform methodology for evaluating AM processes is unavailable as the process
consumptions vary extensively depending on the part design and process technology used.

3. Existing design principles focus on establishing guidelines to enable manufacturability of
products in AM, but quantitative tools integrating life cycle product and process data are
required to assess AM in a systemic level to promote sustainable product design.

To contribute to the existing gaps in sustainability assessment of AM, this research focusses on
creating an environmental performance characterization methodology for evaluating AM systems
from cradle to gate using exergy analysis. Exergy analysis provides a common unit representation
of system inputs and served as a uniform indicator for comparison with similar technologies. It
also enabled the identification of the system contributors to environmental impacts. This
information could be used to develop mathematical models to evaluate AM build time, process
energy use, and production cost by relating product design information and process technology
information. In addition, the mathematical models could be organized and composed as a
quantitative analysis tool to evaluate AM build time, process energy use, and production cost. This
information can help product designers to make better decisions that can improve the
environmental performance of their products.

16

CHAPTER THREE: ENVIRONMENTAL PERFORMANCE EVALUATION OF ADDITIVE
MANUFACTURING PROCESSES THROUGH EXERGY ANALYSIS

By
Hari P.N. Nagarajan and Karl R. Haapala

To be submitted to the SME Journal of Manufacturing Systems
https://www.journals.elsevier.com/journal-of-manufacturing-systems/

17

3.

ENVIRONMENTAL EVALUATION OF ADDITIVE MANUFACTURING PROCESSES
THROUGH EXERGY ANALYSIS

3.1 Abstract
Additive manufacturing is rapidly emerging as an alternative to conventional manufacturing,
including subtractive processes, often attributed to its claim for sustainable product development,
e.g., reduced cost, reduced energy and material use, and the distributed production of tailored
consumer products. However, many of these benefits remain unsubstantiated for large-scale
production. The aim of the research herein is to identify the systemic contributors to environmental
impacts for additive manufacturing processes through exergy analysis and life cycle impact
assessment. These methods have been previously applied to evaluate the environmental
performance of conventional and non-conventional manufacturing processes. Thus, they offer a
validated approach to explore the environmental impacts of additive manufacturing with respect
to systemic material and energy losses. In this study, the environmental impacts of direct metal
laser sintering (DMLS) of iron metal powder and fused deposition modeling (FDM) of
acrylonitrile styrene acrylate polymer filament are characterized by performing a thermodynamic
(exergy) analysis of the resources and energy utilized and lost from cradle to gate. It is found that
only 6% of total DMLS process inputs contribute to material processing, while 94% of the inputs
are lost as bulk waste, heat, and work. In FDM, 61% of total process inputs contribute to material
processing, while 39% are lost. Following the exergy analysis, life cycle impact assessments are
performed to characterize the environmental impacts of the exergy losses using single issue
indicator (Global Warming Potential, GWP) and aggregate indicator (ReCiPe 2008) methods. The
results show that electricity consumption is a key contributor to both focal processes and their
related upstream processes. The systemic GWP for DMLS is 6.2 kg CO2 equivalent, while for
FDM it is 2.3 kg CO2 equivalent, per kilogram of material processed. Using the ReCiPe 2008
method, damage to human health is predicted to outweigh damage to ecosystem quality and
resource availability for the DMLS process. For the FDM process, damage to human health and
resource availability are predicted to outweigh damage to ecosystems quality.
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3.2 Introduction
The US National Environmental Policy Act of 1969 [35] declared sustainability as a national
policy, stating it is necessary “to create and maintain conditions under which humans and nature
can exist in productive harmony, that permit fulfilling the social, economic and other requirements
of present and future generations.” The concept of sustainability grew rapidly from being a minor
interest into a guiding influence in the working of countries through a series of global
environmental incidents and disasters, which instigated a fear of instability. Thus, the demand for
broader sustainability performance augmented the demand for economic development
performance thresholds, which, if crossed, would endanger the basic integrity of the human
ecosystem [4]. This distinction was addressed by the term sustainable development, defined in the
Brundtland report [4] as “development that meets the needs of the present without compromising
the ability of future generations to meet their own needs.” The construct of sustainable
development is varied and is characterized by an intricate relationship between environmental
protection, economic development, and social welfare to represent development that maintains a
holistic worldview. These three independent and co-existing categories were reinforced as the
three pillars of sustainability at the 2005 United Nations World Summit [5]. In support of these
efforts, the research herein first discusses topics relating to sustainability assessment of
manufacturing systems with a focus on additive manufacturing. Then after, an approach is
presented to assess the exergy efficiency and environmental impacts of additive manufacturing
processes.

3.3 Sustainable Manufacturing
Manufacturing exists as a stronghold for continuous growth and development of countries, a trend
that is likely to continue as demand for goods and commodities grows. It continues to play an
important role in modern socio-economic systems, leading to dramatic changes in the world
economy and to sustained increases in labor productivity and economic welfare [1], [2].
Manufacturing drives innovation and productivity in countries with advanced economic stability,
as well as promoting economic development in developing nations. Development has been
supported by an annual increase in world GDP (gross domestic product) of more than 3% since
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1800, due to the industrial revolution and the growth of manufacturing [3]. However,
manufacturing activities also pose a significant demand on the environment, which, when
quantified using indicators such as air quality, water pollution, and resource depletion, pose a threat
to human welfare. For example, the growth of China as a global manufacturing base has had
significant economic benefits, but it has simultaneously fouled air quality. An estimated 99% of
the urban population in China is exposed to air quality much lower than the EU air quality standard
of 40µg/m3, which in turn has reduced average life expectancy [3]. This pattern of economic
growth, with associated pollution growth, can be mitigated through the application of sustainable
manufacturing principles to analyze and improve the economic and environmental performance of
manufacturing systems.

3.4 Sustainable Additive Manufacturing
Additive manufacturing (AM) has rapidly increased in popularity due to its many advantages such
as reduced waste, streamlined supply chain, and less restrictive design space [8], [36]. These
advantages have also allowed industries to consider AM as a more sustainable option in terms of
reduced environmental burden, and improved economic and social benefits. However, AM as a
sustainable manufacturing technique has not been fully investigated, resulting in little information
about the farther-reaching benefits and effects on the environment and economy [37].

Some AM processes, for example, utilize high-powered peripheral heating devices such as lasers
to melt and reform the metal powders into net shape products in a layer by layer fashion [19].
Energy in the form of electricity is required to provide the thermal energy required to overcome
the melting temperature of the material to generate part layers. This high intensity energy use
seems largely inconsequential as the cost of electricity has been stagnant at an average of 10 cents
per kWh for the last 50 years in the United States [38]. Hence, it does not greatly contribute towards
the cost of a product manufactured using AM. However, looking at AM processes as end uses of
resources and energy, and analyzing the conversion of energy in upstream processes (e.g., resource
extraction and electricity production) leading to end products (and process wastes) can better
portray their environmental performance. Thus, the aim of the research reported herein is to
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identify the systemic contributors to environmental impacts of additive manufacturing using
exergy analysis and life cycle impact assessment. This research aims to characterize AM processes
by depicting the influence of resource-energy-exergy factors, which are described in the next
section.

3.5 End Use Applications of Energy and Exergy
Resources are extracted, transformed, and consumed as energy in our everyday lives. Availability
of energy in different forms is imperative to human development and economic growth. An energy
system can be represented as primary energy resources, energy carriers, and end use energy
services [39]. Primary energy resources represent the sources of energy that can be directly used,
as they exist in nature (e.g., coal, natural gas, nuclear fuels, solar energy, wind energy, and
hydroelectric energy). They represent a reservoir of energy that can be extracted and directly used,
or converted into secondary energy forms or energy carriers, such as electricity or liquid fuels. The
energy carriers or secondary energy resources can then be converted or used in various end-use
applications in different forms (e.g., kinetic, thermal, and light) to provide energy for services such
as transportation, HVAC, lighting, and industrial processes [39].

For this study, two AM systems, for producing parts using fused deposition modeling (FDM) and
direct metal laser sintering (DMLS), are considered as energy end use applications that consume
primary energy resources in the form of an energy carrier (electricity). Energy consumption is a
measure of the total quantity of energy utilized by the system. However, this metric does not
represent the efficiency with which energy is used to complete a useful task or produce useful
work. Hence, we consider useful work, or exergy, as a measure of the quality of energy consumed
within a system. Doing so provides a singular representation of all the energy forms from cradle
(resource extraction) to gate (process wastes) and a clearer distinction of process energy efficiency
[40]. Exergy analysis can be used to account for resource and energy use, as well as to evaluate
the efficiency of conversion to produce an end product [40].

21

3.6 Background
The efficient use of energy has been an area of interest to reduce environmental burdens due to
resource extraction and emission of pollutants, among other impacts. Many studies have been
conducted to analyze the energy efficiency of manufacturing processes [41]. However, the
complex flows of energy over the life cycle of a product has received less attention. Cullen and
Allwood [42] attempted to trace the global flows of energy, from fuels through final services,
focusing on the intermediate conversion devices (e.g., engines, furnaces, and electrical devices) in
each energy chain. They identified several technical areas (e.g., mechanical drive systems,
industrial systems, and building space) which could deliver the largest efficiency gains. In addition
to environmental burdens, energy as a driver of the economy has been of interest in academic
research. Ayres et al. [43] for example, studied the impact of material and energy resources on
economic growth. They modified the standard neoclassical economic growth theory framework
[44] by identifying feedback mechanisms or growth engines such that the impact of the cost of
production through demand on growth was accounted for. They provided insights into the
mechanism of dematerialization with growth in demand. Dematerialization is a mechanism that
adds value and extends the life of durable products, while reducing the use of fossil fuels and other
dissipative

intermediates.

Dematerialization

also

includes

reuse,

repair,

recycling,

remanufacturing, and renovation practices. Ayres et al. argued that these practices reduce the use
of primary extractive materials, and also reduce the loss of value added to the materials by prior
production. They mentioned that dematerialization can sharply reduce the rate of depreciation of
durable products and physical capital, thus providing a macro-economic benefit.

Serrenho et al. [40] established useful work intensity as a measure of economic productivity of
energy use. They evaluated work intensity of the EU-15 countries from 1960-2009 to assess the
trend of deindustrialization in Western Europe, and the consequent shift towards a service
economy. They found that the ratio of useful work intensity to gross domestic product allows for
a clear distinction between the thermodynamic efficiencies and structural changes in demand for
energy end uses. Similar studies were conducted for other countries to evaluate the exergy
efficiencies of macroscale energy systems and related impact on the economy.
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Brockway et al. [45] analyzed work intensity trends in the US and UK from 1960-2010. They
contributed towards a common accounting framework for determining useful work by providing
more refined methodological techniques for electricity and transport end use efficiencies. They
found that US exergy efficiency remained stable at around 11%, while the UK efficiency rose from
9% to 15%. The efficiency dilution in the US was attributed to structural shifts towards low
efficiency energy consumption, such as air conditioning, that outweighed device-level efficiency
gains. The exergy efficiency stagnation in the US indicates an increase in primary exergy input
with little to no improvement in end use efficiencies. The UK became more efficient in three main
useful work categories, namely, heat efficiency, electricity efficiency, and mechanical drive
efficiency.

Chen and Chen [46] studied the resource consumption of Chinese society from 1981-2001 based
on ecological footprint accounting and embodied exergy analysis. They represented embodied
exergy ecological footprint (EEEF) as a modified indicator of ecological footprint showing
resource production, environment, and population growth, using specific trends of the Chinese
society from 1981-2001. The EEEF was used to compare the resource consumption level with unit
output of economy reflecting the ecological overshoot of the general ecological system.

All the above studies examined energy systems at the national level, whereas energy and exergy
analyses can be conducted for any other well-defined system, such as a manufacturing process.
Gutowski et al. [47] applied a thermodynamic exergy analysis framework to 26 manufacturing
processes to analyze the consequences of their large-scale utilization. They characterized and
analyzed the manufacturing processes by gathering information from studies reported in research
literature. The framework they applied quantifies the losses and inefficiencies in a manufacturing
process and helps identify the potential areas for improvement. The framework accounts for
resource utilization by quantifying the raw material and energy inputs to the manufacturing
process. This thermodynamic framework is adopted herein to characterize the environmental
impacts of additive manufacturing as described below.
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3.7 Exergy Analysis of Additive Manufacturing
A manufacturing system transforms raw materials into finished functional products. The system
can be modeled as an open thermodynamic system with material flows, work and heat interactions,
and inherent losses at each stage of the system [47], [48]. These losses generate entropy, waste
flows, and exergy losses to the environment. A generalized thermodynamic model for an AM
system is represented in Figure 3.1, and is adapted from the generalized model for the material
processing system and manufacturing system reported by Gyftopoulos and Beretta [49].

Figure 3.1: Open thermodynamic model of an additive manufacturing system and material
processing system (after Gyftopoulos and Beretta [49]).

The additive manufacturing system (AM) receives work (W) and heat (Q) from the energy
conversion subsystem (ECAM). The materials are received from the material processing
subsystem (MA), which, in turn, receives work and heat from its own energy conversion subsystem
(ECMA). All the subsystems interact with the environment at a reference pressure, temperature,
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and chemical composition (p0, T0, µ0). Using a mass, energy, and entropy balance at steady state,
we can represent the total work rate of the AM process as shown in Eq. 3.1.

prod
prod
res
mat
res
mat
̇
AM
ẆECAM
= ((ḢAM + ḢAM
) − ḢAM
) − T0 ((ṠAM + ṠAM
) − ṠAM
) − ∑ (1 −
k>0

T AM
) Q̇
T0 ECAM

+ T0 Ṡirr,AM
(3.1)
Here, 𝑊̇ represents the work rate of the manufacturing process; the 𝐻̇ terms represent the lumped
sum of enthalpies of the bulk flow of products, residuals, and materials; the 𝑆̇ terms represent the
lumped sum of entropies of the bulk flow of products, residuals, and materials, and Sirr is the
entropy of irreversibility within the manufacturing process. In Eq. 3.1, the collective term H-T0S
is the Gibbs free energy at a reference state with the environment at the reference temperature T0.
Since total exergy (EẊ ) of a material flow represents the maximum amount of work that could be
extracted from an independent system as it is reversibly brought to equilibrium with a reference
environment, it can be written as shown in Eq. 3.2.
EẊ = (Ḣ − T0 Ṡ) − (Ḣ − T0 Ṡ)0
(3.2)

The bulk-flow (products, residuals, and materials) terms account for both the physical and
chemical exergies. The physical exergy is the maximum work that can be extracted from a system
by bringing the system in a given state to a restricted dead state with reference temperature and
pressure (T0 and p0). The additional available energy that can be extracted from the system at the
restricted dead state by bringing the chemical potentials of the components to equilibrium with
their surroundings represents the chemical exergy at the reference temperature, pressure, and
chemical potentials (T0, p0, and µ0). Substituting physical and chemical exergy into Eq. 3.1, we
obtain Eq. 3.3
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𝑝ℎ
𝑐ℎ
where the 𝐸𝑥̇𝐴𝑀
terms represent the physical exergies, the 𝑒𝑥𝑖
represents the chemical exergies of

the ith component of the bulk flow (products, residuals, and materials), and the 𝑁̇𝑖 terms represent
the amount of matter (mass in kg) per unit time of the ith component of the bulk flow.

However, most manufacturing processes have several processing steps bundled into one single
piece of equipment and, hence, the energy consumed by the machine is split into several stages.
For example, in the DMLS and FDM processes, the work environment must be preheated to a set
temperature before printing. In addition, other subsystems such as the inert gas atmosphere, build
plate heaters, and translation stages consume a large portion of energy during the process. Hence,
total power (Ẇ) used by the process equipment can be represented as the power required to start
up the machine before actual material processing takes place (Ẇ0 ) and the power required during
processing (𝑘ṁ), as shown in Eq. 3.4,
Ẇ = Ẇ0 + kṁ
(3.4)
where 𝑚̇ is the material processing rate (mass/time) and k (energy/mass) is an experimentally
derived parameter that represents the process physics, e.g., the incremental energy input required
to raise the temperature of a material in a thermal process or the specific cutting work of a cutting
tool depending on workpiece hardness.
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The total power used by the machine can be represented as the exergy rate in Eq. 3.3 and
corresponds to the specific electrical work rate. Rearranging Eq. 3.4, the specific electrical work
per unit mass of material processed, w (energy/mass), can be calculated as

w=

Ẇ0
+k
ṁ
(3.5)

3.8 Environmental Assessment of Additive Manufacturing
Life cycle analysis (LCA) is useful for examining the impacts of the design of products, processes,
and services on human health and the environment [50]–[52]. The procedure for performing an
LCA is composed of four phases: (1) goal and scope definition, (2) life cycle inventory analysis,
(3) life cycle impact assessment, and (4) interpretation of results. The first phase defines the
purpose of the study and methods to be undertaken, which determine the system model, system
boundaries, functional unit of the study, and initial assumptions based on the defined goal and
scope of the study. This first phase also determines what type of human health and environmental
impact information is required from the study (e.g., global warming potential or ecotoxicity) and
the required specificity of the input data and assessment results. The second phase of the LCA
involves quantifying the inputs and outputs of each of the processes/activities of the system
evaluated. This life cycle inventory (LCI) analysis is performed in four steps: (1) develop a flow
diagram of the process, product, or service evaluated, (2) develop a data collection plan, (3) collect
data, and (4) evaluate and report LCI results. Traditional LCI results quantify atmospheric
emissions, water-borne emissions, and solid wastes, in addition to the products and co-products
resulting from the inputs of the evaluated systems. The third phase, life cycle impact assessment
(LCIA), performs an assessment of the impacts on human health and the environment associated
with the system inputs (energy and materials) and outputs (products, co-products, and emissions)
quantified by the LCI analysis. The ISO 14042 standard on life cycle impact assessment [53] states
three mandatory steps to follow when performing an LCIA: (1) selection and definition of impact
categories (e.g., global warming potential, human toxicity, and ecosystem quality), (2)
classification of LCI results to impact categories (e.g., atmospheric emission such as carbon

27

dioxide or methane to global warming), and (3) characterization, which involves modeling of the
LCI results within the various impact categories using science-based conversion factors (for
example, modeling the potential impact of atmospheric emissions on global warming). The final
phase of the LCA involves interpreting the results and evaluating opportunities to reduce system
inputs and outputs, as well as reducing the environmental impacts at each life cycle stage.

The goal of the LCA undertaken herein is to evaluate the environmental performance of direct
metal laser sintering (DMLS) of iron powder and fused deposition modeling (FDM) of
acrylonitrile styrene acrylate (ASA) polymer filament using cumulative exergy demand (CExD),
ReCiPe 2008, and IPCC 2013 (global warming potential) impact assessment methods. One
kilogram of each material is considered as the functional unit of the study. A system model based
on the cradle-to-gate life cycle concept is proposed to quantify the inputs and outputs of the
processes/activities in the two systems, as explained below.

DMLS produces parts by melting and solidification of metal powders using laser energy, and
bonding them in a layer-by-layer fashion [54]. From the cradle-to-gate life cycle point of view, a
part produced through a DMLS process can be divided into three process stages (Figure 3.2):
a) Input raw material processing: This involves mining and extraction of the metal ore, refining,
transportation to location of powder processing.
b) Powder processing: Metal powder processing is done using an atomization process [55].
Atomization involves the melting of the metal in a furnace and transferring the molten metal
into a spray chamber. The flowing melt is then atomized with compressed air, inert gas, or
water jet at high pressure.
c) Sintering process: The metal powders are sintered layer-by-layer and densified into functional
components [56]. The process involves multiple modes of heat, mass, and momentum transfer.
The process equipment is made up of a high-quality laser beam, focusing optics, a powder bed,
a powder layering mechanism, and an inert gas supply. The laser beam scans over the powder
following a pre-defined tool path for each layer, heating it to a temperature (near melting) at
which the powder fuses based on the tool path and layer profile information from the rapid
prototyping software.
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Figure 3.2: Cradle-to-gate life cycle stages of a part produced using direct metal laser sintering.

The FDM process produces parts by heating polymer filament and then extruding the semi-liquid
polymer in a layer-by-layer fashion [54]. From the cradle-to-gate life cycle point of view,
production of a part using FDM can be divided into three processing stages (Figure 3.3):
a) Input raw material processing: This involves mining and extraction of the raw materials for
polymer production (crude oil), refining, and transportation to the location of polymer filament
processing.
b) Polymer synthesis: The polymer material is then synthesized, extruded into thin filaments, and
placed on rolls for FDM printing.
c) Printing process: The polymer filament (extrudate) is extruded layer-by-layer to form
functional components based on 3D model data. The process equipment consists of multiple
print heads (nozzles), a heating mechanism, and a print bed. The polymer filament is heated to
semi-liquid state and extruded from the print heads onto a build plate based on layer profile
information from the rapid prototyping software.
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Figure 3.3: Cradle-to-gate life cycle stages of a part produced using fused deposition modeling.

To evaluate environmental impacts based on CExD, the material used, energy consumed, and
process wastes resulting from the production of the part are accounted for in a mathematical
process model. In this process model, the overall CExD, represented as the sum of the CExD for
each of the individual life stages, was estimated using SimaPro 8.1 LCA software. 7.15 kilograms
of iron (Fe) metal powder was considered as the input raw material for the DMLS process, and
1.34 kilograms of ASA polymer material was the input raw material for the FDM process. The
process inputs and characteristics are modeled to match commercially used DMLS and FDM
equipment. The modeled DMLS equipment uses a 400 W Yb-fiber laser, which has a maximum
power consumption of 8.5 kW with a typical working power of 3.2 kW and material processing
speed of 2.5 mm3/s (material dependent) [57]. Though most commercial DMLS machines have
integrated powder repurposing systems, the amount of residual powder that can repurposed, as
well as the number of times the powder can be repurposed, is limited [58]. Thus, the sintering
process is modeled to have residual waste powder, which accounts for 6.15 kg of waste per kg of
product [59]. The metal powder waste is considered as recycled waste within the LCA, which
assumes it can be reclaimed indefinitely.

Similarly, the FDM equipment has a mean power consumption of 3.32 kW, and a material
processing speed of 25 cm3/hr. The polymer waste generated in FDM is in the form of defective
parts and support material. The wastes are generated due to user error, machine error, and designer
error resulting in print failure. From literature [60], it is reported that polymer waste in FDM is
equal to 34% of the total material used. The residual support material and waste ASA material are
considered to be recycled in the LCA.
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The inputs and outputs of each of the life cycle stages was imported into SimaPro LCA software,
and a life cycle impact assessment was performed using the ecoinvent database to provide LCI
data [61]. DMLS analysis results were compared to the impacts of traditional metalworking to
produce a one-kilogram product made of iron (Fe). The selected ecoinvent process model, Metal
working, considers a set of several manufacturing processes commonly used in the production of
metal products, as well as associated facilities, operations, and wastes. This approach facilitates
the comparison of a combination of common production practices to production using DMLS,
rather than comparing to a single manufacturing process (e.g., machining). Similarly, the FDM
process was compared to injection molding to produce a one-kilogram product made of ASA
polymer material, using an ecoinvent process model (Injection moulding{ROW}processing)
available in the LCA software.

Additionally, using the exergy analysis framework explained in Section 3.7, we can calculate the
specific exergy used to evaluate system exergy efficiency. To identify the exergy efficiency (ɳP )
of the system, we take the ratio of total product exergy leaving the system (𝐸𝑥̇ 𝑝𝑟𝑜𝑑 ) to the total
exergy of material and energy entering the system (𝐸𝑥̇ 𝑖𝑛 ), as shown in Eq. 3.6 [47].
Eẋ prod
ɳP =
Eẋ in
(3.6)

The exergy terms in the equation represent both the physical exergy and chemical exergy of the
inputs and output product of the system. In our analysis, the exergy efficiency is a measure of the
useful work performed by the system to produce the product. Thus, the exergy of the product and
by-products as they exit the system is considered as the output exergy and all other residuals and
materials do not contribute to the useful work of the system. The exergy of residual materials is
considered to be lost exergy. In the current study, the product is the one kilogram sintered part,
while the by-product includes the metal powder waste (6.15 kg). The metal powder waste is
considered as a by-product because it is assumed to be recycled. For analysis, the product exits the
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process at an elevated temperature with thermal energy which represents the physical exergy of
the product. However, since we do not consider this thermal energy to be recovered, the product
is at its restricted dead state (T0, p0) with only the chemical exergy available as it exits the
manufacturing system. From commercial DMLS equipment manufacturer specifications [57], the
average idle power of commercial DMLS equipment is 2 kW and the average working power is
3.2 kW. Using Eq. 3.5, the electrical work rate to process 1 kg of Fe is determined to be 1.28
GJ/kg. The inputs of the system include the raw material (7.15 kg Fe), water for atomization (10
L), inert gas atmosphere (706 ft3/hr. argon), and electricity (104.07 kWh) to produce one kilogram
of product (output). The inputs of the DMLS system and their exergy values are shown in Table
3.1. Using the chemical exergy values from Szargut [62] for iron and argon, and using the exergy
work rate for electricity use from Eq. 3.5, the exergy efficiency of the DMLS system to produce
an iron product is calculated as 10%.

The same procedure is used to calculate the exergy efficiency of the FDM system. The inputs of
the system include 1.34 kg of raw material (ASA) and 126.81 kWh of electricity to produce 1 kg
of product (output). The average idle power and processing power of the FDM machine (Fortus
400mc) was measured experimentally using dataloggers and was found to be 0.81 kW and 3.32
kW. Using Eq. 3.6, the exergy efficiency of the FDM system was calculated to be 7%. The
difference in the exergy of materials and energy entering the system and exergy of the product
exiting the system is the exergy lost to the environment in the form of bulk wastes, heat, and work.

We found the lost exergy to the environment represents 90% of the total input exergy of the DMLS
system, while lost exergy is 93% of system inputs for FDM. This implies that there is a tremendous
amount of exergy loss (bulk wastes, heat, and work) associated with the two systems; these losses
can negatively impact the environment.
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Table 3.1: Additive manufacturing system inputs and exergy values.
System Inputs

Description

Exergy
(GJ/kg)

Raw material (Fe, 7.15 kg)

Includes exergy of material and mining, 0.1658
extraction, refining, and transportation
activities

Raw material (ASA, 1.34 kg)

Includes exergy of material and mining, 0.1281
extraction, refining, transportation, and
filament processing activities

Water (10 L)

Water for atomization

0.0004

Argon (20.78 kg, 760 ft3/hr)

Inert gas supply (mass conserved) for 0.0000
DMLS equipment

Electricity, medium voltage, Energy for atomization using U.S. 0.6811
U.S. (57.2 kWh)

electricity mix

Electricity, medium voltage, Energy
U.S. (46.87 kWh)

for

sintering

in

DMLS 0.5586

equipment using U.S. electricity mix

Electricity, medium voltage, Energy for FDM printing using U.S. 1.5100
U.S. (126.81 kWh)

electricity mix

Powder waste (Fe, 6.15 kg)

The powder waste is considered as a by- -0.1286
product for recycling

The associated environmental impacts are assessed in terms of damage to human health,
ecosystems , and resource surplus cost as endpoint indicators for the two systems using the ReCiPe
2008 impact assessment method [63].

The ReCiPe 2008 represents the environmental effects of the evaluated system model using 18
midpoint indicators (e.g., ozone depletion, human toxicity, and ionizing radiation), which
determine the three endpoint indicator values. A summed, single score result can be obtained by
weighting the individual endpoint indicator values.
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Weighting of the indicators can be performed using three archetypes (or perspectives): egalitarian
(E), hierarchist (H), and individualist (I). Goedkoop [22] stated that the three archetypes provide
“a comparison of different cultural perspectives. These perspectives represent a set of choices on
issues like time or expectations that proper management or future technology development can
avoid future damages.” The egalitarian perspective is more prudent, evaluating impacts over a long
timescale. It also considers impact types that are not fully developed in analysis. The individualist
perspective is more optimistic, assuming technological solutions will be developed to address
environmental damage, resulting in shorter impact timescales. The hierarchist perspective provides
a middle ground between the egalitarian and individualist types. Each of these methods are applied
to examine the sensitivity of the results.

In addition to ReCiPe 2008, a single-issue impact assessment method, IPCC 2013, which uses
global warming potential (GWP) as an indicator, was applied to assess the two AM systems. The
IPCC defines GWP as “a measure of the time-integrated radiative forcing due to a pulse emission
of a given gas, relative to a pulse emission of an equal mass of CO2 [64]. The actual accumulation
of greenhouse gases (GHGs) in the atmosphere, and the actual lifetime of these GHGs can affect
the accuracy of the analysis. To account for these factors and to examine the sensitivity of the
results, GWP was calculated using three different time horizons, namely, 20 years, 100 years, and
500 years. The 20-year horizon prioritizes GHGs which have a shorter lifetime in the atmosphere
(e.g., CH4), since the method does not calculate impacts that exceed 20 years. Similarly, the 100year horizon prioritizes GHGs with lifetime up to 100 years in the atmosphere. The 500-year
horizon considers an equal weighting of all GHGs irrespective of their lifetime in the atmosphere
since most GHGs do not exist for more than 500 years in the atmosphere. Consequently, GHGs
with shorter lifetime in the atmosphere will be attributed with a higher GWP value under the 20year horizon, when compared to the 100-year and 500-year time horizons.
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3.9 Environmental Impact Assessment Results
The results of the environmental impact assessment of the AM systems (Fig. 3.4) show that the
CExD of the DMLS system is almost thirtytimes more than traditional metalworking, while CExD
for FDM is almost ten times more than injection molding. DMLS system electrical energy use
dominates cumulative exergy demand, followed by material exergy. DMLS system electrical
energy use includes electricity used for mining and extraction of raw material, atomization of iron
powder, and operation of DMLS equipment for sintering. The atomization process is highly energy
intensive and consumes 0.68 GJ of exergy per kilogram of iron processed. The total electrical
energy consumed by the DMLS equipment is also high due to the low material processing rate (2.5
mm3/s). Thus, electrical energy use drives the increase in CExD for the DMLS system compared
to the traditional metalworking system.

Cumulative Exergy Demand (GJ/kg)

1.8

Material

Raw Material Processing Electricity

Machine Electricty

Waste

1.6
1.4
1.2
1
0.8
0.6
0.4
0.2
0
-0.2
-0.4
DMLS

Metal Working

FDM

Injection Molding

Figure 3.4: Cumulative exergy demand to produce one kilogram of product using various
manufacturing systems.

For the FDM system, exergy demand of the FDM equipment energy use largely dominates that of
the input raw material exergy. But, on the other hand, the exergy demand of the FDM system raw
material is greater than the DMLS system raw material exergy demand, on a unit mass basis. The
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high CExD value for the raw material in FDM can be attributed to the embodied energy content
of input petroleum products used in polymer production. Similarly, the energy used in the form of
electricity during printing in the FDM machine (1.51 GJ/kg) is also high, compared to energy use
during DMLS (0.55 GJ/kg) and injection molding (20.31 MJ/kg).

The endpoint environmental impacts shown in Figure 3.5 for the DMLS system were obtained
using the ReCiPe 2008 method [63]. ReCiPe environmental impact values illustrate comparative
results, such that one point (Pt) is equal to one thousandth of the yearly environmental load of one
average European inhabitant [65]. It is seen from the figure that the predicted damage to human
health caused by the DMLS part production system is predicted to dominate for each of the three
weighting methods (i.e., egalitarian, individualist, and hierarchist perspectives).
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Figure 3.5: Environmental impacts of direct metal laser sintering of iron and fused deposition
modeling of acrylonitrile styrene acrylate (Method: ReCiPe 2008 (E, H, I)).

The egalitarian perspective indicates higher overall impact than the hierarchist and individualist
perspectives. The difference in the egalitarian perspective can be attributed to the long-term
precautionary principle thinking policy, in which the impacts of energy used in the form of
electricity dominate the material-related impacts of the system (Figure 3.6). Energy in the form of
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electricity also dominated the impacts for the hierarchist and individualist perspectives, but, as
opposed to the egalitarian perspective, the impacts are evaluated with a shorter-term, more
optimistic approach. The majority of overall damage to human health for the three weighting
methods can be attributed to climate change (E=37%, H=73%, I=73%), human toxicity (E=57%,
H=2%, I=1%), and particulate matter formation, PM10 (E=5%, H=25%, I=27%).

For the FDM system (Figure 3.5), the damage to human health is predicted to dominate from the
egalitarian, hierarchist, and individualist perspectives, followed by damage to resource

Individualist

Energy

Material

Waste

Heirarchist

Ecosystems

Egalitarian
Individualist

Human Health

Resources

availability.

Individualist

Heirarchist
Egalitarian

Heirarchist
Egalitarian
-5

0

5

10

15

20

Environmental Impact (Pt)

Figure 3.6: Contribution of energy and material resources to environmental impacts of direct
metal laser sintering of iron (Method: ReCiPe 2008 (E, H, I)).

The damage to resource availability for all three weighting methods can be attributed to the effects
of using polymer as raw material and the use of energy in the form of electricity for processing
(Figure 3.7). The majority of damage to human health for the three weighting methods can be
attributed to climate change (E=37%, H=72%, I=73%), human toxicity (E=58%, H=2%, I=1%),
and particulate matter formation, PM10 (E=5%, H=25%, I=26%). The damage to resource
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availability can be attributed to metal resources depletion (E=0.04%, H=0.04%, I=0.13%) and
fossil resources depletion (E=99.96%, H=99.96%, I=99.87%).

To compare the effect of using different energy sources on the environmental impacts, three
different electricity mixes were considered to produce a 1 kg part using DMLS, namely, mixes
typical of France, Norway, and United States (Figure 3.8) [66]. It was seen that Norway’s
electricity mix, which is largely comprised of renewable energy sources, such as hydroelectric
(94%), wind energy (3%), and natural gas (3%), had the least environmental impact, followed by
France’s electricity mix, which is largely comprised of nuclear energy (51%), hydroelectric (21%),
and fossil fuel (21%). United States electricity mix largely comprised of coal (50%), nuclear
energy (19%), hydroelectric (8%), natural gas (17%), and oil (3%) had the highest environmental
impact. Assumed DMLS production in the United States exhibited a high overall impact, which
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Individualist

Ecosystems

Individualist

Human Health

was dominated by the use of electrical energy (85% of total environmental impact).

Individualist
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Figure 3.7: Contribution of energy and material resources to environmental impacts of fused
deposition modeling of acrylonitrile styrene acrylate (Method: ReCiPe 2008 (E, H, I)).
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However, for production in France and Norway, the environmental impact was dominated by raw
material use (94% in Norway and 76% in France), as well as the use of argon during processing.
The use of renewable energy sources in France and Norway reduced the energy related impacts as

United States

compared to the United States.

Resources
Ecosystems
Human Health

Norway
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Human Health
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Figure 3.8: Contribution of energy source on environmental impacts of direct metal laser
sintering of iron (Method: ReCiPe 2008 (H)).

To quantify the environmental impacts of the systemic losses using a single unit of impact, the
GWP for DMLS and FDM (Figure 3.9 and Figure 3.10, respectively) was evaluated by using three
different time horizons (20 years, 100 years, and 500 years). The results of the analysis can inform
researchers and decision makers about the potential impact of AM system exergy losses and to
compare emissions reduction opportunities for different AM systems.

The emissions due to electricity use in DMLS and its upstream processes are predicted to have a
GWP of 73.37 kg CO2 eq., 67.94 kg CO2 eq., and 65.82 kg CO2 eq. over timeframes of 20 years,
100 years, and 500 years, respectively. For the FDM system, the GWP was predicted to be 97.45
kg CO2 eq., 86.31 kg CO2 eq., and 82.12 kg CO2 eq. over timeframes of 20 years, 100 years, and
500 years, respectively. The high GWP of DMLS can be attributed to the GHG emissions

39

associated with the production, distribution, and use of electricity. From the LCI data for electical
energy generation in the US (SimaPro 8.1, Electricity, WECC, U.S.), energy in the form of
electricity used in the DMLS system produces 64.42 kg of CO2, 95.42 g of methane, 9.21 g of
carbon monoxide, 116.88 g of nitrogen oxides, and 468.79 mg of ozone per kilogram of product.
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Figure 3.9: Global warming potential of direct metal laser sintering of iron under different time
horizons (IPCC 2013 GWP method).

Similarly, for FDM, for one kilogram of ASA material processed, 79.62 kg of CO2, 55.03 g of
carbon monoxide, 196.15 g of methane, 158.03 g of nitrogen oxides, 578.81 µg of ozone, and
220.647 g of sulphur dioxide are produced. The GWP for FDM can be attributed to the production
and processing of polymer material, and the use of electricity during polymer processing and FDM
printing.
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3.10

Summary

Additive manufacturing was analyzed as an end use of energy and resources using direct metal
laser sintering of iron metal powder and fused deposition modeling of acrylonitrile styrene acrylate
polymer as case studies. To do so, a generalized exergy analysis framework was presented and
applied. Environmental performance evaluation of products produced using the two AM systems
was performed using a cradle-to-gate life cycle analysis methodology. Cumulative exergy demand
analysis was conducted based on a system-wide resources and energy inputs. Exergy efficiency
was calculated to evaluate the quality with which the inputs to the process were utilized. From a
cradle-to-gate characterization of DMLS and its upstream processes, it was found that energy in
the form of electricity was the primary contributor to exergy demand (95%), followed by resource
extraction (5%). For the FDM system, electricity use dominated the exergy demand (91%),
followed by polymer raw material (9%). When evaluating the specific exergy (exergy per unit
mass) to process the iron metal powder in the DMLS system, only 2% of the input exergy was
attributed to material processing, while 98% of the inputs of the DMLS system were lost in the
form of bulk wastes, heat, and work.
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Figure 3.10: Global warming potential of fused deposition modeling of acrylonitrile styrene
acrylate under different time horizons (IPCC 2013 GWP method).
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Similarly, the specific exergy required to process the ASA polymer filaments was calculated to be
8% of the input exergy, while 92% of the input exergy of the FDM system are lost. The
environmental implications of these system inefficiencies were evaluated using two life cycle
impact assessment methods (ReCiPe 2008 and IPCC 2013).

Under the ReCiPe method, human health was found to be the most impactful damage type for
DMLS, for all three weighting methods evaluated. Damage to human health also dominated
damage to ecosystem quality and resource availability under the egalitarian and individualist
weighting methods for FDM. Damage to resource availability marginally dominated the other
damage types under the hierarchist perspective. Damage to human health for DMLS is attributed
to emissions from the high use of electrical energy during mining and extraction of raw material,
atomization of iron powder, and operation of DMLS equipment for sintering. The effect of these
emissions is seen in the form of climate change, increased human toxicity, and increased PM 10
formation, which result in damage to human health. The effect of different electricity mixes on the
environmental impact of DMSL product was also evaluated. It was found that Norway had the
least environmental impact across all three impact categories, followed by France and the United
States.

Similarly, for FDM, emissions associated with the production of polymer raw material using
petroleum products and the use of electrical energy during polymer processing and FDM printing
result in damage to human health due to climate change, human toxicity, and PM10 formation
impacts. The damage to resource availability for FDM can be attributed to fossil resource depletion
(99%) and metal resource depletion (1%) due to polymer production and electrical energy use.
Further, the emissions due to electrical energy use in the DMLS system are predicted to have a
GWP of 24.4-28.5 kg CO2 eq., depending on the considered timeframe, while the emissions due
to the use of petroleum in the production of polymer material and the electrical energy use in the
FDM system is predicted to have a GWP of 64.1-77.7 kg CO2 eq., depending on the considered
timeframe. The results illustrate the inefficiency with which the material and energy inputs to the
two AM systems are utilized.
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3.11

Conclusions

With the growing adoption of additive manufacturing as a mainstream option for manufacturers,
it is necessary to understand the quality of material and energy utilization in AM systems and to
find ways to improve system efficiency. A comparison of additive manufacturing with other
conventional manufacturing systems would provide a foundational baseline for system resource
utilization comparisons. Exergy analysis provides a common unit representation of a system,
allowing for comparison of additive and conventional (e.g., subtractive) manufacturing systems.
It also provides information about the true location and magnitude of losses in a system. The
current study identified the individual process stages in an AM system with low resource
utilization efficiency (exergy efficiency) which result in environmental impact. Energy use in the
form of electricity was identified as a main contributor to environmental impacts. Specifically,
AM equipment electrical energy use was found to be a major component of the total system energy
use. Thus, future studies focusing on reducing the AM equipment energy use can aid in greatly
improving overall system efficiency. In addition, the environmental impact of AM energy could
be offset by using renewable energy sources such as hydropower, nuclear, wind, and solar to power
equipment (Figure 3.8).

Also, available literature on AM process energy use have concluded that the results are largely
product specific. To leverage the benefits of expansion of the product design space through AM,
understanding the effect of part geometry and part shape complexity on AM process energy use
could be useful to improving the resource utilization efficiency compared to its traditional
counterparts. This effort has been undertaken in work by the authors to develop mathematical
models depicting the interrelationship between part design attributes and process energy use in
AM. The mathematical models can help predict process energy use in AM to support design
decision making in a manufacturing environment.
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4. ENVIRONMENTAL PERFORMANCE EVALUATION OF A FAST MASK IMAGE
PROJECTION STEREOLITHOGRAPHY PROCESS THROUGH TIME AND ENERGY
MODELING
4.1 Abstract
The emergence of additive manufacturing (AM) has potential for dramatic changes in labor
productivity and economic welfare. With the growth of additive manufacturing, understanding of
the sustainability performance of relevant technologies is required. Towards that goal, an
environmental impact assessment (EIA) approach is undertaken to evaluate an AM process. A
novel Fast MIP-SL (mask image projection stereolithography) process is investigated for the
production of six functional test parts. The materials, energy, and wastes are documented for parts
fabricated using this process. The EIA is completed for human health, ecosystem diversity, and
resource costs using the ReCiPe 2008 impact assessment method. It is noted that process energy,
in the form of electricity, is the key contributor for all three damage types. The results are used to
depict the underlying relationship between energy consumed and the environmental impact of the
process. Thus, to facilitate prediction of process energy utilization, a mathematical model relating
shape complexity and dimensional size of the part with respect to part build time and washing time
is developed. The effectiveness of this model is validated using data from real-time process energy
monitoring. This work quantifies the elemental influence of design features on AM process energy
consumption and environmental impacts. While focused on the environmental performance of the
Fast MIP-SL process, the developed approach can be extended to evaluate other AM processes,
and can encompass a triple bottom line analysis approach for sustainable design by predicting
environmental, economic, and social performance of products.

4.2 Introduction
Businesses and consumers are looking for sustainable technologies as they make purchasing
decisions today. A sustainable technology can be thought of as one that operates in a manner that
is economically viable, environmentally benign, and beneficial to society. In recent years, many
advantages of additive manufacturing (also known as 3D printing, solid freeform fabrication, and
rapid manufacturing) over traditional subtractive and formative manufacturing processes have
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been discussed at length. Subtractive manufacturing processes remove material from billets or
stock material, and formative processes require specialized materials, labor, and manufacturing
techniques to deform and shape material [7], [8]. Additive processes assemble material layer-bylayer from digital inputs of computer-aided design (CAD) models to produce final or net-shape
parts [54]. The ability to produce customizable and functional parts on demand, the elimination of
tooling, and the expansion of the product design space portends mainstream additive
manufacturing (AM) to aid in economic and social development [67]. Progress made through
research has enabled the growth of new and innovative techniques and functionally viable
products, framing layer-by-layer manufacturing processes as feasible alternatives to subtractive
and formative techniques [11].

Given that additive manufacturing enables the production of geometrically complex parts from a
wide range of materials, a tremendous advantage over traditional processes can be found in
material utilization, which is nearly one-to-one [54]. In fact, many benefits of sustainability can be
realized through additive manufacturing due to the optimization of part design, which can lead to
high-performance functional parts with minimal mass [12], [68]. The fabrication of microfluidic
heat exchangers and other micro devices using additive manufacturing can significantly reduce
material use, while also increasing the functional productivity of the products [13]. However, in
recent years, several studies have been conducted on the environmental impacts of additive
manufacturing, and their findings have been mixed [11], [67], [69]. While the advantages provided
by a reduction in material consumption, tooling, and harmful chemicals used in machining is well
known, the benefits have been tempered by findings that additive processes tend to be energy
inefficient and contain hidden wastes [8]. In reality, more efforts are required to fully understand
the breadth of sustainability factors and improve the efficiency of additive techniques [11], [70]–
[72].

The investigation herein reviews the complementary roles of sustainability and additive
manufacturing. The synergy of sustainability and additive manufacturing, the role of each in design
and their benefits for society, various indicators and factors (e.g., energy consumption), and
models for sustainability assessment of additive manufacturing are considered. This review is
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followed by an environmental assessment of a stereolithography (SL) process, called fast mask
image projection stereolithography (Fast MIP-SL), for production of parts in a more efficient
manner than traditional SL processes. The study reviews the motivations and methods, presents a
environmental impact assessment for the production of several products and discusses the results
of the assessment. Furthermore, modeling of process energy consumed based on design parameters
(shape complexity and dimensional size), part build time, and washing time within the process is
presented. The work reflects the interrelationship between process energy consumed and
environmental impact, and the model developed is validated using data from real-time process
energy monitoring. Finally, challenges and future work toward sustainable additive manufacturing
are discussed.

4.3 Sustainable Manufacturing
Sustainability is a varied conception in today’s world, and has been largely motivated as a result
of a series of environmental incidents and disasters, as well as fears from chemical contamination
and resource depletion [7], [73], [74]. According to the United Nations Brundtland Commission
Report [75], sustainable development is “development that meets the needs of the present without
compromising the ability of the future generations to meet their needs.” It has been suggested that
sustainable development is a function of three major dimensions, namely economic, social, and
environmental [5]. Further, sustainable manufacturing can be interpreted in the engineering
context [6], which requires the “design of human and industrial systems to ensure that humankinds’
use of natural resources and cycles do not lead to diminished quality of life due to either losses in
future economic opportunities or to adverse impacts on social conditions, human health, and the
environment.” Considering manufacturing systems as a business function, the U.S. Department of
Commerce [76] defined sustainable manufacturing as “the creation of manufactured products
using processes that are non-polluting, conserve energy and natural resources, and are
economically sound and safe for employees, communities, and consumers.” While these and other
definitions have been proposed for sustainable manufacturing (e.g., by Haapala et al. [7] and
Sutherland and Gunter [74]), they espouse the fundamental tenets of economic, environmental,
and social responsibility, as mentioned above for sustainable development.
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Sustainability as a systems approach requires a balance between resource consumption and waste
generation at a rate at which the environment can assimilate and reproduce nutrients and resources
[77]. For a manufacturing system to have continuous development and also constitute
sustainability, it should be considered a system where material and energy flows are in a closed
loop [7]. Thus, engineering researchers have a duty to provide advancements in manufacturing
processes, equipment, and systems, and to reduce material consumption, energy use, waste
production, and environmental impacts with a focus on simultaneous product and process design.
Herein, this perspective is presented through the case of a new additive manufacturing approach
by reviewing its sustainability performance from cradle to gate (i.e., material extraction, material
processing, and part production), in terms of environmental performance and energy consumption.

4.4 Benefits of Additive Manufacturing Systems
As defined by ASTM International [78], additive manufacturing (AM) is a process of making
objects from three-dimensional solid model data by joining materials, usually in a layer-by-layer
fashion. While the most popular applications in additive manufacturing still involve rapid
prototyping for testing the form, fit, and function of a design, the technology is growing as a
reliable method to design and manufacture functional products of value [11], [79]. A key aspect
of additive manufacturing and its future success is the ability of the technology to quickly produce
parts at high volumes and produce components customized to application- or customer-specific
needs. The layer-based process allows for the design of almost any geometry, a drastic expansion
of the previously constrained design space.

As introduced above, the benefits that make additive manufacturing advantageous compared to
traditional subtractive and formative processes are compatible with the principles of environmental
responsibility, economic growth, and social prosperity. These benefits include elimination of
tooling, the ability to manufacture complex geometries, optimized product design, increase
product functionality, and the selective placement of material only where necessary, which
contribute to a reduction in waste and an increase in process efficiency [68]. It has been shown
that the ability to update, repair, and remanufacture tooling presents opportunities for significant
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reductions in energy consumption, emissions, and costs [8]. The optimal design of products can
be exploited to increase product performance and add value through embedded functionality.
Furthermore, benefits to the supply chain can be realized through the displacement of inefficient
and detrimental production processes, improvement of supply chain flexibility, elimination of
work-in-process and stock obsolescence, compression of the supply chain, manufacturing closer
to the distribution location, and implementation of on-demand (just-in-time) manufacturing [80],
[81]. Additive manufacturing, therefore, has the potential to directly and indirectly impact the life
cycle of products by increasing affordability, longevity, and likability of products and to reduce
the burden placed on the environment by manufacturing processes [10], [82], [83].

One of the technical barriers to the adoption of additive manufacturing for finished product
production is incomplete integration of homogenous design with heterogeneous CAD and closedloop additive manufacturing [11], [12]. This integration would promote social and environmental
responsibility by enhancing the desirability of designed products that are unlimited by the
traditional materials selection and geometric definition approach. Thus, sustainable design and
manufacturing principles are applied herein to elucidate the environmental performance of the
newly developed Fast MIP-SL process through a life cycle impact assessment (LCIA) approach.

Diegel et al. [33] described sustainable design as “design which aims to achieve triple-bottom line
ideals by striving to produce products that minimize their detriment to the environment while, at
the same time, achieving acceptable economic benefits to the company and, wherever possible,
having a positive impact on society.” As highlighted above, additive manufacturing presents
numerous opportunities that have the potential to benefit the environmentally responsible design
of products. Many products are not manufactured to their optimal geometry, and utilize extraneous
materials required by casting/molding, forming, and machining processes [8]. Material use can be
reduced while maintaining functional performance through the optimization of product design to
lattice or honeycomb structures – which are only possible through AM processes [11], [68]. Zhang
et al. [84] proposed a design optimization strategy for variable density hexagonal cellular
structures. The research related cellular structures with continuous micromechanics models and
achieves efficiency through continuous topology optimization strategy. In addition to reduced
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material use, these lighter weight products can reduce carbon emissions over a product’s life cycle
by reducing the energy needed to transport and convey the product. Thus, the optimal design of
products, which is usually constrained by traditional manufacturing techniques, can be exploited
to increase product performance and add value through embedded functionality.

Research in sustainable product design has usually focused on lowering the environmental impacts
of material, resource, and energy use, while it often ignores understanding “design quality” as a
method to maximize product longevity [33], [83], [85]. The trade-offs between optimal design and
manufacturability of a product, and the trade-offs between custom fit and characteristics of largescale enterprise focused on process and cost efficiency can negatively impact design quality and,
consequently, longevity. Diegel et al. argued that additive manufacturing has the potential to
address both of these factors and is, therefore, an effective tool to enable sustainable product design
[33]. Since environmental impact assessment requires broad, comprehensive analysis, the
environmental performance of various designs is explored in the next section by examining a set
of products with different geometries and shape complexities, including simple 2.5 dimensional,
shell, and multi-scale structures with fine features.

4.5 Environmental Performance Evaluation of Additive Manufacturing
Despite the demonstrated success of additive manufacturing, environmental impact assessment is
a challenging but necessary task [86]. In particular, the joint efforts of design and manufacturing
engineers with environmental scientists are essential in understanding the fundamental
environmental impacts of newer technologies and materials. Evaluation of the extent of the impact
of these processes and their resulting products is required to define regulations and the spatial
distribution that will enable the control and prevention of the potential harm, along with estimates
of the cost required to deal with related issues.

Environmental impact assessment of additive manufacturing is limited in literature. One study,
conducted by Luo et al. [71], proposed a method for evaluating the environmental performance by
dividing the AM process into individual elements (i.e., material preparation, energy consumption,
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material toxicity, and waste disposal). Each element was considered within the various life stages
to cope with process complexity [71]. Their method was demonstrated for a stereolithography (SL)
process with focus on the energy consumption rate (ECR), which is the amount of energy
consumed per unit mass of material used. The environmental impact was calculated as the ECR
multiplied by an electricity consumption factor (0.57 mPts/kWh), and comparisons were made for
three different equipment models used for the SL process [87]. Even though the underpinning
method is LCA (life cycle assessment), analysis fails to account for potential toxicological health
and environmental impacts that can occur from handling, use, and disposal of photo resin
materials. This is simply because the toxicity and environmental impacts of many AM materials
and chemical solvents used for their removal have not been identified to date [86]. The available
safety data sheets (SDS) are limited to older generation, epoxy resin materials. The majority of
these data recognize that severe eye and skin irritation and possible allergic skin reactions might
occur as a result of handling or inhaling vapor from those materials [86].

In addition to photopolymer resins, information about the chemical solvents used for the removal
of excess resin on the products is unknown. Data about environmental mobility (air, water, and
soil) is unavailable [88]. Similarly, data on human toxicity is limited [86]. Another important issue
that needs to be addressed relates to the impacts and consequences of energy consumption of these
processes, as discussed in the next section.

4.6 Energy Consumption in Additive Manufacturing
Energy generation and industrial activity contribute significantly to the overall emission of
greenhouse gases, which are thought to be the key driver of global warming [72]. The reduction
of energy consumption in manufacturing is vital to limiting the overall emission of greenhouse
gases. Additive manufacturing allows the production of multiple components in a parallel manner,
without the need for tooling [89], [90]. The single-step nature of additive manufacturing provides
transparency to the energy utilized in the process. However, additive manufacturing has several
drawbacks in terms of product quality, processing speed, and cost [86], [89]. From the perspective
of energy consumption, AM processes are usually not as efficient as conventional manufacturing
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processes [91]. Equipment often has peripheral devices; thus, basic power consumption and
processing time are the two main considerations in energy consumption calculations [86].

AM processes involve the construction of a part that may consist of thousands of layers, and each
may take several minutes to complete. Thus, production may require significantly more time than
conventional manufacturing processes. Additive manufacturing requires a significant amount of
energy; thus, energy consumed per volume of material is high [92]. The Advanced Manufacturing
Office of the U.S. Department of Energy, however, has suggested that additive manufacturing
saves energy by eliminating distributed manufacturing processes and material waste [37]. Since
energy savings are product-specific and vary extensively, it is not possible to map the energy
utilization of the entire additive manufacturing sector, and this conclusion cannot be generalized
[93].

Previous studies suggested that there may be an increase in ECR as productivity increases [27],
[71], [72], [94]. In SL processes, this effect is related to the solidification rate of the raw materials
[77]. It is seen that additive manufacturing provides an advantage for large build volumes, as well
as faster build rates for products having a small number of parts [95]. However, AM processes are
inefficient compared to conventional processes, and therefore, the optimization of energy
consumption in additive manufacturing is essential in order to reduce environmental impact [8].
Translating process parameter behavior into a process model can reduce variability in the process
and help control energy consumption. To achieve that goal, mapping the interrelationships of
process energy consumption with environmental performance metrics, e.g., through energy
modeling, is required. As described in the next section, environmental modeling and impact
assessment can provide an indication of the broader ramifications of materials and energy use.
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4.7 Environmental Modeling of Additive Manufacturing
Until recently, little effort has been invested in the development of environmental models
representing the life cycle of additively manufactured products. In the 2009 Roadmap for Additive
Manufacturing, Bourell et al. [11] stated that achieving important additive manufacturing
sustainability goals will require a total life cycle analysis and a comprehensive sustainability
evaluation of each additive manufacturing process. This includes analysis of four life cycle stages:
pre-manufacturing, manufacturing, use, and post-use. It is also imperative to ensure the
development of DFSAM (Design for Sustainable Additive Manufacturing) [70]. As defined by
Rosen [96], Design for Additive Manufacturing (DFAM) is the “synthesis of shapes, sizes,
geometric meso-structures, and material compositions and microstructures to best utilize
manufacturing process capabilities to achieve desired performance and other life-cycle
objectives.” DFSAM was developed in the context of sustainability [70]. It includes both DFAM
and environmental impact assessment in the development of products and processes. This merging
is critical, as innovative product design and manufacturing activities in the coming century will
require the integration of life cycle data and sustainable design principles for the improvement of
products and processes [11]. This integration will be enabled through material, process, and system
modeling approaches.

In the past decade, models have begun to emerge for assessment, prediction, and optimization of
environmental impacts and efficiency of AM processes. For instance, Bourhis et al. [70] proposed
a new LCA-based methodology to evaluate the environmental impact of a part from its CAD model
for a direct metal deposition process. The process model is based on electricity, fluid, and material
consumption, unlike previous energy-only assessments [67], [71], [92], [94]. Through predictive
modeling of process inputs, the work aims to minimize consumption of all material and energy
fluxes during manufacturing by integrating the model into design activities [97]. The process
model enables environmental evaluation of different manufacturing strategies for the same part,
based on the CAD model.
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Verma and Rai [98] proposed another modeling approach based on multi-step optimization to
enable material and energy efficiency of AM technology. The approach aims to minimize material
waste and energy consumption for finished parts as well as on a layer-by-layer basis. A process
model was formulated for selective laser sintering (SLS), and it was claimed to be easily
extendable to other AM processes. The proposed approach is generic and does not appear to require
part geometry data, e.g., complexity, curvature, or feature identification. Model development and
experimental analysis demonstrated the ability of the proposed optimization techniques to define
manufacturing process plans and compete with current layer-by-layer slicing approaches.

Faludi et al. [69] used LCA to conduct a comprehensive comparison of subtractive and additive
manufacturing processes exploring the types of ecological impacts and their sources for the two
manufacturing approaches. The study compared fused deposition modeling (FDM), inkjet
printing, and CNC (computer numerically controlled) machining of polymeric materials. In order
to conduct a fair comparison, part production was modeled on a part-per-year basis, which was
then followed by a calculation of ecological impacts. The comprehensive cradle-to-grave study
found that it cannot be unconditionally stated that AM technology has an environmental impact
advantage over subtractive processes, specifically in terms of material waste or energy
consumption. The relative impact of AM processes depends primarily on machine utilization,
therefore the best strategy for enhancing environmental performance is to have the fewest number
of machines, each running the most jobs possible [69].

In spite of these efforts, a more comprehensive understanding has not emerged to assist designers
from a DFSAM perspective during early phases of design. In particular, design decision making
greatly influences additive manufacturing product cost, performance, and environmental impact
[12], [99]. Hence, fundamental relationships that relate design attributes and AM process
parameters to product environmental performance would greatly facilitate sustainable design. The
following section explores this direction further by focusing on the environmental performance of
a newly developed process, termed fast mask image projection stereolithography (Fast MIP-SL).

54

4.8 Environmental Impact Assessment of a Novel Mask Image Projection Stereolithography
As iterated above, the rapid pace of advancements in AM technologies necessitates environmental
impact assessment to ensure their responsible development. Given the potential of these
technologies to enhance environmentally responsible manufacturing and economic development
across the world, engineering research should investigate the relative environmental impacts of
these technologies. Thus, this study aims to conduct an environmental impact assessment of the
novel Fast MIP-SL process presented in the section below using an LCIA approach.

4.8.1

Mask Image Projection Stereolithography (MIP-SL) Process

Stereolithography (SL) was the first commercialized AM technology. Currently, mask image
projection stereolithography (MIP-SL), also known as digital light projection (DLP)
stereolithography, is one of the most commonly used AM technologies. SL uses light to solidify
liquid photopolymer resin one layer at a time. In the MIP-SL process, light is patterned using a
digital micromirror device (DMD) as a digital mask image to selectively cure the liquid
photopolymer resin. A DMD is a micro-electromechanical system (MEMS) device that enables
simultaneous control of ~1 million small mirrors to turn pixels on or off at over 5 kHz. An
illustration of the DMD chip and its use in a Fast MIP-SL system is shown in Figure 4.1.

Similar to other AM technologies, a typical MIP-SL process starts with a CAD model, which is
then sliced into two-dimensional (2D) layers with a certain layer thickness. Each resulting slice is
stored as a bitmap to be displayed on the dynamic mask. The light radiation reflected by the “on”
micro-mirrors projects the sliced bitmap image onto the resin surface to cure a layer. An automated
vertical (Z) stage is used to raise the platform in a resin vat. The technology addresses the need to
develop AM machines with higher throughput [11]. To improve build speed, a Fast MIP-SL
process was developed and demonstrated [100], while mask image planning to control deformation
in the process has recently been investigated [101].
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Figure 4.1: Fast Mask Image Projection Stereolithography (Fast MIP-SL) system.

In Fast MIP-SL, a two-way movement separation mechanism was developed and adopted for the
first time. In particular, a PDMS (polydimethylsiloxane) film coating was applied to the bottom
surface of the resin vat, and additional sliding motion of the build platform is enabled in the
horizontal (X) direction. The PDMS coating and the two-way movement design significantly
reduced separation time between cured layers and the resin tank, and, hence, reduced total build
time. Stage movement is performed quickly to separate the newly cured layers from the bottom of
the tank, followed by recoating the bottom layer to maintain a uniform and thin liquid resin layer.
The Fast MIP-SL process demonstrated the capability to significantly shorten build time without
affecting part quality. Thus, an assessment of the relative performance of the Fast MIP-SL on an
environmental impact basis is desired. The approach for conducting the assessment is presented
below.

First, production of six parts (Figure 4.2) with different shape complexities was used in testing the
performance of the approach [102]. Two different layer thicknesses commonly used in the MIPSL process were also tested. A 50 μm layer thickness was used in the production of a gear model
(Figure 2a). For all other models (Figures 2b-f), a 100 μm layer thickness was utilized during
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production. The mask image projection time was 0.35 s for each layer, except for the base. The
projection waiting time was set at 0.1 s. Due to larger layer thickness, longer image exposure and
projection waiting times (0.45 s and 0.3 s, respectively) were used for the gear. Accordingly, the
platform (Z-axis) movement also took more time – 0.32 s and 0.42 s, for 50 μm and 100 μm layer
thicknesses, respectively.

Figure 4.2: Parts manufactured using MIP-SL process: (a) gear, (b) head, (c) statue, (d) shell,
(e) teeth, and (f) brush.

A relatively short waiting time was adopted after sliding movement in the X-direction. To obtain
good surface quality, it is critical that the small gap is filled completely with still liquid resin before
curing. Therefore, a shorter waiting time (50 ms) was used for parts with smaller cross-sectional
areas, while a longer time (100 ms) was used for parts with larger cross-sectional areas. In addition,
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two types of resins, SI 500 and Acryl R5 (Envisiontec Inc.), with different curing characteristics
were tested. For the same layer thickness, the curing of Acryl R5 took about 0.1 s longer than SI
500 [103], [104]. Based on the similarities in chemistry and build time for both resins, only SI 500
was considered for the environmental impact assessment.

4.8.2

Environmental Impact Assessment

An environmental impact assessment using an LCIA approach was conducted for the six part
designs shown in Figure 4.2. The functional unit for the analysis was 1000 units of each
manufactured part (to represent production at scale). Environmental impacts were assessed for
each part, including materials, energy involved in the process, and generated waste. The life cycle
inventory (LCI) was developed with reference to a study by Luo et al. [10], who analyzed the
environmental performance of stereolithography (SL) as a rapid prototyping process. The inputs
for the process include resin (Perfactory SI500) for part fabrication, ethoxylated alcohol for
cleaning, and electrical energy for processing. Outputs include the finished part and generated
waste. In order to measure energy consumed in the process, real time process energy monitoring
was performed using a Fluke 435 Series II three-phase power quality and energy analyzer with
four 6kA flex connectors (Fluke Inc., Everett, WA) [105]. Also, Fluke-80i-110S AC/DC (0.5100A DC-1kHz/20kHz, 0.46”) current probes were used to match the AM machine specifications
[106]. Relevant LCI data for the analysis, including energy consumption, mass of the fabricated
objects, build times, and material waste, are shown in Table 4.1.

To determine the environmental impacts of the process, the ReCiPe 2008 LCIA method with
World ReCiPe H/A weighting was selected because of its categorization of impacts [63]. The
impact categories were addressed at the endpoint level, with three indicators: damage to human
health, damage to ecosystems diversity, and damage to resource costs. In this research, the
hierarchist perspective was applied, which is based on the most common policy principles with
regard to timeframe and other issues [47]. LCI data were imported to LCA software (SimaPro 8.1),
which generated the relative environmental impact results presented below (Figure 4.3). It is seen
that production of the gear has the lowest impact, while the greatest environmental impact can be
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attributed to the shell. However, upon analyzing the environmental impact of the manufactured
parts without taking into account post-processing, it is seen that the brush, which has the lowest
mass and second shortest build time, has the lowest impact, while the head, which has the greatest
mass and longest build time, contributes the highest environmental impact (Figure 4.3).

Table 4.1: Fast MIP-SL process data for environmental impact assessment of selected parts.
Gear

Head

Statue

Shell

Brush

Teeth

Mass (g)

1.10

7.38

1.17

1.19

0.38

0.72

Build time (min.)

2.31

11.26

9.86

6.24

2.25

2.04

Material waste

0.15

0.22

0.38

0.35

0.09

0.21

0.0179

0.0873

0.0764

0.0484

0.0174

0.0158

0.4147

1.3109

2.7007

2.8763

0.6058

1.8572

(g)
MIP-SL process
energy (kWh)
Total energy w/
post-processing
(kWh)

The distribution of environmental impacts for different process stages involved in the production
of the shell (with post-processing) and head (without post-processing) parts are displayed in Figure
4.3 and Figure 4.4, respectively, in order to identify and understand the influence of individual
process stages on the environmental impact of the parts. The impact distribution was similar for
other parts under analysis. From Figure 4.5, it can be seen that impacts for the shell are primarily
attributed to total energy use (Fast MIP-SL process energy use and post-processing energy use),
with negligible impacts attributed to production of resin and wastes.
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Figure 4.3: Environmental impacts of each fabricated part with post-processing (Method: ReCiPe
Endpoint (H) V1.03/World ReCiPe H/A, Functional Unit = 1000 parts).

Energy use remains a dominant impact factor for the head (Figure 4.6), however, the production
of the resin is also responsible for significant environmental impacts, due to proportionately lower
MIP-SL machine energy requirements.

4.9 Energy Modeling for Fast MIP-SL Process
The total energy consumed in part production is proportional to the total time consumed per part
manufactured using the Fast MIP-SL process (Figure 4.7). From the figure, it can be seen that
machine energy use varies linearly (y=0.454x, R2=1) with build time (tb). It can also be seen that
the head, which exhibited the longest build time and environmental impacts, requires the most
machine energy, while the teeth, which had the shortest build time, used the least amount of energy.
The total energy consumed (ET) is the sum of machine energy use (EM) and post-processing energy
(EP), as shown in Eq. 4.1.
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ET =EM +EP
(4.1)

From Figure 4.8, it is seen that post-processing energy (EP) also varies linearly (y=2.9959x, R2=1)
with post-processing time (tp). The shell, which exhibited the longest post processing time due to
its shape complexity, requires the most energy, while the gear part which exhibited the least post
processing time, requires the least energy.
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Figure 4.4: Environmental impacts of each fabricated part without post-processing (Method:
ReCiPe Endpoint (H) V1.03/World ReCiPe H/A, Functional Unit = 1000 parts).

Hence, the relationship between total energy use and total time consumed per part can be
formulated as a linear function.
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Figure 4.5: Relative environmental impacts of the shell part (Method: ReCiPe Endpoint (H)
V1.03/World ReCiPe H/A, Functional Unit = 1000 parts).

To calculate machine energy and post-processing energy, modeling build time and post-processing
time per part is necessary.

4.10

Part Build Time and Post-Processing Time

The part build time for the Fast MIP-SL process is the sum of projection time (tp) and axestranslation time (ta), as shown in Eq. 4.2.
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Figure 4.6: Relative environmental impacts of the head part without post-processing (Method:
ReCiPe Endpoint (H) V1.03/World ReCiPe H/A, Functional Unit = 1000 parts).

The projector time is the total time taken to project the mask images of all layers of the part. The
axes translation time is the total time taken for the translation stages (X-stage and Z-stage)
throughout the build of the part.

t b =t p +t a
(4.2)

The projection time is dependent upon the total number of layers (i), which is defined by the part
height (h) and layer thickness (lt), as shown in Eq. 4.3, which can be obtained from the 3D CAD
model and process information.

i= z⁄lt
(4.3)
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The translation time of the axes is dependent upon the part dimensional size, which can be obtained
from the 3D CAD model. To model the Z-stage and X-stage translation movement for layers of
varying cross-sections, the triangle number (z) of the 3D CAD model can be represented as a
dependent variable. The triangle number is obtained from triangulation of the part design, which
is a technique wherein measurement of a network of triangles can be used to determine the
distances and relative positions of points spread over a layer [107]. The triangle number can be
used to determine the distances moved by the translation stages when building each layer of the
part. Hence, by fitting a cubic polynomial curve with the total height of the part and triangle
number, a model for part build time can be developed for the Fast MIP-SL process (Eq. 4.4).

t b =7.094Ε-4z 2 -0.2562z+2.1246Ε-15n3 -2.9381Ε-9n2 +3.2948Ε-4n+20.3956
(4.4)

Post-processing time is calculated as the time required to wash the fabricated part in a washing
station. From experimentation, it is found that post-processing time varies as a function of shape
complexity and dimensional size.

Design data required for modeling post-processing time is represented in Table 3. Based on various
part design conditions, an index number can be calculated to represent the shape complexity (SC)
of each part. The index is given a value based on the sum of four design criteria:
a) Configuration: If the part design is 2.5D, SC = 0, and if the part design is 3D, SC = 1.
b) Aspect ratio: If height (z)/smallest cross-sectional size is < 10, SC = 0, else SC = 1.
c) Feature scale ratio: If triangle number (n)/volume is < 5000, SC = 0, else Sc = 1.
d) Internal features: If part has long, small channels or holes, SC = 1, else SC = 0.
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Figure 4.7: Variation of Fast MIP-SL machine energy consumed with respect to build time for
the fabricated parts.

Using the shape complexity index, the post-processing time (tp) can be formulated as (Eq. 4.5):

t p =𝑡𝑏𝑎𝑠𝑒 +SC (𝑡𝑏𝑎𝑠𝑒 + 𝐾1 𝑡𝑏𝑎𝑠𝑒 ×( A⁄A )+ 𝐾2 Ni + 𝐾3 Ai )
b

(4.5)

where, tbase= base time required to wash the part (dependent on operator’s skill level)
A = part outside surface area (m2)
Ab = base outside surface area (m2)
Ni = number of internal channels
Ai = internal face surface area (m2)
K1, K2, K3 = degree of difficulty in washing, as defined below:
If Sc  1, K1 = 1, else K1 = 0.
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If Sc  2, K2 = 1, else K2 = 0.
If Sc  3, K3 = 1, else K3 = 0.

Thus, from Eqs. 4.4 and 4.5, total time (tT=tb+tp) for manufacturing a part using the Fast MIP-SL
process can be calculated. Using the equations developed above for build time and post-processing,
the total energy (ET) required by the process can be calculated as,

ET =t b ×PM +t p ×PP
(4.6)

The total energy consumed in the process can be calculated using Eq. 4.6.
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Figure 4.8: Variation of post processing energy with respect to post processing time for the
fabricated parts.
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The accuracy of the calculated results is validated by comparing the calculated total energy of the
process, and the measured total energy of the process with total time in Figure 4.9.

The recorded time values obtained from the additive manufacturing software, and the energy
values measured using a power quality analyzer are displayed in Table 4.2. Figure 4.9 shows the
variation of the proposed model from real-time data obtained from the experiments. Calculated
energy values for individual parts manufactured along with the measured energy values for the
parts are represented against the total time of the process. A squared error of 0.015 is present
between the calculated and measured total energy values.

Table 4.2: Part design data for build time modeling.

Part
Gear
Head
Statue
Teeth
Shell
Brush

Configration
2.5D
3D
3D
3D
3D
2.5D

Part
Volume
(mm3)
1002.2
6706.8
1063.5
652.2
1077.9
349.0

Triangle
Number
(z)
660
24190
5204
133806
32762
1259246

Feature
Scale
Ratio
0.66
3.61
4.89
205.16
30.39
3607.70

Smallest
Cross
Section
(mm2)
5.080
25.400
24.536
0.508
0.508
1.27

Height
(mm)
4.93
28.49
30.56
7.31
22.30
8.36

Aspect
Ratio
0.97
1.12
1.25
14.38
43.90
6.58

Internal
Features
1
0
0
0
1
1

Shape
complexity
(Sc)
1
2
2
3
3
1

The low error value between the calculated and measured energy values provides model
verification proving that correct parameters are modeled, and the model has been accurately
developed and implemented.

4.11

Conclusions

The current work evaluated the environmental performance of a novel Fast MIP-SL process, and
identified energy as the dominant impact factor. Energy modeling and time modeling approaches
were used to identify the interdependency of AM part design attributes and process energy
consumption. It is noted that translating the design and process parameter behavior into a process
model can reduce process variations and help control process energy consumption from the part
design stage. The environmental performance was evaluated using a life cycle impact assessment
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(LCIA) method. The process was modeled from material production through waste disposal to
obtain life cycle inventory (LCI) data. The LCIA was performed within SimaPro 8.1 software for
the modeled process using the ReCiPe 2008 method.

Total process energy consumed (kWh)
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Figure 4.9: Total calculated and measure energy consumed with respect to total time for each
part produced using Fast MIP-SL.

The environmental performance study elucidated the effects of material, energy, and wastes in the
Fast MIP-SL process with respect to damage to human health, ecosystem quality, and resource
depletion. Energy, identified as the most impactful factor, was also modeled. Models for
calculation of total process time (part build time and post-processing time) and process energy
were developed using design data, from the 3D CAD model, and machine specifications. The
models were validated using real-time energy values measured using a power quality analyzer. It
was seen that the time values calculated using the models have a negligible variation from the time
values obtained from additive manufacturing software application output, while calculated and
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measured energy values have low variation. The small error (squared error of 0.015) verifies and
validates model accuracy and resemblance to the real-world situation.

These process models can aid in predicting and controlling the process time and energy consumed
for different designs. This understanding can promote social, economic, and environmental
responsibility through informed design decision making. With design information being the main
input to process planning, robust decision making can reduce/eliminate changes in build, planning,
and monitoring strategies for the process. Hence, variation in product quality can be controlled
with proper planning and efficient process implementation, thereby increasing product desirability.
The developed models can also be used to reduce or eliminate undesirable processing time and
energy costs associated with uninformed design decision making by allowing designers to navigate
the interrelationships among 3D CAD model data and energy.

Although this study evaluates the key sources of environmental impacts for the Fast MIP-SL
process, the LCIA conducted highlights several concerns. The presented approaches cannot be
easily extended to the evaluation of other AM processes due to a myriad of technology innovations
and the variability in the parameters (process and material) associated with these technologies. The
results of future studies of the SL process would be strengthened by examining more products with
varying shape complexity to obtain more data and improve the accuracy and functionality of the
developed models. Also, a comparison of the SL process with similar AM processes would aid in
defining a foundational baseline for product and process sustainability comparisons. This would
also help develop generalized energy and build time models for AM processes. Defining this
information will enable engineers to suggest improvements to products and processes, enabling
more sustainable additive manufacturing.
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Nomenclature

AM

Additive Manufacturing

ASTM

American Society for Testing and Materials

CAD

Computer Aided Design

CNC

Computer Numerical Control

DFAM

Design for Additive Manufacturing

DFSAM

Design for Sustainable Additive Manufacturing

DMD

Digital Micromirror Device

ECR

Energy Consumption Rate

EIA

Environmental Impact Assessment

FDM

Fusion Deposition Modeling

LCA

Life Cycle Analysis

LCI

Life Cycle Inventory

LCIA

Life Cycle Impact Assessment

MIP-SL

Mask Image Projection Stereolithography

MSDS

Material Safety Data Sheet

PDMS

Polydimethylsiloxane

SETAC

Society of Environmental Toxicology and Chemistry

SL

Stereolithography

STL

Surface Tessellation File
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A

Part Outside Surface Area (m2)

Ab

Base Outside Surface Area (m2)

Ai

Internal Face Surface Area (m2)

EM

Machine Energy (kWh)

EP

Post-processing Energy (kWh)

ET

Total Process Energy (kWh)

i

Total Number of Layers

lt

Layer Thickness (mm)

n

Number of layers

Ni

Number of Internal Channels

PM

Rated Power of MIP-SL Machine

PP

Rated Power of Post-processing setup

SC

Shape Complexity

ta

Axes Translation Time (s)

tb

Part Build Time (s)

tbase

Base Time for Washing the Part (s)

tp

Projector Time (s)

tpp

Post-processing Time (s)

z

Triangle number
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5. DEVELOPMENT OF DESIGN DECISION SUPPORT TOOL FOR REDUCING ENERGY USE
IN ADDITIVE MANUFACTURING
5.1 Abstract

Additive manufacturing (AM) offers significant benefits for a range of applications in many
industries due to the ability to produce customizable and functional parts on demand, the
elimination of tooling, and the expansion of the product design space. To ensure industrial energy
efficiency with the growth of additive manufacturing, informed design and manufacturing decision
making tools require integrated product and process data and information. Towards that goal, a
decision support tool is developed to provide engineers with insight into the energy efficiency and
costs of using various AM processes to produce different product designs. Energy and cost models
were developed for three process technologies namely, fused deposition modeling (FDM), direct
metal laser sintering (DMLS), and direct metal deposition (DMD). Each process was modeled
based on product and process design information to predict build time. A regression model and
deep neural network based model were developed for the FDM process using product design
information and processing data from 80 test parts. Partial differential equations were used to
theoretically model direct metal laser sintering and direct metal deposition process energy and
cost. The mathematical models were organized in Microsoft Excel spreadsheets that accept product
and process information as inputs to solve the mathematical models and estimate build time,
process energy, and production cost of the product analyzed. The use of the analysis tool is
demonstrated for the evaluation of fused deposition modeling for production of six test parts.

5.2 Introduction
With growing concerns over sustainability issues, such as climate change, environmental
degradation, public health, and food security, sustainable manufacturing has become an
unprecedented global priority [108], [109]. Sustainable manufacturing is defined as the “creation
of manufactured products through economically-sound processes that minimize negative
environmental impacts while conserving energy and natural resources” [110]. It involves the
complex integration of product design, manufacturing, environment, economy, and society [7].
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The concept of sustainable manufacturing encompasses two main ideologies, namely, 1) the
manufacturing of sustainable products and 2) the sustainable manufacturing of products. The
former relates to manufacturing of products that are safe, material, energy, and cost efficient, and
functionally competent, while the latter refers to manufacturing that accounts for and mitigates the
holistic impacts of a product using life cycle product and process information. Thus, when
implementing sustainable manufacturing, integration of principles such as green design, design for
environment, and design for manufacturing coupled with development of tools and resources for
informed decision making is crucial [109].

Major technological and industrial advancements in manufacturing (e.g., additive manufacturing,
cloud computing, nano-manufacturing, and advanced materials) have brought about great
paradigm shifts in the way products are designed and manufactured. AM offers significant benefits
for a range of applications in many industries due to the ability to produce customizable and
functional parts on demand through the expansion of the product design space [33], [111], [112].
It helps reduce process waste through the elimination of tooling and the displacement of inefficient
and detrimental production processes [113], [114]. AM also improves supply chain flexibility,
eliminates work-in-process and stock obsolescence, compresses the supply chain, by allowing for
manufacturing closer to the distribution location, as well as implementing on-demand (just-intime) manufacturing [115]–[118]. AM process research has enabled the growth of innovative
techniques and functional products, framing AM as feasible alternative to subtractive and
formative techniques [11]. With the growing adoption of AM technology, coupled with the infancy
of the sector, ensuring efficient AM through design and manufacturing decision making tools
informed by life cycle product and process data is warranted. Towards that goal, the research
herein advances sustainable design for additive manufacturing through the development of a
design decision support tool to evaluate the build time, process energy use, and production cost of
AM for creating functional products.

The paper is organized to explain the modeling of three additive manufacturing processes, namely,
fused deposition modeling (FDM), direct metal laser sintering (DMLS), and direct metal
deposition (DMD). The developed models are then organized into M.S Excel worksheets which
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capture the design and manufacturing information to evaluate the build time, energy use, and
production cost of the input part designs. The evaluation of time, energy use and cost of producing
six test products using FDM are demonstrated using the developed tool.

5.3 Sustainable Design through Additive Manufacturing
Diegel et al. [33] describes sustainable design as “design which aims to achieve triple-bottom line
ideals by striving to produce products that minimize their detriment to the environment while, at
the same time, achieving acceptable economic benefits to the company and, wherever possible,
having a positive impact on society.” In traditional manufacturing, product design is constrained
by the rules of design for manufacturing (DFM) and rules of design for assembly (DFA). Due to
process constraints, many products are not manufactured to their optimal geometry; extraneous
material use is required, e.g., by casting, molding, forming, and machining processes [119]. For
example, injection molded parts must be removed from the die and, so, are designed with a draft
for ease of removal which can lead to greater material use [33]. Injection molding also requires
extra material to be processed to feed the part (gating and runners).

As highlighted above, additive manufacturing presents numerous opportunities that have the
potential to benefit the sustainable design of products. Since additive manufacturing can produce
a range of geometrically complex shapes untethered from traditional manufacturing constraints,
product designs are not constrained by traditional DFM and DFA requirements [120]. Hence, more
sustainable designs can be realized, including designs that enable more efficient manufacturing,
e.g., hybrid manufacturing (coupling additive and subtractive processes in a single machine). This
can lead to decreased environmental burdens compared to subtractive manufacturing [120].
Further, additive manufacturing enables extensive customization of products exactly to customer
specifications [121], which potentially increases product desirability and, subsequently,
maximizes the resulting customer satisfaction and feelings of attachment [122]. Ultimately,
enhanced customer attachment can impact product longevity and positively impact the
sustainability of products and their supply chain [123], [124]. Longevity refers to extending the
useful life of a product [125].
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Sustainable product design research often focuses on aspects that will reduce the environmental
impacts of material, resource, and energy use to maximize product longevity [33], [123], [124].
However, certain trade-offs exist such as, those between creating an optimal design for a product
and ensuring the optimal manufacturability of a product, or the trade-offs between custom
production and large-scale production focused on process and cost efficiency, which can impact
design quality and product longevity. Topology optimization can potentially solve material
distribution problems to generate optimal part geometries [126], which can take advantage of the
design freedom enabled by additive manufacturing. Importantly, this increased shape complexity
may not have a significant effect on the cost of the additive manufacturing process or the finished
good [126]. Maheshwaraa et al. [127] showed that topology optimization resulted in improvement
of the maximum surface deflection of a UAV wing, compared with a non-optimized structure.
Others have shown environmental performance improvement through topology optimization, e.g.,
reduced carbon impact through reduced vehicle weight [126], [128], [129]. Thus, environmental
impacts are dependent on design decisions made using detailed and accurate information about the
processes and activities taking place across the product life cycle. The next sections describe how
additive manufacturing processes can be modeled to facilitate sustainability assessment.

5.4 Process Modeling of Additive Manufacturing
Process models were developed under this research for three additive manufacturing processes
(FDM, DMLS, and DMD) to evaluate processing time, energy, and cost using product design
attributes and manufacturing process parameters. The models bridge the gap between the design
and manufacturing parameters for the product to enable evaluation of the process. FDM process
build time, process energy use, and production cost are empirically modeled using two
methodologies, namely, stepwise regression analysis and deep neural networks (DNN). The
DMLS and DMD processes are modeled based on available literature on laser sintering and laser
deposition processes using partial differential equations to mathematically represent the multiphysical laser-powder interactions.
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5.5 Regression Model for Fused Deposition Modeling
FDM produces parts by heating polymer filament, and then extrudes the semi-liquid polymer in a
layer-by-layer method [121]. FDM equipment consists of a single or multiple print heads (nozzles),
a heating mechanism, and a print bed. The process begins with a solid tessellated (STL) computeraided design (CAD) model of the part to be produced, sliced into multiple cross-sectional layers
in a rapid prototyping (RP) software, and sent to the machine. The semi-liquid polymer filament
is extruded from the print heads onto a build plate based on layer profile information from the RP
software. FDM process energy and cost are modeled by estimating the build time and postprocessing time for printing a part. Eighty test parts were designed to acquire build time estimates
for various part geometries (or complexities). Real-time machine energy consumption during
production of test parts was measured using ONSET HOBO 4-channel analog dataloggers coupled
with three 10-100 amp split-core AC current transistors (CT) for the three phases (L1, L2, and L3)
of the FDM input power [130], [131]. Figure 5.1 illustrates the energy monitoring setup used for
the study.

To support modeling, part design attributes and process parameter data were recorded for the 80
test parts. Design attributes included the volume, surface area, and height of the test parts, as well
as the triangle number, which were identified and recorded from the CAD models. Similarly,
process information, such as part build time, volume of support material, raster fill angle, and raster
fill width, were recorded for the test parts using the processing information from the RP software.
During an FDM print job, the printer initially prints the part surface contours of a layer using the
tool path information, and then fills the interior of the printed contour layer using a back and forth
motion of the nozzle at a prescribed raster fill width and raster fill angle.
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Figure 5.1: Schematic of the real-time energy monitoring setup.

The product design attributes and process parameters chosen for the study were based on existing
literature for build time estimation of additive manufacturing [29], [132]. Correlation analysis is a
statistical method used to study the association between two variables [133]. Using a correlation
analysis, the most significant model parameters that affect part build time were identified to be
part volume, volume of support material, part surface area, part height, and triangle number [29],
[132]. Upon identifying these as the most significant model parameters, data analysis software
(Statgraphics) was used to develop a mathematical regression equation for process build time using
multiple regression analysis.

Multiple regression analysis is a statistical method that is useful for analyzing two or more
independent variables and their effects on a dependent variable [134]. Multiple regression analysis
includes standard, hierarchical, and stepwise approaches:
a) Standard regression analysis: This method is used to identify the contribution of each predictor
variable to the predicted variable. In standard regression analysis, all the predictor variables
are included in the regression equation of the predicted variable.
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b) Hierarchical regression analysis: This method allows the user to specify a fixed order of entry
for the predictor variables to control for the effects of variance, or to test the effects of certain
predictors, independent of the influence of others.
c) Stepwise regression analysis: This method is used to accurately identify the best combination
of the independent predictor variables required to predict the dependent variable. In the
stepwise regression procedure, the final model is built from a set of candidate predictor
variables by adding or removing predictors until there is not any justifiable reason to add or
remove more predictors. Therefore, the final model will include the variables which have the
most impact on the predicted variable.

The correlation analysis showed that the strength of relationships between the build time and each
design attribute and process parameter chosen varied. Thus, the statistically meaningful predictor
variables could best be identified using stepwise regression analysis, as opposed to the other
multiple regression methods. The stepwise approach would enable the final model to include the
variables that have the highest impact on process build time. Based on the analysis, the regression
equation developed for estimating FDM build time (TB, FDM) is shown in Eq. 5.1:

𝑇𝐵,𝐹𝐷𝑀 = 𝐴1 . 𝑉𝑃 + 𝐴2 . 𝑉𝑠 + 𝐴3 . 𝐴𝑆
(5.1)
where 𝑉𝑃 represents the volume of the part, 𝑉𝑠 is the volume of the support material used, and 𝐴𝑆
represents the part surface area. The regression equation constants A1, A2, and A3 were found to
be, A1 = 14.45, A2 = 78.96, and A3 = 0.82. The developed model has an R-squared value of 94.74%
and a mean average error (MAE) of 35.85 minutes.

5.6 Deep Neural Network Model for Fused Deposition Modeling
To achieve a lower mean average error for process build time modeling, an alternative modeling
strategy using deep neural networks is introduced. An artificial neural network (ANN) is a
mathematical representation of our biological system of neurons. It consists of a series of nodes
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which are arranged in layers like the neurological structure of the human brain [135]. A generic
representation of an ANN is shown in Figure 5.2. ANNs are used in various applications, such as,
pattern recognition, pattern forecasting, pattern estimation, and machine learning [135]–[137]. The
network is an adaptive system which changes its structure based on the training data provided by
the user. ANNs have a hidden computing layer which models the interrelationship between the
given input and output parameters as a mathematical function by applying synaptic weights to each
node in the layer. The accuracy of the function to predict the output variable is dependent on the
ability of the ANN to adaptively change the synaptic weights through increased training. ANNs
have been proven to reduce error in AM build time prediction [132], [138], [139]. A general ANN
approach for AM build time estimation is shown in Figure 5.3.

The conventional ANN approach can be improved by introducing more layers into the network,
termed a deep neural network (DNN). The increased number of hidden layers improves the ability
of a DNN to recognize the non-linearity between input and output variables, which enables more
accurate modeling of inputs and outputs without the need for increased training [137]. However,
existing literature on AM build time estimation approaches does not take advantage of DNN
capabilities. In this study, a DNN is designed to predict FDM build time. The DNN is designed
using Keras [140], a high level neural network application programming interface (API) with a
TensorFlow backend computation software library [141]. The Keras API was chosen for ease of
use and accessibility.

Input
X1
X2
X3
X4
.
.
.
Xn

Hidden Layer

Output
Y1
Y2
Y3
Y4
.
.
.
Yn

Figure 5.2: Generic representation of an artificial neural network (ANN)
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The structure of the designed DNN is shown in Figure 5.4. The three input parameters identified
as most influential in the build time regression equation (volume of part, volume of support
material used, and surface area of part) are used as inputs for the DNN. The input parameters and
output parameter (build time) are arranged as a 3 X 1 array and 1 X 1 array in MATLAB to be
used as input and output for the DNN during training. The DNN is designed to have five (5) dense
hidden layers. A standard procedure for choosing the number of hidden layers and the number of
nodes per hidden layer is not available for DNNs [137]. Hence, a trial and error procedure is
followed to determine the optimal number of hidden layers and number of nodes per hidden layer
for the developed DNN. The first dense layer consists of five nodes, the second dense layer consists
of 50 nodes, the third dense layer consists of 500 nodes, the fourth dense layer consists of 5000
nodes, and the fifth dense layer consists of one node. An optimizer is used to determine the rate of
learning, decay, and momentum of a DNN. During training, a gradient-based optimizer is used to
drive the loss function to its lowest value.

Create
training
database
Program
and develop
ANN
End
Train ANN

Execute
ANN

No

Retrain
ANN

Yes

Error >
Allowable
Limit

Check
prediction
error

Figure 5.3: A general approach to build time estimation in additive manufacturing using an
artificial neural network.
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The magnitude of the gradient can change based on the different weights allocated to nodes during
training. The change in gradient of inputs and output makes it difficult to choose a global learning
rate. The RMSprop (Root Mean Square Propagation) optimizer is used to train the model, and the
loss function is calculated using mean square error. RMSprop optimizer uses an adaptive method
in which the sign of the gradient is used to change the learning rate step size individually for each
weight. This enables the DNN to learn adaptively based on the training samples. Thus, the DNN
is compiled and can be trained by giving input and output training values to the network. Once the
DNN has been trained, the DNN can be used to predict the output variable (build time) by
providing values for the input parameters.

5.7 Deep Neural Network Model Results for Fused Deposition Modeling

In our study, 80 sample input (volume of part, volume of support material used, and surface area
of part) and output (build time) values were used to develop the DNN model. Among the 80
samples, 90% of the samples was used for training, while 10% was used for validation. Using the
designed DNN, the MAE of the predicted build time was found to be 26.66 mins, which is a 25.6%
improvement over the multiple regression analysis method presented in Section 5.4.1. Knowing
the predicted build time (TB,FDM), FDM process energy use (EFDM) can be calculated using Eq.
5.2,
𝐸𝐹𝐷𝑀 = 𝑃𝑅𝑎𝑡𝑒𝑑 . 𝑇𝐵,𝐹𝐷𝑀
(5.2)

where PRated is the rated power of the FDM machine, which is 3.5 kW in our case.

Layer 5 (1 Node)

Layer 4 (5000 Nodes)

Layer 3 (500 Nodes)

Part Volume
Support Volume
Part Surface Area

Layer 2 (50 Nodes)

Model Inputs

Layer 1 (0 Nodes)
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Figure 5.4: Deep neural network structure for predicting build time in fused deposition modeling.

5.8 Models for Direct Metal Laser Sintering and Direct Metal Deposition

Laser based additive manufacturing processes (DMLS and DMD) involve complex physical and
chemical metallurgical processes, in which material factors (e.g., powder chemical composition,
powder particle size, and powder particle shape) and process factors (e.g., laser power, laser spot
size, laser scan speed, scan pattern, scan spacing, and laser type) greatly affect the energy utilized
during the process. The multi-physical powder and laser interactions can be mathematically
modeled using non-linear partial differential equations [142].

Since the DMLS process uses a laser beam to heat metal powder material to just below its melting
point to form a layer, the laser source in one of the significant process energy users. To find the
total input laser energy, we would need to calculate the laser intensity (IL) and the laser spot size
(w). For a Gaussian beam propagating in free space, the spot size of the laser beam will be at a
minimum value (w0) at a point along the beam axis known as the beam waist [143]. For a beam
with wavelength (𝜆) at a distance (dL) along the beam from the beam waist, the laser beam spot
size can be calculated using Eq. 5.3:

(1 + 𝑑𝐿2 ) 1/2
𝑤 = 𝑤0 . {
}
𝑍𝑅2
(5.3)
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where ZR is the Rayleigh range of the laser beam. The Rayleigh range of a Gaussian laser beam is
the distance along the direction of propagation of the laser beam from the beam waist (w0) to the
point along the beam where the area of cross-section of the beam is doubled [143]. Equation 5.4
gives the Rayleigh range of a Gaussian laser beam.

𝑍𝑅 = 𝜋. 𝑤02 /𝜆
(5.4)

Simultaneously, the laser beam intensity (IL) can be calculated using Eq. 5.5 [144],

2

2. 𝑃𝐿 2. 𝐿𝑆2
𝐼𝐿 =
.𝑒 𝑤
𝜋. 𝑤 2
(5.5)

where PL is the maximum power of the laser and LS is the scan length of the laser beam. In DMLS,
the total input laser energy required to sinter the metal powder depends on the absorptivity (𝛼) of
the metal powder. When a laser beam strikes the metal powder, only a certain amount of light
energy with frequency equal to the natural vibrational frequency of the atoms/molecules of the
metal powder is absorbed and converted to thermal energy. The amount of light energy absorbed
by the metal powder depends on the frequency of the incident light and the nature of the atoms of
the material. Since different materials have different natural vibrational frequency, a selective
absorption of visible light occurs during laser sintering [145]. Thus, the laser input energy (IEL)
for one scan along the metal powder equal to the scan length (LS) can be represented as (Eq. 5.6),

𝐼𝐸𝐿 =

𝐼𝐿 . 𝛼. 𝑤
𝑉𝐿
(5.6)
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where VL is the laser scan velocity. The total energy used in the DMLS process (EP,DMLS) is
dependent on the total number of scans of the laser to sinter the metal powders (𝑛𝑆 ) and the scan
spacing (𝑆𝐶 ), given by Eq. 5.7 [98]:
𝐸𝑃,𝐷𝑀𝐿𝑆 = 𝑆𝐶 . 𝑛𝑆 . 𝐿𝑆 . 𝐼𝐸𝐿
(5.7)

Thus, the build time of the DMLS process (𝑇𝐵,𝐷𝑀𝐿𝑆 ) can be calculated using Eq. 5.8:

𝑇𝐵,𝐷𝑀𝐿𝑆 =

𝐸𝑃,𝐷𝑀𝐿𝑆
𝑃𝐿
(5.8)

Unlike the DMLS process, the DMD process involves complete melting of metal powder particles
onto a substrate material [54]. The DMLS process sinters metal powders contained in a powder
bed, while the DMD process uses a powder feed system which sprays metal powders coaxial to
the laser beam propagation direction onto a substrate material. Thus, the laser beam undergoes
attenuation due to the interaction with the metal powder stream before it impinges on the substrate.
To calculate the attenuated power of the laser beam (𝑃𝐴𝑡𝑡 ) incident on the substrate, the mean
surface area of the metal powder particle (AP), extinction coefficient associated with decay (𝛼𝑒𝑥𝑡 ),
and the number of powder particles per unit volume of sprayed metal powder (n) must be
calculated. When a light wave propagates through a solid material, the optical properties of the
solid are dependent on the interaction between the solid and the inherent electric field of the light
wave. The extinction coefficient (𝛼𝑒𝑥𝑡 ) represents the damped oscillation amplitude of the incident
electric field of the light wave [146]. The extinction coefficient is defined as the absorption of
light at a given wavelength per molar concentration of the material. The extinction coefficient
(𝛼𝑒𝑥𝑡 ) can be calculated using the absorptivity coefficient of the material (𝛼) given by Eq. 5.9
[147],
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𝛼𝑒𝑥𝑡 =

𝛼. 𝜆0
4𝜋
(5.9)

where, 𝜆0 denotes the wavelength of light in vacuum. The mean particle surface area (AP) is
dependent on the material as received from the supplier and reported the material datasheet. The
number of powder particles per unit volume (n) can be calculated using the metal powder stream
feed rate (𝐹𝑃 ), velocity of the metal powder particle stream (𝑣𝑝 ), density of the metal powder
particles (𝜌𝑝 ), the radius of the metal powder particle (𝑟𝑝 ), the scan length of the laser beam (Ls),
and the powder size distribution (𝜎𝑝 ), given by Eq. 10 [148].

𝑛=𝑒

𝐿 2
−(2( 𝑆2 )
𝜎𝑝

∗

3𝐹𝑃
2𝑣𝑝 𝜌𝑝 𝜋 2 𝜎𝑝2 𝑟𝑝3
(5.10)

Similar to the DMLS process, we can calculate the laser beam spot size (w), the Rayleigh range
(zR) of the laser beam, and laser beam intensity (IL) for the DMD process using Eqs. 3, 4, and 5,
respectively. Thus, the attenuated laser power (PAtt) at the substrate can be calculated using
Equation 5.11.
𝑃𝐴𝑡𝑡 = 𝐼𝐿 . 𝑒 −(𝐴𝑃 .𝛼𝑒𝑥𝑡.𝑛.𝑑𝑃 )
(5.11)

However, in DMD, the laser energy is used to melt the metal powder particles as well to melt the
substrate material. Thus, the total input energy (IEDMD) is the sum of laser input energy for melting
the metal powder particle stream (IEP) and the total input laser energy to melt the substrate material
(IES) given by Eq. 5.12.
𝐼𝐸𝐷𝑀𝐷 = 𝐼𝐸𝑃 + 𝐼𝐸𝑆
(5.12)
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The total input laser energy to melt the metal powder particles (IEP) is given by Eq. 5.13,

𝐼𝐸𝑃 =

2. 𝐼𝐿 . 𝛼𝑃 . 𝑤
𝑉𝐿
(5.13)

where 𝛼𝑃 is the absorptivity coefficient of the metal powder. The total input energy to melt the
substrate (IES) is given by Eq. 5.14,

𝐼𝐸𝑆 =

2. 𝑃𝐴𝑡𝑡 . 𝛼𝑆 . 𝑤
𝑉𝐿
(5.14)

where 𝛼𝑆 is the absorptivity coefficient of the substrate material. However, the total energy used
in the DMD process (EP,DMD) is dependent on the total number of scans of the laser along the
substrate material (𝑛𝑆 ) and the scan spacing (𝑆𝐶 ), given by Eq. 5.15:
𝐸𝑃,𝐷𝑀𝐷 = 2. 𝑆𝐶 . 𝑛𝑆 . 𝐿𝑆 . (𝐼𝐸𝑃 + 𝐼𝐸𝑆 )
(5.15)

Knowing this relationship, the build time for the DMD process (𝑇𝐵,𝐷𝑀𝐷 ) can be calculated using
Eq. 5.16.

𝑇𝐵,𝐷𝑀𝐷 =

𝐸𝑃,𝐷𝑀𝐷
𝑃𝐿
(5.16)

Thus, the energy and time models for FDM, DMLS, and DMD have been developed. The cost
models for the processes can be determined such that the costs are primarily related to process
time, materials, and energy as presented in the next section.
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5.9 Cost Models for Additive Manufacturing
Cost is a primary performance driver for competitive decision making in manufacturing. Thus, it
is important to evaluate the economic impact alongside other performance criteria (e.g., process
cycle time and process energy use) during the design phase to provide a more comprehensive and
objective set of data and information [149]. In additive manufacturing, the cost of goods sold
(COGS) can be divided into seven cost components, namely, 1) facility cost, which includes
construction of manufacturing space, 2) capital cost, which includes equipment and tooling cost,
3) utility costs associated with the use of electricity, water, and natural gas during production, 4)
raw material cost, which includes direct materials (model and support material), 5) indirect
materials/consumables (inert gas) cost, 6) labor cost, which includes the cost of manufacturing
technicians required for production, and 7) maintenance cost for periodic servicing which includes
inspection, problem detection, and failure correction [89], [150]–[152].

The facility cost is typically reported as cost per area (e.g., $/m 2). Manufacturing space includes
the footprint of the AM equipment and the space required for operators to work around the
machine. The facility cost per part produced is represented in Eq. 5.17

𝐶𝐹 =

(𝐹𝑆 ×𝑀𝑆 ×𝑀𝑛 )
𝐹𝐿 ×𝑃𝐿
(5.17)

where, FS represents the unit cost of manufacturing space, MS is the required manufacturing space
per piece of equipment, MN is the number of pieces of AM equipment needed, FL is the lifetime of
facility, and PL represents the number of parts produced annually.

Similarly, the AM equipment-related capital costs allocated per part are dependent on the useful
life of the equipment [151]. Capital cost for a unit of production can be calculated based on the
total life of the AM equipment (Nmachine) and post-processing equipment (Npost), the unit process
time for producing the part (TB) and post-processing time per part (Tpost), and the cost of the AM
equipment (Cmachine) and post processing equipment (Cpost) (Eq. 5.18).
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C𝑐 = (

𝑇𝐵
𝑁𝑚𝑎𝑐ℎ𝑖𝑛𝑒

∗ 𝐶𝑚𝑎𝑐ℎ𝑖𝑛𝑒 +

𝑇𝑝𝑜𝑠𝑡
∗ 𝐶𝑝𝑜𝑠𝑡 )
𝑁𝑝𝑜𝑠𝑡
(5.18)

The utility costs include electrical energy costs, Ce, water costs Cw, and cost of natural gas, CG,
which can be calculated using Eqs. 5.19a, 5.19b, and 5.19c, respectively,

C𝑒 = (𝐸𝑚𝑎𝑐ℎ𝑖𝑛𝑒 + 𝐸𝑝𝑜𝑠𝑡 ). 𝐼𝐶𝐸
(5.19a)
C𝑊 = (𝑉𝑊 ). 𝐼𝐶𝑊
(5.19b)
C𝐺 = (𝑉𝐺 ). 𝐼𝐶𝐺
(5.19c)
where ICE is the unit cost of electricity ($/kWh) and 𝐸𝑝𝑜𝑠𝑡 is the post processing energy reported
by Nagarajan et al. [153]. Currently, products produced using AM processes require some form of
post-processing, such as support removal and part cleaning in FDM, and heat treatment in DMLS
and DMD processes. Thus, post processing energy is an important component of the energy costs.
VW represents the volume of water used, ICW represents the unit cost of water, VG is the volume
of natural gas used, and ICG is the unit cost of natural gas. The raw material cost incurred during
production is dependent on the direct material costs from the volume of material printed, volume
of support material used, and material wastes (Eq. 5.20)

C𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 = (𝑉𝑚 + 𝑉𝑚,𝑤 ). 𝜌𝑚 . 𝐼𝐶𝑚 + (𝑉𝑠 + 𝑉𝑠,𝑤 . 𝜌𝑠 . 𝐼𝐶𝑠 )
(5.20)
where Vm, Vm,w, Vs, Vs,w, ρm, ρm, ICm, and ICs represent the volume of the material to be printed,
volume of printed waste, volume of support material, volume of support waste, density of the
material to be printed, density of the support material, unit cost of material to be printed, and unit
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cost of support material, respectively. Similarly, the indirect material/consumables cost includes
the use of consumables in each AM system (i) and post-processing system (j), which can be
calculated using Eq. 5.21 [151],

𝑖

𝑗

C𝑐𝑜𝑛𝑠𝑢𝑚𝑎𝑏𝑙𝑒𝑠 = ∑ ∑(𝑉𝑐𝑜𝑛 + 𝑉𝑐𝑜𝑛,𝑤 . 𝜌𝑐𝑜𝑛 . 𝐼𝐶𝑐𝑜𝑛 )
1

1

(5.21)
where 𝑉𝑐𝑜𝑛 , 𝑉𝑐𝑜𝑛,𝑤 , 𝜌𝑐𝑜𝑛 , and 𝐼𝐶𝑐𝑜𝑛 represent the volume of consumables used, volume of
consumable waste, density of consumables used, and unit cost of consumables, respectively. The
labor cost associated with the process can be calculated using Eq. 5.22 [152],
C𝑙𝑎𝑏𝑜𝑟 = 𝐼𝐶𝑙𝑎𝑏𝑜𝑟 . 𝑛𝑊 . 𝑡𝑙𝑎𝑏𝑜𝑟
(5.22)

where IClabor is the hourly labor cost, nW is the number of personnel required to operate the
machine, and tlabor is the total labor time dedicated to the production of a part. For our analysis of
DMLS and DMD, we consider the total labor time to be equal to the part preparation time, i.e., the
time taken to process the 3D CAD model in the rapid prototyping software. The total labor time
for the FDM process is the sum of part preparation time and base time for post processing [153].
The post processing time calculation is presented in Chapter 4 for FDM parts [153]. Finally, the
maintenance cost includes the cost of periodic servicing of AM equipment and post-processing
equipment. Periodic service represents inspection, problem detection, and failure correction
associated with equipment maintenance. The maintenance cost (MC) can be calculated as a fraction
of tool capital cost (rC) represented by Eq. 5.23 [151].
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M𝑐 =

(𝐶𝑚𝑎𝑐ℎ𝑖𝑛𝑒 ×𝑖)×𝐶𝑝𝑜𝑠𝑡 ×𝑗). 𝑟𝐶 )
𝑃𝐿
(5.23)

Hence, by using Eq. 5.24
𝐶𝑝𝑟𝑜𝑐𝑒𝑠𝑠 = 𝐶𝐹 + 𝐶𝐶 + 𝐶𝑒 + 𝐶𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 + 𝐶𝑐𝑜𝑛𝑠𝑢𝑚𝑎𝑏𝑙𝑒𝑠 + 𝐶𝑙𝑎𝑏𝑜𝑟 + 𝑀𝐶
(5.24)

the total cost of producing a part in an additive manufacturing machine can be calculated.

5.10

Design Decision Support Tool Development and Demonstration

The design decision support tool mentioned above was developed in Microsoft Excel with each
modeled process presented as an individual spreadsheet. The spreadsheets are designed to take
inputs of part design and process data and to provide the designer with information about process
time, energy and material use, and cost. The mathematical models for build time, energy
consumption, and production cost for four processes: mask-image projection stereolithography
(MIP-SL) [153], FDM, DMLS, and DMD are composed in the respective spreadsheets.

Table 5.1: Design data for test parts manufactured using fused deposition modeling
Part Name

Part Volume (cu. in.)

Support Volume

Part Surface Area

(cu. in.)

(sq. in.)

Pencil holder

6.528

2.744

46.31

Cup holder

3.599

1.102

14.39

Bag holder

3.163

0.045

27.00

Bottle opener

1.076

0.093

10.38

Box

2.928

0.169

22.02

Box and sphere

8.791

0.451

68.98
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The use of the spreadsheet tool is demonstrated for production of six test parts using FDM
technology. The parts to be produced are presented in Figure 5.5. The design data collected for
analysis is shown in Table 5.1. The build times for the six test parts are predicted and compared
using both the regression model and the DNN model developed for FDM. The process build time
and part geometry data is then used to calculate process energy use and production cost.

For our analysis, product design parameters were obtained from the solid CAD model and the
tessellated STL model. The process parameter data was obtained from the machine manufacturer
specification sheet for a commercial FDM machine (Fortus 400mc) and the RP-CAM software.

a)

c)

b)

d)

e)

f)

Figure 5.5: Test parts manufactured using fused deposition modeling: (1) Pencil holder, (2) Cup
holder, (3) Bag holder, (4) Bottle opener, (5) Box, and (6) Box and sphere.
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Based on the information collected, the tool was used to calculate the build time, post-processing
time, processing energy, post-processing energy, and cost of the product for standard rates of
material and labor. As an example, the time and energy analysis and cost analysis results for the
pencil holder are shown in Figure 5.6 and Figure 5.7, respectively.

For the pencil holder, the estimated value for build time was found to be 351 minutes. The actual
build time of the part was measured to be 346 minutes. The absolute error between the actual and
estimated build time was found to be 5 minutes.

As shown in Fig. 5.6, the number of layers (i), feature scale ratio, shape complexity (SC), fixed
base time for washing (Tbase), post processing time (TPP), and post processing energy (EPP) are
modeled in previous work [153]. The build time of the part is given by Eq. 5.1 developed using
multiple regression analysis.

Figure 5.6: Time and energy estimation using design tool for FDM printing of the pencil holder.

A summary of the predicted build time for the six test parts using multiple regression analysis and
deep neural networks are shown in Table 5.2. The calculated energy use was compared to real time
energy data obtained during experiment as explained in Section 5.4.1. It was found that the
calculated energy had an absolute error of 10.75 kWh. The accuracy of the regression model for
FDM can be improved by performing more experiments with test parts of varying geometries.
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From the cost analysis for the pencil holder (Figure 5.7), it was seen that the predicted total cost
to produce a pencil holder was calculated as $34.40. The raw material cost ($11.44) had the highest
contribution to the total cost, followed by labor ($10.00), energy ($7.17), capital ($3.85), and
consumables ($1.94). The inputs for the raw material costs (volume of model material and volume
of support material) were obtained from the FDM processing data. Utility costs were calculated
based on the amount of electricity used (Fig. 5.6) during production. For simplicity of current
analysis, facility’s natural gas costs and water costs were not included in the analysis. Consumables
costs include ethoxylated alcohol used to remove support material during post-processing.

5.11

Summary and Discussion

The study described the development of a design decision support tool to enable energy efficient
additive manufacturing.

Table 5.2: Estimated build time for six test parts manufactured using FDM using multiple
regression analysis and deep neural network approaches.

Part Name

Actual Build Time
(min.)

Predicted

Build

Time-Regression
(min.)

Predicted

Build

Time-DNN (min.)

Pencil holder

346.00

351.00

345.46

Cup holder

199.00

150.79

149.57

Bag holder

81.00

71.36

74.82

Bottle opener

32.00

31.39

29.63

Box

64.00

73.68

62.49

Box and sphere

165.00

219.10

192.68
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Figure 5.7: Cost estimation using the design tool for FDM printing of the pencil holder.

The design tool evaluated the energy efficiency of designs for four additive manufacturing
processes: mask image projection stereolithography (MIP-SL), fused deposition modeling (FDM),
direct metal laser sintering (DMLS), and direct metal deposition (DMD) processes. The process
modeling methodology, and the mathematical models to estimate energy use and cost of
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production, was described for the FDM, DMLS, and DMD processes. The development of the
design tool was presented and the tool was demonstrated for evaluating six test parts produced
using FDM technology. It was seen that the mean average error between predicted and actual build
time values for the FDM process was 35.85 minutes for the regression model, while the MAE was
found to be 26.66 mins for the DNN model.

The design analysis tool can help promote energy efficiency in additive manufacturing through
design optimization to reduce part production time. It can also enable evaluation for potential
adoption of additive manufacturing in situations where traditional processes may be inefficient
and costly.

The approach presented to model and evaluate energy efficiency in additive manufacturing
processes can be expanded to other additive processes not included in the present tool. The process
model accuracy to predict build time, and energy use can be improved by increasing the number
of test parts through experiments for FDM. For the DMLS and DMD processes, modeling accuracy
could be improved by performing experiments and undertaking an empirical modeling
methodology. The design tool could further aid in the adoption of additive technologies for
mainstream manufacturing applications by adding traditional process models for comparison.

96

6. CONCLUSIONS
6.1 Summary
This research was undertaken to advance the sustainable design of products in additive
manufacturing in response to the increasing need for sustainability improvement in manufacturing.
In additive manufacturing, product customization enables unique product benefits, but also
impacts, which directly affect the standard of living of all people. Thus, it is important for designers
and manufacturers to make informed decisions towards the development of products for additive
manufacturing. Additionally, it is important that such decisions rely on accurate life cycle product
and process data to improve industrial efficiency. At present, there is a lack of quantitative methods
that can investigate the complex interrelationships between product design attributes and process
sustainability to support informed design and manufacturing decision making. Thus, the objective
of this research is to inform designers and manufacturers on process build time, process energy
use, and production cost of products through quantitative analysis to make better decisions.
Towards that goal, a design decision support tool is developed to enable energy efficient additive
manufacturing of products through the following three tasks:

1) Cradle-to-gate environmental impacts characterization of additive manufacturing was
performed using exergy analysis. The exergy analysis framework enabled environmental
performance evaluation as well as a uniform indicator for comparison with similar
technologies. Through exergy analysis, the systemic contributor to environmental impact in
additive manufacturing was identified to be the energy use in the form of electricity.

2) Using this information, mathematical models to predict the build time, energy use, and
production cost in four additive manufacturing processes namely: mask-image projection
stereolithography (MIP-SL), fused deposition modeling (FDM), direct metal laser sintering
(DMLS), and direct metal deposition (DMD) processes, were developed. This was performed
by modeling the influence of part design attributes and additive manufacturing process
parameters on build time, process energy use, and production cost.
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3) The mathematical models were translated into Microsoft excel spreadsheets to develop the
design decision support tool. The developed design tool accepts product design information,
and manufacturing process information as inputs to solve the mathematical process models
and predict the build time, process energy use, and production cost in the process. The design
tool was demonstrated for evaluating six test parts produced using FDM.

6.2 Conclusions
Learnings from this research support product development for energy efficient additive
manufacturing as follows: 1) Among the various sustainability assessment methodologies that
exist, exergy analysis enables systemic evaluation of process inputs and impacts for analysis of
additive manufacturing; 2) Since process energy use is a key influencer of product sustainability
performance, developing mathematical models to evaluate the energy use is beneficial for
sustainable product development; 3) Investigation of interrelationships between product design
information and manufacturing process information is essential to accurately model build time,
process energy use, and cost of additive manufacturing processes; and 4) Translating product
design information, manufacturing process information, and mathematical process models into a
design analysis tool will enable for better design and production of products for additive
manufacturing. The following paragraphs detail the learnings of this thesis.

First, characterizing environmental performance of additive manufacturing from cradle-to-gate
using exergy analysis allowed for gathering insights about the performance of additive
manufacturing processes compared with their traditional counterparts. A systemic evaluation of
process inputs and outputs, and their associated environmental impacts enabled the identification
of key contributors to environmental impacts of additive manufacturing. Understanding these
different inputs, outputs, and impacts is the basis for sustainability studies in additive
manufacturing.

Second, the modeling of additive manufacturing processes can provide useful information to
designers and manufacturers to improve process and product sustainability.

The use and
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development of a design decision support tool allowed for predicting and controlling the process
time, process energy consumed, and production cost for different designs. This understanding can
promote social, economic, and environmental responsibility through informed design decision
making. With design information being the main input to process planning, robust decision making
can reduce/eliminate changes during production, planning, and monitoring strategies for the
process. Hence, variation in product build time, energy use, and cost can be controlled with proper
planning and efficient process implementation, thereby increasing product sustainability. The
developed models can also be used to reduce or eliminate undesirable processing time and energy
costs associated with uninformed design decision making by allowing designers to navigate the
interrelationships among 3D CAD model data and energy.

6.3 Contributions
The presented work focuses on characterizing additive manufacturing process build time, energy
use, and production cost and the product/process flows to support sustainable manufacturing
assessment. It has made several contributions to the industrial and academic research community
as described below.

Contribution 1: A uniform environmental assessment methodology using exergy analysis for
systemic evaluation of additive manufacturing system inputs, outputs and sustainability impacts
was established. The methodology enables clear communication of the systemic contributors to
additive manufacturing environmental impacts by quantifying the exergy losses throughout a
product lifecycle. Thus, inefficient activities within a manufacturing system can be identified and
improved.

Contribution 2: Mathematical modeling of additive manufacturing processes was conducted
which provides a theoretical background for evaluating additive manufacturing process build time,
process energy use, and production cost. Empirical modeling using multiple regression analysis
was presented for MIP-SL and FDM. In addition, a deep neural network approach was also
presented to model the FDM process. A theoretical approach using partial differential equations
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was presented to mathematically model the multi-physical powder laser interactions in DMLS and
DMD processes to predict build time and energy use. The modeling strategies enables composing
additive manufacturing process time, energy and cost models derived from the interrelationships
between part design attributes and manufacturing process parameters.

Contribution 3: The translation of mathematical models into a design decision support tool
enables in-depth understanding of product design and manufacturing process influence on build
time, process energy use, and production cost. The design decision support tool enables designers
and manufacturers to analyze additive manufacturing products and processes, and to compare
alternatives. It also enables comparison of different products to provide improvements to product
design. This information can be used to set benchmarks for sustainable product manufacturing.

6.4 Opportunities for Future Work
There are several opportunities for future research that have been identified as a direct result of
this research, which include:

Opportunity 1: First, future work can expand and build upon the deep neural network modeling
approach developed for FDM to improve prediction accuracy. The energy models for DMLS and
DMD in Chapter 5 were developed based upon previous research in laser processing, mechanics,
and thermodynamic theory. The models in Chapter 5 represent an ideal system, and does not
account for variation in process characteristics, such as, melt pool characteristics during real time
production. Experimental results were not used in this work due to limited access to equipment.
Empirical analysis of the system through real time experiments would benefit future studies by
improving accuracy and relevancy of the results.

Opportunity 2: Second, the modeling approach presented in Chapter 4 and Chapter 5 is limited
to prediction of build time, process energy use, and production cost at the process level and does
not provide means for optimization of energy use through process parameter modifications.
Numerical techniques can be undertaken to find optimal operating parameters. To perform
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optimization of additive manufacturing process parameters, additional, more-detailed,
mathematical models are needed which would penalize the objective function for not meeting
product quality requirements. Additional models could include a real-time control model for
optimizing laser parameters to control melt pool characteristics during DMLS and DMD.

Opportunity 3: Third, the design decision support tool presented is limited to predicting build
time, process energy use, and production cost and does not provide a complete method for
translating this information into holistic environmental, economic, and societal impacts. This can
be performed by identifying the information transfers between additive manufacturing system
activities that affect process sustainability metrics. Also, different composability approaches for
the mathematical models to enable prediction of other sustainability performance criteria must be
investigated. Finally, an information modeling framework for additive manufacturing and
sustainability characterization must be created to model and measure additive manufacturing
sustainability impacts.
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