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Design methods that consider the complete physical system (human interfaces
and functional capacities of human interfaces) and incremental distinctions in hu-
mans are not widely applied. Human beings vary from a cognitive and physical
standpoint. Manufacturing approaches have attempted to implement mass cus-
tomization to provide end users with personalized products. However, these ap-
proaches are limited since (1) mass customization is orthogonal to human variabil-
ity and (2) manufacturing costs are increased, through additional time and parts,
required when mass-producing customized products. This research facilitates the in-
tegration of traditional engineering performance metrics and biomechanics creating
manufacturable innovations in customized design that target population accommo-
dation. The present method captures (1) human and product interface interactions,

(2) interaction accommodation, (3) the impact of interaction accommodation on en-



gineering performance metrics (thermal, structural, fluid, reliability, etc.), and (4)
number of products required to accommodate the population. Engineering design
techniques provide a structured method for reducing product and performance met-
rics which provide the foundational framework for the optimization model(s) inte-
grating this method. Optimization enables optimal performance metrics constrained
by population accommodation, producing the product metrics and the number of
products required to accommodate the population. This work is a novel approach
for addressing complex questions for interaction variability in mass production tar-
geting population accommodation while maintaining product performance, which

facilitate addressing larger problems of mass customization in mass production.
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Chapter 1: Introduction

Characteristics of human beings vary, cognitively and physically. These char-
acteristics impact end user performance, product performance, satisfaction, and
usability. Human characteristics relate to manufacturing processes since human ex-
pertise, physical labor, or product utilization is associated with the design process
from conceptualization, to mass production, to the purchase of the product. In
relation to the manufacturing process, the physical capabilities of human beings
can vastly differ based on the physical characteristics associated with anthropom-
etry, force, tactility, maneuverability, and reach. Current human factors design
approaches do not comprehensively consider the distinctions in human beings from
both the variation in human parameters (static) perspective and the interaction ca-
pacity of human parameters (dynamic) perspective. Most researchers and methods,
e.g. Design for Human Variability, place emphasis on the static perspective. The
results produce designs that address specified requirements better than traditional
processes but fail to comprehensively, in a static and dynamic manner, improve the
design and manufacturing approach (additive or subtractive approaches), for the
user population.

In an effort to address human variability and/or preferences, in product de-



velopment, mass customization (MC) has been introduced, in marketing and oper-
ations research. MC is a method to address the individual needs and/or preferences
of customers while maintaining the economic benefits of a mass production business
model. More specifically MC is defined in the following quote: “At its core, Mass
Customization is a tremendous increase in variety and customization without a cor-
responding increase in costs. At its limit, it is the mass production of individually
customized goods and services. At its best, it provides strategic advantage and eco-
nomic value [4]. Unfortunately, many manufacturers have difficulty adopting MC
because of costs associated with tooling [5]. Nevertheless, manufacturing approaches
have attempted to implement MC to provide customers with personalized products.
As a result, two limitations have arisen (1) MC is centered on aesthetic customer
preferences and is orthogonal to human variability and (2) manufacturing costs are
increased through partial customization. Moreover, the costs of incorporating pref-
erence in mass production exponentially increases due to parameter modifications
for differentiated products in manufacturing equipment, additional production time,
and restricting or rebalancing production lines.

Interaction variability is introduced in this work and addresses MC from an
objective perspective that customizes products based on human parameters and in-
teractions between the product and human parameter. The method relies on the
underlying assumption that user preferences and/or needs are dependent on accom-
modation. Accommodation in this work is the defined as consideration of human
parameters and their function capacities during product use. The interaction vari-

ability method seeks to address the “customer need aspect of MC, which impacts but



not specifically addresses customer preference. Traditionally, MC fails to address
human variability as a dependency of customer preference, which may impact sat-
isfaction. While human variability fails to consider interactions and the functional
capacity of human parameters, which is assumed to impact customer satisfaction.
Traditionally, human factors methods are applied to the design of work or
the fit of the person to a product. These methods rely of adjustability of products
and humans to fit workspaces and human parameters to guide the dimensions of
products, respectively. Current methods only address static applications and lack
standardization often requiring experts or thoroughly trained engineers, e.g. master
degree, to implement these techniques. This work presents a structured, classifica-
tion scheme for identifying interactions between product and human interfaces based
on product function for static and dynamic applications. Moreover, this method is
applied in the design conceptualization phase of the design process. The fundamen-
tal contribution and emphasis of this work, compared to traditional methods, lies

in three distinct focuses surrounding the dynamics of interactions.

1. Structured scheme for identifying and mapping human and product interfaces,

along with human parameter functionality that is standardized and repeatable.

2. Design dimensions driven by interactions and population variability of inter-
actions for both static and dynamic applications compared to percentile-based

design.

3. Interaction design space for capturing multitudinous distinct interactions for

individuals and capturing measurable differences amongst the population.



Additive manufacturing (AM) is defined as “the process of merging materials
in a layer by layer fashion to make objects based on 3D model data [6,7]. AM
is distinct from traditional manufacturing process which are typically subtractive,
removing material to make 3D objects, in nature [7]. Customized products my lead
to more complex product designs, AM addresses design complexity less the costs
associated with tooling and promotes MC based on the agile nature of the process.
Although AM addresses the complexity of implementing MC approaches, design
methodologies that address human variability in a static (anthropometric) and dy-
namic (interactive) approach for additive manufacturing have not been developed.
Furthermore, the integration of MC in AM fails to comprehensively consider the
tradeoffs between interaction variability specifications (human interaction factors)
and manufacturing process specifications (manufacturing characteristics). This can
lead to lower product adoption, use errors, and increased manufacturing costs.

Human variability and manufacturing tradeoffs can be modeled through the
use of optimization approaches. Optimization is a good tool for assessing tradeoffs
and determining optimal solutions that assist in identifying an optimal solution set.
Historically, optimization has been applied to manufacturing processes to high per-
forming, consistent products to tolerance specifications [8]. More recently, optimiza-
tion techniques have been developed to optimize AM processes through minimizing
process energy and part errors [9-12]. However, there have been limited attempts to
use optimization techniques in the manufacturing of parts or products that directly
interface with end users. Optimization enables products to be designed to address
the needs of a diverse end user population while maintaining functional performance

4



goals of the product impacted by manufacturing process parameters.

The rigorous nature of this work is centered in the complexity of hybrid sys-
tems, from a human and hardware perspective. Manufacturing provides an approach
for identifying relationships amongst these perspectives of the hybrid system, which
is essential in the design of safety critical product applications. Design for man-
ufacturing methods were developed to improve process performance and reduce
costs [13]. The manufacturing process has often been evaluated separately from
product variety related to human variability. There is an innate challenge in inte-
grating the fields of biomechanics, mechanical engineering design, manufacturing,
and optimization in an effort to produce comprehensive and reliable products that
address interaction variability and product performance through manufacturing,
without sacrificing quality or cost in production.

This research intends to address product design limitations through identifying
interaction variability from a biomechanics viewpoint at the musculoskeletal level.
Interaction variability, the main theoretical contribution of this work, will be inte-
grated into a novel multidisciplinary method consisting of biomechanics, mechan-
ical engineering design, manufacturing, and optimization. Interaction variability
indirectly represents MC because product dimensions are altered based on human-
component interactions not traditional approaches driven by consumer preference
specifications. However, the results, relating to product dimension variation, remain
the same assuming that preference and satisfaction is influenced by accommodation,
which in this method is defined by population interaction variability. The work pro-

vides to notable insights in (1) a method of interaction variability and (2) a process



for implementing MC driven by interaction variability and functional product per-
formance, which is impacted by manufacturing process parameters. The output
of this method presents a practical optimization solution for optimal product per-
formance given the need to accommodate the MC needs of the population. Thus,
this method has the potential to simultaneously satisfy biomechanical needs based
on interaction variability and the functional performance requirements of a given
product.

The process for implementing this method is encompassed in five steps.

1. Selection of a product application

[N}

. Identification human interaction factors

3. Identification manufacturing characteristics

W

. Development of a trade-off model

(S8

. Development of a optimization model

The method was demonstrated on two product applications. The first was a hand-
held device, with a focus on the hardware elements (button and casing). The second
application was the design of a helmet, including a passive heat exchanger for cool-
ing, which defined the performance objective. The results present an optimization
solution that answers two fundamental questions that address MC in mass produc-

tion from the perspective of accommodation and performance.

1. Can optimal functional product performance be achieved with population ac-

commodation?



2. How many devices are needed to accommodate the population?

This work will assist in providing the optimal design solutions that consider in-
teraction variability for static and dynamic product application and manufacturing
characteristics and approaches including innovative and novel fabrication approaches

such as additive manufacturing.



Chapter 2: Literature Review

This review provides insight into MC and the subsequent relationship between
products and end users. The product is discussed in terms of modularization and
product platforms as well as manufacturing characteristics and errors as they relate
to AM. Furthermore, the end user is discussed in the context of user-centered design
methods and the biomechanical and anthropometric limitations in human beings.
In an effort to design a methodology for integrating human interaction factors and
machine characteristics in optimization, the exploration of optimization models for
humans, manufacturing processes, and both human and manufacturing processes is

also reviewed.

2.1 Mass Customization and Alternative Concepts

The concept of MC, originally coined by Davis [14], was established as a busi-
ness strategy to supply customer product preferences (customization) without sacri-
ficing the profitability of a mass-produced product. MC allows end users, on a large
scale, to have an individualized product based on personal preferences within defined
constraints. This concept leads to additional benefits of increased end user satisfac-

tion, safety, adoption, performance, usability, and adherence to recommended use.



Researchers suggest that the facilitation of an MC and mass production collabora-
tion is dependent upon manufacturing systems that are easily adaptable to customer
needs as well as infrastructural advancements [15].

Economically feasible implementations of MC and mass production methods
are not currently available. The adoption of MC in traditional manufacturing has
proven to be difficult due to the high costs associated with vast amounts of tooling
and the additional time needed in order to enable customization [5]. The com-
plexities of MC, from an economy of scale perspective, are detailed as a constrained
model where custom products and high volume with consistent production cycles are
impossible in a synonymous state [14,16]. However, MC provides limitless possibili-
ties for end users to obtain customized products at near mass production efficiency.
Additional research is required to overcome the limitations that are inherent in the
structural and mass production cycles of products.

The constraints associated with MC and mass production are described in
terms of the quality and productivity. These specific constraints necessitate opti-
mization in mass production [17]. The process of continuous improvement or opti-
mization of these parameters is called kaizen. Blecker and Abdelkafi [16] describe
MC constraints as external complexities where the customer needs are segmented
as subjective or objective needs [18]. The customer needs often shape MC, so the
inability of the customer to correctly identify their needs in the production phase
could have huge negative impacts on customer satisfaction of the end product. The
supply chain imposes additional constraints in the areas of product architecture de-

sign and manufacturing. Product architectures must facilitate easy customization



and change overs in the manufacturing process, which may in exchange minimize
set-up times, wait times, and costs [16].

Buffington and McCubbrey [19] introduced the concept of generative cus-
tomization as an alternative method to MC. They describe generative customization
as a virtual customer (repository) that provides innovative product options that of-
fer a innovative continuum, which connects discontinuous innovation within one
system. Buffington and McCubbrey [19] formally define generative customization
as “a product conceptualization and fulfillment system that enables customization
through a front-end generative design process and a supply chain system that en-
ables innovation.” While generative customization utilizes a customer repository to
determine product options (taking the actual human out of the equation), MC di-
rectly involves the customers and their perceived preferences. A survey to assess US
and Swedish customers’ willingness to participate in MC found that customers were
ambivalent toward MC in mass markets [20]. The customers’ ambivalence indicates
that the customer may not be certain of their preference. In the context of the pro-
posed research ambivalence may indicate that the designer, as opposed to the user,
should be knowledgeable of the user population and responsible for ensuring that
a product also meets the physical requirements of an end user. In a comparative
study, generative customization was determined as a viable alternative strategy to
MC. However, there is a need for empirical research to confirm the effectiveness of
the generative customization method [20].

The effectiveness of MC as a complementary, niche, internet fulfillment mech-

anism (internet product orders) is discussed by Buffington [20]. MC has not been
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adopted, as predicted, due to the limited strategic information regarding implemen-
tation in a mass production environment. The lack of MC adoption results in an
undue cognitive load on the customer based on the requirement to choose the correct
design that matches their individualized preferences [20]. On the other hand, Camp-
bell et al. [21] discusses the positive benefits achieved through “Computer-aided
Consumer Design” in regard to product customization with predefined constraints.
Computer-aided Consumer Design allows a customer to interact with a product in
the prototype phase before the product is manufactured. The pre-manufacture in-
teraction phase allows for customer preference specifications to be incorporated in
the final product. The customer product adjustments were focused on manipulat-
ing the shape, color, and size of products with certain parameters being fixed to
maintain manufacturability [21]. This research suggests that guided design for MC
denotes viable options for effectively and costly implementing MC.

The aforementioned literature supports the potential of MC as an effective
user-centered product development approach, when incorporated with mass produc-
tion manufacturing. However, there is a need for novel methodologies that facilitate
the incorporation of MC in a mass production manufacturing environment at lower
costs. For effective and feasible implementation of such novel methodologies, it is
essential to define constraints for human interaction factors with products in order
to maintain the quality, performance, safety, decision-making, customization, etc.
of the product. The next section discusses the advantages and limitations of AM as
a mass production approach that affords feasible solutions for providing customized
products at nominal costs.

11



2.2 Manufacturing Characteristics

AM has the potential to assist in addressing the cost prohibitive nature of
MC, combined with other subtractive processes. However, process constraints and
cost restrictions for AM will drive the MC integration process, which is true for
all manufacturing approaches. Process constraints consist of the physical limita-
tions of machines that perform specific tasks in the production line. The specific
limits of each machine in the production line impose constraints on the product
being produced. Process or production line limitations are sometimes considered
but often not fully understood at the product conceptualization phase of the prod-
uct development or design process (PDP). This aspect of the review focuses on the
Manufacturing characteristics of different AM applications which are useful because
AM processes often combine many tasks into one machine that are typically com-
pleted by multiple machines in traditional production cycles. AM was selected as
the focal manufacturing approach for this work because there is limited information
on AM process parameters compared to subtractive processes. Additionally, AM
process parameters heavily influence that material properties (thermal and mechan-
ical) of manufactured parts [31]. This is important for research efforts in AM for
future integration with subtractive manufacturing processes for the creation of more
efficient production facilities. Thus, in an effort to understand and describe man-
ufacturing characteristics the following sections will detail the AM design process,
the different AM processes and major errors, and the use of modularization and

product platforms to feasibly implement MC through mass production.
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2.2.1 Origins of the Additive Manufacturing Design Process

Rapid prototyping, which has the potential to expand to rapid manufacturing,
often has a bi-fold meaning of an expedited manufacturing approach for end-use
parts and the use of an additive manufacturing approach in the development process
as discussed by Hopkinson, Hague, and Dickens [22]. The authors replaced the
term ‘layered’ with ‘additive’ because of the expected advances in the future AM
processes including multi-axis building. Rapid prototyping was first implemented
by Battelle Memorial Institute in the 1960s, where lasers were used to create solid
objects with photopolymers; however, the inception of AM, which replaced the term
rapid prototyping, is accredited to the introduction of stereolithography (STL) in
1987 [7].

The implications of AM and areas of the PDP where AM techniques are gen-
erally applied are discussed by Gibson, Rosen, and Stucker [23]. Authors mention
that in early stages of the PDP, AM provided rough visualizations of parts and
components due to the speed at which prototypes could be produced. On the other
hand, AM techniques that are applied later in the PDP as a part in the final design
usually require some post processing. The AM process consists of eight stages that
describe the process from the computer-aided design (CAD) part to the physical
part produced as mentioned in Gibson et al. [23]. The stages include: (1) CAD;
(2) STL Conversion; (3) AM Machine Transfer and STL Manipulation; (4) Machine
Set-up; (5) Build; (6) Removal; (7) Post-processing; (8) Application.

The design implications of rapid prototyping are discussed by Hague, Camp-
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bell, and Dickens [24].The authors discuss the commonalities between AM and rapid
prototyping as they relate to processes where the CAD model transitions to a phys-
ical part and the speed of the production cycle without regard for tooling or mold-
ing requirements. Rapid prototyping technologies include STL, laser sintering, etc.
Rapid prototyping has the potential to reduce or eliminate the elements of geometry;,
material choice, rationalization or components, and costs as contributors to design
obstacles in the PDP [24]. However, there are many critical design constraints that
impact rapid prototyping including surface finish and build speed, representation of
different material properties in CAD models, limited variety of materials, recycling,
product liability, and intellectual property rights.

A framework for the implementation of AM techniques is provided by Mellor,
Hao, and Zhang [25]. Their methodological framework includes External Forces,
AM Strategy (Alignment to Business Strategy), AM Technology (AM Standards),
Organizational Change (Business Size); Systems of Operations (Design for AM);
and AM Supply Chain (Material Suppliers). Each category has a different set of
factors that impact the implementation of AM. In order to merge the AM design
process with the PDP, the machine characteristics and limitations should be clearly

identified along with the specific technique or process, given the part constraints.

2.2.2 Additive Manufacturing Processes and Major Errors

In order to identify the characteristics associated with AM processes it is

essential to understand the challenges and errors that result from AM machine
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controls. Literature on the most prevalent errors and potential solutions will be
discussed.

AM is currently seen as a process of adding material to make objects from
3D model data, usually completed through the addition of layers on top of layers
as opposed to more traditional methods [25]. Traditionally, AM was conducted in
three processes laser sintering, melting of metallic powders, or extrusion of polymer
filaments. The American Society for Testing and Materials (AMST) expanded the
number of AM approaches, defining seven different AM processes including VAT
Photopolymerisation, Material Jetting, Binder Jetting, Material Extrusion, Powder
Bed Fusion, Sheet Lamination, and Directed Energy Deposition [6]. Moreover, Levy,
Schindel, and Kruth [26] specify that AM applications of the higher level processes
include STL, solid ground curing, lamented object manufacturing, fused deposition
modeling, selective laser sintering, and 3D printing.

Each AM process starts with a CAD file, which requires formal adaptation to
meet the part specifications before conversion to an STL file. Formal adaptation is
the process of ensuring that a part meets the specifications of the manufacturing
process and machine tolerances. This is usually done through geometric dimen-
sioning and tolerances in the CAD file which should be maintained in the STL file
conversation. One of the formal adaptation requirements for tolerances is slice thick-
ness. A general procedure for adaptive slicing was developed by Jager, Broek, and
Vergeest [27], where they compared zero and first order algorithms for adaptive slic-
ing to determine layer thickness, given a user defined error (). The authors outlined

the four-step procedure in the following manner. (1) Analysis of CAD model for
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preservation of important features during approximation; (2) Segmentation of CAD
model and slicing direction determination; (3) Application of adaptive layering to
CAD segments based on user defined maximum error for 2.5D or ruled slices; (4)
Reconstruction of slices with vertical or sloping sides. The first order approxima-
tion, which refers to rule slicing, reduced the number of layered slices required for
part formation. The application of an adapting slicing approach further reduces the
costs and time associated with AM.

Other problems that contribute to the major errors in AM occur during the
part build. For example, after the CAD file has been formally adapted per build
requirements and converted to an STL file, errors generally occur as the part begins
printing. Several researchers have evaluated the impact of AM on part design and
two major problems have been widely identified with AM technologies. (1) shrink-
age and (2) thermal warpage [28-30]. Thermal warpage in part design was further
investigated at Los Alamos National Laboratory, where a temperature-controlled
chamber was used to reduce part warpage [31]. In addition, accuracy in geometric
dimensioning and tolerances are negatively impacted through AM processes due to
solidifying and binding of material to a less than exact tolerance [32]. The simula-
tion of manufactured parts based on a virtual model allows for the calculation of
geometric dimensioning and tolerance errors [28]. Five geometric dimensioning and
tolerance errors were identified including: (1) circularity, (2) flatness, (3) cylindric-
ity, (4) circular runout, and (5) total runout [28]. The effect of thermal distortion
in part layers [29,30], which heavily impacts geometric dimensioning and tolerances

and final part errors, has not been investigated in many AM technologies including
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laser melting or sintering until recently [29, 32].

The most common limitations in AM are summarized into ten challenges dis-
cussed by Oropallo and Piegl [33]. The author’s mention that the identified chal-
lenges need to be overcome in AM in order to enable efficient product development.
The challenges listed include: shape optimization (cellular structures); design for
3D printing (CAD software); pre and post processing (STL format); printing meth-
ods (layered manufacturing); error control (errors before printing); multi-material
printing (modeling multiple materials); hardware and maintenance issues (process
issues); part orientation (methodology); slicing, and speed (adaptive slicing). The
authors state that failure to address these challenges will inhibit the ability to pro-
duce products on a massive scale i.e. MC. However, Ghariblu and Rahmati [34]
found a new effective approach that combines additive and subtractive approaches
that may prove beneficial with further research. Subtractive approaches include well
established processes using machines such as mill or lathe that remove material until
a part is formed which is opposite of additive approaches that add material until a
part is formed.

The errors identified in the literature have a significant impact on the product
reliability and post-processing. This is important because specific AM approaches
may reduce product quality, which will directly impact the ability to meet customer
needs. Future research is required to optimize these approaches and reduce the most

detrimental errors through identifying and controlling for AM constraints.
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2.2.3 Modularization and Product Platform Design

Modularization and product platforms have the ability to facilitate mass pro-
duction for AM. Customization can occur at several different magnitudes, from
individual or small groups to populations. Moreover, modularization and product
platforms will reduce production costs by minimizing the need to develop customized
tooling.

Modularization is described, by Davis [14], as a form of MC at the end of the
production line; it is formally defined as the standardization of parts with a cus-
tomized final product at the end of the production cycle. Hwang, Moon, Ho, and
Noh [35] describe the facilitation of MC through product platforms, where product
platforms are defined as common platforms designed for a multitude of differentiated
products. Research that attempts to address mass customization through prod-
uct platform /family and modularization has been introduced over the last decade.
Module-based design concepts were used to generate different product platforms,
which were evaluated through universal design principals and a game theoretic ap-
proach (coalition and Bayesian games) [36,37]. More specifically Ki Moon and
McAdams [36], utilized the universal design concepts to create three modules includ-
ing (1) universal (2) accessible (3) typical. The universal design concepts inspired
the introduction of a new product family approach where a platform is increased to
combine common modules and varietal modules [38]. The generation of new product
platforms based on the combination of modules provides a medium between high

level platforms which share more common elements and low level platforms which
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share less elements and has a direct link to customization.

It is evident that product platforms play a critical role in modularization.
The role of product platforms, described by Ben-Arieh [39], is considered to be
integral for the facilitation of product customization by Smith [39]. The fundamental
problems with product platform formation is described as the (1) maintenance of the
part family relationship during platform configuration and (2) justification of the
platform is only achieved with the accomplishment of efficient mass production [39].
To address these fundamental problems, an optimization model was developed for
single and multiple platforms with consideration of demand uncertainty at the lowest
production cost [39,40]. The objective of the single platform optimization problem
was to minimize the costs associated with production, assembly, manually adding
components to the platform, and removing components from the platform [39]. The
objective of the multiple platform optimization problem is to minimize the cost
associated with set-up for each platform, selecting a set of components to include
with each platform, and assigning products to each platform [39]. Through the
identification of an optimal product platform, MC can be feasibly addressed at an
optimal production cost.

In order to identify optimal product platforms that enable MC, Chowdhury
and Siddique [41] examined shape matching and commonalities in 3D CAD models.
The dimension and position of each feature in a product component was compared
with a quantitative commonality value. On the other hand, Seung, Simpson, Shu,
and Kumara [42] used a fuzzy clustering method to identify common modules for a

service based product platform. MC in this instance is narrowed through clustering
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which enables an efficient and feasible service product platform. In essence this
means that the amount of options, which is directly related to customization, are
reduced to enable a feasible service platform.

Product platform design facilitates modularization, which supports MC. Through
the effective implementation of optimal product platforms/families, costs are re-
duced and production is more efficient. This ultimately results in a better product
that considers product design input and minimizes production expenses resulting in
a quicker turn around for demanded products. In the next section the differences in
the parameters of human beings, which impact design constraints, will be discussed

along with design approaches developed to analyze these differences.

2.3  Human Characteristics

Humans vary in several different aspects including cognitive, behavioral, so-
ciological, biological, and physical dimensions. The impact that human variability
has on product usability is extensive. Usability applies to all aspects of a system
in which a human would interact; it includes learnability (system is easy to learn),
efficiency (system is efficient), memorability (system is easy to remember), errors
(system has low error rate), and satisfaction (system is pleasant to use) [43]. While
human variability encompasses many dimensions, the focus of the presented liter-
ature and the proposed methodology will be on physical constraints, which may
limit functional device interaction. In order to comprehensively describe these con-

straints, user-centered /universal design, human variability, and end user errors will
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be discussed.

2.3.1 User-Centered Design

User-centered design encompasses several design techniques that aim to com-
prehensively account for the needs of users at different phases and by different
means (qualitative and quantitative) throughout the design process. The Interna-
tional Standards Organization, in six principals, defines user-centered design. The
principals are defined in the Human-centered Design for Interactive Systems Inter-
national Standards Organization’s standard and include: (1) the design is based
upon an explicit understanding of users, tasks, and environments; (2) users are in-
volved throughout design and development; (3) the design is driven and refined by
the user-centered evaluation; (4) the process is iterative; (5) the design addresses
the whole user experience; and (6) the design team includes multidisciplinary skills
and perspectives [44]. The application of user-centered design is essential in order
to adequately design for the intended population. Failure to consider user centered
design principals in consumer products often results in a “bad design” as defined
by Norman [45]. The limitations associated with adequately applying these prin-
cipals are that they are qualitative in nature and are hard to objectively measure.
Moreover, they require subjective human input that is usually collected through
participatory design approaches such as interviews, focus groups, surveys, etc. [46].
The most prominent limitation of the human input collection methods is that they

consist of feedback from individuals and small groups. Thus, the designs derived
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are often not generalizable or representative of the entire population.

2.3.2 Human Variability

Design for Human Variability (DfHV) attempts to address the subjective na-
ture of user-centered design by focusing on quantifying and integrating human phys-
ical attributes the design process. Garneau, Nadadur, and Parkinson [47] define
design for human variability (DfHV) as “the design of artifacts, tasks, and envi-
ronments that are robust to the variability in their users.” Human variability is
described as the anthropometric differences in human beings [48]. Anthropometry
is defined as the study of the measurement of the human body [49]. Ergonomics
is broadly focused on the “study of interaction between people and machines and
the factors that impact the interaction” [50]. Anthropometry and ergonomics are
extremely important for product design due to the fact that people use products
and poor interactions may decrease the perceived quality or usefulness of a prod-
uct, increase the occurrence safety issues, and human errors due to functional use,
musculoskeletal disorders, etc. The original intent of accommodating human pa-
rameters in design was to ensure universal operation and design for all users in the
population [49,51]. The application of anthropometrics may impact the size and
shape of components in a design, which could provide a better fit for the end user.

In addition to the general field of ergonomics, DfHV is another field that has
spawned from the use of anthropometrics in the design process. New concepts of

sizing and adjustability are introduced with applications in product platforms and
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modularity. The benefits of applying DfHV, based on population databases, to prod-
uct platforms provide the ability to minimize platform variants based on the popu-
lation segments. The anthropometric metric databases used to model populations
in majority of the applications of DfHV include the National Health and Nutrition
Survey (NHANES) I IT and III and the Army Anthropometric Survey (ANSUR) I
and II. The application of DfHV in product platforms provide and foundation for
MC to be integrated with mass production. Garneau and Parkinson [52] present
one major limitation associated with DfHV methods, the use of outdated military
databases as a source of optimization when these databases do not currently reflect

the growth of our population in the US.

2.3.3  Universal Design

A commonly applied subset of user-centered design is universal design. Uni-
versal design has been applied in several applications to narrow, evaluate, and select
the best product platform options. Universal design principals are listed in seven
concepts, as described by Connell et al. [53]; equitable use, flexibility in use, simple
and intuitive use, perceptible information, tolerance and balance, low physical effort,
and size and space for approach and use. Universal design has been used qualita-
tively and quantitatively to assess and measure the accessibility of the design.

Through the application of game theory techniques, such as the coalition game
and the Bayesian game, universal design techniques have been applied to product

family and platform design. Similar to the coalition game approach described in
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Hwang et al. [35]; Moon and McAdams [36,37] used a Bayesian game approach to
model uncertainties in market environments when evaluating and selecting mod-
ules and platforms for universal product families. Universal product families were
defined, by the authors, through the incorporation of universal design principals
with modularity and product platform designs. The platforms for universal prod-
uct families of TV remote controls and light-duty trucks were determined through
the application of universal design principals to describe modules that were consid-
ered accessible. One limitation to this approach is the application of the Function-
Universal Principal Matrix, which encompasses two sources of subjectivity for the
accessibility of impairment and the usability level.

Universal design was established with the intention to produce designs that are
appropriate for all users; however, design methods are not comprehensive enough
to truly design for all users. In many instances, user groups contain small sample
sizes and results are generalized for an entire sub-set of the population. In addition,
universal design principals are qualitative in nature, which requires human interpre-
tations that can lead to bias and subjectivity in designs that are intended for all
people. There is a need to expand the representativeness of universal designs in the

population and remove subjectivity in the design process.

2.3.4 Use HErrors

Inappropriate design accommodation for end users can also lead to use errors

in device interaction. Use errors occur at points of user interaction with artifacts,
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which may include artifact systems consisting of hardware or software elements. Use
errors are defined as three forms of errors, slips (attention failures), lapses (memory
failures) and mistakes (performance (rule-based), and planning (knowledge-based))
errors [54]. These errors may occur at points of interaction in the output (infor-
mation provided to user) or input (user performs action on system) state of a sys-
tem [55]. End use errors impact a product’s market success. In addition, products
that predispose end users to use errors are not easily correctible through labeling
and may present end users with negative safety consequences [55]. Norman [45]
discusses the cognitive models of the designer and the user in the design of product
and concludes it is essential to build corrective models between the designer model
and the user model while satisfying the functional requirements of the product.
Another limitation lies in the failure to consider human variability and the
resultant errors that follow. The US recorded over 5.5 million accidents, includ-
ing 30,500 deaths, associated with household products in 1995 as cited by Correia,
Soares, Barros, and Campos [56]. The errors that occurred as a result of pressure
cookers and power drills were analyzed. Researchers assigned fault in both case stud-
ies to the product design and not the end user [56]. Additional research revealed
products (power drill and pressure cooker) that had low usability scores, which may
indicate that the design of the product negatively interacts with the physical limita-
tions of the user [57]. The outcome provides an example of the catastrophic events
that may occur when human variability is not considered in design. In addition, it
raises the question of who takes responsibility for the errors that result in failures

and or safety hazards to the end user.
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In an effort to include the end user in the design process for AM build proto-
types, Campbell et al. [21] conducted research to create a unified model between the
designer and the end user (or customer) in the “Customer Interaction through Func-
tion Prototypes” methodology. This methodology has been extended in “Computer-
aided Consumer Design”, which was developed to support AM techniques and allows
for the end user to interact with a generic prototype, within a defined set of con-
straints, to enable mass customization. This interaction between the end user and
the prototype conveys the necessity to identify all human errors and account for the
potential errors through the incorporation of adjustments in the design process.

The AM process does not explicitly adjust for human errors associated with
the end user and the product. Errors need to be addressed and reconciled before a
finalized product can be delivered. Methods that guide designers to minimize the
potential for human errors have not been developed. In the effort to expand design
parameters and design for human variability, parameter ranges will be identified
and optimized leading to a quantified user centered design, which is expected to
minimize human use errors. The final section will provide insight into optimization
methods applied in AM and traditional manufacturing approaches related to human

and manufacturing parameter optimization.

2.4 Optimization Models

In order to effectively implement MC through mass production, it is essential to

better understand the physical limitations of AM processes (machine parameters and
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characteristics) and human variability (human parameters and interaction factors).
With a comprehensive understanding of physical machine and human parameters,
optimization techniques can be applied to effectively design for the physical needs
of the human population while also optimizing the performance and/or quality of
the product. Optimization tools are required to efficiently produce products at
the lowest cost while satisfying all requirements (product, machine, and human
parameters). Challenges to successfully optimize products given the aforementioned
parameters include parameter accuracy, optimization in run time, and complexity
with large numbers of design variables. Thus, understanding human or decision-
based, manufacturing, and human and manufacturing based optimization models
will enable the effective reduction of costs (time, financial resources, and man power),

increases in product quality, and the facilitation of design for mass customization.

2.4.1 Decision-Based Optimization Models

Optimization models for humans are subjective and generally implement decision-
making models and trade-off analyses. Several game theoretic approaches such as
Bayesian and coalitional games have been applied to assist in the selection of a
design approach or concept [58]. The application of these games has been applied
with the incorporation of disability or universal design based functions to ensure
that all customers (anthropometry tables) and their device action function rela-
tionships (through action-function diagrams) are considered in the design [59, 60].

Current methods in game theory and human variability optimization do not con-
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sider human-device mapping for product interaction descriptions, which limit the
direct incorporation of these relationships into the PDP.

Other studies have utilized the coalition and Bayesian games to develop prod-
uct platform strategies for universal product families. A strategy quality function
was applied to assess human variability in product and service designs through
the application of functions that act as tradeoff models when incorporated in the
games [35-37,61]. Additional service-based platform optimization techniques de-
veloped to select the optimal service platform, used fuzzy clustering to identify the
common modules that determined the most appropriate platform [42]. Based on
the published literature, there are very few optimization models that focus on the
physical variations for users. Furthermore the techniques presented do not apply
traditional optimization techniques for obtaining optimal product solutions.

Nadadur and Parkinson [62] proposed a Multi-objective optimization(MOO)
technique with consideration of human variability in terms of comfort, safety and
profit goals of the company. These objectives were applied to an aircraft seat (height
and pitch) where 4,000 human models were generated through the NHANES III an-
thropometric database. The researchers framed and suggested a MOO approach for
solving the problem however the optimization problem was not actually solved in
this paper. The future investigation of this type of optimization work was suggested.
Although the optimization problem was not solved, the methodology presented pro-
vides support for consideration of human variability in optimization models. Limi-
tations of the present methodology are the inclusion of designer’s subjective comfort

rating in the model and the consideration of profit without the manufacturing costs
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and constraints. Garneau and Parkinson [63] proposed an optimization approach
that measured grip quality as an accommodation metric where the model evaluated
options for handle sizes and increased costs. Researchers suggested future research is
necessary to investigate a robust objective function considering variance for different

applications in target user populations.

2.4.1.1 Robust Optimization and Variability

Robust optimization may be used to model the uncertainty in human or man-
ufacturing process variability data. It is defined by data that is either stochastic or
uncertain. Robust optimization is distinct from stochastic optimization because it
assumes probability distributions are unknown and data resides in an uncertainty
set [64]. Robust optimization is directly applicable for the concept of interaction
variability, which seeks to define design spaces for human-component interactions,
because information is limited. More specifically, interaction variability in a new
concept, thus there is no information on probability distributions and the data is
uncertain due to the wide range of postures attributed to a single interaction.

Robust optimization can handle continuous and binary data with decision
rules and is applicable for traditional forms of human factors data such as preference
[64-66]. In addition, nonlinear problems are that contain nonlinear perturbations in
uncertainty data have been addressed with affine, which maintain points, lines, and
relationships of data sets, and non-affine transformations and other approaches [65,

67,68]. However, human variability methods that incorporate anthropometric data
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assume a bi-modal distribution for female and male populations, which create an
optimization problem that is both nonlinear and non-convex. Non-convex, nonlinear
problems are generally deemed intractable and ambiguous for efficient solutions
[64,65,67]. Although recent method have achieved tractable solutions to non-convex
problems using robust methods [69]. Thus, with knowledge of errors to inform the
uncertainty set, robust optimization provides a feasible approach that can optimize
objective non-convex human variability data. Unfortunately, knowledge or errors
for related to human variability and interaction variability is unknown.

Other alternatives to robust optimization methods include: Chance-based con-
straints, which allows constraints to be violated up to a specified probability limit
[70]; Reliability optimization, which focuses on the components and distributions
of component failure [71,72]; and demand mazimization, which maximizes the po-
tential market based on assumptions regarding demand [73]. Each approach is a
viable alternative that is appropriate for modeling human variability but assumes
information regarding the problem is complete and available. In instances where
information is not complete the benefits of these approaches are overshadowed.

Suggestions for future research can be addressed through the application of
an optimization model that accounts for the number of artifacts required to satisfy
a target population. This would demand additional insights into errors related to
anthropometric datasets. The errors could be formed to account for the differences
in existing datasets and current population parameters. There is currently no re-
search being conducted to assess interaction variability with consideration of human

parameters (static) and human parameter and component interactions (dynamic)
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for the purposes of optimization. It is essential to comprehensively understand the
physical variation in users and optimize design parameters based on this variation

in order to comprehensively apply MC principals.

2.4.2 Manufacturing-Based Optimization Models

MOO approaches allow for the selection of objectives associated with a device
or design to be established and then optimized based on performance. Ho, Xu, and
Dey [74] discuss the different multi-criteria decision making approaches that have
been applied in supplier evaluator and selection processes. The most commonly
used multi-criteria approach is the data envelopment analysis. Paul and Anand [11]
developed an optimization approach for metal powder based AM processes that
considered the process energy, part errors, and part strength as criteria. Other ap-
plications of MOO approaches have been applied in several AM processes including
stereolithography, fused deposition modeling, selective laser sintering, and laminated
object manufacturing to optimize the build orientation of the design or part [75-77].
MOO approaches have not been widely applied to all seven AM processes or specific
applications of these processes. However, they have been applied in the selection of
other manufacturing approaches Gurumurthy and Kodali [78]; and in the selection
of cutting fluids for green manufacturing techniques [79]. Mellor et al. [25] mentions
supply chain as a critical component in the implementation of an AM technique.
The supply chain is defined with respect to the producers of AM applications and

the buyers of the technology that produce parts for customers as a two-fold supplier
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information feedback loop [25]. Moreover, utilizing multi-criteria decision-making
approaches is a common technique in supplier evaluation and selection; however,
these approaches have presented issues with the time consuming aspect of deter-
mining consensus and subjectivity in popular approaches such as analytic hierarchy
process with goal programming and data envelopment analysis, respectively [74].
While the application of MOO techniques are useful in different selection and man-
ufacturing applications, in order to effectively utilize AM as an economic, quality,
and performance alternative to traditional manufacturing techniques, with the abil-
ity to meet the MC requirements, additional methods and optimization techniques
are required. Additional methods should focus on the additive manufacturing ap-
proaches that maintain quality and cost and optimize time intensive approaches for

efficiency through standardization across manufacturing approaches and machines.

2.4.2.1 Product Family Optimization

Manufacturing and supplier optimization techniques have a more comprehen-
sive history of implementation in industry. However, more recent optimization
techniques are focused on applying optimization approaches in MC and product
platform frameworks. While Section 2.2 outlines product platform design and mod-
ularity approaches, here we discuss methods for product platform and architecture
optimization. In an overview of optimization and artificial intelligence methods
for product family and product platform designs, Simpson [80] notes that many

methods identify a platform design prior to optimization. However, this poses a
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limitation because designers would like to explore platform commonality levels to
determine which “variables to make common and unique within the family [80].
In addition, suboptimal product families were revealed in the application of MOO
because market demand and manufacturing costs are not explicitly modeled [80].

Product family optimization techniques have been applied in an effort to im-
plement MC frameworks. Tseng et al. [81] developed a method for designing product
architectures for commonality in product families to facilitate MC. In this approach,
a MOO model was applied to objectives subject to technical constraints based on
the technical specifications of different product families [81]. Product families have
specific levels of commonality (similar dimensional and functional requirements in
product families) that enable manufacturability; thus, the requirements for com-
monality are technical specifications of product families [81]. In other methods,
objectives were developed to determine the value of alternative platform designs
and scalable product platforms to produce product families for firms [82,83]. The
research surrounding optimization in product families indicates the importance of
the selection of product architectures in manufacturing. Product family optimiza-
tion is ann area that has not been widely explored in AM approaches and may be
essential as AM evolves.

In other applications of MOO, modules were evaluated in terms of common-
ality to determine the optimal product platforms each of which out-performed the
individual designs that did not utilize component sharing [84]. This specific op-
timization application was applied to telecommunication subsystems across three

different spacecraft vehicles [84]. A multi-objective particle swarm optimization ap-
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proach was applied to determine the optimal product platform design variables in
terms of commonality and design variation within the product family [85]. Design
variation was determined through the use of the product family penalty function
developed by Messac, Martinez, and Simpson [86]; and applied in later research stud-
ies [85,87]. Product family penalty function was applied in another multi-objective
evolutionary optimization approach called the Epsilon-dominance Non-dominated
Sorted Generic Algorithm-II, in order to optimize commonality and performance in
the selection of a product family [87]. Based on the literature, commonality is an
important measure to determine product families but approaches to determine or
establish commonalities prior to product conceptualization have not been discussed
in the literature. Thus, there is a need to select approaches that assist in estab-
lishing commonality in order to maximize efficiency in the development of product
families, which is important for large scale manufacturing in AM and MC.

The application and validation of optimal product family techniques and method-
ologies in AM are limited. Optimization methods provide specific advantages, over
the traditional PDP, for generating higher quality concepts and designs since the
problem can be designed comprehensively to include all design variables and con-
straints. The limitations of comprehensively designing the optimization problem
are the high computational power required, computing time, and complexity of the
problem. All limitations considered there is still a need to merge AM optimization
and product family/platform optimization approaches to address MC at economic
costs, while optimizing machine and human constraints. The discussion of optimiz-
ing product families/platforms for AM approaches is limited. The merging of AM

34



and product family /platform optimization could occur through the development of
a method that considered the selection of a product family approach before the

product was manufactured through an AM approach.

2.4.3 Human and Manufacturing Based Optimization Models

There are currently no optimization models that account for human variability
(anthropometric and human interaction measures) in products given the limits of
machine and human parameters. However, several studies have optimized human re-
lated factors (physical, cognitive, and behavioral areas of humans) for manufacturing
and end users. While other research fields, e.g. Marketing, attempt to address the
market demand and manufacturing modeling limitations lacking in product family
optimization literature.

Cognitive and behavioral factors are accounted for in stochastic models for
man-machine systems developed by Abbas and Kuo [88]. The cognitive factors
consist of stress and fatigue while the machine elements are related to task arrival
time and machine state. Other research solely evaluated the human performance or
cognitive errors for human-machine optimization models where the performance of
systems altered the physical state of the human operator; good and bad operator
states were measured as were different system states in stochastic simulations [89,90].
These models only focus on cognitive and behavioral aspects of the human being
neglecting the physical parameters of the human which affect either negatively or

positively the interactions. The investigation of the human in a physical sense
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including interactions is necessary in relation to AM and is the primary goal of the
present work.

In the field of marketing, researchers have been successful in addressing the
market demand limitation in product family optimization discussed by Simpson [80].
Luo et al. developed a method to capture customer preference variation based on
product variants in performance usage conditions in a MOO model. Relationships
were determined between design alternatives and customer preferences, based on
conjoint analysis [91] results, with a mapping function [92]. These relationships
allowed the changes in customer preference to be captured for design variation ad-
dressing the market demand limitation since design variation is expected to signifi-
cantly impact customer preference and thus market share [92]. Customer preference
described in this method is subjective and does not capture the impact of perfor-
mance variation on consumer use. Understanding the changes in consumer use with
design alternatives may also have a significant impact on customer preference and
ergonomic design.

Other optimization models are aimed at customized design for AM. Cus-
tomized design for AM provides computational models for maximizing design and
AM performance in product and AM design processes [38]. Customized design for
AM provides designers with a quantitative method from conceptual design phases,
which are largely based on customer’s perceived satisfaction [38]. The outcome of
this approach provides designers with build sequences that affect customized de-
sign. While this approach provides insight into product state changes that occur

through customer interactions, it does not account for human variability within the
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customer population or the unintended interactions that may occur between the
customer and the product. Authors mention that additional research is required
to integrate customized design parameters and AM process machine constraints in
order to better facilitate design of demand through Customized design for AM [38].
This suggests that research, which is focused on maximizing the level of human vari-
ability integrated into design, is needed in order to effectively optimize customizable
end products. The difficulty lies in identifying all sources of human variability and
correctly mapping interactions between the human and the designs/products. To
maximize human accommodation and product performance and/or quality, the ac-
tions of the user should be considered in terms of product interactions to effectively
optimize customizable end products in AM approaches, in terms of accommoda-

tion/comfort, quality, costs, and performance for customers.

2.5 Summary of Research Gaps

The gaps revealed in this literature review reinforce the need for a structured,
objective method to optimize products based on human interaction factors and
manufacturing characteristics in a MC design process. There is currently no meth-
ods the directly capture interaction variation, researcher rely on customer-choice,
aesthetics, and other qualitative and subjective approaches to capture customer
preference. The literature has shown that customers have difficulty in identifying
their needs [18]. Capturing interaction variation in consumer population will iden-

tify the interaction limitations of the population and allow for designers to design
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safe products that fall within the usability limits of the population. In addition, by
designing for interaction variability designers can anticipate the overlap in customer
preference.

In many instances standardized approaches are adopted to minimize costs and
meet customer needs. However, with highly variable populations that require spe-
cialized products, the cost usually increases for the manufacturer resulting in higher
prices for end users. AM has the potential to address MC and decrease production
costs through the application of modularization and product platforms/families. A
methodology that comprehensively identifies all physical sources of human variabil-
ity (static and dynamic), and measures the most critical sources through quantifiable
means for the purposes of mapping human interaction variability does not currently
exist. The universal design product platform approaches discussed are limited due
to the subjectivity in converting the qualitative principals of universal design to
weighted quantitative values. Moreover these methods are not optimized given the
variability associated with human-device interactions. Thus, there is a need for a
comprehensive optimization method that considers human variability in the design
process and minimizes the errors in the AM process.

There are limited resources that comprehensively measure populations with
human variability both statically and dynamically, so additional parameters and
historic anthropometric databases need to be collected and updated, respectively.
Another challenge is characterizing AM processes and specific process applications
in order to ensure the highest quality build. The development of a methodology

that assists in identifying the gaps in current anthropometric data sources and ap-
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proaches for developing high quality builds in current AM processes is necessary to
push AM into large scale manufacturing domains while applying MC principals and
design on demand options for end users. Through the utilization of product plat-
forms and trade-off models between human variability and AM process and machine
characteristics, the development of an efficient optimization model is possible while

maintaining product cost, quality, and performance.
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Chapter 3: Methodology

A process map of the methodology is presented in Figure 3.1. The steps are

summarized below and detailed in subsequent sections.

1. Chapter 3: The first step consists of identifying the specific application, with
an emphasis on products that require direct or indirect interaction with human
beings (e.g., helmet, backpack, glucometer). All product components (parts
of the whole application) and requirements (e.g., federal product regulations)

are also selected for the end product in this step.

2. Chapter 4: The second step is the identification of human parameters (mus-
culoskeletal interfaces) that are required for product interaction. Functional
classifications (reach, force, tactility, maneuverability) are then identified to
determine the specific interaction (e.g., pressing a button) and the level of
variation (e.g., range (maximum, minimum) of press force for 95th percentile
male) associated with the classification level (e.g., push) of interaction. After
the identification of musculoskeletal interfaces and functional classifications,
the anthropometrics are determined based on the mapping of the aforemen-
tioned parameters to anthropometric databases. The anthropometrics identi-
fied will become constraints in the optimization model in step 5. There are
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also used to inform product metrics that are involved in a trade-off process in

step 4 and as design variables in step 5.

. Chapter 4: The third step is the identification of machine characteristics. This
step consists of identifying all characteristics in AM for the 7 AM processes
and selecting a specific AM process (e.g., material jetting) and machine type
(e.g., Objet 500 Connex 3). The characteristics identified in this step assists
in the generation of design variables for the optimization model in step 5 and
the AM process metrics that will undergo a reduction in the trade-off analysis

conducted step 4.

. Chapter 5: The fourth step is the trade-off analysis, which consists of a new
design approach based on the application of design methods including the
Analytic Hierarchy Process (AHP) and Quality Function Deployment (QFD).
This process assists in obtaining a reduced set of metrics for the optimization
model in step 5. The metrics being reduced include the product metrics and
the performance metrics, which are influenced by the anthropometrics and

AM process metrics, respectively.

. Chapter 6: The optimization and validation are performed in fifth and final
step of this methodology. The generated design variables are incorporated into
the development of objective functions based on the goals of accommodation
in product metrics and performance metrics (e.g., surface temperature; yield
strength). The generated functions are optimized through the application of
a penalty-based optimization with single or MOO depending on the number
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of product and performance metrics. The product metrics generated from the
optimization model are then built in a CAD environment and computationally

or experimentally tested in the targeted population.

3.1 Application Description and Overview

The proposed methodology is applicable across a broad set of applications.
However, the fundamental characteristics of these applications require either static
or dynamic interactions in order to be effectively evaluated with this methodology.
Thus, applications are classified as either static or dynamic in this method.

A static application has the capacity to carry out the primary function without
interaction after an initial interaction. For example, a lamp has a primary function
to provide light in a space. After the initial interaction of turning on the lamp
it will perform its function without further interaction. In essence, many static
applications have two or less states, in our example of the lamp the states are “lamp
on” or “lamp off.” Other examples of static applications include: chair, glasses,
non-accessible containers, etc.

A dynamic application does not have the capacity to carry out a primary
function without interaction after an initial interaction. In many instances dynamic
applications have one or more primary functions. For example, a water bottle has
two primary functions: (1) to hold, store, or contain liquid and (2) to provide
access to liquid. The first function can be accomplished without interaction while

the second function requires interaction. There are three states in this dynamic
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application “bottle closed,” “bottle open,” and “liquid released.” After the third
state the water bottle will return to one of the previous states. If weight and amount
of liquid are considered in the primary function of the device then more states may
be important such as the decrease in liquid and weight and the effectiveness of the
container, e.g. bottle half full. Other examples of dynamic applications include:
tablet, glucometer, vacuum cleaner, etc.

The methodology is presented over the next three Chapters with detailed pro-
cesses for identifying human interaction factors and manufacturing characteristics
(Chapter 4), trade-off analysis (Chapter 5), and optimization (Chapter 6). Each
Chapter includes a validation section that validates and verifies new constructs

through testing on a set of static and dynamic applications.
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Chapter 4: Identification of Human and Manufacturing Parameters

The process diagram, Figure 2, provides a visual overview of the information
presented in Chapter 4. Section 4.1 details the process for identifying human inter-
action factors; Section 4.2 details the process for validating the human interaction
process; Section 4.3 details the process for identifying manufacturing characteristics;
and Section 4.4 details the process for validating the manufacturing characteristics

process.

4.1 Identification of Human Interaction Factors

The identification of human characteristics occurs in three steps. First, the
physical elements of the human being that interact with the device must be iden-
tified. Next, the type of interaction must be classified. Lastly, the information
generated is linked to databases that capture the variation in human physical ele-

ments for the population in which the design is intended.

4.1.1 Identification of Musculoskeletal Interfaces

The anatomy of the human being is composed of several systems. Some sys-

tems are cognitive while others are physical. This research will focus on physical
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systems, specifically the musculoskeletal system and its associated motions, abili-
ties, and limitations. The musculoskeletal system and elements of the sensory system
provide measurable data that is necessary to quantify human variability. Human
variability is important since it has the capacity to capture the differences in in-
teractions between musculoskeletal interfaces and product components amongst a
range of people.

In order to capture the musculoskeletal interfaces that will interact with the
end product, the product idea must first be captured. The product idea consists
of the application (product being designed), product components (individual parts
of the application), and parameters (measurement limits) of the product. Require-
ments are functions and behaviors that the product must meet based on the demands
of the customer, conceptualization of the product, or the characteristics and limi-
tations of the design process [93]. Once the product idea is selected and the design
requirements are established, the elements of the human musculoskeletal system

that will interact with the product can be identified.
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The musculoskeletal system consists of the human skeletal system and the
muscles that support the skeletal structure. There are twelve musculoskeletal areas
in the human being. These areas are the braincase, face, ear, throat, vertebral
column, thorax, pectoral girdle, arm, hand and wrist, pelvic girdle, leg, and foot [94].
Each of the listed areas acts as a system with its own subset of bones. For example,
the hand and wrist consists of 54 bones including phalanges, metacarpals, and the
bones that make up the carpal system [94]. The subsets of the musculoskeletal
areas (e.g., hand and wrist) are considered the elements (e.g., phalanges) of the
area. For the purpose of this method, the musculoskeletal areas will be referred
to as musculoskeletal interfaces. It is essential to specify which musculoskeletal
interface and interface elements are relevant to the product interaction. Once the
interface elements are specified at the appropriate level of detail, the element terms
will be translated into common terms for identification in anthropometric databases,
for example phalanges — fingers.

After identifying common terms, the product components that the human ele-
ments interact with are identified. The relevant components of the product are iden-
tified through the intended interactions defined by the design requirements. Next,
all interactions are identified. The interactions are captured in a detailed manner
to ensure that the translated element and the product component interactions are
captured and conveyed intuitively to the layperson. For example, thumb (translated
element) presses and holds button (product component). The process for charac-
terizing the human-component interaction is the first step to understanding human
interactions in order to improve end user satisfaction and accommodation.
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4.1.2 Identification of Functional Classifications

After identifying musculoskeletal interfaces and the subsequent interface-component
interactions, the functional classifications are defined. Human functions can be clas-

sified in four categories.

1. Reach. Extension, flexion, and retraction of the limbs in relation to the specific

limb when active.

2. Force Ezertion. Force exerted by the human parameters in relation to the

interaction with an object.

3. Tactility Initiation. Sensory system that is activated to distinguish surfaces

and textures through touch.

4. Maneuverability. Ability of the joints and axes of rotation in different limbs
and body parts. This includes deviations of the wrist, arms, and lower limbs

including legs, ankles, and feet.

The aforementioned functional classifications and the respective classification
levels, are highlighted in 4.2. The procedural steps refer to the functional classifica-
tions and do note need to be identified in a specific order. The classification levels
are the specific measure of each function classification. Functional classifications
reach and force were derived from anthropometric databases while tactility and ma-
neuverability were conceptualized in the development of this method. Tactility and
maneuverability draw from concepts related to feedback analyzed by the sensory sys-
tem and the degree of joint fluctuation in a three-dimensional space, respectively.
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Data and descriptions of all classification levels were derived from anthropometric
databases with the exception of twist and turn (force), sense (tactility) and rota-
tion (maneuverability). Section 4.2 provides validation of the specific sources used
to support the inclusion of functional classifications and classification levels. The
design team identifies interactions that occur at each classification level of the iden-
tified functional classification(s). This process is demonstrated in Chapters 8 and
9 for the glucometer and helmet applications, respectively. Since, interactions are
application-specific, thus they are not included in 4.2. The interactions are defined

in the demonstration chapters of the methodology.

4.1.3 Mapping to Anthropometric Databases

The identification of the musculoskeletal interfaces and functional classifica-
tions allow for the mapping of the identified human parameters to anthropometric
databases. The anthropometric databases provide static and dynamic measurements
for human parameters, which enables the seamless mapping of musculoskeletal in-
terfaces and functional classifications, respectively. The identified measurements
are critical to the optimization model for the prediction of product components
dimensions.

The anthropometric databases provide measurements that give insight to the
population variability for different body part sizes. Once the appropriate anthro-
pometrics are identified the distributions of each measurement can be observed to

obtain an idea of the shape of the distribution. Most anthropometric databases have
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an underlying assumption of normality in the distribution. However, the spread
of each body part parameter is variable. The most important aspect of obtaining
anthropometrics is identifying the correct mapping relationship between the anthro-
pometric value and the musculoskeletal interface or functional classification. The
variability ranges for the functional classification levels are determined from federal
databases (i.e. NHANES), scholarly research (i.e. Bodyspace by Stephen Pheasant),
and anthropometric databases (i.e. ANSUR). For example, NHANES defines phys-
ical measures (weight, height, etc.) of people in the population based on physical
examinations; The US Department of Defense (DoD) databases define anthropo-
metric data for military personnel; National Institute for Occupational Safety and
Health (NIOSH) funds research projects that produce anthropometric datasets for
workforce populations to assist in the reduction of workplace injuries; ANSUR de-
fines anthropometric data for army personnel, and NASA databases provides space
flight standards for human-system integration from multiple perspectives; etc.
Once an application is selected and a target population is identified, one of
the previously mentioned US anthropometric databases can be used to obtain body
measurement values for men, woman, and children. There are also international an-
thropometric databases for products that are expected to be available internation-
ally. In applying most anthropometric database measurements, the designer selects
the 5th, 50th, or 95th percentiles of the desired populations based on the population
needs. This almost always leaves out some portion of the population [95]. In the
proposed approach, instead of attempting to design for the 5th, 50th, or 95th per-
centiles of the specified population, the distributions of appropriate anthropometrics
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will be modeled. From these distributions, the optimization model can estimate the
fit of various product components in the population and minimize extreme dynamic
interactions in the user population.

The method for obtaining the appropriate anthropometric values for the mus-
culoskeletal interfaces and the functional classifications has been discussed. In the
case where a parameter is not available in the database then it can be empirically
collected from the target population. The data collection process should include all
metric values of interest for collection in a sample of the target population. The pro-
cess for identifying human interaction factors is presented in two primary processes
(1) musculoskeletal interface identification and (2) functional classification identi-
fication. Figure 4.3 provides a detailed process for the human interaction factors
process. The procedural transition step indicates that the interaction is sequen-
tial with precedence relationships. The translational transition step occurs when a
conversion of syntax is being performed, i.e. phalanges — fingers. The mapping
transition step identifies the specific interface elements, functional classification level
and product components that interact, i.e., fingers map to buttons. In addition, the
mapping step, provides a linkage to the anthropometric values based on the com-
mon term for the musculoskeletal interface and classification level of the functional
classification. Finally, the black arrows represent examples of each term presented
in this method.

The conceptual aspect of this methodology presents the most arduous chal-
lenge. The successful development of a streamlined process for mapping the relation-

ship between human anatomy, anthropometry, and product components presents a
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new conceptual framework for interaction-component mapping. This process allows
for thorough and accurate mappings of the human interfaces to the product com-
ponent. The specificity of the interactions captured is also streamlined between the
human interaction elements and the product components, which allows for a greater
space to identify and characterize human-component interactions. The characteri-
zation of human-component interactions is the first step to understanding human

interactions in order to improve end user satisfaction and accommodation.

4.1.4 Summary of Human Interaction Factors

Now that the process for Human Interaction Factors has been discussed in
detail a summary of all musculoskeletal interfaces, Table 4.1, functional classifi-
cations, Table 4.2, and their respective units are presented. The identification of
design variables and objective functions, related to these interaction factors, is fur-
ther investigated in the optimization model, Chapter 6. The summary of the values

allow for the easy mapping to the final anthropometrics.

4.2 Validation of Human Interaction Process

The validation process for human interaction factors is presented. Figure 4.4
provides a reminder of the human interaction factors process. More specifically, it
outlines the mapping process relationship of among the musculoskeletal interfaces
and their respective sub interfaces or elements as well as the functional classifications

and levels. The mapping process for each of subprocess of the human interaction
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Table 4.1: Musculoskeletal Interface Units for Human Anatomy

+# Musculoskeletal Interface Units
1 Braincase mm
2 Face mm
3 Ear mm
4 Throat mm
) Vertebral Column mm
6 Thorax mm
7 Pectoral Girdle mm
8 Arm mm
9 Hand and Wrist mm
10 Pelvic Girdle mm
11 Leg mm
12 Foot mm
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Table 4.2: Functional Classification Units

# Functional Classification Units
1 Reach mm
2 Force N

3 Tactility Hz

4 Maneuverability Deg

®
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Figure 4.4: Process for Identifying Human Interaction Factors
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factors be validated and verified.

The validation square approach was utilized in this step to establish theoret-
ical structural validity for the process of identifying all human interaction factors.
Theoretical structural validity is described as the correctness of the method con-
structs separately and integrated [96]. This form of validity is demonstrated for
each construct separately through validation as defined in Seepersad et al. [96] and
the integration of the constructs, highlighted in grey, are verified through blind
testing [97], depicted in Table 4.3. Construct integration refers to integration of a

construct either modified or unaltered into the method.

4.2.1 Validation Protocol and Results for Human Interaction Process

The constructs listed in Table 4.3 were addressed in the following procedures
to ensure that construct mapping and interaction conceptualization processes were
valid. A randomized test was conducted to evaluate the correctness of the mappings
and the interaction constructs. The process for performing the double blind exper-
iment included the randomization of several tasks for the validation of this entire
method, not just specifically the human interaction process. The experimenter as
well as the participants was unaware of the task order. However, the individual
subtasks for construct mapping and interaction conceptualization within the human
interaction validation procedure were presented in a sequential order.

Participants in the study were provided with a series of supplemental materials

to assist their decision making process regarding the engineering design questions
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Table 4.3: Validation Constructs for Human Interaction Factor Process

Construct Origination Modification Integration
Area Table 1.1. Names of | Musculoskeletal In- | Yes
Bones in the Human | terface
Skeletal pg. 9 [94]
Singular/Plural Table 1.1. Names of | Interface Element Yes
Bones in the Human
Skeletal pg. 9 [94]
Area/Term — Parame- [ [94,98,99] Translation Yes
ter
Sensors, Controls, Con- | [100,101] Product Compo- | Yes
nectors nents
Reach, Vibrotactile | [51,102] Functional Classifi- | Yes
Feedback, Grip Strength, cations
Force
Posture, Joint Movement | [102] Classification Levels | Yes
Parameter, Dimension [51,102-104] Measurement Yes
Interaction Original Construct No Yes
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in this study. Correctly identifying and conceptualizing engineering design concepts
and human anatomy and functional capacities enabled participants to correctly
identify individual parameters and product components to make logical mapping
relationships. Providing supplemental material reduces the likelihood of base-rate
fallacy and overconfidence errors. Base fallacy errors result from misinformed or
misguided subjects while overconfidence errors are a result of poor calibration [105].
Information provided to the participants intended to reduce the possibility of these
erTors.

The experiment consisted of two tasks to evaluate the interactions developed as
a result of the mappings of interface elements and classification levels with product
components. The semantics and criteria for interactions were not taught to partic-
ipants nor were they considered the focal point of the validation procedure. Thus,
synonym extraction and mapping was apart of the data analysis process. Future
work in this area should provide training to participants including the interaction
syntax structure. The anthropometric databases were provide to participants and
assisted in estimating the accuracy of the aforementioned mappings. Participants
were recruited from the senior level mechanical engineering design course at the
University of Maryland, College Park. The inclusion criterion was as follows: par-
ticipant must have had at least one upper level engineering design course and some

knowledge of human anatomy.
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4.2.2 Study Procedure

Participants were presented with both a static (primary function is performed
after initial interaction) and dynamic (primary function is not performed after initial
interaction) application, as defined Chapter 3. An interaction was demonstrated for
both the static and dynamic product. The static product was a pair of sunglasses

and the dynamic product was a water bottle.

1. Static Interaction: Sunglasses Application

e Pick up the sunglasses in an expanded arm state with a two-handed pinch
grip between the thumb and index finger. Place the lenses in alignment

with the pupils and the arms between the braincase and ear.
2. Dynamic Interaction: Water Bottle Application

e Pick up the water bottle with a loose grip. Then, apply a tight grip to the
container and lid with two hands in opposite directions apply the torque

necessary to unscrew the cap. Remove cap and drink from the container.

Diagrams of the sunglasses and water bottle applications were provided to each
participant. Each participant was also provided the supplemental tools necessary to
perform the mapping tasks, which consisted of a series of blank tables provided for
each task and subtask described below. Participants were also allowed to ask the
experimenter any questions regarding the tables provided, interactions, and term

clarification, demonstration, or definition.
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1. Task One: Identify Table Parameters from Source Information

(a) Part 1: Participants were provided with Table 9.2 from Steele and Bram-
blett [94] and asked to identify and complete the musculoskeletal inter-
faces, elements, and common terms constructs of the Figure 4.3. Partic-
ipants were provided access to select anthropometric databases and/or

medical dictionaries to complete these three constructs.

(b) Part 2: Participants were provided with a table of version of the func-
tional classifications, Figure 4.2. Based on the musculoskeletal interfaces
identified, participants were asked to identify the functional classifications
and levels that are active during the demonstrated interaction between
the musculoskeletal interface and the product component. Participants

were provides access to the same resources available in Part 1.

2. Task Two: Determining Mappings and Interactions

(a) Part 1: Participants were asked to segment the applications in terms of
physical components that require human or user interaction to accom-
plish the demonstrated interactions. After this, each participant com-
pleted the product components handout that was later translated to the
product component of the column of the musculoskeletal interface map-
ping table. The participant then described and wrote the interaction, in
the interaction column of the mapping table, which occurred between the
product component and the common term, Figure 4.3. This process was
repeated of the functional classifications and levels identified in Part 2 of
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Task 1. The interactions described in this part of the study were based
the interaction between the product component and the musculoskele-
tal interface and the classification levels for each functional classification

required to complete the demonstrated interaction for each application.

(b) Part 2: Participants were provided with anthropometric measurements
tables and asked to determine the specific measurements related to the
common terms followed by those related to the classification levels. If
expected measurements were not available then participants were asked
to provide the needed measurement. Participants were also allowed to

ask clarifying questions related to the anthropometric terms.

3. Task Three: Identify Application Type

(a) Participants were asked to identify the category of each application pre-
sented. The category of an application is either Static or Dynamic based
on the aforementioned definitions. Participants were provided with a
definition of the Static and Dynamic application and asked to correctly
identify the category for the sunglasses and water bottle applications.
This task was randomized and could have been presented at the begin-

ning or end of the ordered tasks 1 and 2.

4.2.3 Outcome

Each task achieved majority consensus in the participant population. Of the

tasks considered important based on the new methodological principals, consensus
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was achieved at higher magnitudes ranging between 43.75 and 87.5% for human
interaction factors mapping. The lower percentages of consensus occurred amongst
the population due to the details of the interaction and identifying which muscu-
loskeletal interface directly interacts with the application. Many participants could
identify secondary interactions where a part of the body must move to enable a di-
rect interaction with another musculoskeletal interface. It is evident from this study
that complexity and the number of components in a product decrease the consensus
amongst designers because consensus was achieved at higher rates in the water bot-
tle application compared to the sunglasses application. Participants were also able
to consistently identify product components at 93.75% to 100% consistency. Correct
identification of static and dynamic applications was achieved at 87% correctness
and consistency.

The correction rate of the participants was calculated and analyzed based on
the acceptable performance range of 75% to 95% correctness. A range is considered
acceptable when a level is not specified, which may prove difficult because a correc-
tion rate that is too high (100%) is unreasonable while a correction rate that is too
low (50%) may cause system or method failure [106,107]. A general rule of thumb
is 80%, which is often used for statistical power [108].

A correction range was selected because the interests lie in the ability of the
most qualified people being able to implement this methodology, implementation by
almost everyone (>90%) or less than most (<80%) may indicate simplicity or vague-
ness, respectively, in the process. Based on the lower ranges of consensus observed,

training may be necessary to implement this methodology amongst mechanical de-
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Figure 4.5: Process for Identifying Manufacturing Characteristics

sign students. However, other engineering programs that teach biomechanics may
have a more comprehensive understanding of this process. Spelling errors or phrase
arrangement (i.e. order of words in a statement) was not considered, only meaning,

as it related to the interactions identified.

4.3 Identification of Manufacturing Characteristics

The identification of manufacturing characteristics occurred in two steps, Fig-
ure 4.5. In the first step, all characteristics associated with the seven AM processes,
as discussed in the literature review, are identified and discussed. In the second
step, an approach for identifying the process parameters for an application of an

AM process is discussed.
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4.3.1 AM Process

There are several types of AM processes defined in the literature review, Chap-
ter 2. It is first important to identify the characteristics including parameters, con-
trols, and constraints or limitations of all AM processes. The general AM process is
depicted in Figure 4.6. Each AM process starts with a CAD model (a), followed by
an STL file (b), and the final part is produced with an AM process, which all addi-
tively layers on material as exhibited in (c¢). While all AM process build parts layer
by layer there are several methods and scientific processes for obtaining an AM part.
According to the American Society for Testing and Materials (ASTM) standards for
AM terminology, there are several processes and forms of AM. The AM processes
that are specific to metals were divided into three categories including power bed
systems, laser powder injection systems, and free form fabrication [109]. While
all the nomenclature and standardization of AM terms are extremely useful, they
vary significantly. Therefore, it is more useful to categorize them by the common
processes used to additively manufacture product components and parts [6, 109].
The AM group at Loughborough University provides a detailed guide to classifying
the types of AM as defined by Materials [6]. They discuss the seven types of AM
processes including vat photo-polymerization, material jetting, binder jetting, mate-
rial extrusion, powder bed fusion, sheet lamination, and directed energy deposition.
There are specific and general characteristics for each of these processes; Table 5
highlights the seven identified AM processes and their inherent characteristics. In

the process proposed in this methodology it is important to identify the character-
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(a) CAD Model (b) STL File (c) AM Part

Figure 4.6: Process for Manufacturing AM Parts

istics that are inherent to the AM process and the part build; these characteristics

will act as the manufacturing parameter options for the optimization model.

4.3.2 Process Parameters

After identifying the manufacturing characteristics, designers specify the AM
process and application. Additional characteristics associated with the selected AM
Process are identified and may be considered as additional variables for the perfor-
mance objective function. However, the identification and categorization procedure
of the AM process and process parameters produces a set of AM process metrics
that are reduced in the trade-off analysis step (step 4 of the methodology). During
the process of obtaining the AM process metrics, the process parameters that are
identified for the AM process application produces a reduced set of metrics that
are appropriate for the selected AM process but translatable to the overall manu-
facturing characteristics. For example, the build area for each approach has some

three-dimensional space restrictions. Thus, the specific restrictions will be defined
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upon the selection of an AM process and application. The AM process application
selection is defined based on the product requirements. The emphasis of the function
development will be placed on the characteristics that have numerical values and/or
ranges, Table 4.4. Traditional characteristics and characteristics that are inherent
to the AM process that potentially impact the final part build are included in Ta-
ble 4.4. Table 4.4 was developed based on the characteristics for each AM process
detailed in the ASTM standard and the AM group at Loughborough University [6].

Additional informational on the manufacturing characteristics identified in the
seven AM processes is provided, Table 4.4. Similar to the human interaction factors
identified, the manufacturing characteristics associated with all AM processes and
the process parameters, are represented, Table 4.5. The units for each parameter
are also presented. However, the parameter range and AM process applications
are not specified in this table since the specific AM process and respective pro-
cess parameters are expected to vary amongst different design teams and available
resources. After selecting an application and defining product requirements, the se-
lection of an AM process, application, and process parameters are determined. The
overall manufacturing characteristics still relevant after AM process selection will
be significantly decreased. In addition, different applications of AM processes have
variable ranges of parameter control, which may be a limiting factor for prototype
development and testing. Moreover, the selection of an AM process may provide
additional proprietary parameter control that is unknown to researchers that do
not own specific AM applications. Thus, these parameters should be added as pro-

cess parameters for the chosen application. Some manufacturing characteristics are
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common to the majority of AM processes while others are only relevant to specific
processes. The goal of this procedure is to capture both the inherent differences in
the AM processes and the process parameters.

In capturing the inherent differences associated with each AM process, design-
ers can gain a better understanding of which AM processes satisfy product require-
ments. This is extremely important because the AM process selected will impact
the part quality, either positively or negatively. Once the AM process is selected and
application should be chosen based on available resources. The identification and
refinement of all associated manufacturing characteristics is essential for the trade-
off analysis. The trade-off analysis will consider AM process metrics and product

metrics for designing an optimal product for accommodation and performance.

4.4 Validation of Manufacturing Characteristics

The identification of the manufacturing characteristics process is outlined in
step 3, Figure 4.5. The constructs of this process were identified through a theoreti-
cal structural validity approach of the review of literature. The constructs identified
and the validation source are presented in Table 4.6.

The constructs listed in Table 4.6 have been identified in the literature. How-
ever, research in AM is continuously expanding and growing and the 7 AM processes
are expected to expand as additive and subtractive processes began to develop. In
addition, the list of characteristics identified for each AM process is not intended

to be comprehensive and the design team is expected to add additional relevant
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Table 4.5: General AM Process Parameters for Manufacturing Characteristics

# Process Parameters Units
1 Build Area mm
2 Layer Height mm
3 Material kg
4 Support Material kg
) Laser nm
6 Blade or Roller N
7 Part Density kg
8 Print Head mm
9 Print Speed dps
10 Nozzle Radius mm
11 Temperature deg
12 Electron Beam nm
13 Vacuum Pressure bars
14 Ultrasonic Weld N
15 Fusion N
16 CNC Mill Hz
17 Plasma Arc deg
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Table 4.6: Validation Constructs for Manufacturing Characteristics

Construct Origination Modification Integration
7 categories of AM pro- | [6] AM Process Yes

cesses

Technical Info, Materi- [ [110] Process Parameter | Yes

als, Pros/Cons

characteristics as research and development in AM progresses.
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Chapter 5: Trade-off Analysis

The process diagram for step 4 is presented in Figure 5.1. The trade-off anal-
ysis section includes a series of decision-making techniques that assist in reducing
the number of product and performance metrics given the anthropometrics and AM
process metrics identified. The decision-making techniques include the Analytic Hi-
erarchy Process (AHP) and the 2"¢ process of Quality Function Deployment (QFD)
method. The process for identifying product and performance metrics is described
in Section 5.1. The formation process of the AHP method is detailed in Section
5.2, along with discussions of alternative design method options. The output of
the AHP’s will be used as inputs in the 2°¢ process of QFD, which is discussed in
Section 5.3. Section 5.4 discusses the validation of constructs associated with AHP

through literature and analysis of consensus in rating anthropometrics for AHP.

5.1 Identification of Product and Performance Metrics

The anthropometrics selected, Section 4.1, inform the identification of the
product metrics. The product metrics assist in the development of the optimization
model. Specifically with determining the dimensions of the selected product appli-

cation, and the number of product applications with different dimensions required
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Figure 5.1: Process for Identifying Manufacturing Characteristics

to accommodate the population. The performance metrics also assist the in the
development of the optimization problem. The performance metrics integrate the
AM process metrics, Section 4.3, to construct the objective function(s).

More specifically, Human Interaction Factors and Manufacturing Character-
istics determine the decision or design variables in the optimization model that
will be optimized. Performance metrics associated with the product function and
engineering requirements of the product application are directly derived from the
process metrics of the manufacturing process. In the demonstration of this method,
the manufacturing process is an AM method. Process parameters are expected to
impact the final product. Thus, the more information known about the relationship
between process parameters and performance metrics based on thermal, structural,

material, power, etc. engineering requirements of the product the easier it is to
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model and optimize the performance metric. In general, the design team deter-
mines the performance metrics, which are based on the goal and functions of the
product.

Alternatively, human interaction factors in the form of anthropometrics link
directly to the product metrics, which drive the shape and fit of the product appli-
cation. This is generally, all that you will need for static applications. However, for
dynamic applications where the interaction space has to be defined fit and the im-
pact of component placement within the interaction space must also be defined. Any
functional classification can contribute to a performance metric derived from human
interaction factors. In this instance the performance metric would become the ob-
jective function, which should be minimized to reduce risk of injury or overexertion
on the human parameter during an interaction. This interaction could be driven by
feedback of force, tactility, maneuverability, or reach. The process for identifying

both the product metrics and the performance metrics are discussed in this section.

5.1.1 Product Metrics

Product metrics are equations or a system of equations that utilize anthro-
pometrics to inform the dimensions of a product application. The product metrics
are selected based on any equations that have the capacity to produce the dimen-
sions of the application. Due to the vast number of equations that could aid in the
determination of product or application dimensions, a decision-making technique is

required to reduce the number of product metric options.
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5.1.2 Performance Metrics

Performance metrics are fundamental engineering metrics for evaluating the
quality and/or functionality of a product or application. Performance metrics may
be based on requirements that a product must achieve, for functional innovation
over competitors, or general performance improvements. Manufacturing character-
istics generally affect the performance of a product based on the manufacturing
process. The manufacturing process being considered in this methodology is AM,
specifically a material extrusion process called fused deposition modeling (FDM).
The AM process metrics produced provide the capacity to quantify the effects of
manufacturing constraints on product performance. Performance metrics can also
be vast, daunting, and costly to estimate. The researcher or organizations’ interests
also directly influence the performance metrics. Thus, it is essential to understand
and model the most important performance metrics that (1) address the interest
of the organization and (2) reduce performance metric options to enable the effi-
cient collection of the most critical information for answering the primary research

question or problem.

5.2 Analytical Hierarchy Process for Reducing Metric Options

AHP is the most appropriate technique for reducing the product and perfor-
mance metrics, respectively. AHP is defined as a problem solving method for making
a decision considering a set of alternatives when selection criteria represent multiple

objectives, have a natural hierarchical structure, or consist of qualitative and quan-
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titative measures [111,112]. The AHP process consists of performing multiple sets
of pairwise comparisons for the identified criteria and options [113]. This method
was developed by Saaty and is commonly used in engineering design [113].

In order to narrow the selection of product and performance metrics, two
(AHP) analyses are performed. One AHP utilizes the anthropometrics as criteria
for the selection of product metric options. The other AHP considers AM process
metrics as criteria for the selection of performance metric options. AHP is considered
to be an effective method that assists researcher in making consistent comparisons.
Thus is necessary for this trade-off method in order to obtain the most appropriate

reduced set of product and performance metrics.

5.2.1 AHP for Anthropometric and AM Process Metric Criteria

The process for obtaining the anthropometric and AM process metric criteria
for the AHP is detailed in this section. First, the formation of the anthropometric
criteria is discussed along with a short demonstration of the anthropometric criteria
applied to the AHP process for the design of a helmet. Next, the formation of the
AM process metric criteria is described along with a demonstration of the criteria

applied to the thermal performance of the helmet.

5.2.1.1 Formation of AHP Criteria: Anthropometrics

The anthropometric criteria are comprised of the specific anthropometric dis-

tributions required to capture the human product interactions for a given product
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or application. The criterion is subject to change upon the specification of a product
application. The pairwise comparison, Tables B.23 and 5.2, demonstrates the pro-
cess for setting up the pairwise comparison as described in Dieter and Schmidt [112];
Saaty [113]. The rows and columns are filled with the criterion. In the instance that
one criterion is determined to be more important than another criterion, then the
most important criterion will receive a whole number value between two and five
in its row column. The reciprocal of the row value will be placed in the column
(corresponding with the most important criterion) of the less important criterion.

In the event that the criterion is determined to be less important it will receive a

1

5 and % in its row column and the whole number value

reciprocal value between
in the relative column. In the event that both criteria are considered equal then
a value of one will be place in both the row and column. The calculated criteria
weight will be determined through a series of three matrix multiplication opera-
tions where the first iteration is the criteria ratings squared, the second iteration
in the squared criteria ratings multiplied by the squared criteria ratings, and the
third iteration is the result of the second iteration squared for a third and final time
through matrix multiplication also referred to as the dot product. The eigenvector
and normalized value for each row is calculated. The eigenvector is the sum of the
row totals represented in Equation 5.1, where w; is the value for each column per
row. The normalized value is the eigenvectors for each row,V; divided by the sum of
eigenvectors for all rows, Equation 5.2. The last column will provide the rank order
of these criterions. The totals are used to rank the criterion from greatest to least,

with the least important values possibly being eliminated. Elimination of criterions
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may assist the design team reducing time and subsequent costs by eliminating cri-
terions that are not essential to the design. If the design team determines that no
criterion should be eliminated, all criterions will be considered and the options will

be compared through pairwise comparisons for each criterion.

V= Zw (5.1)

(5.2)

5.2.1.2 Example of AHP with Anthropometrics

An example of this process, applied to the product metric of a helmet, is
provided for clarification. Assume a criteria and normalized comparison matrix
for a helmet design is presented, Tables B.23 and 5.2. The anthropometric criterion
considering the head breadth (width) and head length is evaluated in the comparison
matrix. Designers, in this example, determined that the head breadth and length
were equally important. Thus, head breadth received a one in comparison with the
head length and the head length received the same value of one.

In this instance, both anthropometric values receive a 1st place rank with a
calculated criteria weight of 0.5 based on the normalized eigenvector values from the
third iteration of the squared matrix multiplication. Since a helmet is the product
of interest, the designer does not need to consider unrelated anthropometrics such

at the ear height assuming that it is not a major metric that will help determine
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Table 5.1: Criteria Comparison Matrix for Helmet Example

Anthropometric Criteria

Head Breadth
Head Length

Head Breadth 1 1
Head Length 1 1
Total 2 2

the helmet metrics the will be later used to determine fit or accommodation. In this
instance, the ear height would not have direct interaction with the helmet because
the designer intends on having earphones being build into the helmet, so ear height
would be important for earphone design.

Product metrics for the helmet that would assist in determining fit include
helmet surface area and helmet circumference, for example. A short demonstration
of the full AHP for our example case is provided for robustness. For this example,
an AHP tool for R [114] is applied. This tool requires a YAML script, which is a
human readable file format commonly used for storing object trees, Figure 5.2. The
hierarchical tree for this AHP demonstration is presented, Figure 5.3. The AHP
priority calculation, Table 5.4 is based on the eigenvalue calculation method used
in Tables B.23 and 5.2. This method show that helmet surface area is the most
important metric and the consistency is 0% because there are only two comparisons

and one rater that view helmet surface area most important for the length and
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Table 5.2: Normalized Comparison Matrix for Helmet Example

Anthropometric Criteria Criteria Weight | Rank

Head Breadth
Head Length

Head Breadth % 1 % 1
Head Length % % % 1
Total 1 1 1

breadth.

5.2.1.3 Formation of AHP Criteria: AM Process Metrics

The AM process metric criteria are also dependent on the product or ap-
plication. There is a difference from the anthropometric criteria in that the AM
process metric criteria are formulated based on the impact that the manufacturing
process parameters have on the performance metric options of interest. In many
instances, especially in AM since it is a relatively new manufacturing process, there
is little research on the impact of manufacturing parameter control ranges on the
performance metrics. This additional research, including design of experiments and
surrogate modeling, are required to understand the mathematical relation between
the manufacturing parameters and the performance metrics of interest. This pro-
cess can become very expensive depending on the amount of influential performance
metrics. Thus, this process is extremely important for the reduction of performance
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S&alternatives

Helmet Metric

- [Head Length, Head Breadth, 1]

—~ [Helmet Surface Area, Helmet Circumference, 3]
xalternatives

—~ [Helmet Surface Area, Helmet Circumference, 2]
xalternatives

Figure 5.2: YAML format for Helmet Product Metric
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Helmet Metric

Head Length Head Breadth

Alternatives

Helmet Surface Area Helmet Circumference

Figure 5.3: Object Tree for AHP

Helmet Surface Helmet
Weight Area Circumference Inconsistency
Helmet Metric  100.0% ([0S 29.2% 0.0%
Head Length 50.0% 37.5% 12.5% 0.0%
33.2% 16.7% 0.0%

Head Breadth 50.0%

Figure 5.4: AHP Priority Table for Product Metric
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metrics options to metrics that provided the most critical information for improving
the overall performance of the product.

The criterions in this process are represented by the manufacturing param-
eters in the AM process. The number of criterion is subject to change based on
the selection of a specific AM process and process parameters. The follow section
demonstrates the application AM process criteria which are the actual process pa-

rameters for an FDM, material extrusion, 3D printer.

5.2.1.4 Example of AHP with AM Process Metrics

The same process described for calculating the criteria and normalized com-
parison matrices for the anthropometric criteria apply to the calculation of the
AM process metric criteria shown in Figures 5.3 and 5.4. Returning to our hel-
met example, the performance metric of interest is thermal performance. Thermal
performance has several performance metric options but this example selected two
alternatives: (1) Thermal Conductivity and (2) Surface Temperature. Researchers
believe the AM process parameters that impact thermal performance include print
speed and nozzle radius. Nozzle radius is believed to have a larger impact on thermal
performance than print speed and receives a score of three. Thus, the print speed
receives a rating of % in comparison to nozzle radius. Overall, this example indi-
cates that nozzle radius is more important to the thermal performance and assigns
it a 1st place ranking. The full AHP example for the thermal performance of out

helmet example is presented, Figures 5.5 and 5.6. This example reveals that surface
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Table 5.3: Criteria Comparison Matrix for Thermal Performance

AM Process Metric Criteria

Print Speed
Nozzle Radius

Print Speed 1

Wl

Nozzle Radius 3 1

Total 4 1

Wl

temperature is the most important thermal performance metric. A comprehensive
AHP for a static and dynamic application will be demonstrated for two different

products in Chapters 8 and 9.

5.2.2 FEvaluation Scheme for AHP

The evaluation scheme consists of a 9-point rating scale and a description for
each rating. The design team must decide whether each criterion is more, equal, or
less important than a comparative criterion. The maximum and minimum rankings
for this scale are 5 and %, respectively. This process for establishing and rank-
ing the criterion metrics was demonstrated in Section 5.2.1 for the AHP pairwise
comparisons, Figures 5.4 and 5.6. This section provides the full criteria weighting
scheme that will be used in the application demonstration Chapters 8 and 9 for

the evaluation of criteria and metric options related to product and performance
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Table 5.4: Normalized Comparison Matrix for Thermal Performance

AM Process Metric Criteria Criteria Weight | Rank

Print Speed
Nozzle Radius

Print Speed

=
=
~ =

Nozzle Radius

NN
[9Y

NN
—

Total 1 1 1

Thermal Metric

Print Speed Nozzle Radius

Alternatives

Thermal Conductivity il Surface Temperature

Figure 5.5: Object Tree for Performance Metric
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Surface Thermal
Weight Temperature Conductivity Inconsistency

Thermal Metric  100.0% ([ 313% 0.0%
Nozzie Radius  75.0% (GGG 25.0% 0.0%

Print Speed 25.0% 18.7% 6.2% 0.0%

Figure 5.6: AHP Priority Table for Performance Metric

metrics. The design team must evaluate each criterion by the relative importance
when compared to another criterion of the same type. Design teams are tradition-
ally multidisciplinary and this methodology requires a traditional design team that
has AM manufacturing expertise.

For this methodology there are only two types of criteria that are ranked,
anthropometrics and the AM process metrics. The validation process used to as-
sess the ratings assigned to each criterion is discussed in Section 5.4. Dieter and
Schmidt [112] suggest the use of a higher point scale when information is more com-
plete. Moreover, Saaty [113] provides insight into developing a fundamental scale

incorporating reciprocals, Figure 5.7.

5.2.3 Alternate Selection Strategies and Techniques

Additional strategies can be applied to reduce metric options, related to prod-
uct and performance metrics, in other trade-off analysis methods. The other strate-
gies are explored to provide a comprehensive review of options for designers and re-

searchers as they make decisions surrounding the most important factors for their de-
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Importance Definition Explanation
1 Equal Two activities contribute
Importance equally to the objective
3 weakimportance | et Ry
of one over another ety ty
over another
: Experience and judgment
5 Essential or strong strongly favor one activity
Importance
over another
Intermediate values L
2.4 between the two When compromise is

adjacent judgments

needed

Reciprocals of
above nonzero

Ifi has an above
nonzero number
assigned when
compared with j,
then j has the
reciprocal value
when compared
with 1.

Figure 5.7:

AHP Evaluation Scale for Metric Criterions
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sign. Weighted decision matrices are an alternative approach to AHP. The weighted
decision matrix methodology is discussed in this section along with two additional
selection strategies including conservative and aggressive trade-off strategies.

The weighted decision matrix is a trade-off technique that can be used to
determine (1) the best product metric given the anthropometric criteria and (2) the
performance metric for the product given the AM process metrics. In the application
of this method, two distinct weighted decision matrices would be developed. The
weighted decision matrix allows for the rating of different metric options, given a
set of criteria. This process relies on different evaluation schemes depending on the
structure and ranking of the criteria. Objective trees measure the hierarchical nature
of a construct, in our case criteria, allowing for equal or unequal rating options [111].
Based on the description of the weighted decision matrix discussed in Dieter and
Schmidt [112], a valid set of weighting factors should sum to one. An objective
tree for each matrix may be developed with the following weighting factor condition

being considered, Equation 5.3, where 0 < w; < 1.

n

i=1

After the weight values are generated from objective trees, the weighted deci-
sion matrix for criteria can be produced. The WDM consists of a criteria, weighting
factor, and respective units for each criterion. The weight factor is obtained from
the value determined by the objective tree. The magnitude is the unit of measure-

ment associated with the criterion, which should be determined by the design team
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prior to the start of the evaluation process. The score is the value determined by
the designers from an evaluation scheme or rating scale. The multiplication of the
weight factor by the score establishes the rating value for each criterion. The total
rating for each criterion is then added for a total value rating for each option given
the criteria.

The correctness of the weighted decision matrixes can be determined through
the adoption of the Consensus Model’s evaluation parameters [115]. These processes
have been validated in their own respective studies but they will need to be assessed
for validity in the proposed applications.

The next set of trade-off strategies, conservative and aggressive, is discussed by
Otto and Antonsson [116]. The conservative strategy is used to improve the lowest
performing goal in terms of preference when selecting a design parameter set (DPS).
Equation 5.4 shows the conservative formula being applied to determine the best
design. The preferred design parameter solution set, W , is equal to the lowest
performing goal with each goal, u; raised to its importance, w;. The number of
performance parameters is depicted by ¢ and n is the number of design parameters.
In the equation min is used as the design metric because it improves the design’s
worst aspect (aspect with the lowest preference). Ideally improving the weakest

aspect would improve the overall design.

i . w; max; L [w;]
f— Al 1€[1,q+n]%
uDP max (2 H};nn}[ul |)mexielta (5.4)

The second strategy presented in the Otto and Antonsson [116] paper was
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the aggressive trade-off strategy. This strategy attempts to maximize the overall
performance regardless of the lowest performing goals. If lower performing goals
increase the overall performance, then the lower performing goals will be maintained.
Equation 5.5 represents the aggressive formula where the overall performance gains

with each goal raised to its importance level. The formula is multiplicative.

— q+n Wi
pDP* = max [H 1; ] (5.5)

=1

These alternative strategies are not critical to the process but they provide
insight into which trade-off strategies should be implemented conservatively or ag-
gressively. They also provide validation for the weighted decision matrices’ selections

in cases where implementations of both strategies yield the same results.

5.2.4 Product Architecture and Subsystem Consideration

Product architecture and identified subsystems have a large influence on the
organization of the Trade-off strategies presented in the preceding sections. Sub-
systems and dual functionalities define the number of AHP or alternative selec-
tion strategies that will need to be performed. In addition, product architecture
influences the number of performance objective functions to consider for product
optimization.

Product architecture is the arrangement of physical elements of a product to
perform required functions [111]. The product structure and relevant interfaces are

defined in the product architecture formation. There are two forms of product archi-
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tectures that are commonly used modular and integral [111]. In this work, modular
architectures are considered to enable product family design and subsequently mass
customization. With the selection of different subsystems that have one or more
functions, the problem can become increasingly complex.

As a general rule of thumb in engineering design function defines form for
product development. What is missing is the functional consideration of products
and subsequently product architectures is biomechanic functionality in consumer
facing products. Table 5.5 presents the classification scheme for identifying static
and dynamic product functionality based on interaction requirements from a biome-
chanic functionality perspective. In general, there is no product application that has
a static initial interaction, unless the function of the product application is defined
after the initial interaction occurs. These particular product classes, class I and IV,
are addressed in the fields of ergonomics, which is driven by anthropometrics and
biomechanics, and human variability. The goal of these fields is to apply methods
that fit work to the person through adjustability in products or human parameters
to maintain neutrality. In the present method, subsequent interactions define the
functional classification. In the instances where the initial and subsequent interac-
tion is static, class I, there is no adjustability in the design or adjustment is not
necessary after it is initially set. In this case the functional application is defined
after a previous interaction. Formal definitions of product classes II and III were
presented in Chapter 3. The classes consider the initial interaction that a person has
with a product, which has an impact on the user experience or biomechanical stress

on human parameter. Class [V products have consider conditional dynamics which

91



accounts for readjustment of product which require additional adjustments often
times infrequently. This classification scheme for interaction variability is limited to
physical interactions and excludes cognitive considerations of software design that
do not also impact the physical limitations of human beings.

For example, the product architecture of a professional grade camera e.g.
Nikon D3100, is both integral and modular. The interaction variability product
classification of this camera is a Class III. The integral components should be con-
sidered in on trade-off analysis framework because the relative importance of integral
subsystems is critical to the organization and optimization of the subsystem. On
the other hand, modular components can be optimized independently or with other
competing high-level objectives such as cost and quality. The camera frame and
circuit board are integral, where the lens and flashcube are modular, which enable
upgrades to your camera. These components also define the location of the mod-
ular components on the device, which impact interaction variability and assist in
defining the accommodation design space. While each of the buttons of the camera
frame represent a different subsystem with a focused function that would all need to
be considered in a single optimization problem in the camera frame selected. This
generates complexity in the problem and requires a MOO framework for a single
subsystem; where as modular designs can be optimized separately with or without

MOO depending on the number of competing subsystem functions.
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5.2.5 Conclusion

AHP was chosen over the three approaches discussed in this section because
it fully encompasses the attributes of all three methods. AHP includes pairwise
comparisons and provided weights based on normalized eigenvector values, which is
done independently in the pairwise comparison examples presented in this section.
Moreover, the inclusion of the option for evaluating multiple decision makers at the
same time, discussed in Section 5.3, in AHP [114] allows for the summation of design
decisions and consistency ratings amongst many evaluators. This accounts for some
of the solutions provided in the aggressive and conservation strategies. While the
three approaches discussed are all beneficial in the design decision-making process
each of them would be required for a complete analysis of the design and validation,
while AHP provides this in one method and includes elements of the other three
methods but also allow for the evaluation of multiple decision makers for consistency.

Thus, the AHP approach was selected for this methodology.

5.3 Product and Performance Metrics in Quality Function Deploy-

ment
QFD is a design method and tool for structured product planning and devel-
opment among design teams. QFD enables design teams to identify “the voice of

the customer” and evaluate proposed products or services systematically [112,117].

There are four phases in the QFD method. The four phases include (1) prod-
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uct planning, (2) product design, (3) process planning, and (4) process control,
shown in Figure 5.8 [1,2]. The product-planning phase, which includes the House
of Quality (HOQ) method, is the most commonly applied phase in the application
of QFD. However, the other phases of QFD are rarely discussed or applied in most
research [118].

The use of matrix diagrams is the basis of the QFD method and is utilized
to extract and translate the “Whats” and “Hows” in this method. The “Whats”
refer to the customer requirements and the “Hows” refer to the clarification of the
“know-how” relationship between each phase of the QFD [1]. The “know-how”
relationship can be interpreted as the process of understanding the customer or
product requirements and developing a method or procedure for implementing the
requirement into the conceptual framework of the design. For this work, addressing
the “Hows” would be equivalent to addressing and clarifying the relationship be-
tween product and performance metrics. One question to consider is the impact of
a performance requirement on the product design.

The product metric AHP assisted in developing a clear relationship between
anthropometrics and product metrics. This represents the “Hows” for the prod-
uct or parts design in the QFD. Moreover, the performance metric AHP assisted
in connecting the AM process metrics and performance metrics. The performance
metrics represent the “Hows” for the QFD. The application of the QFD has assisted
in developing meaningful and clear relationships between the product and perfor-
mance metrics for a targeted and impactful reduction in metrics for a feasible and

concise optimization problem. While matrix diagrams are the heart of the QFD
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Figure 5.8: Four Phases of the Traditional QFD [1,2]
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method, the most commonly referenced tool or method in QFD is the HOQ. The
HOQ, which was previously mentioned, is performed in the product planning phase
of QFD and is the basis of the other matrices required for phases 2-4 of the QFD
method [2,117].

The new term presented in this work is called Analytic Quality Function De-
ployment(AQFD). AQFD symbolizes the integration of AHP and QFD for the re-
duction of product and performance metrics that influence the product design. The
traditional QFD method suggests the use of AHP for integration into customer re-
quirement development [1]. The AQFD method seeks to use AHP data generated
from the product and performance metrics as the replacement for the HOQ utilized
in the first phase of the traditional QFD method. The central focus of the AQFD
method is the 2nd phase of the QFD method, which, as mentioned previously, is the
product design phase. Recent research in ergonomic design has shifted the focus to
the product design phase of the QFD method, for designing a spinal board [119]. In
this application, the traditional QFD process was followed by generating the HOQ in
the process planning phase, followed by the application of the product design phase
for selecting a best spinal board design option [119,120]. In the AQFD method, the
performance metrics, ranked in the performance metric AHP, become the “Whats”
derived from the HOQ in the product design phase, traditionally referred to as de-
sign requirements. Performance metrics are limited by some functional elements
in the design that impacts the customer. Returning to our helmet example, the
researchers want to ensure that the helmet does not get hotter than 35°C under

the helmet so they must use materials with low conductivity and include a cooling
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mechanism. It is evident that there is a relationship between performance metrics in
AQFD and design requirements in the traditional QFD. The helmet demonstrates
a context where performance metrics will impact product metrics.

The “Hows” in the AQFD method are the product metrics, which are used
to generate the dimensions of the product components. In the traditional QFD
method, the 2nd set of “Hows is the parts design. The helmet example, discussed
an approach to meet the performance metrics that directly impacts the product
design. In AQFD, the product design is directly related to anthropometrics and
accommodation so the product design metric must incorporate an approach that
satisfies all requirements for performance, given the aforementioned consideration
of anthropometrics. Lastly, the ranking order and weightings generated from the
performance metric AHP become the “Hows” priorities in the AQFD method, Figure
5.9.

The present method identifies the customer requirements through the assess-
ment of customer needs based on physical limitations. This is revealed in the an-
thropometrics being considered in the product design. The development of the
AQFD method, addresses a limitation identified in the literature review regarding
customers inability to identify their own preferences or needs [16,20]. Other re-
search in the application of QFD support the limitation in identifying customer
needs, through the use of objective methods of data abstraction based on physical
thresholds the customer needs can be attained [121]. However, addressing customer
preferences requires additional methodological development. The demonstration of

this trade-off process will be applied and discussed in Chapters 8 and 9.
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5.4 Validation of Trade-off Analysis Process

The constructs in the trade-off analysis process were identified through a lit-
erature review. A design study to assess the consistency amongst mechanical design
engineering students for rating anatomical regions based on product interactions
was also performed. However, the results of this study are limited in that they
did not validate the entire AQFD method, only the anthropometric identification
and consistency comparisons for the product metric AHP. Participants were asked
to compare anatomical regions for the anthropometrics criteria of a water bottle
and sunglasses application. The outcome of the validation procedure assisted in de-
termining the consistency amongst evaluators for rating anthropometrics that were
important for human product interactions. Table 5.6 provides insight into each
construct and sources for validation of the AQFD method.

Research suggests that decision-making tools must be validated against the re-
quirements and goals of the decision problem [123]. The construct references provide
insight into procedures for validating the criterion for the AHP method and method
procedures including the consistency index. The validation approaches presented
below will measure internal validity. However, validity of decision outcomes is an
open issue since “cardinal rankings of alternatives” are unknown [125]. Cardinal
ranking have been determined to be superior to ordinal rankings due to the ability
to provide refined information to reviewers but this information is often difficult to
attain; moreover, cardinal rankings exposes methods to more bias due to evaluator

“generosity” [126]. Evaluator “generosity” occurs when an evaluator administers a
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Table 5.6: Identification of Constructs for Trade-off Analysis Process

Construct Origination Modification Integration
Pairwise Comparison [112,122-124] criteria importance | No
ranking
AHP [111-114] consistency  check | Yes
for pairwise compar-
1sons
QFD [1,2,117,119] application of prod- | Yes
uct design phase in
QFD
Consensus Method [115] correction of judg- | No

ments necessary for
alternative selection
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high score to every option high, which overvalues all designs even “bad designs” in
a group ranking.

AHP is strongly connected to human judgment and cardinal rankings. How-
ever, the “generosity” bias in evaluators makes the comparison judgment matrix
inconsistent [127]. The rough-APH was proposed as a method to reduce bias in
AHP through conditional entropy and attribute significance concepts in rough sets
theory [127]. Conditional entropy is the application of an algorithm that checks
consistency in a rating system for the purpose of determining attribute significance,
it is commonly referred to as Shannon’s entropy and used in rough set theory [128].
Future work, should incorporate the rough set theory when consistency is sought

for multiple evaluators of a product.

5.4.1 Validation Procedure for Anatomical Importance Rankings

The validation procedures for each construct will begin with the identification
of a static and dynamic application including the sun glasses and a water bottle,

respectively, discussed in validation of the human interaction factors in Chapter 4.

5.4.2 Details of Study Procedure

This study consisted of the validation of the AHP method focused on evalua-
tion considering the anthropometrics for criteria attributes in the AHP. The evalua-
tion was based on the demonstrated interactions for the water bottle and sunglasses

applications.
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1. Task One: Pairwise Comparison Ranking for Anthropometric AHP Criteria

(a)

Part 1: Participants were provided with a diagram of the selected ap-
plications, the primary function of the application, and the application
requirements. The participant was then provided with a worksheet that
described the anthropometrics that were relevant for each application
(water bottle and sunglasses) and the relationship with the product com-

ponents.

Part 2: Next, the participant was provided instructions on how to per-
form a pairwise comparison and asked to complete the tables provided.
One table was provided for the water bottle application and the other was
for the sunglasses. Each table listed the anthropometrics that were rel-
evant for the human-product interaction to occur and participants were
asked to rate each comparison set of anthropometric criteria. The rating

results amongst participants were evaluated for consistency.

5.4.3 Summary of Study Outcome

For the water bottle interaction, participants achieved a majority consensus

teraction.

of > 50% for only 16 out of 28 of the anatomical pairwise comparisons for the in-

On the other hand, for the sunglasses interaction participants achieved

majority consensus of > 50% for 10 out of 28 of the anatomical pairwise compar-
isons. There were more ratings of consensus amongst the importance of the human

interaction factors (musculoskeletal interfaces and functional classification) for the
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water bottle than the sunglasses application. The supports the theory complexity
and magnitude of products limit the identification of human-component interactions.
Appendix A presents the summary tables, reflecting consensus amongst designers for
the relative importance of human interaction factors for the water bottle and sun-
glasses applications. Future work should develop extensive training of anatomical
comparisons related to human-product interactions and measure anthropometrics
and functional classification in separate pairwise comparisons for each interaction.
This information provided insight into the importance of the criteria in the
selection of options, which indicates the success of the criteria for selecting product
metric and performance metric options. Since prior knowledge of anthropometrics
and human centered design had a huge impact of each designers ranking, there is
a limited opportunity for the validation of participant ratings for accuracy [125].
Designers were selected for the study based on the requirement that they had taken
an upper level undergraduate engineering design course and had a general under-
standing of the human anatomy. A more stringent exclusion criteria is required,
specifically participants should have an understanding of anthropometric and biome-
chanical concepts in product design. There may be an option in future exploration
of this work to find a method for obtaining external validity through testing of the
same product in different populations in an effort to obtain significantly similar re-
sults. This information should be used for future investigation into rater consistency

regarding the validation of any design matrix method.
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Chapter 6: Optimization Process

Chapter 5 presented the methodological framework for Trade-off Analysis, step
4, and the application of the AQFD approach. The results of step 4 are critical to
step 5, presented in the chapter, in order to frame the optimization problem. The
process diagram for step 5 is presented in Figure 6.1. Section 6.1 discusses the
framework for the optimization problem that was applied along with the problem
parameters. Section 6.2 discusses the process used for the generation of the pop-
ulation and quantification the product build in static and dynamic products. The
last section, 6.3, presents methods used for external validation, introduces research
questions, and compares subjective and objective analysis approaches used in this

work.

6.1 Objective Optimization

The selection of the applied optimization approach is justified in the developed
model. The general form of the model including the objectives, constraints, and
boundary conditions are described for application in demonstration chapters. The
inputs, outputs, and objective functions are also defined with detailed descriptions

that for additional insight into the functions that support the objective functions
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Figure 6.1: Process Diagram for Optimization Approach

including Monte Carlo sampling and Gaussian distribution functions. This frame-
work provides insight into the general method for solving the optimization problem
with any performance parameter and product. This section further describes the
number of products required to accommodate the entire population, which informs
the manufacturing approach for mass customization based on the performance ob-
jective. The products are then able to be designed, built, and tested in an actual
or simulated population for performance; and the effectiveness of the optimization
model is measured for its capacity to generated products that accommodate the pop-
ulation and maintain performance (e.g.,Temperature). The optimization process is

represented in Figure 6.2 [3].

106



1. Classify Problem
Variables
Objectives

Constraints

2. Choose Solver

Algorithm
Options

3. Define Problem Components
Variables
Objectives

Constraints

4. Run Optimization

Figure 6.2: Optimization Process [3]
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6.1.1 Selection of Optimization Algorithm

MOO techniques were considered to determine the framework for this method.
Several studies discuss the effectiveness of robust optimization on obtaining an op-
timal solution with minimal sensitivity to uncertainty [129-132]. While uncertainty
in the human parameters has been observed, it has not been quantified and incorpo-
rated into current public anthropometric databases. However, recent data provided
insight on human comfort parameters in thermal, structural, etc. perspectives; this
information provided optimal values for thermal modeling [133]. Methods that ef-
fectively access objective functions with optimal target points/values include the
global criterion method (GCM). GCM assumes that an ideal value for the objective
function is known [134]. In cases where an ideal value for the objective function
is unknown, the Multi-objective Generic Algorithm may provide a better solution
but is more computationally expensive that GCM [134]. The GCM provides two
benefits (1) the ability to normalize objective functions prior to minimizing; and
(2) the ability to maintain linearity given that the original problem is of linear
form [135,136].

This model framework seeks to maintain a performance requirement and pe-
nalize the design when the population is not accommodated. A surrogate model
was used to integrate manufacturing parameters into the performance requirement
for the application of this method, this model was analyzed to assess and visualize
performance data in order to determine the modeling approach (linear, non-linear).

The framework of this problem has two options (1) the optimal solution can be ob-

108



tained in a MOO framework when there is more than one performance requirement
(2) the solution can be obtained in the single or bi-level optimization problem with
a penalty. The first option is directly applicable to solving a bi-level problem with
multiple objectives [137]. The second option can utilize the global criterion method
for solving a bi-level problem or a bi-level problem with a penalty function at the
second level [138,139].

The application of this method focused on implementing the bi-level problem
or a single objective optimization with a penalty function on the constraints. The
bi-level problem with the lower level penalty violation developed in 2007, addressed
the complexity of the bi-level problem by reducing it to a single level problem with
the penalty method [138,140]. Linear programming was found to be the most
efficient method to obtain the optimal solution for the bi-level problem [138]. A form
of the linear bi-level problem that minimizes the performance objective function
was selected with a focus on the penalty function for the accommodation non-
linear constraint, Equation 6.1. The penalty function applies a large penalty to
the objective when the constraint is violated. f(x) is the objective function for
performance, and g;(z) are constraints, and F'(z) is the objective function plus
the penalty function with a penalty value, ¢ [138, 141, 142]. Equation 6.1 is a
general approach that has application specific objective functions as demonstrated

in Chapters 8 and 9, Equations 8.2 and 9.12, respectively.
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6.1.1.1 Robust Optimization

Robust optimization would be useful for modeling the performance variation
due to varying AM process parameters in additively manufactured parts. It would
also be useful for measuring the anthropometric variability for human parameters,
which would be beneficial in static applications. The current model accounts for the
standard deviation of the anthropometric value, however, there is no additional error
information for parameter values in anthropometric datasets. This means that when
a randomly selected value from the distribution is determined, there is currently not
enough knowledge to estimate accuracy of this guess to the true value. This problem
is compounded because the datasets are older and not truly reflective of the current
population. An alternative approach would be to collect current anthropometric
data with automated measurement tools and let the error in the measurement tool
account for the uncertainty in the parameter value.

In the current approach, a Gaussian mixture model was selected as an alter-
native to defining an uncertainty set under a robust optimization model. Under this
approach, distribution and anthropometric variation information is captured and

modeled enabling the random selection of people in the population based on their
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anthropometrics. In the robust optimization, the approach for modeling uncertainty
is obvious and may vary. One could model the standard deviation of each anthro-
pometric as the uncertainty set but also the difference in the dataset value to that
actual value. It is not apparent which approach would provide the most pertinent
additional information over the selected approach.

Moreover, robust optimization is a viable approach for modeling anthropo-
metric parameter data, which takes on the form of static representations and is
commonly associated with human variability. However, the problem becomes com-
plicated when attempting to apply this to the new concept of interaction variability
presented in this work. First, the interaction space is defined by the posture of
the human parameter when interacting with the product component. In reality,
the pose could be different every time the same interaction occurs. Second, this
is a novel method and there is not enough data derived from the interaction space
which varies within every interaction and amongst different interactions to model

uncertainty.

6.1.2 Problem Parameters and Objective Functions

The problem goal is to optimize the performance of a product constrained by
the end-user experiences during product interactions while maintaining accommo-
dation. Examples include the fit of a device in a user’s hand or the ease of pressing
a button on a device and the performance of the design (surface roughness, thermal

efficiency, etc.). The goals are (1) number of products required for accommodation
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Figure 6.3: Process Flow Diagram for Objective Function Development

(fit), (2) performance (thermal performance, structural performance, etc.) and (3)
product dimensions.

Surrogate model methods were necessary for building developing predictive
models that contribute to the objective function. The predictive models were im-
portant for determining how different manufacturing metrics impact machine ther-
mal performance. Validation of the function generated from the surrogate analysis
was required to understand the functional behavior of the data collected to generate
the model. Modeling of the experimental conditions of the additively manufactured
component with ANSYS® 17.1 was necessary to replicate the conditions for future,
more precise measurements. The process for experimentally testing the effect of AM
process metrics on Performance metrics for development of the optimization objec-
tive function consisted of a 4-step process including 1) Experimental Testing, 2)
Physics Modeling (ANSYS), 3) Surrogate Modeling, and 4) Optimization Objective
Function, Figure 6.3.

The formal definition of accommodation and performance, the application will
demonstrate thermal performance, that was investigated in this research is defined

as the following:

1. Accommodation: a change in the spatial differences between the spatial-geometric
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and interactive dimensionality of an application and the physical dimensions
and capabilities of the human body, in order to attain fit. For example a shoe
and a foot are spatially and geometrically unique, accommodation calculates
the differences in the two elements and adjusts the values of the shoe in order

to attain fit.

(a) Fit: the alignment or minor overlap/underlay of the dimensions of an

application and the human body.

2. Thermal Performance: the thermal energy change in an application related

to the three modes of heat transfer (conduction, convection and radiation).

(a) Surface Temperature: the temperature of the 1D conduction of addi-

tively manufactured parts.

Human interactions factors identified in Chapter 4 provided parameters for
this optimization model. Thus, the variation of the human will be addressed in the
product function through measurements, which include the mean and standard devi-
ation of the musculoskeletal interfaces of interest and their functional classifications,
associated with a normal distribution.

The input values or design variables for the product are dimensions of the
design in terms of dimension (length, width, height) (mm), force and mass measure-
ments (N, 1bs), acceleration or vibration measurements (hertz), and distances and
angles between product components (mm, degrees). The output for the product is

the optimal product dimensions and the percent of the population accommodated
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by the product. The product function describes the dimension of the individual
components and the relationship between each component with respect to the de-
sign variables. This is specific to the product being designed and based on the
reduced set of product metrics, which consist of the shape and/or dimensions of
product components, from Chapter 5. The accommodation function, Equation 6.2,
is a constraint function based on the distribution of the population for each relevant
anthropometric parameter relevant for the product interaction. The accommoda-
tion function is described by the sum of the change in Y; for each person, i, in the
population, N. Y; is a binary variable that specifies whether a person has been ac-
commodated, 1, or not accommodated, 0. The top portion of the equation is divided

by the population, N, and multiplied by 100 to obtain population accommodation.

N
IRE

A== %100 6.2
N X (6.2)

Static and dynamic applications have distinct algorithms that describe the
process for determining accommodation. For static applications, a “Fit Require-
ment” function that is product application specific is defined. In general, the “Fit
Requirement” is related to the ratio of human parameters and product dimensions,
Algorithm 1. On the other hand, accommodation for dynamic applications requires
calculation of interactions for each active functional classification of the human
parameter. Algorithm 2 provides an example of the accommodation function for
the functional classification of reach, which requires you to use the interaction cal-

culations to define and interaction space. After the interaction space is defined
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accommodation can be determined.

Algorithm 1: Static Accommodation

Data: people, product dimensions (pd), fit, FitsRequirement, number of
products(N)

Result: Accommodation Constraint

1 begin

2 fit =10

3 for person € people do

4 for product € {1,---, N} do

5 if FitsRequirement(pd, person) then

6 fit+=1

7 break

8 Accommodation = fit/|people|

9 Accommodation Constraint = 100 x (0.95 — A)

The inputs for thermal performance are related to the controls on the additive
manufacturing machine and the relationships between the variation of controls and
performance. The machine controls and design variables for the thermal perfor-
mance objective function may include layer thickness, nozzle diameter, temperature
(bed, nozzle, and chamber), print speed, materials, fill density, etc. The perfor-
mance outputs may generally include measures such as force, temperature, etc. but
are dependent on the product application. Input and output values are subject to
change depending of the importance of additional inputs or outputs that must be
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Algorithm 2: Dynamic or Functional (Reach) Accommodation

Data: position, product dimensions (pd), people, fit, number of products (N)

Result: Accommodation Constraint

1 begin

2 fit=20

3 for person € people do

4 extmqe < Calculate maximum extension pose relative to product
plane

5 flex . < Calculate maximum flexion pose relative to product plane

6 for product € {1,---,N} do

7 if pd — ext 0. > 0 € position > flex,,qa. € position < ext e

then

8 fit+=1

9 break

10 Accommodation = fit/|people|

11 Accommodation Constraint = 100 x (0.95 — A)

116



evaluated prior to developing the optimization model. This is most pertinent to the
performance objective as it is subject to change. Equation 6.3 represents the general
structure of the bi-level or supporting function for the performance objective func-
tion, B, which is being applied to thermal performance. This function is centered
on measuring the effects of manufacturing metrics on the outcome variable, which is
a thermal performance objective such as surface temperature or conductivity. With
the outcome variable being the objective function, B, the independent variables are
represented by ;. The effects of independent variables on the outcome variable
impact the linear regression equation, Equation 6.3. The total number of indepen-
dent variables will be based on the number of manufacturing parameters considered
with relation to the performance metric. The regression equation, Equation 6.3 will
actually act as the bi-level of the objective function, which will be a performance

metric such as surface temperature or thermal conductivity.

N
B=03,+) Bz (6.3)
=1

Referring back to our optimization model presented in Equation 6.1, B repre-
sents f(x). The design parameters along with the name and units for optimization
are represented in Table 6.1. For example, the preference for force (amount of force
necessary to interact with part build) and angle (degree of deviation or rotation re-
quired to interact with part build) should first be minimized to ensure that usability
is maximized based on the minimal range identified for the population.

The performance parameters for the machine are depicted in Table 6.2. The
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Table 6.1: Possible Design Variables for Product Metric

No. Design Variable Name Units
1 Length L mm
2 Width W mm
3 Height H mm
4 Radius or Diameter R mm
5 Vibration \Y hz
6 Distance D mm
7 Angle A deg

parameters listed in Tables 6.1 and 6.2 are subject to increase or replacement with
new important parameters that model performance metrics for specific applications,

which may be deemed most important, by designers, for the population.

6.1.3 Objective Function Description and Solution Goal

The objectives for this problem are two-fold. The first objective is focused
on providing the optimal accommodation in the design of the end product selected
to the maximum spread of end users in the population. The second objective is to
provide the highest performing end product given the AM approach selected due
to the fact that poor performance could negatively impact accommodation through
geometry inadequacies. The optimization problem presented will be solved by with

the patternsearch algorithm in MATLAB®. The patternsearch function is better
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Table 6.2: Possible Design Variables for Performance Metric

No. Design Variable Name Units
1 Layer Height LH mm
2 Melting Temperature T C
3 Print Speed p mm/s
4 Nozzle Diameter ND mm
5 Material M ABS, etc.
6 Infill Density FD %

performing than the fmincon solver because the objective function in all cases either
the objective or constraint function are non-convex. Thus the application of fmincon
produces an error or fails to converge as it approaches a local minimum and the next
set point is a larger value than the previous point. For multi-objective problem, the
solver fgoalattain in MATLAB® may be utilized. fgoalattain is one way to solve
for a minimum solution to a MOO problem. This method is most effective when
you have an understanding of the ideal solution and a goal for the optimization
problem. The framework for the basic objective functions are depicted in Equations
6.2 and 6.3, each general structure has been verified and will be customized for each
application in this methodology.

The general algorithm developed to solve the optimization scheme presented

in Algorithm 3. The algorithm has two goals:
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1. To obtain optimal solution to performance objective(s).

2. To determine the number of product(s) required to accommodate the popula-

tion.

The general optimization algorithm for obtaining the optimization goals is
presented in pseudo code in Algorithm 3 with a random restart routine, to search
the design space for the best possible optimal solution since a global optimization
solver is used in this work. Moreover, the number of products increases with each
solution until the population is accommodated and the best solution is obtained.
The optimization solver used in this algorithm is called “patternsearch.” The func-
tionality of the patternsearch algorithm is centered on polling around an identified

point, https://www.mathworks.com/help/gads/patternsearch.html.

6.2 Design Build

In this stage, the optimized design build is produced. After completing the
part build it will be prepared for comparison testing in quality and thermal perfor-
mance metrics. Due to open-ended questions regarding the impact of AM process
metrics on thermal performance metrics i.e., surface temperature, preliminary ex-
perimental results fed into predictive surrogate models. Experimental validation of
modified design builds (i.e. a flat helmet test) were conducted for the helmet demon-
stration but not verified and validated in the population. The following research
questions are important and should be addressed when applying this method but
only question 2 was addressed, from an optimization and experimental perspective,
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Algorithm 3: Number of Products

Data: people, objective, product dimensions (pd), average product (ap), number of products (N), count,

status, maximum number of products (Max), restarts

1 begin
2 people = people (specify sample size)
3 objective = @Q(x) objective (manufacturing parameters, pd, people)
4 for N = count € Max do
5 Best Solution = 0
6 Best Function Value = co
7 for restart =1 € restarts do
8 Manufacturing specifications
9 solutiong = initial solution
10 lower bound = zeros
11 upper bound = oo
12 for 1 € N do
13 Product specifications
14 solutiong = concatenate (2, solutiong, ap+random noise)
15 lower bound = concatenate (1, lower bound, pd(lower bound)
16 upper bound = concatenate (1, upper bound, pd(upper bound)
17 nonlinear constraint = @Q(x) accommodation (people, pd)
18 [Solution, Function Value, exitflag] = patternsearch (objective, solutiong, lower bound,
upper bound, nonlinear constraint)
19 if exitflag > 0 & FunctionValue < BestFunctionV alue then
20 Best Function Value = Function Value
21 Best Solution = Solution
22 status = exitflag
23 display restarts
24 if status > 0 then
25 break

Result: Best Solution, Best Function Value, N
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in this demonstration.

1. Does the end user experience comfort and satisfaction when interacting with
a product that has been optimized for human variability and AM machine

constraints?

2. Is the thermal performance of the product maintained when optimized for

human variability and AM machine constraints?

The optimized design build was validated for thermal performance in a model
validation procedure for thermal performance of one of the selected applications.
The other application utilized validated measurements from anthropometric databases
and range of motion (ROM) measurements for hand joints. Population simulation
and validation in a computational tool such as Siemens ® Jack was considered. How-
ever, these computation tools rely on similar anthropometric databases as those
used to construct the optimization models, which limits the insight to be gained
from computation models. In this case, the computational tool acts a confirmation
tool to check whether the optimized model actually produces the joint angles ex-
pected in the poses modeled for ROM of the anthropometric metric. Future work
should attempt to validate the optimized models in the population. Tables 6.3 and
6.4 provide information on the general human interaction factors and the manufac-
turing characteristics, displaying direct and indirect relationships for each model.
When applying this method, only metrics that directly impact human-component
interaction or the product performance from a manufacturing perspective should be
considered.
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Table 6.3: General Human Interaction Factor Metrics for Optimized, Human, and

Machine Models

Metric Optimized Human Model Machine Model
Model

Human Direct Direct Indirect

Braincase Braincase Braincase

Face Face Face

Ear Ear Ear

Throat Throat Throat

Vertebral Column Vertebral Column Vertebral Column

Thorax Thorax Thorax

Pectoral Girdle Pectoral Girdle Pectoral Girdle

Arm Arm Arm

Hand and Wrist Hand and Wrist Hand and Wrist

Pelvic Girdle Pelvic Girdle Pelvic Girdle

Leg Leg Leg

Foot Foot Foot

Reach Reach Reach Reach

Force Force Force Force

Tactility Tactility Tactility Tactility

Maneuverability Maneuverability Maneuverability Maneuverability
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Table 6.4: General AM Metrics for Optimized, Human, and Machine Models

Metric Optimized Human Model Machine Model
Model

Manufacturing Direct Direct Indirect

Build Area Build Area Build Area Build Area

Layer Thickness Layer Thickness Layer Thickness

Materials Materials Materials Materials

Supports Supports Supports

Laser Laser Laser

Blade/Roller Blade/Roller Blade/Roller

Infill Density Infill Density Infill Density

Print Head Print Head Print Head

Print Speed
Nozzle Radius
Temperature
Electron Beam
Vacuum Pressure
Ultrasonic Weld
Fusion

CNC Mill

Plasma Arc

Print Speed
Nozzle Radius
Temperature
Electron Beam
Vacuum Pressure
Ultrasonic Weld
Fusion

CNC Mill

Plasma Arc

Print Speed
Nozzle Radius
Temperature
Electron Beam
Vacuum Pressure
Ultrasonic Weld
Fusion

CNC Mill

Plasma Arc
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6.3 Validation and Verification

Objective and subjective methods require evaluation in order to determine
their appropriateness for addressing the aforementioned research questions through
population and performance testing.

Objective statistical measures are more generally defined as parametric pro-
cedures. Parametric statistical procedures follow the assumptions that underlie
the shape characteristics of distributions, i.e. the normal distribution [143, 144].
Examples of parametric tests include the Student’s t-test and Z-tests. Subjective
statistical measures, on the other hand, are generally defined as nonparametric pro-
cedures. Nonparametric statistical procedures may eliminate too much information
and imply samples are “distribution free” [145]. Examples of nonparametric tests
include the Sign and Kruskal Wallis tests. Objective data must be collected in a
ratio or interval manner and satisfy parametric assumptions of normality in order
to apply parametric statistical procedures; while subjective data must be collected
in a nominal or ordinal manner for application in nonparametric statistical proce-
dures [146].

Future research should validate the optimized model for the three outcome
measures on comfort, satisfaction, and thermal performance. The population out-
come has two measures, comfort and satisfaction. The comfort measure emphasizes
neutral postures, small deviations and rotations, and low impact interactions (i.e.,
force applied) when interacting with the selected applications. The satisfaction mea-

sure is relative preference. This test can be conducted through subjective means
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with an A/B testing protocol and an ordinal ranking analysis.

The performance outcome has one measure, thermal performance of the op-
timal model compared to the alternative models (human, machine), which can be
measured objectively in relation to surface temperature required to maintain human
thermal comfort. Future work should validate the effectiveness of the optimized
models in the population and experimentally validate the thermal performance in a
fully functional helmet. The following subsections present approaches to population
and performance testing but these approaches will not be demonstrated in this work
due to the large scope and research funds necessary to acquire the participant pool

for population testing and the thermal validation facilities for performance testing.

6.3.1 Population Testing

Population testing can be performed to validate the optimized design build
against the human and machine design builds separately. A population sample is
required to collected data and understand how well the design build meets the phys-
ical parameters of the human end user and their comfort expectations. This is a
costly and expensive process because in order to obtain a representative population
sample larger sample sizes are needed in various demographic populations. Ran-
dom sampling is chosen as opposed to a stratification of the population or a virtual
model approach because the human variability parameters used in the optimization
model represent the US population. Thus, enrolled participants that meet param-

eter requirements will be able to effectively assess the models designed for their
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segment of the population. Inclusion/exclusion criteria will be utilized to measure
the parameters of potential participants before enrollment. If the parameters fall
outside of the normal distribution for the human dimensions (database values) then
the participant will be excluded, otherwise they will be enrolled in the study.

An alternative approach would be to evaluate the 5th, 50th, and 95th per-
centiles separately, allowing the percentiles to determine the number of products
required. Then the optimization model would be run three separate times for each
percentile group range. This would produce three optimal parameter sets where
components could be designed modularly or independently to reduce the amount of
excluded users. This approach was not selected or necessary in this method because
the entire distribution was modeled. A similar approach can be applied to smaller
population distributions with limited data to address specialized or high-risk groups

that may have parametric differences than the normal population.

6.3.2 Performance Testing

Thermal analysis only represents one AM performance measure and it is was
selected as an important measure for pilot validation of the optimization model.
Thermal properties are extremely important in AM; it is one of the top 10 issues or
failures in AM [33]. Thermal testing provides performance evaluation of the opti-
mized model, which will address the second research objective. In this instance the
second research measure is surface roughness and/or part separation. The thermal

testing of the selected application should occur in a closed thermal controlled cham-
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ber with internal and external sensors with the goal of ensuring that the application

maintains thermal requirements under varying thermal conditions.
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Chapter 7: Demonstration of Methodology

Implementation of the methodology involved satisfying a series of require-
ments, including the design of functionally complex products and identifying the
method of production. This methodology focused on the AM approach as the man-
ufacturing method of interest. Of the seven different AM approaches, the application
chosen was the material extrusion process, specifically the FDM technique. FDM
has several open source applications, which allow the researcher to control machine
parameters and/or create new parameters. This type of environment is ideal for
research and development because it enables exploration into experimental testing.
AM techniques have the ability to produce highly differentiated components and
products, with expedited turnover times, presenting a high value proposition for
meeting the product requirements of an intended population.

The physical characteristics of the population are equally important as the
manufacturing approach for the design of a product. The implementation of this
methodology addresses variability in the population based on the extrapolation of
anthropometric and biomechanical functions and limitations of the human being.
In high-risk domains, the consideration of the physical parameters of highly vari-

able populations is extremely valuable in the prevention of injuries and even death
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caused by device misuse. The five steps of the methodology are presented in Figure
7.1. The first step, which determines the selection of the applications/products with
the high level requirements and components, is presented in Section 7.1. Chapters 8
and 9 will demonstrate this methodology for steps 2-4, including the Human Inter-
action Factors (2), Manufacturing Characteristics (3), and Trade-off Analysis (4),
for the handheld device and helmet applications, respectively. Step 5, Optimization

Process, for each application will be demonstrated in Chapter 10.

7.1 Step 1: Selection of Applications

This method has been demonstrated on two products including a handheld
device and helmet application mentioned in the previous section. The selection of
two different applications assists with determining external validity and general-
izability of this method. The hardware associated with a handheld device and a
helmet will be developed and modeled. This process is presented in the two appli-
cations is presented in Chapter 10 for the handheld device and helmet. Future work
should test these models in the population to gather thermal performance data and
thumb reach data in order to validate products. Siemens Jack™ Human Simulation
Software is a computational tool that could also be useful for validation of specific
product applications.

Handheld devices and objects are widely used across the globe. In 2014, reports
showed that there were more mobile devices than people on the planet Earth. The

actual number of mobile devices was 7.3 billion, which increased to 7.9 billion in
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Figure 7.1: Diagram of Methodology, presented in Chapter 3
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2015 [147]. By 2020, the number of handheld and personal mobile devices is expected
to increase to 8.2 billion [147]. This is significant because a large portion of the
identified population uses mobile devices and many mobile devices are also handheld
devices. In addition to handheld devices and other handheld objects, such as writing
mechanisms, utensils, containers, and tools that are used on a daily basis by majority
of the human population; this emphasizes the importance of handheld objects in the
global society and the necessity to demonstrate this methodology with a handheld
device. The specific type of handheld device selected for this demonstration was a
device that includes a button and casing. These are typical components found in
most hand-held devices.

While the first application places emphasis on a type of application that is
widely used by the global population, the second application is focused on a safety
critical application. Helmets are used in uncontrolled environments to protect the
human head, which contains the brain, braincase, and skull from injury [148]. Hel-
mets are considered protective gear and have been proven to be effective in reducing
head injuries [149]. Testing a helmet in the population is signification because it
identifies the limitations with regard to head protection prior to mark release. This
application is not used by everyone or used as consistently as other forms of head-
wear and common applications. However, helmets are required to be worn by law
for certain activities in the United States and need to be worn as specified to reduce
the risk of head injury, which in many instances can lead to death [150].

The handheld device and helmet applications were selected for the external

validation of this methodology and provided two vastly distinct perspectives for
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assessing its effectiveness. Each application assesses different areas of the muscu-
loskeletal system. The focal areas of the handheld device are the hand and wrist.
The handheld device application represents our dynamic application first defined in
Chapter 3. A dynamic application requires additional interaction, after an initial
interaction, to carry out the primary function of the application. The primary func-
tion of the handheld device is to receive inputs and provide output for the end user.
The input types are limited to physical inputs and outputs (i.e., tactile feedback).
With the function defined the two requirements are set, (1) the handheld device
must receive physical inputs from the end user, (2) the handheld device must pro-
vide output. The handheld device has components such as button, screens, device
architecture and frame, and insertion mechanisms that interface with the human
end user. The focus of this demonstration will be on the interactions associated
with the buttons. The primary physical components being tested include inputs of
buttons, frame and architecture (casing). In this demonstration, outputs will not
be explored due to the limitations of the computational testing methods.

The helmet application assessed the braincase of the musculoskeletal system.
The helmet represents our static application also defined in Chapter 3. A static
application does not require any additional interactions, after an initial interaction,
to carry out the primary function of the application. The primary function of the
helmet is to protect the human head. The important measures included in the
primary function include protection from outside objects and thermal regulation
inside the helmet. The requirements of the helmet include the following: (1) helmet
must protect the human head and (2) helmet must maintain a constant temperature.
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The helmet has components such as the shell, straps, and padding. The shell and
padding are the focus of this demonstration. Chapter 10 will highlight the internal

and external validation of this method.
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Chapter 8: Demonstration of Handheld Device Application

In this chapter, steps 2-5 of the methodology are discussed. Step 2 presents
the human interaction factors, Section 8.1. Step 3 discusses absence of the manufac-
turing characteristics for the handheld device demonstration due to computational
focus on dynamic modeling, Section 8.2. Step 4 presents the trade-off analysis for
the handheld device components for the AQFD method, Section 8.3. In the final
step, Step 5, the product metrics selected for the handheld device are formulated, de-
signed, and optimized for the interaction defined by the functional classification for
the target population, Section 8.4. The handheld device results were demonstrated
in an output diagram that showed the optimal button placement in the reach zone
for the population. Preliminary conclusions and limitations are discussed in the final
section of the chapter, Section 8.5. As mentioned in Chapter 7, the components of
the device that interface with the human end user include buttons, a screen, device
architecture and frame, and insertion mechanisms. Although the end user interacts
with the aforementioned components at different points within the device lifecy-
cle, this application is focused on the components with the most frequent human

interactions. These components include a button and the device frame or casing.
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Figure 8.1: Hand and Wrist System and Handheld Device

8.1 Step 2: Identification of Human Interaction Factors

8.1.1 Musculoskeletal Interfaces

The human interfaces that will interact with the device are described based
on the musculoskeletal interfaces discussed in the Chapter 3. The musculoskeletal
interfaces that are relevant for the handheld device application include the hand
and wrist system, Figure 8.1. The elements of the hand and wrist that interact with
the handheld device, 8 (screen), include the phalanges (fingers, 1-5), metacarpals
(palm, 6), and the carpal system (wrist, 7). The hand and wrist system consists of
54 bones.

The identification of the hand and wrist system elements allowed mapping
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of the relationship between elements and design or product components to be de-
termined, Table 8.1. The linkages between the element and product component
mappings and the ranges of the intended interactions also determined. For exam-
ple, humans were expected to use their hand and wrist to interact with 8, Figure 8.1.
The product components of the handheld device that captured the thumb and hand
interactions were the button and casing, respectively. Thus, one of the mappings is
the thumb — button and this interaction is thumb presses button. A comprehen-
sive representation of the musculoskeletal interfaces, elements, product components,
and interactions for the handheld device is presented in Table 8.1. From the mus-
culoskeletal system and product design perspectives, the interactions require a very
specific level of detail to capture and comprehend the levels of interaction that occur
between the human being and the handheld device. Two of these interactions were
modeled in the demonstration of this application, (1) pressing buttons on device

and (2) griping the device.

8.1.2 Functional Classifications

In the handheld device application, the interactions between the human being
and the device have been identified. The functional classifications that are relevant
include reach (flexion, extension, adduction, and abduction), force (grip, push), tac-
tility (sense), and maneuverability (deviation). While the musculoskeletal interfaces
cannot be altered since they are static characteristics of the human being, functional

classifications represent the interactions between the human being and the device.
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Functional classifications can be controlled and adjusted for the population to re-
duce extreme stress or stain on the body. The functional classifications identified in
Section 4.1, are presented for the handheld device application. The mappings of the
active functional classifications, the classifications levels, and the product compo-
nents, are described by interactions, Table 8.2. The interactions provide a general
scope of the functional classifications that are active for different interactions that
occur between the classification level and the product component for the handheld
device application.

The relationship between the interactions identified in the musculoskeletal in-
terface and functional classification mapping are represented in Figure 8.2. A visual
demonstration of the active musculoskeletal interfaces and functional classifications
identified are mapped with red and green arrows, respectively. The active interfaces
or classifications relevant to the interactions are outlined in blue. The relationship
between the interactions listed under the musculoskeletal interface and functional
classification mappings are represented by the mappings that share the same inter-
actions. An example of a shared interaction is presented in the interaction “pressing
button on device, which is shared, by the “reach” and “force” functional classifi-
cations as well as the “hand and wrist” musculoskeletal interface. The activated
interface elements are fingers, palm, and wrist for “hand and wrist” system. Like-
wise, the active classification levels are extension, flexion, adduction and abduction

" For the reach level, the actions are ex-

for “reach” and grip and push for “force.’
pected to occur during an initial starting point and continue to the ending point of

the stated interaction: “pressing button on device”, Figure 8.2. The specific items
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Figure 8.2: Interaction Mappings for Handheld Device

that were modeled include the hand and wrist system for the musculoskeletal inter-

face and reach for the functional classification. Force could not be modeled due to

the limitations in the selection of a computation model validation approach for this

research method.

Because the functional classification interactions are more general and wider

in scope, all functional classifications are active for the one relevant musculoskeletal

interface and the common interactions, Figure 8.2. The interactions identified aided

in the selection of a parameter range for the musculoskeletal interface elements and

functional classification levels. They also provided a portion of the requirements for

the design of the button and casing for the handheld device application that was
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applied in the build and testing phase of the product design. The other requirements
were derived from the population and/or additional product specifications but not
heavily emphasized as the focus of the demonstration was to validate the technical

aspects of this methodology.

8.1.3 Anthropometrics

The target population encompasses adults, ages 18-65 years old, and aging
adults, ages 65 years and older. Measurements for these populations were collected
from anthropometric databases. The average and standard deviation for men and
women in the two target age groups for the relevant musculoskeletal interfaces,
static anthropometrics and functional classifications, dynamic anthropometrics are
presented in Tables 8.3 and 8.4, respectively. All values are presented in millimeters
and derived from several different databases including the Bioastronautics Data
Book and Anthropometric Data for Domestic and Industrial Standards, compiled
by Pheasant, with some values predating 1983 [51]. Comprehensive anthropometric
values for the human variability measures of interest for people 65 and older, in
the US, were not available in current anthropometric databases. Moreover, these
databases do not truly reflect the physical changes in the US population due to the
increase in the size of the average citizen. Thus, the most appropriate measurements
from current databases were used in this demonstration with the expectation that, in
future work, human measurements and measurement distributions will be obtained

and seamlessly integrated into this research methodology.
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Table 8.3: Static Anthropometrics: Mean and Standard Deviation for US Adult

Population
US Adult Population
Musculoskeletal Interface | Element Measure
Men ‘Women
p(mm) | o (mm) | u(mm) | o (mm)
Thumb Length 51 4 47 4
Thumb Breadth 23 2 19 2
Thumb Thickness 22 2 18 2
Index Finger Length 72 5 67 4
Fingers Index Finger Breadth 21 1 18 1
Index Finger Thickness 19 1 16 1
Middle Finder Length 83 5 7 5
Hand and Wrist
Ring Finger Length 72 4 66 4
Little Finger Length 55 4 50 4
Hand Length 189 10 174 9
Palm Length 107 6 97 5
Palm
Hand Thickness 51 4 45 3
Hand Breadth 105 5 92 5
Wrist Thickness 55 4 51 3
Wrist
Wrist Length 169 11 151 10
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Table 8.4: Dynamic Anthropometrics: Mean and Standard Deviation of US Adult

Population

US Adult Population

Functional Classification Level Measure
Men ‘Women
w (deg) | o (deg) | w (deg) | o (deg)

Wrist Flexion 90 12 62.5 7.1

Thumb Flexion - MCP 68 - 71 -

Thumb Flexion - IP 81 - 81 -

Flexion

Index Finger Flexion - MICP 97 6.2 97 6.2

Index Finger Flexion - PIP 109.9 8.1 109.9 8.1
Index Finger Flexion - DIP 56.5 15.5 56.5 15.5
Wrist Extension 99 13 61 9.6

Thumb Extension - MCP 19 - 28 -

Thumb Extension - IP 33 - 33 -

Extension
Index Finger Extension - MCP 72.6 5.7 72.6 5.7
Reach

Index Finger Extension - PIP 0 0 0 0
Index Finger Extension - DIP 49.1 9.7 49.1 9.7

Wrist Radial Deviation 27 9 - -

Thumb Radial Deviation 62.9 - 62.9 -

Adduction | [ndex Finger Radial Deviation - MCP 20.5 6.2 20.5 6.2

Index Finger Radial Deviation - PIP 0 0 0 0
Index Finger Radial Deviation - DIP 3.1 3.8 3.1 3.8

Wrist Ulnar Deviation 47 7 - -

Thumb Ulnar Deviation 10.2 4 10.2 4
Abduction | Index Finger Ulnar Deviation - MCP 27.3 4.9 27.3 4.9
Index Finger Ulnar Deviation - PIP 3 3.8 3 3.8
Index Finger Ulnar Deviation - DIP 5.2 2.9 5.2 2.9
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8.1.3.1 Limitations of Existing Data

The collected values assisted in determining the variation of different averages
for the adult and the older populations. The presented measurements of joint ranges
in the hand and wrist system were only collected for the male population [51]. The
dash marks represent information that was not currently available in databases,
Tables 8.3 and 8.4. Additional research was conducted to estimate the missing
values in Tables 8.3 and 8.4 however the distribution information could not be
determined.

There are more missing values present in Table 8.5 due to the fact that many
of the measurements for these values were not collected or considered in traditional
databases. It is important to remember that the original data collected from the
referenced databases are only estimates and it is recommended to conduct user trials
in safety-critical applications [51].

The information represented in current anthropometric tables based on the
measurements of the human body is referred to as static human variability. The
information related to the human interacting with device components is referred to
as dynamic human variability data, which is not widely available in literature. How-
ever, some researchers have recently explored dynamic/functional anthropometrics
to define thumb reach envelopes, postures, and touch interactions for handheld de-
vices [151-154]. The aforementioned research studies provide critical information
for handheld device design but do not comprehensively explore the limits of the

human both statically and dynamically for optimal hand held device design. All
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researchers use preference as a decision-making factor in small populations, which
in many instances will render the dynamic/functional anthropometric data useless
in different populations [152]. This is primarily due to population variation. In
smaller samples, the variation captured is not necessarily reflective of the variation
in the larger population. Thus, it is extremely difficult to extrapolate or gener-
alize the information derived from smaller samples to the larger population. The
present research utilized objective methods based on human biomechanical limits
and static and functional anthropometrics to understand the impact of interacting
at different interface regions of hand-held devices based on an optimal region. The
optimal regions were determined through the concepts of inverse kinematics. The
information generated will inform designers of the accommodation impact of their
design. Since this method emphasizes optimal regions based on human limits and
anthropometric datasets it is expected to be useful in many applications outside of
the present demonstration.

Many additional data values related to dynamic or functional anthropometrics
are found in independent research studies. Estimates were provided for the missing
values through other research studies that may have additional limitations in the
optimization values determined due to the limited scope of these studies. For ex-
ample the vibrotactile feedback value for the functional classification tactility and
level sense is derived from current frequencies used in mobile devices based on a
study where researchers assess the perceived intensity and roughness of the haptic
feedback for 20 (10 male, 10 female) subjects under age 32 [155]. Computational
validity limitations associated with measuring force, tactile feedback, and feasible
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dynamic displacement (active joint metrics during an interaction) with a human
model limit the robustness of this demonstration and render population validation
for these specific metrics useless. Since these aspects of the functional classifications
are not being modeled in this application due to computational validity limitations,
future research in this area is encouraged to expand and validate databases for
these classification levels. All variables included were collected for the optimization
model in lieu of “Population Testing” in step 5 of this methodology, in order to

obtain accurate information for future studies.

8.1.4 Summary of Critical Anthropometrics

Based on the musculoskeletal interfaces and functional classifications identi-
fied, the anthropometrics that were critical to the trade-off analysis and subsequent
optimization model for a handheld device are represented in Table 8.5. The mus-
culoskeletal interfaces and functional classifications are represented in Table 8.5 as
a comprehensive representation of the high-level human interaction factors. Along
with the human interaction factors that are relevant for the development of the

handheld device is the unit of measure for each factor set.

8.2 Step 3: Identification of Manufacturing Characteristics

The handheld device design was computationally modeled in the optimization
output. The dissertation committee suggested a computation model validation as

feedback, so the demonstration of the dynamic application,i.e. handheld device
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Table 8.5: Anthropometrics for Handheld Device

Interaction Factor | Units

Musculoskeletal Interface

Hand and Wrist mm

Functional Classification

Reach deg

was not manufactured. In addition, a general performance metric, as defined in
this method, was not considered for the handheld device. Instead the performance
metric considered was relative distance between product components. This means
that the manufacturing characteristics were not linked to the objective function.
The performance metric is this instance refers to an engineering performance goal
such as stress, strain, force, etc. that would be optimized to ensure the functionality
of the product satisfied specified requirements. Due to the dynamic nature of the
handheld device application, the complexity was centered in modeling the reach
zone of the interactions between the product components. Specifically, the reach
zone for the thumb on the phone surface was modeled and the location of the button
relative to the handheld device casing was optimized. Thus the full demonstration
of the Manufacturing Characteristics, step 3, is presented for the Helmet, static

application, in Chapter 9.
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8.3 Step 4: Trade-off Analysis for Handheld Device Application

The trade-off analysis process described in Chapter 5 is demonstrated in this
section. An AHP analysis was performed for each product component in the hand-
held device application. The first AHP was performed to evaluate the product
metrics for the button component based on anthropometrics obtained in Section
8.1. The second AHP was performed to evaluate the product metrics for the cas-
ing component. The process for conducting the AHP analyses is described in the
proceeding subsections. The application of the AQFD method for integrating the
product and performance metrics will be demonstrated in the Helmet application
since performance metrics were not considered in handheld device demonstration
due to the focus on product component interaction. Thus, the proceeding sections
focus on phase 1 of the trade-off analysis, specifically the product metrics step with

more than one component subsystem, Figure 8.3

8.3.1 Product Metric - Button Component

The anthropometrics obtained in Section 8.1 were mapped to product compo-
nents based on the interaction between the musculoskeletal interface and functional
classification and the product component. For the button the interaction of focus
was on pressing buttons on device. The button could have several distinct features
that impact the interaction between the button and the musculoskeletal interface,
which in our case could be a thumb or finger. The features may include the shape,

surface, displacement, and resistance. The modeling capacity is limited in reference
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mmm Design Requirements
mmm Parts Design

Figure 8.3: AQFD Process, Presented in Chapter 5

150



to the latter two features. Thus, the focus of feature consideration will be on the
shape and the surface.

The shape of a button could be square, triangle, circular, elliptical, rectangle,
other polygons, rhombuses, or any combination of shapes. The product metric
AHP for the button will evaluate four shapes including: (1) circle, (2) ellipse, (3)
triangle, and (4) rectangle. The surface of a button could be convex, concave,
flush, or a combination of surfaces. For this demonstration, the button will have
the same surface for consistency in the comparison. Based on a pilot study that
measured different button features in a small sample population, convex buttons
were preferred the most amongst participants, thus this will be the surface of our
button. The button shape is determined based on the proceeding AHP analysis,
Section 8.3.3.1. After the button shape is determined the button dimensions will be

determined in the optimization process, step 5, in Chapter 10.

8.3.2 Product Metric - Casing Component

The anthropometrics mapped to the casing product component include the
fingers, palm, and the wrist. The finger and palm are examples of primary in-
teractions, which are direct interactions between the musculoskeletal interface and
product component. While the wrist is a secondary interaction, which is an indirect
interaction where the interface and component do not have direct contact. The
measures considered for the musculoskeletal interfaces are the length and breadth

while the measures for the functional classifications are the distal interphalangeal
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(DIP), proximal interphalangeal (PIP), and metacarpophalangeal (MCP) joints as
well as the extension, flexion, and ulnar deviation for each finger. The interaction
of focus was on griping the device.

The shape of the casing can range in the number of shapes and combinations
of shapes. These shapes could include elliptical, circular, square, rectangular, etc. in
nature. The AHP for the casing will evaluate three different shape options including:
(1) ellipse, (2) rounded square, and (3) rectangle. The dimensions of the casing are

also optimized in Chapter 10.

8.3.3 AHP for Product Metrics Selection

The AHP processes for the button and casing product metrics are presented
in the subsequent subsections. FEach section will visualize the hierarchical tree with
the comparison criteria and the alternative shape options. The results of each AHP
is presented in a summated results table as initially displayed in Chapter 5 with

insight into the consistency amongst comparisons of alternative shape options.

8.3.3.1 AHP for Button

The criterion for the button consists of the anthropometric values observed in
Section 8.1. The functional classifications are merged into a single reach category
and were evaluated based on the effect that each shape is expected to have on
extension, flexion ulnar, and radial deviation, given the anthropometric value for

the musculoskeletal interfaces identified. The relevant criteria for the selection of
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the casing shape are presented in the following list. These criteria apply to both the

button and casing components.

1. Thumb Length

2. Hand Length

3. Hand Breadth

4. Palm Length

5. Reach

The hierarchical tree is presented in Figure 8.4. The first step of the AHP
process consisted of completing the pairwise comparison for each of the criteria
listed. While the criterion does not vary from the button to casing components,
the importance for each criteria is altered. The most important criteria for the
button component was determined to be Reach followed by Thumb Length, Figure
8.5. After comparing each of the anthropometric criteria in a pairwise comparison,
the shape alternatives are compared for each anthropometric criteria.

The summary of the AHP for the button component is presented in Figure
8.5. The overall inconsistency in the rating was low, however the rating for the palm
length criteria was high at 9%. The results reveal that the best button option is the
rectangular shape. The rectangle and circle shape options were close in comparison
with first choice, rectangular shape, having a 33.4% score and the second choice,
circular shape, having a score of 33.8%. Thus, the shape that will be considered for
the button option is the rectangle.
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Thumb Length

Button Metric

Hand Length Hand Breadth

Alternatives

Ellispe Triangle

S

Palm Length .

——

Figure 8.4: AHP Hierarchical Tree for Button Metric

Button Metric
Reach
Thumb Length
Hand Length
Hand Breadth

Palm Length

Weight Rectangle Circle Ellispe Triangle

000 (NSHER) EEER 200%

33.4% 12.6% 9.9% 7.9%
29.3% 100%  11.2% 4.9%
15.6% 5.9% 9.1% 3.0%
11.5% 3.2% 3.9% 2.7%
10.3% 29% 3.8% 1.8%

11.9%
3.4%
3.1%
1.9%
1.6%

1.9%

Figure 8.5: AHP Analysis Results for Button Metric
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Casing Metric

N~

Thumb Length Hand Length | Hand Breadth Palm Length . Reach

‘,

Alternatives

Rounded Square Rectangle

Figure 8.6: AHP Hierarchical Tree for Casing Metric

8.3.3.2 AHP for Casing

The anthropometric criterion for the casing product metric was the same as
the button metric. However, in the casing metric the most important anthropomet-
ric criteria included the Hand Length and Hand Breadth followed by Reach. The
hierarchical tree is presented in Figure 8.6. The results of the AHP are presented in
Figure 8.7. The results show that the ellipse shape is the best option for the casing.
The inconsistency in the rating was relatively low with 4.6 % as the highest value

observed for the Hand Breadth criteria.
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Weight Ellispe Rectangle Rounded Square Inconsistency

Casing Metric 1000% (5055 341% 15 4% 1.7%
Hand Length 271%  10.8% 10.8% 5.4% 0.0%
Hand Breadth  248% 13.1% 8.3% 3.5% 46%
Reach 220% 12.3% 7.0% 2. 7% 16%
Thumb Length  146%  7.9% 4.3% 2.4% 0.8%
Palm Length 115%  6.4% 3.7% 1.4% 1.6%

Figure 8.7: AHP Analysis Results for Casing Metric

8.4 Step 5: Optimization

In this section, the product metrics including the square shaped button and
the ellipse shaped casing selected for the handheld device are formulated, designed,
and optimized for the interaction defined by the functional classification for the
target population, Subsection 8.4.1. The handheld device results were validated in
an output diagram that showed the optimal button placement in the reach zone for

the population.

8.4.1 Optimization Framework for Handheld Device

The optimization framework for the handheld device consists of two main
functions, which follow a non-convex optimization framework. This is important and
requires careful attention in the selection of the solver algorithm. The goal of this

optimization problem was to minimize the relative displacement and parameterize
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the device components that decrease the extension and flexion of the thumb as it
interacts with the handheld device. The objective function is constrained by the
lengths and breadths of the population hand sizes and the relative dimensions of
the metacarpal, proximal phalangeal, distal phalangeal of the thumb in a Gaussian
distribution of hands. The formal definitions of the objective (relative displacement)

and constraint (accommodation) are defined:
1. Relative Displacement

e the comparative orientation of handheld device components while inter-
acting with the hand through varying the spatial-geometric dimensions
of the handheld device components and producing the number of devices
needed to satisfy population constraint given interaction constraints for

the human and device.
2. Accommodation

o fitting the handheld device components to the dimension of the relevant
human parameters, including the thumb breadth and length for the hand-

held device application.

8.4.2 Handheld Device Application

The components of the handheld device application that were modeled for this
optimization problem include a button and casing. The goal of the optimization

problem is to minimize the relative displacement between the button and the reach
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Envelope

Figure 8.8: Reach Envelope for Thumb on Device Surface

zone of the casing. The reach zone of the casing is defined by the reach envelope
trajectory along the frontal plane. In this demonstration, the axis of motion is
the anteroposterior axis. In addition, the range of thumb flexion defines the reach
envelope or interaction design space, Figure 8.8, across the frontal plane of the device
surface [152,156].

The human body is split into three planes the coronal (frontal), sagittal, and
traverse, Figure 8.9. The respective axes of the planes are mediolateral, anteropos-

terior, and craniocaudal. For the handheld device, the flexion of the thumb occurs
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in the frontal plane with the possible range of motion is along the anteroposterior
or sagittal axis. In general, the frontal plane captures the range of motion referred
to as adduction and abduction, along the anteroposterior axis. The traverse plane
captures the range of motion referred to as twist and rotation, about the craniocau-
dal axis. The sagittal plane captures flexion and extension of all other body parts,
along the mediolateral axis. The interest of this problem is limited to the reach
envelop defined by the active and functional range of motion (AROM and FROM)
for thumb flexion, 42.5° and 35°, respectively [157,158]. The reason for this focus on
thumb flexion is due to the fact that interaction between the hand and the thumb is
defined by the flexion in the metacarpophalangeal joint (MCP), interaction does not
occur when the thumb is in a extended state at this joint. On the other hand, the
proximal and distal phalangeal joints, PIP and DIP respectively, assist in defining
the lower limit of the reach zone for each individual with flexion and extension of
the distal phalangeal joint. The FROM for the PIP and DIP joints are 55 and 80,
respectively, in terms of flexion [158]. The extension for the DIP, PIP, and MCP
are 15°, 10°, and 25°, respectively [158].

Comfort is defined in ergonomics by changing positions often and maintaining
neutral postures [159]. Thus, the placement of components is optimized when they
fall within the reach zone closer to the lower limits of the angle ROM. The thumb
reach envelope was calculated based on the extension and flexion of the thumb in
2 poses. The first posture includes an initial extension state of the thumb on the
surface edge of the device, Figure 8.10. The second posture slightly flexes the MCP

and PIP joints in initial extension position and fully flexes the DIP joint on the
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Figure 8.10: Thumb Reach Zone Joint Orientations: Extension (Position 1)

top surface of the device, Figure 8.11. These postures are referred to as Rp for
the first position which is considered the extension position and Ry for the flexion
state. These positions are used to calculate the reach zone of the device at the MCP
angle of 35°. A detailed view of the two positions provides more insight into the
calculation of R and Rp, Figures 8.10 and 8.11. Theta values for the angles of
DIP, PIP, and MCP values at each position are represented in Table 8.6.

Each position of Thumb relative to the device, generates a point that creates
the reach zone space. The x-y point generated at each position is parameterized to a
circle which correlates range of space available between the radius, R, of the Thumb
on the device surface with the distal phalanx in flexion and extension. Thus, the

x and y coordinates are parameterized by theta (t in extension and flexion poses),
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Figure 8.11: Thumb Reach Zone Joint Orientations: Flexion (Position 2)

Table 8.6: Thumb Angles for Reach Zone Positions

Thumb

Position 1 (°)

Position 2 (°)

Distal Interphalangeal
Proximal Interphalangeal

Metacarpophalangeal

8.0

3.5

72.0

49.5

31.5
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which ranges from 0 to 62.9° for the abduction across the phone surface of the
metacarpophalanx, which is the bone where the thumb and device interaction at

the surface of the device begins, Equation 8.1

(X, Yn) = F(0)

where

0 =0..62.9 (8.1)
X1.v = Ri..n X cos(0)

Yi.n = Ri. N X sin(0)

8.4.3 Formation of Problem

The results of the AQFD, Chapter 8, provided the shape of the button and
casing components. The shapes include a square and ellipse, respectively. The
design variables for the optimization model include the button length, casing length,
and casing width. The constraints are defined by the hand length and hand breadth,
Table 8.7, and include the parametric lengths, Table 8.8 of the thumb digits, which
define the reach envelope for each individual in the sample [158,160]. The parametric
lengths of the thumb were very important for determining the reach envelope for
each person in the sampled population.

The formation of the handheld device optimization problem is defined by the
design variables, constraints, and objective(s). Due to the fact that both the objec-
tive and constraint function are non-linear, it was important to observe and validate

the correct mathematical model that best fits the data in order to accurately calcu-
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Table 8.7: Constraint Variables for Population Accommodation

US Adult Population
Variable
Men ‘Women
p(mm) | o (mm) | u(mm) | o (mm)
Hand Length 189 10 174 9
Hand Breadth 105 5 92 5

Table 8.8: Parameterized Thumb Lengths Based on Overall Hand Length

Bone Name Length (mm)

Distal Interphalangeal 0.158 x Hand Length
Proximal Interphalangeal | 0.196 x Hand Length

Metacarpophalangeal 0.251 x Hand Length

late the optimal solution. The correct model selection is also important for giving
the model a precise initial guess for the solver algorithm.

The design variables for the handheld device design include button length,
casing length, casing width. Button length equals button width since the AQFD
results presented a square for the button shape. The objective function is the
distance equation, which minimizes the relative distance between the button and
casing. The distance should not exceed the length of the casing in a space where
the components no longer interact. The constraint function follows a Gaussian
distribution and constrains the space by the hand lengths and breadths for men and
woman in the population. Due to the fact that men and women must be modeled, the

constraint function follows a multimodal distribution, which creates a non-convex

164



problem. The selection of the solver algorithm was important because depending
on the path or method that a particular solver takes it can either fail to solve or
take extremely long as it approaches local minima or maxima. Fmincon was initially
selected but the algorithm became continuously confused finding minima close to the
initial value or failing to solve because the non-convex nature of the function. Thus,
the algorithm could never find a minimum point without the subsequent points
increasing. On the other hand, the Patternsearch function released in the global
optimization package of MATLAB®, provides a more robust solver that completes 4
time steps and at 4 points around the given point at each step and makes a decision
based on the location of the lowest point. This allows one to model non-linear
constraints similar to Fmincon but obtaining a better solution for a single objective
problem. Figure 8.12 provides the details of the optimization considerations in this

problem.

8.4.4 Optimization Design

The objective function calculates the relative distance, D, between two points,
one point is at the center of the button of the other at a point in the x-y coordinate of
the casing. Equation 8.2 represents the objective function where z; is the x-position
of the button, x4 is the y-position of the button, x3 is the length of the button, x4 is
the width of the casing, and x5 is the length of the casing. The goal of the objective
function is to minimize the distance between the button and the casing within the

thumb reach zone defined by the accommodation constraint. The accommodation
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Casing Length
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4. Run Optimization
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Number of Devices

Figure 8.12: Optimal Design Plan

function, A, calculates a reach zone of the device interface based on the maximum
extension and flexion of the thumb, Equation 8.3. It subsequently creates a reach
region for possible interactions on the x-y plane of the device surface. The lower
limits of casing length and width are limited by the size by the hand breadth and
length dimensions and based off a previous pilot study that determined the preferred

measurements of a device based on literature for component dimensions.
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min D(z) =
st A®Y)

0 <

0 <

8 <

35 <
105 <

where

x1 : is x-position of button.

X9 @ is y-position of button.

x3 : is button length.

x4 : is casing width.

x5 : is casing length.

Xn = [331,1’2]
Cnhn = [$4,$5]
AlY) =
where

> 95

r, < 100
Ty < 125
r3 < 14
ry < 200
r5 < 400
= x 100

Y;) : is a binary variable for accommodation.
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N : is the population sample.

A Monte Carlo approximation is also applied at this point to the norm or
relative distance, D(Z), objective function, Equation 8.4. The application of Monte
Carlo allows for the summation of the relative distance(s) among the population
in an effort to obtain an accurate estimate of the population sample size. This is
important because insight can be drawn regarding the impact of the solutions in
the actual population through understanding the relationship between population

sample and accommodation.

N
D(i) = L % D(ay) (8.4)
where
D(z;) : is relative distance between button and casing component for each person

D(z) : s relative distance estimate for the total population

N : is population sample size

8.4.5 Optimized Handheld Device Design Results

The results of the optimization solution reveal that 1 device is required to ac-
commodate the population. In addition, the optimum solution set for the handheld
device is presented, Figure 9.11. Based on the results, one device accommodates
both the male and female population, Figure 9.12. The relative position of the but-

ton in the thumb reach zone, Figure 9.13, for the optimal solution is presented. This
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Figure 8.13: Population Distribution of Hands

reach zone contour depicts total population accommodation when alpha is shaded
and no accommodation when alpha is translucent or unshaded in the reach zone.
The x and y axes represent the maximum extension length along casing and casing

width, respectively.

8.5 Conclusion

The product metrics, including the button and casing components of the hand-
held device, were analyzed in this demonstration of the human interaction factors

(step 2), trade-off analysis process (step 4), and optimization model (step 5) in

169



Relative Displacement of Button and Casing Components
180}

1601

1401

—_ —_

[==] [l

[s=] (=]
T T

co
(=]
T

Length {(mm)

60

40+

20

0 | | 5 | |
-50 0 50 100 150

Width (mm)

Figure 8.14: Relative Displacement of Components
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Sections 8.1, 8.3, and 8.4 respectively. As discussed previously in this chapter, the
manufacturing characteristics were not observed for the demonstration. The focus
of the dynamic demonstration was on optimization model for the dynamic applica-
tion modeling the interaction space. The best component shapes for the handheld
device were revealed to be a rectangle for the button and an ellipse for the casing.
The dimensions and relative placement of these components was optimized in the

optimization model.
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Chapter 9: Demonstration of Helmet Application

The demonstration of the helmet application mimics the structure of the hand-
held device application. For the handheld device application, the focus was on
demonstrating the process for optimizing the primary functional classifications of
the musculoskeletal regions, which requires a process of identifying and defining
interactions. The helmet application also identifies the musculoskeletal interface
but there is no functional classification associated with the braincase, which is the
musculoskeletal interface identified for interaction, thus the helmet is a static appli-
cation, which focused on fit as a form of interaction variability in the optimization
model. The helmet application had a two-fold goal and required detailed and dis-
tinct investigations of helmet fit and the helmet heat exchanger. The helmet fit
was determined with investigations of gap and comfort along with head dimensions,
while the helmet heat exchanger was the performance metric, which had a thermal-
driven goal of cooling the human head in hot, dry climates. Since portions of the
HX were additively manufactured additional research was required on the impacts of
AM process parameter on thermal performance. The helmet application focuses on
optimizing the performance metric, which was not considered in the handheld device

application. The addition of the performance metric is explored with a structured
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Figure 9.1: Braincase System and Helmet

focus on thermal performance. Chapter 9 details steps 2-5 of the methodology for
the helmet application. Section 9.1 provides human interaction factors. Section 9.2
provides manufacturing characteristics for AM. The AQFD full method is applied
in Section 9.3, which provides the product and performance metrics for the opti-
mization model. The optimization model for the helmet is presented along with the
surrogate and thermal models, which describe the relationship between AM process
parameters and thermal performance, Section 9.4. The design focus of the helmet
design is for use in a dry hot climate in a military application. The specification

and requirements are discussed in the proceeding sections.

9.1 Step 2: Identification of Human Interaction Factors

9.1.1 Musculoskeletal Interfaces

The musculoskeletal interfaces that are relevant for the helmet include the

braincase, face, and ears. The elements of the braincase that interact with the
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helmet include the neurocranium (skull). The braincase system consists of 8 bones;
all of which are important for the helmet application [94]. The face and ear system
consists of 22 bones [94]. The helmet will not have direct contact with the ear, the
design provides additional space that is intended to house headphones underneath
the helmet. However, when helmet is fully utilized it may apply additional pressure
to the ear, which may impact the internal bones in the ear. This is unlikely to
occur without heavy impacts that damage outer layer bones first. The relevant
bones in the face consist of the zygomatic. Other important bones that are possibly
relevant include: maxilla, mandible, nasal, and vomer. For the purpose of this
demonstration, the specific musculoskeletal interface of focus will be the braincase
labeled at 1 in Figure 9.1. Since the design of interest is a Kevlar military helmet,
the emphasis of the design is based on the surface area of the head because the sides
of the helmet are not meant to fit the ears and the face is not covered, Figure 9.2.
The mapping of the relationship between elements and product components
for the helmet application are depicted in Table 9.1. The product components of
the helmet are surface area of the helmet shell and padding which includes a gap
metric, Table 9.1. The interaction will occur between the surface area of the human
head and the padding, which is required for the head to hold the helmet on the

head. Padding is the only component the directly interacts with the braincase.
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Figure 9.2: Ballistic Kevlar Military Helmet
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Musculoskeletal Interface

. Interactions
Mappings

Braincase { Pressure feedback into padding Force

| Pressure

‘ Ethmoid F—
‘ Frontal }(—
| Occipital o
‘ Parietals }<—
‘ Sphenoid F—
‘ Temporals }<—

—>

Musculoskeletal Functional

Interfaces Classifications

Figure 9.3: Mapping Interaction for Helmet

9.1.2 Functional Classifications

The helmet is a static application, thus the relevant interactions that occur
after the initial interaction are present in the form of pressure applied to the brain-
case musculoskeletal interface. Table 9.2 shows the mapping relationship between
the function classifications that result in applied pressure. The interaction mappings
for the musculoskeletal interface and functional classification interaction reveal just

one interaction, Figure 9.3.

9.1.3 Anthropometrics

Tables 9.3 and 9.4 represent the anthropometric data necessary to determine

the measurements that are needed to capture the variability of the relevant mus-
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culoskeletal interfaces and functional classifications in the population. Specific an-
thropometric measurements of interest include the head circumference, head breadth
(width), and head length [51].

In assessing helmet accommodation, researchers examined the effectiveness of
three-dimensional (3D) scanners. Experimentation with a 3D scanner and probe
revealed that 3D systems were more conservative in measuring standoff (SOD) dis-
tances for assessing helmet accommodation [161]. Researchers also confirm the se-
lected anthropometric measures, as they found head length and breadth to be more
robust for measuring SOD distances for fit than head circumference [161]. There is
limited information on head circumference but is can be calculated from the head
length and breadth values. Another option that is considered is a supplemental
data set for a study conducted at the department of defense, which collected head
and face anthropometric data including head circumference data on a population
of 367 (195 female, 172 male) US civilians ages 17-69 [162]. The pressure data is
also missing but due to the computation method of analysis the application of force
to the head will not measured. In future work, an actual helmet will be developed
and tested on a manikin head at this point the pressure will be calculated based on
maximum force data for skull fractures with applied compression force [163]. This
data provides an ideal of the maximum compression that can be applied to the skull

before injury occurs [163].
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Table 9.3: Static Anthropometrics: Mean and Standard Deviation for US Adult

Population

US Adult Population

Musculoskeletal Interface | Element Measure
Men Women
i (mm) | o (mm) | g (mm) | o (mm)
Head Circumference | 574.54 16.22 549.84 20.48
Braincase Skull Head Length 195 8 180 8
Head Breadth 155 6 145 6

Table 9.4: Dynamic Anthropometrics: Mean and Standard Deviation of US Adult

Population

US Adult Population
Functional Classification Level Measure
Men Women
STEXSE TS B
Force Pressure | Maximum Skull Compression | 622.8 - 622.8 -
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9.2 Step 3: Identification of Manufacturing Characteristics

AM was selected as the manufacturing process for the demonstration of the
helmet application. The specific AM process selected was FDM, which is categorized
under material extrusion. FDM provided flexible material and rapid prototyping op-
tions for the helmet heat exchanger design. More specifically, the heat exchanger
was designed passively therefore low thermal conductivity materials that serve the
dual purpose of helmet padding and heat piper holders were needed. FDM applica-
tions allowed for the heat pipe holders to be designed and swiftly prototyped with
flexible material for thermal performance evaluation.

The FDM application is most commonly associated with 3D printing and many
researchers, makers, and designers have contributed to an open source community
that supports research and development. The FDM printers on the market in many
instances are developed to work with open source software allowing the user to
control more parameters on the printer. This was specifically useful for this demon-
stration because it was important to understand the impact that machine controls
have on thermal performance. The characteristics associated with the material ex-
trusion process in general as well as those related to a fused deposition modeling
process, such as the Lulzbot TAZ 5, are depicted in Table 9.5. The specific charac-
teristics that are inherent to the Lulzbot TAZ 5 and other FDM printers, Figure 9.4,
include: all material extrusion characteristics, material color variations, fill pattern
(i.e. grid, lines, etc.), fill density (i.e. 40%), print head, and print speed Table 9.5.

This machine is relatively sophisticated and provides open-sourced programs
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Figure 9.4: FDM Application for a 3D Printer

that allow for advanced control options. Since there was limited knowledge of the
impact that different control-settings have on thermal performance, experimental
research was required to obtain this information. A study to obtain the required
information was conducted at Los Alamos National Laboratory in the Thermal and
Mechanical Engineering Additive Manufacturing Research and Development Group.

A design of experiments (DOE) was performed to understand the impact of
the manufacturing characteristics on thermal performance (i.e. Surface Temper-
ature and Thermal Conductivity). These characteristics included material, layer
height, and infill density. This study had limitations in the amount of heat loss
from the power supply to the heater. However, it provided great insight for the

development of an ANSYS thermal model to predict the thermal behavior as the
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Table 9.5: Manufacturing Characteristics for the Material Extrusion Process and

Lulzbot TAZ 5

Manufacturing Characteristics | Material Extrusion Process | Lulzbot TAZ 5

Build Area
Layer Height

Material

O O O O

Support Material
Polymer Color
Fill Pattern
Part Density

Print Head

O O O O O

Print Speed

Nozzle Radius O

product changes. The process for the selection of the manufacturing characteristics
and relevant thermal performance metrics will be discussed in the next section.
The selection of the AM process, Material Extrusion, and the machine type,
Lulzbot TAZ 5, allowed for the identification of all relevant manufacturing charac-
teristics. The manufacturing characteristics along with the number of levels, types
of levels, and units of measure are represented in Table 9.6. The manufacturing

characteristics will be further investigated in step 4 as they inform the development
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Table 9.6: AM Process Metrics for Helmet

Characteristic | Units

Material Extrusion

Layer Height mm

Material kg

Lulzbot TAZ 5

Part Density %

of the thermal performance objective function.

9.3 Step 4: Trade-off Analysis for Helmet Application

The trade-off analysis process for the Anthropometrics and AM Process Met-
rics generated in Sections 9.1 and 9.2, respectively, is presented here. The first AHP
was performed to evaluate the product metrics based on Anthropometrics observed
in Section 9.1. The second AHP was performed to evaluate the performance metric
based on the AM Process metrics obtained in Section 9.2. Similar to the hand-
held device application, the proceeding section outline to process for obtaining the
product and performance metrics though the application of the AQFD methodology

presented in Chapter 5, Figure 9.5.
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Figure 9.5: AQFD Process, Presented in Chapter 5
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9.3.1 Product Metrics

The Anthropometrics obtained in Section 9.1 were mapped to product compo-
nents based on the interaction between the musculoskeletal interface and functional
classification and the product component. For the helmet the interaction of focus
was on pressure feedback into padding. The helmet is a static application, so the
only expected interaction is a continuous application of pressure to the head. The
product metrics are important for determining the best approach for modeling the
helmet so that it will fit the head.

A shape that captures the dimensionality of the head will provide the best
helmet fit. The product metric options include: (1) Helmet Surface Area, (2) Helmet
Circumference, (3) Hemisphere Surface Area, (4) Body Surface Area, (5) Ellipsoidal
Cap Surface Area, and (6) Spherical Cap Surface Area. Many of the listed product
metrics are self-explanatory and they focus on the variables that match the measured
dimensionality of the head. For example, a two variable equation can capture more
information about the variability of the human head than a one variable equation.
The metric that requires further explanation is the body surface area metric, which
given a weight of the body part can calculate the surface area of that body part [164].
The body surface area is calculated using the Mosteller Formula, which is named

after the physician that created the estimate.
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9.3.2 Performance Metrics

The AM Process metrics obtained in Section 9.2 provide the input for the
performance metric. The performance metrics options for measuring thermal per-
formance include: (1) Outer Surface Temperature, (2) Internal Temperature, (3)
Thermal Conductivity, (4) Heat Flux, (5) Thermal Resistance, (6) Heat Transfer
Efficiency, and (7) Power Dissipation. The metrics were evaluated based on their
experimental rectitude and design application of a military helmet worn in hot cli-

mates.

9.3.3 AHP for Product Metrics

The AHP plot for the helmet product metric options is presented in Figure 9.6.
The relevant criteria for the selection of the helmet product metric are presented in

the following list.

1. Head Length

2. Head Breadth

3. Head Circumference

The results of the AHP analysis are presented in Figure 9.7. The overall
consistency of the AHP is high with the highest percent inconsistency being 4.8%
for the head length. The most important criteria were the head breadth followed by

the head length. The top rated product metric option was helmet surface area.
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Body Surface Ares Elfipzadal Cap Surface Areg Sghearical Cap Surface Ares

Halmat Surface Ares Hslmet Circum farence Hamizghers Surface Ares

Figure 9.6: AHP Hierarchical Tree for Helmet Metric

Ellipsodal spherical

Helmet Cap  Body Cap Hemisphere

Surface Surface Surface Surface Helmet Surface
Weight Area Area Area Area Circumference Area Inconsistency
Helmet Metric o3sw (EiE WETEH 200% z 128% 7.8% 7.3% 0.0%
Head Length 338%  87% 69%  7.5% 47% 3.0% 3.0% 48%
Head Breadth 400% [ 10.8% 93%  89% 5.1% 2.8% 3.0% 1.4%
Head Gircumference 200%  51% 50%  3.6% 3.0% 2.0% 1.3% 1.8%

Figure 9.7: AHP Analysis Results for Helmet Metric
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9.3.4 AHP for Performance Metric

The AHP plot for the thermal performance metric options is presented in
Figure 9.8. The criteria for the selection of the performance metric were based on

the AM process metrics and are presented in the following list.

1. Layer Height

2. Part Density (Infill Density)

3. Material

4. Print Speed

5. Extrusion Temperature

6. Print Bed Temperature

The results of the AHP analysis for the thermal metric, Figure 9.9, revealed
that the most important criteria was the part density also called the infill density in
open source software. The material criteria was ranked second. Surface temperature,
thermal conductivity, and thermal resistance were ranked first, second, and third,
respectively for the thermal metric. The results for the thermal metric identified
are experimentally tested and validated in a surrogate model. The experimental

process will be discussed in Section 9.4 along the corrective modeling efforts.
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9.3.5 AQFD for Product and Performance Metrics

The final process in the AQFD methodology is to apply the AQFD all product
metrics and performance metrics generated in the previous subsections are compared
at once with the application of the QFD method. As mentioned in Chapter 5, the
product design phase, Phase 2, of the QFD is applied for the comparison. The
helmet metrics become the parts design values and the performance metrics become
the design requirements.

The AQFD from the AHP results is presented in Figure 9.10. The weights
generated from the thermal metric AHP provided the weights for the design require-
ments. The product metric with the highest score is helmet surface area. Each part
design is rated for importance based on the design requirement. The “4” indicated

[APh]

a high importance, “0” indicates moderate importance, and “A

7

indicates low im-
portance. The weighted sum is calculated for each column, which represent each
product metric or part design. Thus, the product metric that will determine the
product dimensions for the helmet(s) produced will be the helmet surface area, this
metric considers the anthropometric values that we must fit in to accommodate a

population of people.

9.4 Step 5: Optimization

The AQFD results were integrated into the helmet design and the thermal
performance goal of minimizing helmet surface temperature constrained population
head dimensions. A two-phase process was developed as a basis to the development
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Figure 9.10: Phase 2 - AQFD Results
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of the optimization problem. Phase 1, consisted of experimentally measuring the in-
fluence of AM characteristics or process parameters on thermal conductivity and sur-
face temperature, which is a contribution of this dissertation. Additional ANSYS®
numerical models were developed to complement experimental result. Phase 2, con-
sisted of the helmet thermal model development and experimental validation on flat
demonstration of passive heat exchanger design in a Kevlar military helmet. Phase
2 mathematical models were provide courtesy of Los Alamos National Laboratory
(LANL) staff [165,166].

The optimization process for the helmet began with a design of experiments
for the selected thermal metrics including surface temperature and conductivity for
the FDM process in Phase 1. This initial research was necessary because parts that
are additively manufactured generally have altered material characteristics due to
the manufacturing process [6,29,30,32,109,167]. Thus, in order to design the hel-
met optimization problem there was a need to observe and adjust for the differences
in thermal performance due to AM. The results of Phase 1 was integrated into the
equations generated in Phase 2 for determining the objective function for the helmet
surface temperature also identified at the as the performance metric, which is mini-
mized in this optimization problem. The helmet was validated through the testing of
a flat helmet design with all components of the curved helmet to determine whether
temperature could be maintained at 35° in a passive heat exchange system that
utilized additively manufactured material based on an updated surrogate model.

The optimization framework for the helmet is also a non-convex optimization

problem. In both demonstrations the problem is non-convex due to the fact that
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the constraint follows a bimodal Gaussian distribution to account for the variation
of male and female anthropometric sizes in the population. When either an objec-
tive function or constraint function is non-convex the entire optimization problem
becomes non-convex and must meet certain conditions to observe an optimum [168].
The goal of the helmet optimization problem is to minimize the helmet surface tem-
perature. The objective function is constrained by the lengths and breadths of the
adult human head in a population of heads, which follow a Gaussian distribution
for men and woman in the US population. The formal definitions for the objection
(thermal performance) and constraint (accommodation) functions are defined for

the helmet application.

1. Thermal Performance

e the thermal energy change required to dissipate enough heat to main-
tain a specified temperature underneath the helmet. For this application
the specified temperature should be minimized to a value less than or
equal to the thermal comfort temperature for human heads, 35°C [133].
In addition, the number of helmets that can maintain thermal comfort
for the population is also identified with the consideration of thermal

performance.

2. Accommodation

e the fit of the helmet to the human head through varying the spatial-

geometric dimensions of the helmet including the AM components of
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passive heat exchanger (HX), given the static physical dimensions of hu-
man heads. The accommodation function also assists with determining
the percentage of accommodation each helmet provides for the popula-

tion.

9.4.1 Helmet Application

The helmet application contains a passive HX, which was experimentally
tested for cooling the head to ensure that a temperature below the maximum head
temperature of 35°C was maintained in a hot, dry climate. The components of the
helmet include the wick, shell, AM holder(s), and heat pipe(s), Figure 9.11. The
objective function calculates the surface temperature of the helmet that is required
to maintain head temperature below 35°C. The surface temperature increases with
ambient relative humidity and temperature. The function is set to maintain a head
temperature below 25°C, with the HX system acting as an air conditioner. The
objective function includes a surrogate model which estimates the surface temper-
ature of the AM material given variable infill densities (D = x5) and layer heights
(L = x1), Equation 9.1. A Monte Carlo sampling approach, Equation 9.2 was
also applied to the objective function, in order to calculate the number of samples

required.

Y(z) = 19.62 — 0.64 — 4.28 X 21 — 1.75 X 25 (9.1)

where
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Figure 9.11: Helmet Diagram with HX Components
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L: is 23

D: is x,

M=

T(@) =% %

%

All three modes of heat transfer (conduction, convection, and radiation) were
considered with evaporation in the systems of equations extracted from the a thermal
model developed at LANL. The solution for the systems of equations provides a
values for 6, and ¢..,q which can then be used to build the objective function for this
model. The solution of @, solves for the surface temperature at the wick of the helmet
surface, Figure 9.12. In addition, g..nq, Equation 9.3, models the overall conduction
of the model, including materials interfacing with the helmet. With the modification
of a previously developed thermal model which solves the systems of equations for
maintaining a helmet surface temperature that will guarantee thermal comfort to
the wearer of under 25°C, the conduction equation was adapted from the model to
solve for surface temperature given the incorporation of the surrogate model that
accounts for AM characteristics in Ry, which included the thermal resistivity for
the FDM heat pipe holders/padding. The development of the thermal, surrogate

model integration is discussed in the thermal and surrogate modeling section.

Gcond = — (93)
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9.4.2 Design of Experiments

The DOE work for this experiment was two-fold. The first goal was to un-
derstand the impact of AM manufacturing characteristics on surface temperature
and subsequently thermal conductivity, which were determined, based on the AQFD
results in Chapter 9. The second goal was to identify a material with low thermal
conductivity that could also provide comfort to the human wearer.

The initial work was used to calculate the thermal conductivity variation based
on 1D conduction through polymer 2” x 1” cylinders with surface affixed thermo-
couples. These experiments enabled the assessment of surface temperature variation
and the conductivities derived from each cylinder. Thermal conductivity was mea-
sured through a heat input with thermocouples to capture the temperature change,
the cylinder was fully insulated to measure conduction through the part. The cylin-
ders varied in manufacturing characteristics including infill density (20%, 80%) and
layer height (0.1lmm, 0.4mm), for materials Polylactic Acid (PLA), Acrylonitrile
Butadiene Styrene (ABS), and Polyurethane (PUR) for a complete 2° DOE with
dummy variables, Table 9.7. Two FDM machines, Lulzbot TAZ® and Rostock
MAX ™, were initially tested yielding comparable results amongst ABS and PLA
materials. The Lulzbot TAZ® FDM printer was selected and the third material,
PUR - Ninja Flex by Ninja Tek, was analyzed to observe variability in thermal con-
ductivity compared to ABS and PLA. The results of the comparison of all materials
in terms of thermal conductivity are presented, Figure 9.12.

Due to limitations regarding the power input and the need to collect and
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Table 9.7: 23 DOE for AM

Level | Material (—2~) | Layer Height (mm) | Infill Density (%)

mxC

0 ABS 0.1 20
1 | PUR (Ninja Flex) 0.4 80
Dummy (PLA)

Thermal Conductivity (K)

rLA
[ ABS
[ JPUR

nf«}h
ARTIFACT

Figure 9.12: Thermal Conductivity Results for DOE
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analyze different shaped data and multiple level for a new DOE and thermal model
was developed in Solidworks Simulation’ " and ANSYS®. This model was used to
standardize an accurate estimate of the power input based on a comparative analysis
of the experimental results with the model results for the cylinder experiments based
on surface temperature. The next section details the thermal and surrogate modeling

for integration into the Ry, resistive equations.

9.4.3 Thermal and Surrogate Modeling

Thermal and surrogate modeling for the experimental design consisted of
a three-step process. The steps included 1D conduction laboratory experiments,
ANSYS® model development to evaluate alternative shaped designs with faster re-
sults and additional design levels, surrogate modeling to predict the effects of AM
characteristics on surface temperature in order to optimize the entire design. The
next immediate step after surrogate modeling is optimization and it is discussed in

the sections proceeding this section.
1. AM Experiment and Thermal Model
2. Surrogate Model

3. Helmet Thermal Model

9.4.3.1 AM Heat Pipe Holder Thermal Model

The cylinder experiment consisted of an experimental design, where 7 thermal
couples were applied to the surface of a cylinder, which varied in infill density and
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Figure 9.13: Thermal Experimental Design for AM Cylinders

layer height AM characteristics according to the DOE described previously, Figure
9.13. The experimental set-up included a data acquisition system (DAQ) connected
to a LabVIEW " program on the pictured laptop that calculates the temperature of
the 7 thermocouples applied to the AM cylinder. The power supply was connected
to the heater, which is placed on the bottom of the AM cylinder, Figure 9.14. Four
thermocouples, T'1 — T4, are placed on the surface body of the test artifact, one
is place on the top surface, T'5, another is placed on the heat patch and taped
with fiberglass tape to secure, 76, and the final one observes the temperature of
the environment or laboratory, Figure 9.14. PolyglassTM is then placed around
the AM cylinder and secured with a clamp. The system is then placed a top of
several insulation layers in order from top to bottom, woven titanium tape, Plexiglas,
Styrofoam, and Concrete. Each experiment required a 6-hour ramp time and 30-
minute dwell time, followed by a 30-minute break down and set-up for the proceeding
experiment.

Due to the long experimental run times required for thermal equilibrium and
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Figure 9.14: Thermocouple Layout on AM Cylinder with Heater and Insulation
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identified heat losses in the power applied to the experimental design, two thermal
simulation models were created to preform additional levels of experiments from
the initial DOE, Table 9.7. ANSYS® was effective in modeling the infill density
AM characteristic but not for layer height. The simulated cylinder experiment
produced similar surface temperature results as the experimental design for 20%
and 80% infill density analyses with ABS, PLA, and PUR materials, Table(s) 9.8
and 9.9. Experimental results at layer heights of 0.1mm and 0.4mm were compared
at the modeled infill density with the simulated model results which do not include
layer height. The location of surface temperatures was taken at 74 and 76, Figure
9.14. The model versus experimental data shows that PUR generally does not
dissipate the heat as well as ABS and PLA but has more consistency amongst
the experimental and model results and lower temperatures at the heat source.
More specifically at the 80% infill density, the PUR material consistently has lower
overall surface temperature ratios compared to ABS meaning it dissipated heat more
efficiently. Figure 9.15 depicts the ANSYS® model developed to capture the model
temperatures based on thermal conductivities of materials derived from databases,
Table 9.10.

The ANSYS® model was then used to model the AM heat pipe holders for infill
densities ranging from 20% to 80%. A grid infill pattern was used to duplicated ex-
perimental characteristics and distances between grid lines were interpolated based
on the actual printed holders at 20% and 80% to get an accurate estimation of the
distances between grid lines, Table 9.11. The results were used as input data for the

surrogate model development, Table 9.12. The surrogate model data for the AM

205



Table 9.8: Surface Temperature Validation for Cylinder Experiment @ 20% Infill

Density

T4°C T6°C T4°C T6°C T4°C T6°C
Material
(0.1mm) | (0.1mm) | (0.4mm) | (0.4mm) | (Model-20%) | (Model-20%)
ABS 21.194 40.300 19.735 33.686 20.710 34.520
PLA 20.835 31.402 23.597 39.232 20.521 37.220
PUR 22.318 35.098 22.317 36.250 21.047 31.530

Table 9.9: Surface Temperature Validation for Cylinder Experiments @ 80% Infill

Density

T4°C T6°C T4°C T6°C T4°C T6°C
Material
(0.1mm) | (0.1mm) | (0.4mm) | (0.4mm) | (Model-80%) | (Model-80%)
ABS 23.913 37.177 26.704 42.374 27.133 50.540
PLA 21.563 33.911 20.299 32.573 26.833 57.954
PUR 19.473 31.998 24.553 41.080 27.177 48.737

Table 9.10: Thermal Conductivities for Material in Cylinder ANSYS® model

Material °C | Thermal Conductivity (mLXC) Specific Heat (kg%) Reference
ABS @ 23 0.17 2093 [169]
PLA @ 25 0.13 1800 [170]
PUR @ 25 0.19 1760 [171]
AIR @ 20 0.0257 1.009 [172]
Glass Cloth 0.0354 0.8 [173]
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Table 9.11: Linear Interpolation for Grid Pattern Infill Densities

Infill Density (%) | Wall Distance (mm) | Wall Thickness (mm)

20 5 1

30 4.36 0.938
40 3.72 0.875
50 3.09 0.813
60 2.45 0.750
70 1.82 0.688
80 1.18 0.625

heat pipe holders represents a single variable multi-level DOE, with the expected
most important variable infill density. A surrogate model based on the initial 23
DOE was also generated to show the impact of layer height on surface temperature
based on experimental data, Table 9.13. However, it is important to note that the
surrogate model was never experimentally validated. The final section discusses the
development of the surrogate models based on the data generated experimentally

and from the thermal models presented in this section.

9.4.3.2 Surrogate Model

Two surrogate models were developed based on the data presented in the
previous subsection. The first model discussed considered both layer height and infill
density in the model and was based on the AM cylinder experiments. The cylinder
surrogate model revealed a negative association with both layer height (strongest)

and infill density as related to surface temperature, Figure 9.16. The model consisted
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Table 9.12: Surrogate Model Data: AM Heat Pipe Holders (PUR)

Observation | Infill Density (%) | Surface Temperature (°C)
1 20 24.191
2 30 24.136
3 40 24.587
4 50 24.582
5 60 24.598
6 70 24.602
7 80 24.608

Table 9.13: Surrogate Model Data: AM Cylinder Test Artifacts

Material (mvi/c) Layer Height (mm) | Infill Density (%) | Surface Temperature (°C)
0.13 0.1 20 20.835
0.17 0.1 20 21.194
0.19 0.1 20 22.518
0.13 0.4 20 23.596
0.17 0.4 20 19.735
0.19 0.4 20 22.316
0.13 0.1 80 21.563
0.17 0.1 80 23.913
0.19 0.1 80 19.473
0.13 0.4 80 20.299
0.17 0.4 80 26.704
0.19 0.4 80 24.553
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of a 23 DOE where variables included material, infill density, and layer height.
Material had three levels and was a categorical variable, thus it was treated as a
dummy variable in the model. The results of the AM cylinder surrogate model
reveal that the residuals appear to be randomly distributed about zero, suggesting
a linear relationship, Figure 9.17. Moreover, the residuals do not form a horizontal
band around zero and appear to be uneven. Lastly, there are residuals that seem to
be outliers suggesting that a linear model it is actually not the best fit. Figure 9.17
also presents another regression model for the thermal model results of the heat pipe
holders at seven different percentiles ranging from 20—80% for ABS, PLA, and PUR.
The fitted versus residuals model is this case clearly depicts a non-linear relationship
between dependent (surface temperature) and independent variables (material and
infill density) because residuals are not equally distributed about zero. It is also key
to note that additional levels and data are required to make a true conclusion in
regard to the appropriateness of a linear model to describe the relationship between
AM characteristics and surface temperature.

The next model attempts to gain additional insight into the impact of infill
density and material on surface temperature, Figure 9.18. Infill density revealed
what appears to be a logarithmic or cubic relationship with surface temperature
as infill density increased. This model can be used to estimate additional points
between 20% and 40% to estimate exactly where the behavior of the model changes.
This fitted versus residuals plot for infill density and surface temperature also sup-
port the observation of a non-linear relationship, Figure 9.19. Upon initial further
investigation of material and surface temperature, it appears that PLA can achieve
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Figure 9.16: Pareto Plot for Effects of AM Characteristics in Cylinder Experiment
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Figure 9.17: Cylinders (Top) and Heat Pipe Holders (Bottom) Plots for 1-D Con-

duction Tests
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the lowest temperatures but the majority of surface temperatures for all three ma-
terials stabilize around 24.6 C°, Figure 9.18. This means the any of these materials
because of their low conductivities could perform well for the helmet application
and PUR has the extra benefit of being flexible which serves dual purposes of fit
and thermal performance. Although insight was gained in this model, it is limited
because it does not account for interactions and other AM process controls that may
have a relationship with surface temperature. The PUR infill densities and surface
temperatures are presented in Table 9.12. Figure 9.20 presents the results of 20%
infill density of the AM heat pipe holder. With additional insight on the effects
that AM characteristics have on surface temperature, the helmet thermal model is

discussed in the next section.

9.4.3.3 Helmet Thermal Model

The thermal model for the helmet, Figure 9.11, included the calculation of
conduction along the vertical and horizontal axes of the helmet. The resistive calcu-
lation Ry, was modified to include the thermal conductivity value for PUR. Ryoa
is a variable in the conduction equation, Equation 9.3, of the helmet thermal model
developed at LANL, [165,166]. The selection of PUR, discussed in the previous
section, was due to flexible nature of the material and the consistency in heat dissi-
pation under different power loads and manufacturing characteristics. The helmet
thermal model conduction equations in the X (horizontal) = A, Equation 9.4, and

Y (vertical) = B, Equation 9.5, directions provide the total conduction through the
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Figure 9.21: Modes of Heat Transfer in Helmet Thermal Model

helmet system. The horizontal axis, X, refers to the heat being moved along the
heat pipes to the back of the head. The vertical axis, Y, is normal to the head as
heat moves the each material. A detailed view of the heat transfer systems adapted
from the helmet thermal model depicts the paths of conduction, Figure 9.21. Note
that the color-coded 6 values refer to the temperatures at the material associated
with color. The resistive schematic, Figure 9.22 for the conduction calculation in
parallel and series provides the Ry value for the conduction equation in the helmet

thermal model, Equation 9.6.
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03 - ek’evlar ekevlar - 6)polymer epolymer - 0HP1 eHPl - HHPQ 9HP2 - ehead

Geond, A =
Rwick Rkevlar Rwick RHPl RHPQ
(9.4)
o 95 - ekevlar ekevlar - 0HP1,2 9HP1,2 - ehead
Gcond,B = (95)
Rwick Rkevlar RHPl//HPQ//Rpolymer
Rtotal - Rwick: + Rkevlar + RHP1,2 (96)

The resistance of materials is calculated in the following manner R = % = %,

where ¢ is the heat flow rate, L is the thickness of the material, and k is the thermal
conductivity. In the Ry equation, Equation 9.6, the resistance of the wick and
the helmet shell which is made of Kevlar can be calculated with the thickness of

the material and thermal conductivity since these values are known. The resistance

m2x K

7 is where the integration of the surrogate model

of the Ryp1 2 measured in
occurred. More specifically, Rpoiymer, Equation 9.10, in R,,, (parallel heat pipes) is
precisely where the surface temperature for the surrogate model was integrated as
the AT value along with the surface temperature of the head, Equation 9.9. gey, is
the experimental value derived from the Minco  white paper based on heat losses
in experiments [174]. Thus, the heat pipe resistance values are further dissected to
reveal where the integration of the surrogate model for the surface temperature, 04, s
of the AM material under variable manufacturing conditions occurs, Equation(s)
9.7, 9.8, 9.9 and 9.11. The heat pipe characterization was not considered in the

Engineering Equation Solver (EES)® model. Thus, the values used for the heat
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pipes kpronze Was for pure bronze. With the integration of the surface temperature
surrogate model revealed in Equation(s) 9.9 and 9.10, the complete model that
integrates AM characteristics and helmet surface temperature was presented. The
next section will discuss the formation of the optimization model, which integrates

the ANSYS® thermal models and EES® models from the previous section.

Rupser = Rup1 + Rup2

where (9.7)

Lup:
2x kb'ronze

RHPl = RHPQ =

Rupi - Rup2

R “w=-— 9.8
by Ryp1 + Rupo (9:8)

R ar * R olymer
Rpa?“ — HP,p poly (99)
RH P,par + Rpolymer

_ esurf - 6)head (910>

Rpol ymer
Gexp

RHP,ser ' RpaT
RHP,ser + Rpar

RHPLQ - (911)

9.4.4 Formation of Problem

The formation of the helmet optimization model has similarities to the hand-
held device. The result of the AQFD for this application revealed that a metric
of surface area would be best for calculating the fit and accommodation of the hu-
man head in the Kevlar helmet. In addition, the top thermal performance metric
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Table 9.14: Constraint Variables for Population Accommodation

US Adult Population
Variable
Men ‘Women
p(mm) | o (mm) | u (@mm) | o (mm)
Head Length 195 8 180 8
Head Breadth 155 6 145 6

was surface temperature. The thermal models developed provide direct input for
the objective function that sought to keep the human head cool by maintaining a
low surface temperature on the helmet given different environmental factors such as
temperature and humidity and the modes of heat transfer. The constraints for the
helmet application consists of the human head parameters including head length
and head breadth for the male and female populations, Table 9.14.

The design variables, objective function, and constraints included in the for-
mation of the helmet optimization problem are defined, Figure 9.23. The helmet
represents the static application and does not need to define region of interaction.
Instead the accommodation function measures a fit between the human head and
the helmet. This fit value for helmet accommodation is based on a ratio called the
standoff distance, which is the area difference between the internal surface of the
helmet and human head [175]. An optimal standoff distance is estimated to be x
between 4mm < x < 8mm. The objective function measures the surface tempera-
ture of the helmet to ensure that the human head remains under 35 C°. The design

variables are important here because they determine the size of the helmet and
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Figure 9.23: Optimal Design Plan

subsequently the number of helmets required to accommodate the population. The
design variables included the helmet length and width, which are used to calculated
the area, and the layer height and infill density. Currently, the 22 DOE linear model
is incorporated into the objective function to gain a sense of the effects of layer

height on the helmet surface temperature.

9.4.5 Optimization Design

The objective calculates the surface temperature of the Kevlar helmet and
estimated the layer height and infill density required to obtain a minimum surface
temperature Equation 9.12. In addition, the accommodation function, Equation
9.13 minimizes constrains the objective based on the fit of the helmet and a slightly

larger gap range than presented in the literature [175]. The conduction equation is
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being solved based for the surface temperature of the head based on a thermal model
developed at LANL. @ is conduction produced from a modified thermal model, R;y;q
includes the variables and equations discussed in the thermal and surrogate modeling
section, and A is the fin area at 1/3 of the internal surface area of the helmet and

the human head.

min T(x) = QXRX””Z — Thead
st. AY) > 95
0 S T S 1
(9.12)
0 < 29 < 100
145 < x5 < 219
180 < x4 < 265
v
A(Y) = E % 100 (9:13)

where

A(Y) : is a binary variable for fit or accommodation

N : is the population sample.

9.4.6 Optimized Helmet Design Results

The optimized helmet results reveals that thermal comfort can be guaranteed
with an optimal surface temperature of 17 C° for all helmets generated. This result
can be compared to the thermal model generated in the previous chapter which
states that an internal head temperature of 35 C° was achievable for humidity
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values under 35% and external temperatures under 35 C°.The Monte Carlo sample
size approximation generates a population of 500 people. This occurs when the
standard deviation of the temperature integrated in to the approximation factor
4 x 02 + € is less than or equal to the sample size [176]. In addition, 6 helmets are
required to accommodate the entire population of human head lengths and breadths,
Figure 9.24. Three helmets are required for the male distribution and two helmets
for the female distribution. The gap for all helmets is at the maximum fit of 8mm
for each helmet produced for the population. The population can be accommodated
with 97.8% confidence in terms of thermal comfort. Furthermore, the model was
able to produce a surface temperature at the required 17 C° and thus can guarantee

an accommodating temperature to the participants in the populations.

9.5 Conclusions

The results of the AQFD were applied in the development of the optimization
problem, Section 9.4. There are several applications where understanding perfor-
mance limits and behaviors along with the conceptual development of the product
can improve the overall design. Understanding the effects of manufacturing pa-
rameters on performance can also reduce the number on incidents and recalls due
to unanticipated product failures. Future work should explore the relationship be-
tween manufacturing characteristics and performance. The final chapter will discuss
the overall conclusions, limitations, and future work related to the demonstrated

methodology.
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Chapter 10: Conclusion and Future Work

The final Sections 10.1, 10.2, and 10.3, present the overall discussion of this
research as well as the conclusions and future work. The primary and fundamental
contribution of this work was the introduction of the concept Interaction Variabil-
ity. Interaction variability allows researchers to define the interaction design space
based on human interaction factors. In addition, the 5-step method demonstrated
in Chapters 7, 8, and 9 presented a practical and feasible process for method im-
plementation. The novel aspects of this method enable the identification of human
interaction factors with controllable performance metrics based on manufacturing
process parameters that define static and dynamic interaction design spaces for the
purpose of addressing feasible MC for mass production.

The novelty of Interaction Variability lies in structured, repeatable method for
mapping human-component interactions and the functional behavior of human pa-
rameters during interactions. In addition, the product classification scheme provides
insight into interaction spaces, product architectures, and component orientation.
The “dynamics of interaction” truly depicts the paramount contribution of this
work. This contribution required the identification of human parameters from a

functional or biomechanical perspective along with the functional requirements of
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the product components to create interaction spaces for class Il or dynamic prod-
uct applications. This information was missing in the literature especially in the
product design process. In the application of the 5-Step method the algorithms
created to define accommodation functions are novel and demonstrate an appli-
cation of interaction spaces for both class II (static) and III (dynamic) products.
The demonstrations presented in here represent fit and one of the functional clas-
sifications reach. Future work will emphasize the development of accommodation
algorithms and subsequently “Interaction Variability” design spaces for the other
three functional classifications force, tactility, and maneuverability.

The major contributions of each Chapter in this methodology are presented
with their respective limitations and general conclusions drawn from the demonstra-
tion of the methodology for the dynamic and static applications. The conclusion
section highlights the most significant contributions and the future work section
explores research areas that warrant additional attention in order to enable MC in

mass production without sacrificing product performance metrics.

10.1 Discussion

The methodology presented in this dissertation has provided several key in-
sights revealed throughout the previous chapters. The overall goal of this work was
to present a structured design methodology that identified, modeled, and optimized
traditional engineering performance requirements with consideration of human-component

interactions to enable MC while maintaining as a quality performance goal. The
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design methodology mapped biomechanics information to primary (direct contact
with a component) and secondary (indirection reaction to primary interaction with
a component) interactions with product components. In addition, this model dis-
tinguished between static and dynamic applications and interactions. The direct
definitions of terms and mappings enabled a clearer relationship and identification
of anthropometric terms in traditional databases.

The MC problem was partially addressed based on objective customization
principles of fit, displacement, and interaction regions for the population as opposed
to subjective customization features such as color of components. By constraining
the objective function by the population distribution of relevant anthropometrics,
the optimization model was able to produce the number of products required to ac-
commodate the at least 95% of the population in both demonstrations. Through the
identification of the number of products required to accommodate the population,
MC in this form can be implemented feasibly in a mass production environment
with proper manufacturing layout and design. In the helmet demonstration large
amounts of overlap was apparent in two helmets that accommodated the male popu-
lation. Overlap in the number product applications that accommodate an end user,
provide a greater variety for the customer. In these cases, consideration of the prod-
uct function or end user preference should be incorporated to determine the best
product for the end user. For example, the helmet with the smallest gap would pro-
vide the coolest helmet for the end user, while the fit may be tighter than customer
would prefer. Thus, the preference of the customer followed by the product function

represent the order of consideration for customer satisfaction. However, the designer
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must establish a cutoff point so that product performance is not compromised.

Product overlap could have a significant impact on costs for design, manufac-
turing, and production of an additional product. Products with large overlaps may
not be worth the additional costs because the two products may only fulfill the need
of the same population segment. However, for small product overlap, the cost of
the additional product may fulfill the need of a segment of the population that was
not targeted, resulting in additional sales. Population accommodation and human
factors design in general are associated with revered product reputations leading to
higher return sales, customer satisfaction, and brand loyalty.

For products with a family of discrete components, where each component
has a distinct function, multi-objective optimization would be used to capture the
tradeoffs. For example, a bike is being manufactured of a population of riders. The
family of components considered is the brakes, bike frame, and battery storage.
The primary function of the brakes is to work reliably for a long period of time
under different weather conditions. The primary function of the bike frame is to be
lightweight and durable, and the primary function the battery is to have a maxi-
mum storage capacity but not contribute more that 10% to the weight of the bike
frame. Thus, the optimization problem from the performance perspective would
be to minimize the weight of the bike frame, maximize battery capacity and brake
strength and speed. For the human interaction factor perspective additional objec-
tives would be to minimize force required to engage brakes and maximize pedal and
seat size for comfort. The constraint functions take in the population distributions
of the hands, feet, and waist sizes for accommodation. This problem would have six

229



objectives and at least three constraints.

This method was designed to consider any manufacturing process. Thus, for
more mature and commonly used manufacturing processes historical datasets and
research has determined the effects of different process parameters on part perfor-
mance. Historic information makes other manufacturing approaches, e.g. CNC
mills, more attractive, insightful, and accurate when incorporated in this method.
For other AM process parameters that were not evaluated in this study, such as
extrusion temperature and build orientation have significant impact on thermal and
mechanical properties but have began to be widely investigated [30,179]. Other AM
methods that do not consider part density and infill pattern would be less computa-
tionally intensive to model for after build parts although the process may be more
complex. Process complexity requires in-situ monitoring to determine the material
behavior during part manufacture.

The use of this method is appropriate for any manufacturing process. The more
product components and additional, distinct manufacturing processes required for
a single product, the more historical or experimental data required. The process
for generating additional data makes this method expensive. On the other hand,
the availability of historic data makes the application of this method cheap. This
method was demonstrated in an AM process to assess the feasibility of the method
when the generation of experimental data is mandatory. Since information on the
effects of process parameters in AM was limited, a concerted effort in AM is being
undertaken to improve processes and parts produced. Future applications of this

method will benefit from current research efforts. This work provided insight into the
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use of AM to facilitate MC through component isolation and optimization of relative
dimensions demonstrated with the handheld device application. Other insights into
AM revealed that infill density had the largest impact on thermal conductivity and
surface temperature but at larger increments layer height may also impact thermal
conductivity.

While more work is necessary to create part performance consistency in AM,
this work provided a approach for integrating parts, varying performance capabili-
ties, into a performance driven optimization model that can accept these parts and
maintain an minimum specified performance requirement. This is useful because it
alters the narrative of the inconsistency in AM and states that it can be utilized
under specified conditions and preform at the minimum specification. The integra-
tion of “Human Interaction Factors” and “Manufacturing Characteristics” in the
trade-off analysis was also presented. The utilization of traditional design decision
methods such at AHP and QFD were instrumental for integrating the constructs
in Chapter 4. The second phase of the QFD method is not often utilized in the
literature but was particularly appropriate for selecting the performance require-
ment and the product measure for the helmet in a structured way after an AHP was
performed to narrow the options.

The AQFD results for the helmet were integrated into the optimization model.
The manufacturing effects on certain metrics required additional experimentation
and modeling which was demonstrated in previous sections of this Chapter. The
optimization models presented in this work were single objective non-convex opti-
mization problems. The selection of a solver was important for obtaining an optimal
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solution. Fmincon was determined to be limited to convex problems, thus the Pat-
ternsearch algorithm was applied.

This method was demonstrated in two applications: 1) a handheld device
and 2) a Kevlar military helmet. The handheld device model was confined to the
top surface of the device and accurate reach zones were defined with the positions
defined earlier in the chapter. The reach zone calculation enabled the development
of a boundary that defined the interaction space for each person sampled. It is
important to capture the variation in interaction spaces for humans in order to
design user friendly and functional devices, which may directly impact customer
satisfaction. The identification of reach zones or interaction spaces expands beyond
satisfaction but also into the prevention of musculoskeletal disorders that are onset
by repetitive non-optimized human interactions. This is important because workers’
compensation costs for organizations can range in the billions for injured employees
[177].

In developing the surrogate model for the Helmet demonstration, the assess-
ment of the thermal conductivity for the cylinder experiment was limited. However,
the results supported the expected conductivities, which were calculated based on
material bulk conductivities for correction and verification of experimental results.
Although heat losses were over 90% of the expected power input, valid surface
temperatures were still observed on the cylinder test artifacts. These heat losses
did impede the calculation of thermal conductivity, which was calculated based
on surface temperatures after steady state is achieved. Upon the application of

the corrected power input, accurate approximations of the thermal conductivity for
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the cylinder experiments were achieved. The demonstration of the helmet applica-
tion provided insight into the trade-off relationship between fit and helmet surface
temperature. This work was also able to garnish some insights into AM thermal
conductivity, which relates to surface temperature. These insights were particularly
important because they defined relationships between particular AM controls for
FDM processes and revealed additional research opportunities in AM performance
based model development for predictive and surrogate modeling. The results re-
veal the number of helmets required to accommodate the population, the thermal
performance of the helmet heat exchanger for the helmet application, and the in-
teraction region and component displacement for the handheld device application.
These results along with the surrogate and thermal models that linked AM process
parameters to LANL’s helmet surface temperature thermal [165, 166] model were
also key contributions of this research. Note that the helmet surface temperature
thermal model was not developed in the work but was modified for integration of

models presented in this work.

10.1.1 Limitations

The key-limiting factor of this work is the data-dependent nature of the method.
This means that quality and reliable data is needed in order for the model to provide
useful results. Although some data sources are outdated, in general they provide
enough useful information to positively impact designs resulting in a demand for “er-

gonomic” products. In addition, where data is not widely available this method may
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be too costly to implement, for small firms. Another notable limitation of this work
lies in the validation of the methodology in the human population. The design of the
model was based on outdated databases military databases that target a highly fit
population. Although, recent literature was also referenced the older databases are
still more robust. New methods that utilize 3D scanning and virtual or augmented
reality could be useful in capturing anthropometric data feasibly but was outside of
the scope of this work. Since this method utilized outdated databases and was not
validated in the population, the accuracy of accommodation is questionable.

Different aspects of this method were demonstrated in the handheld device
and helmet applications. Specifically, steps 1, 2, 4 and 5 were demonstrated in the
handheld device application. Manufacturing characteristics, step 3, was not defined
in this demonstration due to cost restrictions on additional testing, which was re-
quired to establish performance metrics. Performance metrics considered included
force feedback from button presses, stress and strain load of materials for button
and casing, etc. These measures could not be captured computationally and thus
required additional experimentation. Moreover, the handheld device represented a
dynamic application so the focus of the Chapter 8 demonstration was to ensure
that the interaction space could be demonstrated and integrated in an optimization
model. The trade-off (step four) analysis was only performed for the product metrics
as well.

For the helmet application, the complete method was performed. The hel-
met application consisted of additional innovation in the form of a passive heat

exchanger, which was the focus of the performance metric, thermal performance,
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with the requirement of cooling the human head. Thus, the helmet was the sys-
tem and a subsystem of that helmet was the heat exchanger. The material in the
subsystem included the AM heat pipe holders and heat pipes, while the helmet
system consisted of the Kevlar helmet shell, wicking material, and water reservoir,
for rewetting the wicking material. Department of defense military standard spec-
ified standardization of certain dimensions, e.g. padding thickness, for all helmet
sizes [178]. However, there were no specifications of the process parameters for AM.
Thus, for the padding with directly interfaces with the human head the layer height
and part density was optimized while the thickness was fixed. Additionally, the
actual helmet parameters, including the helmet length and width, were optimized
for the helmet shell, which must fit both the heat pipe and padding subsystem and
the head or braincase. The entire system is considered optimized for each helmet
generated because both the subsystem and system parameters that impact helmet
surface temperature were optimized.

Another limitation includes the validation of the “human interaction factors.”
An underestimation of the background knowledge required for incorporating biome-
chanics in design may have been assumed. It is clear based on the time it took
participants to complete the study and difficulty faced by junior and senior mechan-
ical engineering students that a course on biomechanics for consumer product design
or a general course of biomechanics would be useful. In addition, implementing a
2-day shortened study with a training component could also be useful. Moreover,
simplified, interactive confirmation procedures for instructions may be useful for

providing instantaneous feedback of participant understanding during experiments.
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Future validation efforts should be implemented amongst engineering students with
a background in biomechanics to determine if an observable difference in student
populations exists.

The handheld device application is limited by defining the reach zone of the
thumb only on the top surface of the device. This does not allow for the prediction
of extension and flexion of the thumb from one position to the side bodies of the
device. Moreover, the positions defined do not model the rotation in the joints of
the thumb to define a broader reach zone. Inverse kinematics could provide are more
realistic calculation of the thumb reach zone while also considering rotation of the
joint in the thumb and interacting with the side body of the handheld device. More
efforts could have been applied to developing a more robust model that provides
deeper insights into thumb orientations on different surfaces.

The next limitation was in the modeling of the layer height variation in CAD.
This work was able to model the infill densities in CAD, which was then run in a
finite element analysis (FEA). The layer height was more problematic to model with
infill density. There is currently no software that analyses G-Code applied to solid
CAD parts for the purposes of FEA. The means that you must build the variation
AM controls such as layer height, infill density, and infill pattern into the actual
CAD model in order to model the effects of AM controls on different performance
metrics in FEA prior to building parts. Due to the limitations of modeling and
importing layer height based geometric shapes into ANSYS®, the ANSYS® model
is limited to modeling infill density.

There are additional limitations at the process level for AM that impact part
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builds. Specifically, AM path effects including build orientation and print raster path
or fill pattern have been determined to impact material anisotropy [30,179]. Material
anisotropy occurs when a dependent relationship is determined between the physical
properties of a material along horizontal or vertical direction. Anisotropy has been
determined to have significant impacts on mechanical response [29,30,32,179]. The
build orientations of XYZ (axial) versus ZXY (traverse) yield distinct results with
parts build in the axial orientation resulting in stronger mechanical properties [179].
Moreover, material blends resulted in smaller differences part strength regardless of
build orientation suggesting a path for developing consistent parts.

Multi-objective optimization was not applied in the demonstration of this
method but could be easily adapted. Modeling multiple primary function of a
product application along with competing performance metrics will instantly create
a multi-objective optimization problem. For example, crack propagation of Kevlar
material along with helmet surface temperature could have been modeled with the
goal of minimizing both objectives. With surface temperature cooling the human
head and crack propagation maintaining the strength of materials. In this approach
the human interaction factors would still be modeled with the constraint function.

As an alternative the human interaction factors could be modeled as an objec-
tive function in the dynamic application (e.g. button) case, where the strength of
the material, fit, and interaction could be modeled. Thus, objective functions would
be a performance metrics such as modulus of elasticity of the material and force
feedback. Where the modulus of elasticity is derived based on the manufacturing

characteristics and force feedback is based on human interaction factors specifically
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function classifications. The goal of the optimization problem would minimize both
objectives because for a button you want a flexible material that deforms and re-
covers with minimal force exertion.

In general, the numbers of variables or parameters in an objective function are
reduced for performance metrics derived from human interaction factors based on
direct (or primary) interactions (component and human parameter directly tough
or interact). Primary interactions carry the highest degree of importance in this
method because they assist in defining the interaction space. However, when ex-
treme limits are approached in primary or secondary interactions additional prob-
lems may arise justifying the consideration of secondary interactions or the subse-
quent effects of primary interactions. Thus, when time and costs are restrictions
modeling the most critical primary interactions (determined by historical data or
product primary function) should be modeled in objective functions. For manufac-
turing characteristics derived performance objective functions the primary function
and risk and reliability data, if available, should drive the variables included in the

objective functions.

10.2 Conclusion

This methodology developed an approach that integrates biomechanics, prod-
uct design, and manufacturing controls for the development of optimized product
design that could accommodate a population group. With an interdisciplinary re-

search goal, this work was able to identify relationships between manufacturing, MC,
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and interaction variability. This goal was accomplished though the identification of
the number of products required to accommodate the population and different di-
mensions of products that facilitated accommodation. In general, an important
question for the MC community lies in the scope of the approach. Does MC mean
that every individual human being requires a custom design? Or does it instead
mean that in a population there are several people that prefer the same things or
are roughly the same size? If the later question is true, then firms or designers just
need enough information to determine exactly how many designs are needed and the
associated costs. This method addresses the how many designs are needed based
on physical customization criteria defined by accommodation and the interaction
design space. However, costs still need to be addressed and will vary from product
to product. For example, in the design of a driver seat in a vehicle, the design firm
can go with a one size fits all and/or add adjustability. However, for most drivers
seat comfort is a factor in the decision to purchase. If seven seats are required to ac-
commodate the target market of the population and maintain all other performance
requirements associated with seat function, e.g. airbag deployment force, the firm
must decide if the increase in sales is worth designing custom seats.

The present work also presents a cost efficient approach that provides direct,
feasible and implementable solutions to design firms and consumer-driven corpo-
rations. This method enables the identification of non-verbal, physical interactions
that people have with artifacts through the creation of “interaction variability design
spaces.” With the large scale research in artificial intelligent interaction variability
could enable this method to be highly reliable and accurate in defining the interac-

239



tion design space. A well-defined interaction design space would result in product
options that are highly usable and appealing to targeted population segments or
populations that have relevant and available data.

Implementing this new method into existing product design processes requires
additional resources including manpower, equipment, and computational power for
data processing. Additional manpower would require expertise in engineering de-
sign, biomechanics, ergonomics, manufacturing, optimization, and design of exper-
iments. To obtain expertise in these particular focus areas, master level degree
holders are necessary. The annual salary range for hiring employees with the afore-
mentioned expertise and degree level is $69, 355 to $139, 000.

There are three possible scenarios for implementing this approach including a
best case, worst case, and subcontract case. The expected time and costs change
with each case. Implementing step one of the method, Identifying Product Applica-
tion, should add no additional time to the design process in the best-case scenario.
In the worst-case scenario, the product application has not been formulated so engi-
neers would need to identify the product functions, requirements, and components.
This step is still not expected to add additional time because this is a part of the
traditional design process and not novel. Another option is to subcontract to a
design firm, which could cost up to $500, 000 for a functional prototype.

For step two, Human Interaction Factors, the implementation for an engineer
with human factors and engineering design expertise in the best-case scenario would
require additional time, assuming a $100, 000 salary. Additional time is necessary

for performing the mapping relationships and functional classifications for related to
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predicted interactions or historical data. In the worse case scenario, an engineer with
this expertise is required and that would cost the company approximately 1.4 times
the base salary, and up to 2.7 times the base salary, plus any relocation or bonus costs
due to employer taxes and benefits [180]. At a base salary of $100, 000, the company
could spend more than $140,000 on hiring a new employee with this expertise.
The third option is to subcontract to a human factor consultant, which could cost
up to $70,000 because the organization should have an ideal of the product and
functionality:.

For step three, Manufacturing Characteristics, the best-case scenario would
require a controlled manufacturing process with discipline specific design engineers
currently employed. Under a controlled manufacturing process implementation of
this step would be cheap because relationships between manufacturing processes
and performance would be known. If not, simulations could be performed which
will create additional expenses to the firm in the form of labor and software costs.
In the worse case scenario, multiple design engineers would need to be hired and
the manufacturing process is not controlled. An uncontrolled manufacturing process
could cost a company millions in defected parts and rework, thus hiring the appro-
priate subject matter experts would be cheaper. For a manufacturing subcontractor,
which many large corporations currently use, the cost is significantly cheaper and
flexible.

For steps four and five, Trade-off Analysis and Optimization, respectively, the
process would add additional time in all cases. In the best-case scenario, expertise
is already in-house and costs to the company are in the form of modeling and
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implementation in the product line integrating information from previous steps.
The most complex aspect of this approach is modeling the optimization problem and
modeling accommodation functions for interaction variability. The trade-off analysis
will assist in reducing the complexity of the problem. In addition to computation
power the best case could cost up to $250, 000 for 10 engineers to work on modeling
for an extended time period. In the worse case scenario, the firm would need to hire
a team of optimization experts and design engineers which could cost the company
up to 1.4 million dollars for a team of 10 engineers. For subcontracting, a data
analytics team could cost up to $210.00 per person per hour. For long term projects
over 6 months this option could be more expensive than the worst-case scenario.

The total costs for implementing this method in the worse case scenario could
be millions and would not be worth the expense to implement for firms that are
not fully developed. In the best-case scenario, the costs would total to less than 1
million dollars and would be beneficial to implement in the event of lowering annual
litigation costs. Subcontracting in attractive for steps 2 and 3 of the method but in
other stages it can be extremely costly. Overall, additional workload will be added
to the firm to implement this method. This workload will be significant in the full
product development process is not currently conducted by the firm.

This method would be extremely beneficial for businesses and firms that pro-
vide consumer-facing product. For companies selling consumer goods, the applica-
tion of this method could result in reduced manufacturing, litigation, and damaged
reputation costs associated with product failures. Lower percentages of tort claims

associated with product use and consumer injury and manufacturing costs could
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result in millions of dollars in savings for firms annually.

In a world where options are overwhelming and plentiful, consumers have
the ability to be more selective and alert than ever. Don Norman [45] discussed
concepts of intuitive design nearly 30 years ago, we are finally able to understand
what intuitive designs means for many people though understanding “interaction
variability” design spaces. While the application of artificial intelligence can make
this method extremely informative in the immediate future, this work provides the
fundamental knowledge basis for identifying and defining “interaction variability”
design spaces for static and dynamic product applications. Moreover, this work
provided insight into the impact of AM characteristics after build on the performance
expectations and requirements of a design. Design methods were incorporated in this
method to structure the integration of a reduced set of metrics into the optimization
model. This was an essential step of this process because it influences the pre-
design, experimental and/or modeling necessary to build a useful optimization model
based the true physics of performance. Overall, the method presented a structured
approach for integration critical biomechanics and anthropometrics into traditional
engineering design techniques in order to optimize engineering performance metrics,
influence product dimensions and interaction spaces to facilitate accommodation in

a variable human population.
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10.3  Future Work

Each chapter of the document briefly discussed areas of future work. The
section will briefly summarize the areas of future work from each chapter with ad-
ditional insights and challenges in different research areas. The most urgent overall
need of this method is to population the “product interaction design space.” The
can be done with artificial intelligence, specifically machine learning techniques to
capture large amounts on interaction data. The immediate next steps would be a
classification scheme, which is defined in this dissertation for classifying interactions.

In the five-step method presented in this work, two of the steps, human interac-
tion factors and manufacturing characteristics, are information intensive and define
the most rigorous aspects of automation for this method. In the first step, prod-
uct application, a database of products with primary functions can be developed.
Products may have more than one primary function. The interaction design space
associated with each primary function should be defined independently although
overlap is expected. For the second step, human interaction factors, a network
human-component interaction mappings and functional classifications should be de-
veloped. For automating the third step, manufacturing characteristics, a schema
that relates process parameters to product performance metrics, where failures oc-
cur should be established. These relationships are already well documented for some
manufacturing processes but it is important to document all processes that are cur-
rently employed or researched in manufacturing industries. In the trade-off analysis

step, step 4, one part of the AHP is automated, however the AHP method could be
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further automated by visualizing the each pairwise comparison in a click through
process that would create each matrix and generate a YAML script that would be
integrated into the AHP software tool used in this approach. Each AHP can then
be integrated into the AQFD method by extracting the product and performance
metrics from the AHP results and performing a similar visual click through compar-
ison process for each pair in the matrix to obtain the final product and performance
metrics. The final output for the AQFD method can be tailored to generate scripts
for the optimization model and insight into a multi or single objective optimization
problem, depending on the number of performance metrics required for the prod-
uct function (primary or secondary). Step five, the optimization process, is already
automated.

Furthermore the automation process for human interaction factors requires
additional discussion. In order to create an interaction network, machine learn-
ing and artificial intelligence methods should be developed or applied to learn the
full interaction design space based on discrete postures that change with each in-
teraction. The postures associated with different interactions can be extracted for
images, video, and/or interaction experiments. Then the kinematics data for each
posture can be extracted to define the interaction design space. Kinematics data
will consider the full range of motion (ROM) associated with each posture in the
design space. Thus, each posture could identify extension, flexion, rotation, and
deviation values associated with each parameter of the human body. This will allow
for the estimation of risk associated with interaction postures based on the ROM
limits.
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Chapter 3 discussed the selection of the product application. For this process
future work should specify in the product conception phase components, assemblies,
and subassemblies that directly interface with the end user. This could be developed
in the form of structured database or drawing or model notation. In Chapter 4,
which discussed the human interaction factors, additional training on biomechanics
should be incorporated in all design focused fields including engineering design.
This is important for the consideration of humans that interface with products.
Future work in design with biomechanics should focus on developing a standardized
approach to assist designers with embedding biomechanics consideration for human
component interaction in the design of consumer products.

Chapter 4 also discussed manufacturing characteristics, which provided insight
into the integration of MC with consideration of AM. The method can be applied to
any manufacturing process but was demonstrated on AM in this method. Addressing
the aforementioned limitations associated with AM will be critical. Creating more
instances were minimum performance requirements can be met with AM should be
investigated in addition to standardizing part-to-part builds. A G-Code to FEA
system where analysis of the part to be additively manufactured is analyzed prior
to build would be useful for estimating performance. In addition, it would allow
researchers to model the effects of layer height and other AM characteristics such
as infill density simultaneously, making it possible to conduct model based DOE.
Another useful tool would be the development of a method for the mass production
of the optimized parts with feasible manufacturing solutions that incorporate mod-
ularity and product platform design. For example, all common modular features
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could be produced in a few platforms, while the custom features are produced in
distinct processes. The goal is to reduce the number of distinct processes and add
modularity where plausible. The advantage is knowledge of products needed for
population accommodation.

For the Trade-off Analysis, presented in Chapter 5, the integration of “Hu-
man Interaction Factors” and “Manufacturing Characteristics” should be further
investigated in the application of AQFD for product and performance metrics in dy-
namic applications. In addition, a streamlined application for completing the AQFD
method electronically in incremental steps would also be useful. The optimization
process, Chapter 6, could be improved with the application of inverse kinematics for
determining the interaction space for dynamic applications based on the orientation
of components and human capacities. This would be useful for capturing the full
rotation for the joints in the hand in the handheld device demonstration. There is
also an opportunity to apply machine learning in the identification of reach zones
with inverse kinematics or designer defined reach zones. Consideration of cost as a
MOO problem should also be investigated as it can either positively or negatively
affect the current results.

In the helmet demonstration, for the DOE application in FDM printers, addi-
tional experiments that assess the impact of layer height in larger increments of sur-
face temperature and/or thermal conductivity should be investigated as it appears
to have the strongest negative effects based on the 22 DOE performed. Moreover, a
demonstration of MOO problem that considers performance, cost, and interaction

space accommodation for a dynamic application is also an interesting problem that
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would provide real meaningful insights.
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Appendix A: Human Component Interaction Mapping Results

The following tables outline the human component interaction mapping results
for two applications including a water bottle, Table A.1, and sunglasses, Table A.2.
An interaction was performed with each of the applications based on the primary
function of the application. The primary function of the water bottle was to provide
access to store liquid while the primary function sunglasses was to protect the eyes
from solar radiation. The results were obtained through a method validation study
that consisted of 16 participants. One participant failed to complete the sunglasses
application so the number of subjects evaluating the water bottle and sunglasses
applications were 16 and 15 participants, respectively. The tables represent the
anatomical mapping consistency amongst participants for selecting anthropometric
measures based on the relevant musculoskeletal interfaces also referred to as anatom-

ical regions and the functional classifications of these interfaces discussed in Chapter

5.4.
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Table A.1: Human Interaction Factors Pairwise Comparisons for Water Bottle Ap-

plication
Human Interaction Factors >1 <1 =1 Majority Consensus (%)
Fingers
Fingers - Palm 6 3 7 43.8
Fingers - Wrist 10 2 4 62.5
Fingers - Mouth 8 3 5 50.0
Fingers - Reach 7 7 2 43.8
Fingers - Force 9 3 4 56.3
Fingers - Tactility 6 7 3 43.8
Fingers - Maneuverability 8 6 2 50.0
Palm
Palm - Wrist 8 6 2 50.0
Palm - Mouth 6 6 4 37.5
Palm - Reach 6 7 3 43.8
Palm - Force 5 6 5 37.5
Palm - Tactility 6 7 3 43.8
Palm - Maneuverability 5 8 3 50.0
Wrist
Wrist - Mouth 8 5 3 50.0
Wrist - Reach 6 6 4 37.5
Wrist - Force 8 4 4 50.0
Wrist - Tactility 4 10 2 62.5
Wrist - Maneuverability 5 7 4 43.8
Mouth
Mouth - Reach 6 8 2 50.0
Mouth - Force 8 7 1 50.0
Mouth - Tactility 7 5 4 43.8
Mouth - Maneuverability 5 9 2 56.3
Reach
Reach - Force 7 7 2 43.8
Reach - Tactility 5 10 1 62.5
Reach - Maneuverability 6 6 4 37.5
Force
Force - Tactility 3 8 5 50.0
Force - Maneuverability 5 9 2 56.3
Tactility
Tactility - Maneuverability 6 8 2 50.0
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Table A.2: Human Interaction Factors Pairwise Comparisons for Sunglasses Appli-

cation
Human Interaction Factors >1 <1 =1 Majority Consensus (%)
Fingers

Fingers - Wrist 7 2 6 46.7

Fingers - Face 7 5 3 46.7

Fingers - Ears 5 5 5 33.3

Fingers - Reach 3 4 8 53.3

Fingers - Force 4 7 4 46.7

Fingers - Tactility 6 8 1 53.3

Fingers - Maneuverability 5 5 5 33.3
Wrist

Wrist - Face 10 5 0 66.7

Wrist - Ears 5 9 1 60.0

Wrist - Reach 4 4 7 46.7

Wrist - Force 4 6 5 40.0

Wrist - Tactility 4 9 2 60.0

Wrist - Maneuverability 3 5 7 46.7
Face

Face - Ears 4 3 8 53.3

Face - Reach 4 7 4 46.7

Face - Force 6 7 2 46.7

Face - Tactility 3 7 5 46.7

Face - Maneuverability 5 6 4 40.0
Ears

Ears - Reach 5 7 3 46.7

Ears - Force 7 5 3 46.7

Ears - Tactility 4 8 3 53.3

Ears - Maneuverability 6 7 2 46.7
Reach

Reach - Force 3 4 8 53.3

Reach - Tactility 6 9 0 60.0

Reach - Maneuverability 3 7 5 46.7
Force

Force - Tactility 4 9 2 60.0

Force - Maneuverability 5 7 3 46.7

Tactility
Tactility - Maneuverability 5 6 4 40.0
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Appendix B: Pairwise Comparison Tables for Analytical Hierarchy

Process

The pairwise comparison tables along with the decision matrix for each AHP
performed is provided in the following sections. The tables are meant to provide
clarification for the AHP results and explicitly detail the importance ratings and
comparisons that were produced in YAML scripts for automation in the demonstra-

tion chapters. The rating criteria for each comparison is defined where:
1. 1 means: A is equal to B
2. 5 means: A is highly preferable to B

3. 1/5 means: B is highly preferable to A

B.1 Chapter 8: Handheld Device Pairwise Comparisons

The pairwise comparison performed in Chapter 9 depict the full method for
the dynamic application of the Handheld Device. The product metrics considered
for the dynamic application included a Button Metric and Casing Metric. There
were no AM performance metrics linked to the interaction variability performance

metric thus a performance metric AHP was not conducted.
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Table B.1: Pairwise Comparison Matrix for Anthropometric Criteria of Button

Metric

Anthropometric Criteria | Thumb Length | Hand Length | Hand Breadth | Palm Length | Reach
Thumb Length 1 2 3 2 1
Hand Length 1/2 1 1 2 1/2
Hand Breadth 1/3 1 1 1 1/3
Palm Length 1/2 1/2 1 1 1/4
Reach 1 2 3 4 1

B.1.1 Analytical Hierarchy Process for Button Metric

The following tables represent the process for using anthropometric criteria to

rate the button metric options, which represent one portion of the product metrics

for the handheld device demonstration.

B.1.2 Analytical Hierarchy Process for Casing Metric

The following tables represent the process for using anthropometrics criteria to

rate the casing metric options, which represent the other portion of product metrics

for the handheld device demonstration.
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Table B.2: Thumb Length: Button Options

Thumb Length | Circle | Ellipse | Triangle | Rectangle
Circle 1 3 3 1
Ellipse 1/3 1 2 1/2
Triangle 1/3 1/2 1 1/3
Rectangle 1 2 3 1

Table B.3: Hand Length: Button Options

Hand Length | Circle | Ellipse | Triangle | Rectangle
Circle 1 2 2 1
Ellipse 1/2 1 2 1/2
Triangle 1/2 1/2 1 1/3
Rectangle 1 2 3 1

Table B.4: Hand Breadth: Button Options

Hand Breadth | Circle | Ellipse | Triangle | Rectangle
Circle 1 2 2 1
Ellipse 1/2 1 2 1
Triangle 1/2 1/2 1 1/2
Rectangle 1 1 2 1
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Table B.5: Palm Length: Button Options

Palm Length | Circle | Ellipse | Triangle | Rectangle
Circle 1 2 3 1
Ellipse 1/2 1 1/2 1
Triangle 1/3 2 1 1/2
Rectangle 1 1 2 1

Table B.6: Reach: Button Options

Reach | Circle | Ellipse | Triangle | Rectangle
Circle 1 1 3 1
Ellipse 1 1 2 1/2
Triangle | 1/3 1/2 1 1/4
Rectangle 1 2 4 1
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Table B.7: Pairwise Comparison Matrix for Anthropometric Criteria of Casing Met-

ric

Anthropometric Criteria | Thumb Length | Hand Length | Hand Breadth | Palm Length | Reach
Thumb Length 1 1/2 1/2 1 1
Hand Length 2 1 1 3 1
Hand Breadth 2 1 1 2 1
Palm Length 1 1/3 1/2 1 1/2
1 1 1 2 1

Table B.8: Thumb Length: Casing Options

Thumb Length | Ellipse | Rounded Square | Rectangle
Ellipse 1 3 2
Rounded Square [ 1/3 1 1/2
Rectangle 1/2 2 1

Table B.9: Hand Length: Casing Options

Hand Length | Ellipse | Rounded Square | Rectangle
Ellipse 1 2 1
Rounded Square | 1/2 1 1/2
Rectangle 1 2 1
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Table B.10: Hand Breadth: Casing Options

Hand Breadth | Ellipse | Rounded Square | Rectangle
Ellipse 1 3 2
Rounded Square | 1/3 1 1/3
Rectangle 1/2 3 1

Table B.11: Palm Length: Casing Options

Palm Length | Ellipse | Rounded Square | Rectangle
Ellipse 1 4 2
Rounded Square | 1/4 1 1/3
Rectangle 1/2 3 1

Table B.12: Reach: Casing Options

Reach Ellipse | Rounded Square | Rectangle
Ellipse 1 4 2
Rounded Square [ 1/4 1 1/3
Rectangle 1/2 3 1
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Table B.13: Pairwise Comparison Matrix for Anthropometric Criteria of Helmet

Metric

Anthropometric Criteria Head Length Head Breadth Head Circumference

Head Length 1 1 2
Head Breadth 1 1 2
Head Circumference 1/2 1/2 1

B.2 Chapter 9: Helmet Pairwise Comparisons

The pairwise comparison performed in Chapter 9 depict the full method for
the static application of the Helmet. The product metric is the Helmet Metric and

the performance metric is Thermal Performance Metric.

B.2.1 Analytical Hierarchy Process for Helmet Metric

The following tables represent the process for using anthropometrics criteria to
rate the helmet metric options, which represent the product metrics for the military

helmet demonstration.

B.2.1.1 Analytic Hierarchy Process for Thermal Performance Metric

The following tables represent the process for using AM process metric criteria
to rate the thermal performance metric options, which represent the performance

metrics for the military helmet demonstration.
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Table B.14: Head Length:

Helmet Options
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Helmet Surface Area 1 3 3 2 1 2
Helmet Circumference 1/3 1 1 1/4 | 1/3 | 1/2
Hemisphere Surface Area 1/3 1 1 1/3 | 1/3 | 1/2
Body Surface Area 1/2 4 3 1 1 2
Ellipsoidal Cap Surface Area 1 3 3 1 1 2
Spherical Cap Surface Area 1/2 2 2 1/2 | 1/2 1
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Table B.15: Head Breadth: Helmet Options
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Helmet Surface Area 1 3 3 2 1 2
Helmet Circumference 1/3 1 1 1/4 | 1/3 | 1/2
Hemisphere Surface Area 1/3 1 1 1/3 | 1/3 | 1/2
Body Surface Area 1/2 4 3 1 1 2
Ellipsoidal Cap Surface Area 1 3 3 1 1 2
Spherical Cap Surface Area 1/2 2 2 1/2 | 1/2 1
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Table B.16: Head Circumference:

Helmet Options
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Spherical Cap Surface Area 1/2 2 2 1 1/2 1
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Table B.17: Pairwise Comparison Matrix for AM Process Criteria of Thermal Per-

formance Metric
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Infill Density 3 1 1 4 5 5t
Material 1 1 1 5 4 5
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Table B.18: Layer Height: Thermal Performance Metric Options
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Table B.19: Infill Density: Thermal Performance Metric Options
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Table B.20: Material: Thermal Performance Metric Options
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Power Dissipation 1/3 1 1/4 1 /2 | 1/2 1 3 2
Power-Weight Ratio /4 1 1 1/5 2 1/4 1 1/3 1 1/2

Power-Cost Ratio 15 1| 1ys | 1 | 1ys ||y o2 1
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Table B.21: Print Speed: Thermal Performance Metric Options
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j
Surface Temperature 1 4 2 3 1 1/2 3 5 5

Internal Temperature 1/4 1 /4 1 1/2 | 1/3 | 1/2 | 1/2 1 1/2

Thermal Conductivity 1/2 | 4 1 2 1 2 2 3 2
Heat Flux 132 12| 1 || 1 1 {12 1
Thermal Resistance 1 3 1 3 1 2 1 3 3
Heat Transfer Efficiency 2 2 | 1/2 1 1/2 1 2 1 2
Power Dissipation 1/3 | 2 1/2 1 1 1/2 1 2 2
Power-Weight Ratio 1/5 | 1 1/3 2 1/3 1 1/2 1 1
Power-Cost Ratio 15 2 |12 | 1 |3 |e|ye]| 1 1
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Table B.22: Extrusion Temperature: Thermal Performance Metric Options

Extrusion Temperature

Surface Temperature
Internal Temperature
Thermal Conductivity
Heat Flux
Thermal Resistance
Heat Transfer Efficiency
Power Dissipation
Power-Weight Ratio
Power-Cost Ratio

—_
w
ot
ot

Surface Temperature 1 4 1 1/2 3 1/2

Internal Temperature 1/4 1 /4 1 1/2 | 1/3 | 1/3 | 1/2 1 1/2

Thermal Conductivity 2 4 1 3 1 3 2 3 2
Heat Flux 1/3 2 1/3 1 1/4 1/2 1 1/2 1
Thermal Resistance 2 3 1 4 1 2 2 3 3

Heat Transfer Efficiency 1 3 | 1/3 2 1/2 1 2 1 2

Power Dissipation 1/3 | 2 1/2 1 /2 | 1/2 1 3 2
Power-Weight Ratio /51 1 | 1/3 2 1/3 1 1/3 1 1
Power-Cost Ratio 15 2 12| 1 fys eyl 1
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Table B.23: Print Bed Temperature: Thermal Performance Metric Options

o > g“
[ e ) o
3 5 = S g = = o
+~ Rt o= o= ) =t =
< ® = < O -~ =
— = Q b -~ E’E f@ o
> L = 4 B2 o'
Print Bed Temperature g g 5 = & g 7 2 z
b sl s 2| |82 |29
8 < < ) E S D & (<)
& = & = = = o =
it — = ) < g
— ) D = - @)
= " ¥} o A
n = = = oy a
— ~ D)
jm
Surface Temperature 1 4 1 3 1 9 3 5 5

Internal Temperature 1/4 1 /4 |1 1/2 | 1/3 | 1/2 1 1 1/2

Thermal Conductivity 1 4 1 3 1 3 3 4 3
Heat Flux 1/3 2 1/3 1 /3 | 1/2 1 1 1
Thermal Resistance 1 3 1 3 1 2 3 4 3
Heat Transfer Efficiency | 1/2 | 2 | 1/3 2 1/2 1 2 1 1
Power Dissipation 1/3 1 1/3 1 1/3 | 1/2 1 2 2

Power-Weight Ratio 1/5 1 1 1/4 1 1/4 1 /2 | 1 1

Power-Cost Ratio 15 | 2 |13 1 |13 1 |12]1 1
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