ABSTRACT

DOUDNIKOFF, LETAI MATTHEW. Trade-offs of Additive Manufacturing in an Isolated Military
Sustainment Network. (Under the direction of Brandon M. McConnell.)

Additive manufacturing (AM) is a rapidly evolving technology with the potential to transform
supply chain dynamics. While initial AM use cases are centered on rapid prototyping, recent metal
AM technology enables on-demand manufacturing that is already disrupting multiple industries.
AM can build parts at downstream locations, reducing inventory and shortening lead times com-
pared to traditional supply chains. This research focuses on the performance of spare parts supply
chains when adding capabilities, including networks based on military repair part sustainment. The
model exploits a mixed-integer linear program (MILP) and intermittent demand modeling to feed a
Monte Carlo simulation to record performance metrics across a finite planning horizon. Numerical
experiments identify how AM configurations effect performance of varying supply chains with
realistic features such as isolated distribution centers and service locations as well as multi-echelon
designs. Experimentation includes different AM configurations with varying demand characteristics,
including demand representative of recent military repair part demand provided by US Army Alaska
(USARAK).
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CHAPTER

1

INTRODUCTION

1.1 Additive Manufacturing

Additive Manufacturing (AM), also referred to as three dimensional (3D) printing, is gaining huge
popularity as a means of manufacturing and is considered to be part of the 4th industrial revolution
[Sch17]. AM is the process of creating parts or pieces by the addition of layers, typically from a
computerized 3D model [Int20]. This new method of production has caught the interest of academia,
industry, and the public. These machines can rapidly build highly customizeable parts to t many
different applications [Bogl16]. AM's rst applications originate in the 1990s for rapid-prototyping,
but only recently has it become a viable method of manufacturing  [Verl19]. With the continued
research into this technology, access to AM machines is increasing, and as a result, AM-use is
becoming additionally widespread across many industries.

AM as a means of manufacturing has several advantages over traditional manufacturing (TM)
such as[Verl9]:

AM can produce shapes that were impossible, dif cult, or expensive to produce via TM;
AM can build lighter parts;
AM allows for process ef ciency, which can build parts with less basic material;

AM can be carried out using one machine, reducing the need for specialized machines and
factories in the case of TM; and

AM needs digital les, which are easier and quicker to transport than actual products.



While offering several advantages of AM over TM, there are disadvantages such as [Verl9]:
Materials for printing may be scarce [Verl9],
Machines and material prices can be high [Ver19],
Product guarantee and digital ownership can become unclear [Durl7; Dwil7; Verl9],
Data transfer can be corrupted [Durl7; Dwil7; Verl19], and
Lack of economies of scale and is not fully developed enough to replace TM  [Hol17].

AM printing rst started with simple plastic polymer parts, but a recent exciting focus is printing
metallic structures referred to as metal AM. With the introduction of metal AM technology, the
application has started to grow across aerospace, food, and medical industries. There is a long list of
AM applications in the aerospace industry such as: in 2013, the National Aeronautics and Space
Administration (NASA) successfully tested a selective-laser melting-printed (SLM-printed) rocket
injector during a hot re test [Gen21], in 2015 the Federal Aviation Administration (FAA) cleared the
rst 3D-printed part for use in a commercial jet engine  [Gen21], Bell helicopters 3D print defog duct
nozzles [Str19], and SpaceX manufactured the thruster engine for the Dragon Spacecraft and Falcon
9's rocket engines via AM [Thr14]. Sourcing these parts via 3D printing (AM) saw a considerable
reduction in lead times (time to produce and then deliver part), increased strength, and resulted in
cost savings. With an AM-produced part, Bell Helicopters saw a weight savings of 13%, lead time
compression of 75%, and estimated cost savings of $120k [Str19]. SpaceX saw a lead-time reduction
by an order of magnitude as compared to traditional manufacturing, which took slightly more than
three months from rst-concept to rst hot- re test [Thrl4]. The unique features and capabilities of
AM can provide tremendous value to many industries, which explains the excitement surrounding
this technology. With additional research and technological advancements, AM can disrupt the
traditional manufacturing process and its logistics.

1.2 Spare Parts Supply Chain

The spare parts supply chain deals with the maintenance and service of large or complex machines.
The majority of the spare parts supply chain research concerning AM has focused on aerospace,
industrial goods, consumer goods, automotive, and medical industries  [Kun20]. The primary use
for spare parts is scheduled maintenance or repairs of failed parts, and as a result, their demand
is typically labeled as intermittent [Mar10]. Intermittent demand can be thought of as irregular
demand patterns with intervals consisting of no demand at all. As a result of the intermittent nature
of spare part demand, developing and constructing rules for forecasting and stock control of parts
at warehouses is challenging because the demand patterns do not resemble the typical fast-moving
demand environment [Syn09; Sga21l.

Demand for these parts can be challenging to forecast; so much so, parts can be stocked in
large quantities for ten to fteen years after they have been produced [Heil9]. Another factor



that can multiply the inventory level of spare parts is the critically of a part. Criticality relates

to the consequences resulting from the failure of a part if it is not readily replaced [HuiO1]. The
consequential monetary cost of the downtime resulting from mechanical inoperability can be
signi cant in industries; in the aviation industry, this cost is estimated to be $10,000 per hour of
downtime [Abb15]. The compounding factors of uncertain demand, high downtime costs, and
customer satisfaction level expectations result in carrying large inventory. Due to the carrying large
inventory, companies and organizations can accumulate substantial costs to store and hold items
(inventory carrying cost).

The COVID-19 pandemic has ampli ed the need for improved supply chain management across
allindustries. The world is currently experiencing shortages of many products, especially spare parts.
Spare parts shortages are hindering industries such as automotive [Sas2], heating, ventilation, and
air conditioning (HVAC) [Plu21; Qui21], and military aviation [Tan21; Kim21], just to name a few
affected industries. These shortages are causing signi cant downtimes in machinery as a result of
long lead times for these parts.

However, this problem is not soley the result of the COVID-19 pandemic; the spare parts supply
chain consistently carries. The pandemic has only ampli ed this problem. In scal years 2013—-2015,
the Department of Defense (DOD) and Defense Logistics Agency (DLA) carried around 40,000
backorders a month, shown in Figure 1.1 [Unil16b].

Before the pandemic, the US Government Accountability Of ce (USGAQ) identi ed supply chain
management as a high-risk area “due in part to ineffective and inef cient inventory management
procedures, weaknesses in accurately forecasting demand for spare parts, and other supply chain
challenges" [Unil6b ]. The USGAO estimates that “these factors have contributed to the accumulation
of billions of dollars in spare parts that are excess to current needs" [Unil6b].

Inventory management has been a problem for the DOD and DLA for years and it has only been
sustained and ampli ed by the global pandemic. Indeed, DLA speci es that reducing backorders
and cost is the main priority in their 2021-2026 Strategic Plan [Def21].

Inventory managementis notanew eld, and researchers have extensively studied the trade-offs
of stock, backorders, and cost; however, AM can disrupt the conventional thinking of the spare part
supply chain industry. AM can reduce the amount of on-hand inventory needed [Hol10; Wes21],
transportation cost by being located close to or at the location ofdemand  [Hol10; Eggl7], and reduce
backorders [McD21].

1.3 Additive Manufacturing in Spare Parts Supply Chain

Implementing AM into the spare parts supply chain may lead to a major disruption in the industry
dynamics. Previous research demonstrates the potential of AM in improving the spare parts supply
chain [Hol10; Khal4; Liul4; Eggl7; Li19; McD20; McD21; Wes21]. AM integration in a supply chain
can address two critical features that make the spare part supply chain costly—high inventory



Figure 1.1 DOD backorder data, Fiscal years 2013—-2015, from United States Government Accountability
Of ce [Unil6b].

levels and high customer service requirements— by exploiting the ability to make small batches

of products with no extended set-up [Hol10]. The “make-to-order" feature of AM capability allows
inventory to be readily replaced, reducing the cost of carrying large quantities of inventory [Hol10;
Wes21]. Moreover, AM technology can be located anywhere (assuming there is a consistent source
of power), especially at or near the customer, reducing the distribution and transportation costs
[Hol10; Liul4; Wes?21].

While AM has traditionally been used as a means of small batch production and prototyping
[Roglg], itis primed to take a larger role as becoming a conventional mean of manufacturing. The
spare parts supply chain is poised to be the next industrial application in which AM can have a
signi cant, disruptive impact.

There are already many AM success stories of reducing lead times and cost in the spare parts
supply chain, especially in the military. For example, the Navy needed to replace the sonar system
cover on an MH-60R helicopter [Dep19]. Had the Navy sourced this part via TM, it would have taken
two years to be delivered; instead, it was manufactured via AM and took one week. An example of
the cost reduction as a result of AM was from a repair part for the F-35 Lightning Il [Dep19]. An F-35
door bump stop needed to be replaced on the landing gear. To source via TM, the part would cost
$70k because the whole landing gear assembly must be manufactured to build the part. However,
AM was able to manufacture this part for only $0.75.

AM has the potential to disrupt military sustainment networks where cost is one of the decision
elements but maintaining operational readiness is the overriding concern  [Def21; Parll; Par09. The
military sustainment network exists to enable tactical units to be able to achieve their missions and
prepare for potential operations [Par09; Sch20; Def21]. In a consumer supply chain, if the cost of
a highly-used component increases, the pro t margins for the product may disappear, making it



infeasible to support that product  [Sch20]. However, in a military supply chain, cost is less important
and the DOD is willing to pay more to maintain readiness, whether that be paying more for an
increase in cost of a product or ensuring meeting logistical deadlines  [Sch2(]. As a result of cost
being more of a slight limitation and not the main priority, military applications for AM have the
potential to be on the forefront of innovation of AM on a large scale for the spare part supply chain.

1.3.1 Current State Military Applications of AM Technology

The USGAO has identi ed the spare parts supply chain for the DOD as a “high-risk' area, or an
area that has over $1 billion at risk and needs top-level attention by administration and leaders
[Unil6a; Unil6b; Unil9 ]. These reports identify that inventory storage is a substantial cost for the
government. Noticing the need for a review, USGAO, under the DOD guidance, authorized the Task
Force on Survivable Logistics to conduct a review of the state of military logistics  [Def18]. Their
ndings highlight several factors needed to secure and sustain global military logistics, including
leveraging AM technology.

Following the reports and recommendations, the DOD has issued an instruction to guide the
initial uses of AM [Ins]. The document outlines the goals of AM technology (transforming the
maintenance operations and supply chains and improving self-sustainment and readiness) and the
process for integrating AM into the supply chain, as well as the safe handling and distribution of
raw AM materials.

The military supply chain can be a complex network to model and plan for because of its
differences compared to typical industrial networks. Military supply chains face the risk of disruption
from hostile adversaries, resulting in cut-off supply lines. Incorporating AM technologies at or
near the end-user can signi cantly reduce the load on the overall network and add robustness to
the network. While having a more distributed network is a more costly investment in almost any
situation, this would grant military networks bene ts that would not apply to an industrial setting.
On-site printing capabilities can signi cantly reduce the high cost of transportation in the last mile
for military networks and increase response time and overall operational readiness.

1.4 Research Goal

Previous research explores different methods and techniques of AM deployment into a spare parts
supply chain. Many of these studies focus on quantifying and comparing the supply chain perfor-
mance of different AM con gurations, particularly centralized and distributed [Li19; McD20; McD21].
Westerweel et al. [Wes21] demonstrates the effectiveness of AM implementation in a military case
study of the spare parts supply chain in an “isolated" location in another country. While using real
demand data and demonstrating AM's effectiveness, much of the previous research in AM logistics
oversimpli es spare part demand modeling. McDermott et al. [McD21] connects forecasting the
intermittent demand of spare parts research to the AM logistics and deployment in the supply chain.
This research extends McDermott et al. [McD21] to more realistic networks, mainly focusing on



military ful llment network structures and their unique features, such as “isolated" parts of networks
(presented by Westerweel et al. [Wes21]), and how they perform under different AM con gurations
with varying demand patterns.

1.5 Structure of the Paper

The remainder of this paper is organized as follows: Chapter 2 reviews the current literature con-
cerning AM technologies, spare parts supply chains, AM deployment in supply chains, and military
applications. Chapter 3 summarizes the model and methodology. Chapter 4 presents a pilot study
involving trade-offs of initial investment into AM. Chapter 5 explores the various AM employment
networks in the case of isolated supply chain networks, across differing demand classi cations.
Chapter 6 recaps the conclusions of this research and proposes future work and extensions.



CHAPTER

2

LITERATURE REVIEW

This chapter explores the critical concepts covered in the literature relating to AM, spare parts supply
chains, demand classi cation, demand forecasting, AM in supply chains, and AM research related
to military applications. Much of the literature related to AM in the spare parts supply chain relates
to the technical aspect of manufacturing parts rather than the supply chain logistics planning. The
following is the research covered in the literature.

2.1 Additive Manufacturing

A vast majority of the research about AM relates mainly to the technical aspects of manufacturing
[Rogl6]. The plethora of technical research is logical because the initial stages of AM research
focus on developing the process and improvements. Those improvements include everything from
building small polymer parts to metal AM technology, which involves highly sophisticated processes
involving metallic powder, lasers, and /or electron beams. AM technology has rapidly evolved,
becoming less expensive. Consequently, it has the potential to disrupt traditional manufacturing.
Research into the wide-scale implementation of AM and how it can assist, change, or even replace
traditional supply chains is needed. The signi cant gaps in the literature revolve around the effect
AM can have on supply chain logistics.

2.2 Spare Parts Supply Chains

Spare parts, also known as repair or service parts, support maintenance or repairs across many
industries. These parts are different from other typical “stock-keeping units" (SKUs) because demand



occurs when a part fails or needs upkeep / maintenance following a certain amount of time or use
[Mar10]. Spare parts demand is typically described as intermittent or has infrequent intervals and
sometimes varying intervals of no demand [Cro72]. The unique nature of demand for spare parts
makes it dif cult to model with well-known distributions (e.g., Normal (Gaussian) distribution),
making it challenging for decision-makers to forecast and model demand  [Syn01]. As a result of
intermittent demand, long lead times and high downtime costs, decision-makers struggle to nd

the optimal inventory level as they try to balance costs and customer-service levels  [Sga21.

2.3 Demand Classi cation

While many spare parts can have different and /or non-intuitive demand patterns, the different
SKUs can have varying underlying demand structures as well [Boy08]. Inventory managers have
done their best to classify similar SKUs by the ABC analysis or FNS technique [vanl12]. The ABC
analysis classi es product groups based on either demand value or volume. The FNS technique
distinguishes product classes based on demand rate (fast, normal, or slow). Categorizing SKUs by
these methods involving multiple criteria can be troublesome because part demand is speci ¢ to
organizations and industries, which is dif cult to generalize. This research focuses more on the
underlying demand structures and patterns, similar to the FNS technique.

Demand patterns for spare parts are grouped by the average inter-demand interval (ADI) and
the squared coef cient of variation (CV ) of non-zero demand following the Syntetos etal. [Syn05b]
classi cation method. More speci cally, ADI is the average number of time periods between two
consecutive demands, and CV ? captures the variability in non-zero demand quantities. By using
ADI and CV?2, demand is classi ed into four categories: Erratic, Lumpy, Smooth, and Intermittent
[Syn05b; Syn0q§. Figure 2.1 displays the precise “cut-off" values for those categories. For those
interested in demand classi cation and the best methods that forecast each classi cation, consult
Syntetos et al. [Syn05b]. Originally, Syntetos et al. [Syn05b] developed this classi cation system to
determine the best method for forecasting and best stock control procedure. This research uses
the classi cation framework for not only deciding a forecasting technique but also organizing the
research.

2.4 Demand Forecasting

Due to the nature of the spare parts supply chain, forecasting is a complex problem that many
businesses have faced due to the “slow moving' demand. Much of the spare part demand is classi ed
as intermittent or lumpy, or demand with a high proportion of zero values.

Traditionally, exponential smoothing was thought of as the universal method of forecasting for
stock control of parts, until Croston [Cro72] developed the Croston method speci cally to address
forecasting in the case of intermittent demand [Syn01]. Croston's method has been the conventional



Figure 2.1 Demand Classi cation. Adapted from Syntetos etal. [Syn05b).

method for adequately forecasting intermittentdemand  [Syn01]. However, Syntetos & Boylan [Syn01]
have pointed out that, in some cases, Croston's method has a positive bias and propose the Syntetos-
Boylan Approximation (SBA) [Syn054d] as a modi cation of Croston's method that remedies the
bias. Dependent on the demand classi cation, seen in Figure 2.1, Syntetos etal. [Syn05b] provide
the most appropriate approximation method in Figure 2.2. When demand is smooth, Croston's
estimation method is the best; otherwise, SBA is the best method [Syn05b]. Kostenko & Hyndman
[Kos06] question the exactness of the classi cation cutoffs, mostly concerning the smooth region,
but Syntetos et al. [Syn06] show that the original cutoffs and conclusions still hold.

Another method for forecasting intermittent demand is the "Markov Bootstrap Method' [Wil0o1;
Wil04; Wil05]. This algorithm solves the pitfalls of other forecasting methods that focus on three
dif cult features of intermittent demand: autocorrelation, frequent repeated values, and relatively
short series. This method works by developing an empirical cumulative distribution of demand
over a set lead time from historical demand and does not require an assumption of the demand
distribution. This research uses the Markov Bootstrap Method for determining the re-order point
for spare parts inventory.

2.5 Additive Manufacturing in Supply Chains

Recent literature has started to focus on incorporating AM into spare parts supply chains. The
literature covers the pros and cons of single sourcing production (from either TM or AM) or dual-
sourcing demand (from both AM and TM)  [Kno21]. A majority of the AM in the spare parts supply
chain literature is focused on dual-sourcing AM and TM production, which can be broken down
further into spare part demand modeling [Cro72; Syn01; Syn05a; Syn05b; Syn06; McD21; Liul4;
Ghals; Li19; Sga2], which parts are best suited for AM [Knol16; Wes18; Wes21; Sga2], to even best
locations for AM in various case studies [Hol10; Khal4; Liul4; Eggl7; Khal8; Li19; Ghal8; McD20;
Bri21; Wes21; McD21; Xu21]. Figure 2.3 organizes the previous literature regarding the con guration



of AM-enabled supply chains and how this research relates to them.

2.5.1 AM Employmentin Supply Chains

With the increasing improvement in AM technology, implementing AM into more and more supply
chains can disrupt traditional manufacturing supply chain dynamics. Recent research focuses on
how to implement AM technology into spare parts supply chains properly [Hol10; Khal4; Liul4;
Khal8; Li19; Ghal8; Bri21; Eggl7; Wes21; McD20; McD21; Xu2]. Holmstrom et al. [Hol10] lay the
groundwork for AM employment in supply chain research, where they are the rstto look at the
differing con gurations of AM in a spare parts supply chain. Their major designs in question are
centralized or distributed (also referred to as decentralized).

Centralized AM con gurations have the AM capability located "upstream'’ in a supply chain,
typically at a distribution center (DC) that replaces the on-hand inventory or makes parts as orders
are received. Advantages for centralized con gurations include the ability to “pool’ the bene ts of
AM across multiple service locations serviced by the AM-capable DC. Disadvantages for centralized
con gurations include the fact that the parts still need to be transported to the service locations,
which incurs logistics costs and lead time  [Hol10]. Holmstrom etal. [Hol10] also present two potential
centralized con gurations of AM: a higher layer of distribution centers having AM capability and
services distribution centers (Figure 2.4), and a simpler network with only one layer of distribution
centers (with AM capability) directly servicing the customers (Figure 2.5).

The contrasting design to centralized AM con guration is the distributed or decentralized design,
or employing AM machines at service locations (SLs). This con guration typically reduces inventory
levels at SLs (if they hold inventory), replacing that inventory with AM capacity, or lling demand
with AM capacity. This network type also reduces logistics costs because items are produced on-

Figure 2.2 Forecasting Method / Algorithm by Demand Classi cation. Adapted from Syntetos et al.
[Syn05b].
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Figure 2.3 Previous research comparing con gurations supply chains when adopting AM, relating to this
research. Note: MILP: Mixed Integer Linear Program; SC: supply chain; DC: distribution center.

11



site. However, a distributed con guration is a pricey investment because of the investment in AM
machines and operator training at each SL. Liuetal. [Liul4]and McDermottetal. [McD21] argue
that this network design is more suitable for parts with very stable demand because of the bene t of
demand aggregation from a centralized con guration is diminished.

Khajavi & Holmstrom [Khal8] and Xu et al. [Xu21] study the “hub' con guration as another AM
employment technique. In this con guration, AM serves a region of demand areas that service
multiple customers, thereby establishing a “production hub.' They argue that this combines the
bene ts of centralized production with the exibility of local manufacturing without the enormous
costs related to it.

Li et al. [Li19] propose a ‘mixed' network con guration where AM machines are located at a
combination of speci ¢ DCs and SLs. Having a mixed con guration provides the opportunity to
balance the pros and cons of the centralized and distributed while combining them into a single
con guration. A mixed con guration can address the individual cons of distributed and centralized
but needs to be researched further.

Eggenberger et al. [Eggl7] examine all of the techniques already covered but expand upon
the idea of a complex network (depicted in Figure 2.4) The supply chain where a complex supply
chain is more than just three layers of a traditional manufacturer, distribution center, and service
location. There are two layers of distribution centers, with the rst being a regional distribution
center (RDC) and then “downstream'’ being a parts distribution center (PDC). They implement a
hybrid AM con guration where AM machines are located at the RDC if the demand in a particular
region is not substantial (evaluated by cost-bene t analysis). However, AM machines are placed at
the PDC level if the demand in a geographical area is great enough or if the markets are too remote.
Locating AM machines at PDCs has the bene t of being closer to the point-of-use. Eggenberger et al.
[Eggl7 view the hybrid con guration as a “‘middle course' between centralized and distributed and

Figure 2.4 Complex centralized network Figure 2.5 Simple centralized network
considered by Holmstrom etal. [Hol10]. considered by Holmstrom etal. [Hol10].
Has two layers of distribution centers with Has one layer of distribution centers that
AM capability at the highest layer. have AM capability.
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can be somewhat equated to a mixed con guration but not exactly the same.

2.5.2 Network Evaluation Methods

Much of the previous research has varying methods for evaluating the impact of AM in the spare
parts supply chain. Holmstrom etal. [Hol10] conceptually compare centralized and decentralized
AM con gurations concerning aircraft spare parts supply chains. Eggenberger etal.  [Eggl7 also
conceptually analyze the employment of AM in the automotive spare parts supply chain. They
discuss centralized and decentralized, and two additional scenarios of hybrid implementation and
outsourcing AM.

Liu et al. [Liul4] resume research in aircraft spare parts supply chains and evaluate the three
supply chain scenarios of centralized AM, distributed AM, and conventional (as-is) con gurations
in the context of safety stock inventory levels. They assess each design by the supply chain operation
reference model (SCOR). The model from Liu etal. [Liul4]is depicted in Figure 2.6.

Continuing on AM implementation on aircraft SC networks, Ghadge etal.  [Ghal8] compares
the additive and conventional manufacturing methods in the context of inventory control systems.
Both Liu et al. [Liul4] and Ghadge et al. [Ghal8] show that AM has the potential to reduce inventory
(and holding costs) within a supply chain.

Khajavi et al. [Khal4] use Monte-Carlo simulation to evaluate the trade-offs of cost comparing
varying network con gurations, namely centralized and distributed con gurations. Their network

Figure 2.6 Hypothetical aircraft spare parts supply chain studied by Liuetal.  [Liul4]. This is an example of
a network based on real locations.
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design is depicted in Figure 2.7. Their network model is based on real locations of actual manufac-
turing sites and service facilities.

They evaluate the total operating cost for this network, which includes downtime cost, in the
context of a case study for the F-18 Super Hornet ghter jet spare parts supply chain. This case
applies to AM because the air-cooling ducts are already produced by AM technology. Khajavi &
Holmstrom [Khal8] extend their previous work to evaluate the "hub' con guration for current AM
machine technology but expand it to their vision of the future of AM technologies and their potential
implications.

Figure 2.7 (a) Centralized and (b) distributed network model from Khajavi et al. [Khal4] for the F-18 Super
Hornet Fighter Jet spare parts supply chain. This is another example of a supply chain network based on
real locations.
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Li et al. [Li19] evaluate the trade-offs of performance (sojourn time and cost) of centralized and
distributed con gurations via simulation. They categorize costs into penalty, machine-related, and
logistics costs, and experiment with different levels of costs. Their work goes beyond evaluating the
trade-offs of a distributed and centralized network. They propose a mixed network and its potential
bene ts of addressing the cons of distributed and centralized while maintaining the pros.

Song & Zhang [Son20] examine multiple part demands and looks at the long-run average system
cost to determine “which parts to stock and which to print." Their results nd signi cant cost savings
printing to stock. They also nd that 3D printer utilization increases as the unit cost of printing
decreases and printing speed increases; however increased printing speed comes with diminishing
returns.

Brito et al. [Bri21] explore the optimal placement of AM for a supply chain using a mixed-integer
linear programming (MILP) model. This study aims to use real-world elevator maintenance data
to nd the optimal placement of AM capable locations across cities in Brazil to minimize supply
chain costs and explore the trade-offs between inventory safety stock, stockouts, and AM machine
price. Their results focus on obtaining a solution to a speci ¢ question for a particular case study,
with little work or discussion on demand characteristics or design  / management insights of AM
technology on supply chains.

Westerweel et al. [Wes21] evaluate the trade-offs of AM in a remote location case study for
the Royal Dutch Army in Mali for the automotive spare parts supply chain concerning inventory
holdings, cost, and backorders. Their model follows a Markov decision process that derives the
optimal policy for stocking inventory from part failures that are modeled as a Bernoulli process. The
inventory policy they solve for is similar in structure toan (s, S) re-order policy. AM deployment
reduces inventory, total cost, and backorders overall compared to a non-AM-capable supply chain.
Their results focus on the effects of AM in a case study and a simple network of a single node. They
have little work associated with demand characteristics or designs of AM con gurations in a supply
chain.

Xu et al. [Xu21] examine a similar case study to Khajavi et al. [Khal4] of the U.S. Navy spare parts
supply chain for F / A-18 Super Hornet ghter jets. They examine the case study under distributed,
centralized, and hub con gurations; however, they take their analysis a step further and a model a
potential cyber attack that can disrupt their network. They nd that hub con gurations perform best
at reducing lead times and is more robust to deal with cyber attacks, though their hub con guration
acts more like a regional distribution center with only AM capability.

Sgarbossa et al.[Sga2] take part description and models varying AM techniques to produce
them (including pre-processing and post-processing) and using a decision tree, decide which parts
are the most worth-while to produce via AM.

McDermott et al. [McD21] explore the trade-offs of AM deployment in centralized and decen-
tralized supply chains, speci cally looking at demand properties with respect to inventory holdings,
cost, and backorders. Their model is a two-part model that rst uses a MILP to nd the optimal
inventory policy. Then a Monte Carlo scenario model evaluates day-by-day decisions to assess the
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policy found based on generated demand data. The supply chains are hypothetical and simplistic
but this paper is the rst to connect intermittent demand forecasting literature to the AM in spare
parts in supply chain literature.

2.5.3 AM Technologies

Much of the recent literature speci es the current capabilities of AM machines: such as print
chamber capacity, printing speed, and material type. The capabilities of AM machines are typically
generalized under assumptions in the research because it can be challenging to de ne spare part
characteristics, which would complicate the research. Since spare parts can involve various items,
from material to structures, it is dif cult and impractical to specify the spare part characteristics
when modeling AM machines technologies.

A few researchers have categorized spare parts by weight [Li19; Ghal8], volume [Khal8; Sga21],
and complexity [Sga2] to serve as a basis for AM machine selection and capability. The growth
and advancement of AM technology has been rapid, and Khajavi & Holmstrom  [Khal8] and Moore
et al. [Mo018] envision that future AM technology will have signi cantly greater print chamber
volume and faster build speeds than current technology. Previous research diverges into different
capabilities of AM machines: Khajavi & Holmstrom  [Khal8] look at the plastics and polymer AM
printing machines, while Lietal. [Li19], Ghadge et al. [Ghal8], and Sgarbossa et al.[Sga2] focus on
metallic AM technology.

AM research in the spare parts supply chain expands to selecting which spare parts are the
most suitable to be produced with AM. Westerweel etal. [Wes18 examine the differences between
TM and AM parts with respect to component reliability and production costs. They nd that there
is a threshold of component reliability and productions costs are “crucial” to the success of AM
components (i.e., where lower quality and shorter lead time AM parts are a better alternative than
TM-produced parts). Westerweel et al. [Wes21] nd that, in their case study, only 14 parts out of a
potential 3,000 are suitable for AM production, based on the economic AM potential and technical
limitations of the on-site AM machine. This number will likely expand as AM technology improves,
but there needs to be a decision criterion based on cost and criticality. Kno us et al. [Knol6]
develop a method that determines which AM-produced parts have the most economical value and
technological feasibility for businesses. They nd that larger spare parts have more potential value
when produced with AM.

2.5.4 Demand Modeling

As previously mentioned, inventory management and demand forecasting for spare parts are
very challenging due to the intermittent nature of demand patterns [Mar10]. Only McDermott
et al. [McD21] study the intermittent demand properties of spare parts and connect them to the
application of AM in the spare parts supply chain. Much of the other literature assumes spare part
demand follows a Normal (Gaussian) distribution  [Liul4; Ghal8] or Poisson arrival process [Lil19;
Son20; Sga2]. This normality assumption is an oversimpli cation of the demand nature of spare
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Figure 2.8 Remote location network model from Westerweel etal. [Wes21]. They model multiple tradi-
tional manufacturers (triangles) in the Netherlands and operations of United Nations (UN) peacekeeping
operations in Mali. The Main Operating Base (MOB) is where inventory is stored. This is a network based
on real locations with a remote locations but does not model the non-remote side of the supply chain.
Note: Point of Embarkation - POE and Point of Debarkation - POD.

parts and does not accurately model the actual underlying demand patterns  [Cro72; Syn01; Syn05a;
Syn05b; Syn0q.

Both Ghadge et al. [Ghal8] and McDermott etal. [McD21] highlight the importance of accurate
demand modeling for spare parts. McDermottetal. [McD21]conclude thatthe varying classi cations
of demand greatly in uence the supply chain performance, which is consistent with ndings from
other researchers [Liul4; Ghal8; Li19], granted with differing demand models.

2.5.5 Network Design Features

Previous research concerning AM adoption in supply chains try to model various scenarios or
features commonly seen in realistic supply chains. Multiple pieces of research utilize cases or real
locations for location for the manufacturer, distribution centers, and service locations [Liul4; Khal4;
Khal8; Ghal8; Lil9; Bri21; Wes21; Xu2]. These cases gives insights on accurate transportation costs
which is helpful in production planning and supply chain visualization.

Westerweel et al. [Wes21] examine a nuance in a supply chain with aremote /isolated distribution
center, which is the feature of a larger military network. This research gives insights on military
speci ¢ supply chains (and some other niche supply chain network features), and even acknowledges
that more extensive research needs to be conducted to analyze and nd insights on critical military
features [Kun20]. The network design by Westerweel et al. [Wes21]] is depicted in Figure 2.8.

Sgarbossa et al.[Sga2] test potential different AM production models and examine the results of
differing production times. They add different potential additional processes that can be associated
with metal AM part production such as casting, polishing, wrought, and annealing.

Westerweel et al. [Wes21] and McDermottetal. [McD21] both explore the possibility of a network
having the option to expedite shipping in the case of a backorder. Expedited shipping includes
shipping a product directly from the TM to the SL of need but incurs a large transportation cost.

Holmstrom et al. [Hol10] and Eggenberger et al. [Eggl7] discuss where to locate initial AM capa-
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bilities for optimal placement of initial investment. They argue for initial investment in centralized
AM capability to ensure adequate utilization since DCs see all of the demand from the SLs. They
also argue investment into a fully distributed network is very expensive.

Eggenberger et al. [Eggl7] is the only study to explore the potential for multiple layers of distri-
bution centers, exploring the idea of regional DCs serving sub-regional DCs dependent on demand
and location.

Song & Zhang [Son20] examine the trade-offs of printing to stock and print-on-demand to
highlight the differences in the production modes of TM and AM.

2.5.6 Previous Findings and Gaps in the Literature

Much of the previous research explores the capabilities of AM in the spare parts supply chain. Still,
their ndings fail to capture the complexity of the demand modeling aspect. McDermott et al.
[McD21] connect the literature between the intermittent demand modeling of the spare parts to the
current research of AM employment in the spare parts supply chain. Under simple supply chains,
they nd that:

AM-enabled networks can reduce the operating cost and backorders,
AM has the most value when demand is lumpy,

Under stable and regular demand, a distributed network is preferred (as AM capacity is used
more ef ciently), and

Under lumpy and irregular demand, centralized con gurations are preferred.

Eggenberger et al. [Eggl7 nd that centralized con gurations of AM are favorable when short
lead-times and low downtime costs are not vital priorities, though their model is conceptual and
not quantitative. Centralized designs are also associated with bundling the advantages of machine
utilization, machine maintenance, and sourcing of AM materials. They also nd that centralized
con gurations are more suitable at the beginning stages of AM implementation into the supply
chain. Decentralized con gurations have higher customer service levels, faster response time, and
part customization but can result in a price premium.

Westerweel et al. [Wes21] provide the case of a more realistic supply chain design and scenario,
modeling relevant and unique features of a military supply chain  /sustainment network. Their
research examines the case of having an “isolated' section of the supply chain and how AM affects
performance based on distance and speci ¢ constant lead time (one delivery of supplies every
seven days).

The majority of the previous research falls into the categories of having speci ¢ demand cases,
making broad generalizations of demand, or solely gaining conceptual insights. McDermott et
al. [McD21] uniquely study the model intermittent demand of spare parts and apply it to AM
employment in supply chains. Westerweel etal. [Wes21] and Eggenberger et al. [Eggl7 nd great
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insights with speci ¢ but real network designs and different conceptual insights on optimal AM
network con gurations while noting varying situations and cases where the ndings can shift and
vary.

2.6 Military Applications

Much of the research with AM looks at industrial operations, typically focusing on aeronautics
and usually overlooking military application; however, there are many aspects of military supply
chains and elements that are unique and not comparable to industrial operations. Kunovjanek et al.
[Kun20] emphasize the need for “more empirical research” for military application cases. Military
supply chains have a few unique aspects including

 Supply chain disruption from adversaries [Rog18; McC19; McD20; Boe20; Xu21],
« High cost of transportation at last tactical mile  [Erg14; McD20; Wes21],
« Limited transportation capacity /resources, (helicopter / convoy) [McD20; Wes21],

« Extremely variable demand patterns also affected by intensity of combat operations  [McD20;
McC19; Sch19; Moo18§],

< Dynamic location of the end-user (maneuver of units), [McD20],

« Critically of parts to support mission readiness [McD20],

¢ Global multi-echelon supply chain  [Rog18; Boe20; McD2(,

« Forward and isolated sections of the supply chain [Wes21; Boe2(,

« Limited storage at forward distribution centers  [Wes21],

» Supply chains need to be robust and well managed [De 16; Rogl18; Boe20; McC19; Sch2(, and
» Wide variety of missions to support: such as combat, disaster, or peace support [Boe2(].

All of these aspects of military supply chains might apply to other niche industries but these are
just a few examples that are readily apparent and differ from the private sector.

2.6.1 Military Focused Research

Khajavi & Holmstrom [Khal8] examine the impact of various AM con gurations of the spare parts
supply chain for the US Navy's F-18 Super Hornet.

Westerweel et al. [Wes21] explore a case study of a UN Peacekeeping mission for the Royal
Dutch Army. The Army maintains a main operating base which acts as the main distribution center
that stores and services parts for three different systems: the Boxer multi-role armored vehicle,
the Fennek light armored reconnaissance vehicle, and the militarized Mercedes-Benz jeep. Their
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research focuses on how AM capability at the base affects costs, backorders, and inventory holdings.
However, they use the spare part demand as more of a data source to show the potential AM can have
on inventory management rather than insights on military application and military sustainment
networks.

The research by Busachi et al. [Bus18] is the rst to examine the military-speci ¢ applications of
AM implementation and display the results with a military focus. They investigate the impact of AM
in “Defense Support Systems' (DS2) with a systems approach. They use a conceptual framework to
evaluate the current Royal Navy and compare it to future practices that incorporate AM capabilities.
Their work points to unique military aspects such as operations environment (critical or secure),
de ning the platform AM technology would be applied to (i.e., a ship), de ning the mission (speci -
cally the duration), and potentially disrupted supply chains. They frame the ndings and results in
military application contexts and conclude that AM employment in the Royal Navy can reduce the
overall supply chain complexity, including reducing the inventory on naval platforms (which is very
limited) and reducing delivery time in situations with extended lead times.

Along with the research in connecting spare part demand modeling to AM in the spare parts
supply chain, McDermott [McD20] also analyzes spare part order data from Operation Iraqgi Freedom
(OIF), in 2001. He nds the various ranges for the demand parameters, ADl and CV 2, for all the parts
ordered during OIF. After statistical analysis, they establish a baseline range of parameters for testing
and experimentation.
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CHAPTER

3

MODEL OVERVIEW

This research uses the overall mathematical model created by McDermottetal. [McD21]and modi es
itto tthis researchs goal.

3.1 Model Assumptions
Our model has several assumptions:

1. Deterministic AM Production Time with no Build Failures

The amount of time to produce an AM part is deterministic. This model does not account for
variability in build time for different parts. Current AM technology already achieves determin-
istic or near-deterministic for the same part. Like any manufacturing source, there is a chance
for build failures as well that we do not incorporate.

2. Spare parts descriptions are not speci ed

The model does not account for the differing build times or transportation costs of AM parts
based on shape, size, or complexity. This is reasonable for this research because we do not
know the part speci cations beyond their demand patterns. This feature tries to be modeled
based on the AM capacity constraints (i.e., how many parts can be built in a single day). In
this research, we vary AM capacity to act as a substitute for not having part speci city and
build times.

3. TM and AM Build Quality are Equal
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There are cases where AM parts, primarily metal AM parts, are more durable than TM parts as a
result of their design, and complex microscopic geometries [Gen21]. However, there are many
other cases where AM parts are tested and been modeled as equal or inferior as compared to
TM parts [Kun20; Wes18; Wes21. Much of the quality is based on multiple factors, but the
main ones are machine quality, base material quality, and skill of the technician [Kun20]. The
interested reader can explore the research associated with TM vs AM parts and how size can
affect production in Sgarbossa et al. [Sga2]. This research assumes equal build qualities, but
future work is likely needed to analyze quality or, under robust circumstances, analyze AM
parts as inferior to TM.

. TM and AM production costs are equal

There are many con icting stories / cases of comparing the cost of AM vs. TM parts [Depl9;
Sga21], primarily dependent on the part description itself, which this research does not model.
Gisario et al. [Gis19] assert that cost models are unreliable and there are no current existing
cost models. Therefore for simplicity, we assume that the production costs are equal. Note:
the model has the ability to have different costs per part for TM and AM.

. Raw Materials are not considered

Raw materials are outside our scope. We assume that we have all the supplies needed either
at the TM or AM-capable facilities to produce an item. The raw materials side of the supply
chain would add complexity and questions outside of our interest and research goals but
could be a question for future work.

. Single TM

There is only one TM that produces all traditionally-sourced products. Varying the number of
TMs in the model does not hold signi cant weight in answering questions that we want to
answer.

. Inventory Policy

The inventory policy is the same throughout the time horizon and does not change. This is
reasonable since the time horizon for the models is limited to 60 time periods. This is not a
limiting assumption.

. No storage of inventory at SLs

We assume that the SLs that we are modeling do not have any capability to store products.
This is not true for all cases in the spare parts supply chain and could be a good extension of
this work to add storage capability at SLs. To do so, the math model needs to be modi ed by
adding an inventory variable in the service locations ow balance equations (Constraint 3.5)
as well as solving for an inventory policy at the SLs. The effect this can have on the inventory
policy upstream is an interesting research question.
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9. AM usage is print-to-order not print-to-stock

This is reasonable based on how AM is currently implemented. This assumption can be altered
if needed. Printing for storage is a potential application of AM and needs to be researched
further before implementation. Song & Zhang [Son20] explore printing-to-stock.

10. TM plants have limitless production capacity, no downtime, and no setup penalties

The model is not physically modeling the traditional manufacturer. We simply purchase and
acquire the parts from a manufacturer then stock parts as necessary. Modeling the TM side is
an interesting possible extension of this work but has more applications in the commercial
supply chain (where a companies control production and stocking of parts), while this research
focuses more on military supply chains. This is similar to McDermott et al. [McD21].

11. Demand realizations (replications) are generated for the DCs and distributed to SLs

This is an assumption for the ease of the model to avoid aggregating complex intermittent
demand distributions. Further explanation can be found later in Section 3.6.

12. Spare parts are “stocked on shelves"

This assumption implies that the spare parts in this research are stored on shelves in distribu-
tion centers. This excludes parts directly delivered from a vendor or parts that typically are not
stocked on shelves. This de nition comes from a USGAO report that looks at the actionable
backorders across scal years [Unil6b].

13. Nolost sales

When the model experiences a backorder, that backorder is not a lost sale or does not go away.
The backorder continues on to the next periods until the order is ful lled.

14. AM production is constrained to a single type of product per time period

This is a limiting assumption that is associated with the math model. If AM capacity is dedi-
cated to a speci c part, then the AM machine can only use its capacity to produce that speci ¢
part in that speci ¢ time period.

3.2 Network Model Structure

In order to test a supply chain network, we need a feed-forward network model of products owing
from a traditional manufacturer to distribution centers and service locations (similar to the network
conceptualized by Holmstrom et al. [Hol10] depicted in Figure 2.5). The model needs to only ow
downstream because we are not interested in studying products owing upstream, such as broken
or returned parts. McDermott etal. [McD21] test two different models. The rst modelis a six-node,
three-layer supply chain network that contains one traditional manufacturer, three distribution
centers, and two service locations (seen in Figure A.1). The second network is a six-node, three-layer

23



supply chain network that contains one traditional manufacturer, one distribution center, and four
service locations (seen in Figure A.2). These are simple networks where the main goal is to test
varying demand classi cation and the effect varying AM networks have in each case and connect the
spare part demand modeling literature to AM implementation in spare parts supply chain literature.

3.2.1 Model 1: Initial Investment into AM

When studying the best use of initial investment into AM, we use the same 1-1-4 network model
from McDermott etal. [McD21] (Figure A.2) because of the simplicity of the network. The network
allows us to control the external factors and focus solely on the research question, the optimal
placement for the rst AM machine in a network. This study in Chapter 4 examines having one node
with AM capability, explicitly comparing a centralized con guration (i.e., placing an AM machine at
the DC) and a decentralized con guration (locating a single AM machine at one of the SLs).

3.2.2 Model 2: Isolated Sustainment Networks

Westerweel et al. [Wes21]] present a case study with an “isolated' SL / DC in the context of a military
case study. While they do not build a network to test and compare thoroughly, they analyze a nuance
typical of a military sustainment network with an AM-enabled DC that is remotely located from
the TM. The idea of an isolated node(s) has applications to other industries as well, such as mining
facilities, offshore industry, or oceangoing vessel companies [Boe2(].

To gain more insight on the term “isolated' and how AM can affect that type of network, we create
a network with one TM, three DCs, and six SLs (illustrated in Figure 3.1). The network design tries to
mimic a military sustainment network. The left side of the network can be thought of as operations
in the continental United States (CONUS) with redundancies and a robust design of multiple DCs
sometimes servicing a single SL. The right side of the network can be thought of servicing deployed
operations outside the continental United States (OCONUS), in a country in Africa or the Middle
East where there might be one main operating base servicing multiple service locations around the
country. A typical military sustainment network would likely have additional layers of DCs instead
of going directly from the TM to the “isolated' DC. Sitill, this network is more simpli ed to study the
effects of isolation.

The network design has a symmetry to maintain equality and balanced demand levels for easier
comparison. Each DC services two service location's worth of demand to keep the overall demand
seen by the DCs symmetric and simplify the experimentation so that varying demand amongst the
SLs and DCs is not an effect we are measuring. The “isolated' side is precisely half of the nodes as
the ‘connected' side. This symmetry allows for a more intuitive experimental setup in Chapter 5.

AM capability can be placed at any DC or SL node in the network. Nine different nodes can have
AM capability for this network, making a possible  2° or 512 possible networks of study. We reduce
the number of networks by taking speci ¢ networks with overarching themes such as distributed
and centralized.
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Figure 3.1 Spare parts logistics network for “isolated' network case study.

3.3 Demand Simulation and Forecasting

After we have a supply chain network model to test, we take input parameters to generate historical
demand, forecast future demand, determine inventory policy, and evaluate network performance
(depicted in Figure 3.2).

3.3.1 Simulate Historical Demand Data

Intermittent demand data is simulated and forecast to determine inventory policies for the future.
The demand is generated and assigned to the DCs following Assumption 11.

The historical demand data is generated assuming non-zero demand arrivals follow a Bernoulli
distribution and the non-zero demand quantities follow a negative binomial distribution [Pet14]. To
simulate the historical demand data, we control the underlying demand characteristics: average
inter-demand interval (ADI), squared coef cient of variation (CV  2), and mean demand quantity
[Kou16].

This assumption allows us to examine various intermittent demand patterns that can be classi-
ed by different values of ADl and CV  2; however, it is essential to note that this is a starting point.
Many real-world demand characteristics are not accounted for by this method, such as autocor-
relation or other distributional complications. This method does capture the critical features of
intermittent demand modeling described by Syntetos etal.  [Syn05b].
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Figure 3.2 High Level Overview of the Model Structure, from McDermottetal.  [McD21].

3.3.2 Forecast Demand

With this simulated historical demand data, we forecast the future demand for the speci ed time
horizon (60 time periods unless speci ed otherwise). We forecast the future demand by applying the
appropriate forecasting method, either Croston's or SBA, based on the ADl and CV 2 of the historical
demand. The cut-offs for method selection are outlined by Syntetos etal.  [Syn05b] and in Figure 2.2.
In these methods, the forecasting methods produce a constant forecasted value. The best practice in
forecasting and inventory management is to update a forecast with actual values as time progresses
and adjust inventory as needed. However, this model does not update the forecasted values and
inventory policies as time progresses because of Assumption 7 and the short time horizon. A visual
example of how this is done can be seen in Figure 3.3

3.4 Inventory Policy

Typical methods of determining inventories are known when demand follows a Normal (Gaus-
sian) distribution or can be approximated by another known theoretical distribution. However,

with regards to spare parts, demand is not Normally distributed, and meeting other distribution
assumptions is challenging [Syn05b]. We use a two-stage approach to nd an appropriate inventory
plan for the (s,S)inventory re-order policy. This policy is a common inventory management tech-
nique where s, also referred to as little s,' is the re-order point at which if the inventory falls lower
than, it triggers a replenishment order to reestablish the inventory. Then the maximum point, Sor
sometimes referred to as “big S,'is the point at which we order up to. The re-order quantity is the
difference between S and the current inventory that is below the s point.
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Figure 3.3 Example of forecasted demand for the time horizon of interest, based on 180 days of historical
demand data, from McDermott [McD20].

3.4.1 Determine Re-order Point

In order to determine the re-order point, s, we use the “Markov Bootstrap Method" [Wil01; Wil04;
Wil05] which estimates the empirical distribution of lead time demand. Using the empirical dis-
tribution of lead time demand (LTD), for each product g, F,_($)D (x)=P(LTD® x), wecanseta
desired customer service level, (@) 2 (0,1). Based on the customer service level, we can determine
the re-order point for the inventory for product g by:

s@=minfx: @=F9 (x)g (3.1)

whichisthe -quantile forproduct g.Weset = 0.75to better visualize the effect of AM and not have
it drowned out by a conservative inventory policy (additional analysis is detailed in Appendix D). In
the model below, s for location i is denoted MinPolicy jq.

In words, we will demonstrate an example that is depicted in Figure 3.4. In the example shown,
if we reorder when inventory drops to 10 units, there is a 75% chance that the customer demand
will be no more than 10 units over the replenishment lead time, and we will not have a stock out or
shortage. In the example, there are 1,000 lead time demand runs that are placed into the empirical
demand distributions in the gure. The bars in the histogram predict the number of scenarios, out
of the thousand, that customer demand will not be greater than (which would lead to a stockout).
For instance, 75% customer service level means that in 750 of 1,000 scenarios, the customer demand
will not exceed 10 and we will not run out of items in stock.

3.4.2 Determine Order up to Point

To determine the order up to point, S, we use a network optimization model developed by McDer-
mott etal. [McD21]. This S policy is unique to each DC, product, and AM network con guration,
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Figure 3.4 Example of empirical lead time demand distribution constructed via the "Markov Bootstrap
Method' [Wil01; Wil04; Wil05] from McDermott [McD20].

denoted MaxPolicy;, . This mixed-integer linear program (MILP) aims to nd an inventory policy

that minimizes a function of production, transportation, inventory, and backorder costs, associated

with the customer demand.

Given s, the mathematical modelto nd  Sis given below.

Index Use
i 2N
i%2N
i%02 N
t2T
g2G

network locations
set of nodes upstream of node n
set of nodes downstream of node n
traditional manufacturing plants
distribution centers
service locations
set of spare parts
number of time periods (time horizon)

node locations

index for locations upstream of i that supply node i

index for locations downstream of i that are serviced by i
index for time period

index for spare parts
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Decision Variables

TMproduce quantity of part g traditionally produced in period t atlocation i 2 P

it
AMproduceitZ quantity of part g produced by AM in period t atlocation i 2fDC,SLg
trans;; og g ow of part g transported from location i to i °%in period t
iNVitg guantity of part g carried as inventory atlocation i 2DC fromperiod t 1tot
backorder;qq guantity of unsatis ed demand of part g atlocation i 2 SLfromperiod t 1tot
Given Data
MinPolicy ig inventory level for part g at which re-order will be placed at location i 2DC
ci‘:;)d(rM) cost to traditionally produce part g at location i 2 P in period t
if;)d (AM) cost to produce part g with AM atlocation i 2fDC,SLgin period t
cit{ggg cost to transport part g from location i to i °%in period t
ci't”g cost of carrying inventory of part g atlocation i 2fDC,SLgfromperiod t 1tot
cipackorder penalty cost for unsatis ed demand of part g atlocation i 2 SLin period t
demand;gq demand for part g atlocation i 2 SLin period t
AMcapacity ;4 AM production capacity for part g at location i 2fDC, SLgin period t
inv iog initial inventory of part g at location i 2 DC
Lag; g lead time between locations i%and i for part g

Auxiliary Variables

MaxPolicy g inventory "order up to" point for part g atlocation i 2DC
deliverediyg quantity of part g delivered to location i 2 SL to satisfy demand in time period t
reorderQT Yy qguantity of part g ordered at location i 2 DC intime period t
Pitg . indicator if reorder is required for part g atlocation i 2 DC intime period t
1, ifinvi q.+1) < MinPolicy ;
0, otherwise
€itg .. indicator of AM production for part g atlocation i 2fD C,SLgintime period t
1, ifpart g produced atlocation i 2fDC,SLgintime period t
0, otherwise
M large number

p,e 0and are binary
all others non-negative and integer
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Objective Function

X X X rod(TM) X X X
min chg " TMproduce;, + Ciioqg transij ogg +
i2P T G y X X N T Gy o)
nv ;
Citg INVitg + Citg AMproduce; 4 +
i2bcsy T G i2bcsy T G X X "

cite‘gC " packorderjiqy (3.2)

i2SL T G

subject to
X
TMproduce;;q =  transjjong 8i2P,t2T,g2G (3.3
j 00 X X
iV ¢+1g = iNVitg + AMprod; o +  transiqs ¢ rag,q)g trans;; o g 8i2DC,t2T,g2G (3.4)
X‘o j 00
iV ¢+1)g = iNVitg + AMprod; o +  transig  ragq)g deliverediq 8i2SL,t2T,g2G (3.5
io
backorder; (.14 = backorder;;, + demand;;q delivered; 8i2SL,t2T,g2G (3.6)
inviq = invy, 8i2DC,g2G (3.7)
MinPolicy iy inVi g9 ML Pig) 8i2DC,t=1,9g2G (3.8)
X1
MinPolicy j;  inVi¢+yg ML pitg)+ reorderQTY 8i2DC,t=2.T,92G (3.9
max(t Lag;q, 1)
MinPolicy jy  inV; ¢+1)g + MPitg 8i2DC,t=1,9g2G (3.10)
X1
MinPolicy ; ;  INV; (t+1)g + MPitg + reorderQTY 4 8i2DC,t=2.T,92G (3.11)
max(t Lag;q,,1)
reorderQTY .y =(MaxPolicy;; inVi ¢+14)Pitg 8i2DC,t2T,g2G (3.12)
trans;q¢g = reorderQTY;q 8i2DC,t2T,g2G (3.13)
MaxPolicy;,  MinPolicy | 8i2DC,g2G (3.14)
?(Mproditg AMcapacity j; 4 €itg 8i2fDC,SLgt2T,g2G (3.15)
€ig =1 8i2fDC,SLg t2T,g2G (3.16)
G
3.4.3 Indexing

The model contains indices for all of the nodes in the logistics network. The nodes include the traditional
manufacturing plant P, distribution centers DC, and the service locations SL At each node i, there are a set
of upstream nodes, i %indexed by N, that supply node i. There are also a set downstream nodes i ®indexed by
N that can be supplied by i. Valid routes in the network are represented by all  i%i and i,i “®pairs. A visual
representation of the indexing method is pictured in Figure 3.5.
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Figure 3.5 Network node indexing scheme with valid node connections. Adapted from McDermott
[McD20].

3.4.4 Network Description

The set of products, G, can be manufactured at the traditional manufacturing plants in P. There is no
production capacity or downtime at these manufacturing plants (following Assumption 10). The nished
products are transported to and stored at the distribution centers in D C. When there is customer demand,
the products are transported to the service locations in  SL. Speci ed nodes have AM machines and can
produce any of the sets of products. AM machines are solely used to meet customer demand (in line with
Assumption 9). The SLs have demand at speci ¢ time periods for the set of products (randomly assigned from

the generated demand at the DC). Any unsatis ed demand is recorded as backorders for the following time
period and are fully backordered until satis ed (i.e., no lost sales). Decisions are made in each time period.

3.4.5 Model Summary

3.4.5.1 Objective Function

The objective function, speci ed by Equation (3.2), aims to minimize total cost by selecting the correct
inventory policy (s,S). The inventory policy needs to ensure an ef cient allocation of products to meet the
forecasted demand requirements while also minimizing cost.

3.4.5.2 Flow Balance Constraints

The ow balance constraints are, in general, constraints that control the ow of goods of the nodes from
t to t + 1. The products can either be retained as inventory to the following time period or be in transit
to downstream nodes. Dependent on the type of node (DC or SL), additional considerations need to be
taken when incorporating additive manufacturing capability. Constraints (3.3) thru (3.6) are ow balance
constraints.
Constraint (3.3) relates to the ow balance for the traditional manufacturing plants. Speci cally, it relates
to the ow of product g intime period t andits ow from the TM plant i to downstream nodes i%
Constraint (3.4) represents the ow balance for distribution centers. It accounts for all the products g
that are carried as inventory from period t to t + 1, transported from in from route  i°i and out via route i,i%
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and produced by the AM machine AMprod. Lag; 4 is the lag time associated with route i%i where the product
goes from TM plan i°to DC i. The lag time is a constant integer value in terms of time periods.

Constraint (3.5) represents the ow balance for service locations. This constraint only differs from the DC
ow balance equation by the delivered;;4, which is representative of the consumer demand for the product.
We view this constraint as having the customer co-located with the service location, resulting in no lag time
between the arrival of the product at the service location and acceptance of the product by the customer. This
variable is for bookkeeping purposes that notes all the products received and helps later in the backorder
constraints.

Constraint (3.6) represents the ow balance for backorders. The discrepancy betweenthe  demand and
delivered variables results in backorders. Backorders are carried into the following time period and remain
until the order is met (in line with Assumption 13).

3.4.5.3 Inventory Replenishment Constraints

Constraints (3.7) to (3.11) represent the logic for replenishment of inventory stock. If the inventory carried
into the following time period is less than the minimum inventory policy level, then the binary variable
activates and indicates a required inventory replenishment. Constraint (3.12) determines the appropriate
reorder quantity. This constraint is non-linear and might need a linear transformation (depending on imple-
mentation), represented by Constraints (3.17) thru (3.20) below. In other words, the constraint determines if
an inventory replenishment is required, then the reorder quantity is the difference between the 'order-up-to'
points and current inventory. Constraint (3.13) ensures that the re-ordered quantity is transported to the
intended DC. Constraint (3.14) ensures that the maximum inventory policy (re-order up to point) is always
larger than the minimum inventory policy (re-order point).

reorderQTY,  Mpjq 8i2DC,t2T,g2G (3.17)
reorderQTY;,, MaxPolicy;q inV; 414 8i2DC,t2T,g2G (3.18)
reorderQTY;,, MaxPolicy;, invigs1g M(1 Pig) 8i2DC,t2T,g2G (3.19)
reorderQTY;,y O 8i2DC,t2T,g2G (3.20)

3.4.5.4 AM Production Constraints

Constraints (3.15) and (3.16) represent AM machine production capacity and restriction. In practice, it means
that you can only produce a single product type at a time (in line with Assumption 14).

3.4.6 Input Parameters

3.4.6.1 Cost Structure

As aresult of limited access to data, since much of it is proprietary, this research draws on existing research for
cost parameters. The costs included in this research are traditional manufacturing production costs, additive
manufacturing production costs, xed costs associated with AM machines, transportation costs, inventory
carrying costs, and costs resulting from a backorder. The cost values are displayed in Table 3.1 which were
adapted from Abbink [Abb15]. Note: all costs used in this research represent the 'Low' value category in
Table 3.1 unless otherwise noted in experiments.

32



Table 3.1 Input parameters for ranges of cost in model. Adapted from Abbink

[Abb15]. *** recent research

suggests that AM xed cost for metal AM can range anywhere from $2,000 to $5,000 dollars per machine
per day. Additional sensitivity analysis for varying xed cost is in Appendix C.3.

Parameters Low Value Moderate Value HighValue  Units

Inventory Carrying Cost $1 $11 $82 Per part per day
Backorder Penalty Cost $378 $ 241k $1.8M Per part per day

AM Fixed Cost*** $121 $241 $512 Per machine per day
Transportation / Logistics Cost | $25 $50 $100 Per part

. Inventory Carrying Costs

Inventory carrying cost also referred to as inventory holding cost, consists of the warehousing expenses,
cost of insurance, and other nancial costs such as depreciation or opportunity costs of product held

in inventory. Inventory carrying cost can vary by industry and company; this research assumes that it

is 25%. This cost is measured as an annual percentage of the total value of the inventory. We do not
know or specify particular product types (Assumption 2); therefore, we do not know the value of spare
parts and rely on the literature. This cost assumption is from Abbink  [Abb15], who studies a range of
spare part values for varying industries.

. Backorder Cost

Backorder costs are associated with backorders or when demand is unsatis ed due to lack of inventory
or AM production capacity. The cost is a result of equipment downtime, which drastically varies by
industry: such as the airline industry, where downtimes can be thousands of dollars per hour, while
the transportation industry can be multiple magnitudes lower [Abb15]. We rely on existing literature
for backorder penalty costs.

. Additive Manufacturing Machine Fixed Costs

The costs of purchasing, owning, and operating an AM machine may include labor, materials, mainte-
nance, and depreciation. To simplify the cost structure, we consolidate these costs into a single cost
parameter: AM machine xed cost. This xed costis a function of the number of AM machines present
in the logistics network, regardless of node location. Again, the cost used in this research is adapted
from Abbink [Abb15]. This study does not consider the variable costs of AM machines.

. Transportation and Logistics Cost

We estimate the transportation cost of shipping these parts through the United Parcel Service (UPS)
[Ups], based on the metal AM machine production characteristics, precisely chamber size, adapted from
Abbink [Abb15]. The spare parts supply chain is classi ed as slow-moving with low order quantities, so
we assume that the items are not shipped in bulk.

. Production Cost

The cost of a product for traditional and additive manufacturing is variable and depends upon item
complexity and composition. As a result, it is hard to quantify a relative cost of production concerning
the two methods at hand; therefore, we assume that TM and AM production costs are equivalent.
We acknowledge some of the limitations of this assumption, namely the TM feature of economies of
scale, but this allows the research to focus on the logistical implications and not the nuances of cost in
production planning.
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3.4.6.2 LeadTimes

Lead times for a product include production and transportation. Producing and transporting a product from
the TM to the DC typically takes seven time periods (unless otherwise speci ed). Shipments require two time
periods to go from the DCs to the SLs. We assume these lead times do not differ for a TM or AM-produced
spare part.

Lead time to produce an AM part is model by the  AMcapacity variable. AM capacity is the number of
parts per day that can be produced by AM. To account for varying lead times for different parts, we vary
AMcapacity. The lead time to produce a part via AM depends on the AM machine characteristics, such as
speed and chamber size, as well as the part description. Part description can include complexity, material,
and size.

3.4.7 Model Outputs

The model outputs the “order-up-to" or maximum inventory level ( S) forour (s,S) policy. The policy is unique
to each product at each distribution center and for each AM network con guration. This inventory policy
stays constant over the whole time horizon.

3.5 Evaluation of Network Performance / Monte Carlo Simulation

Once there is an inventory policy and generated future demand data, we can evaluate network performance
through Monte Carlo simulation. To test the model and policy, we simulate a number sample paths, or
demand realizations (replications), over a speci ed time horizon. Demand realizations are generated based
on simulations from the input parameters: ADI, CV 2, and mean demand quantity. Using OIF order data,
McDermott etal. [McD21] nd that a majority of SKUs' demand parameters fall between an ADI of 1-5 and a
CV? of 0.25-5. If the reader has more questions about the demand parameter ranges, consult McDermott
[McD20, Appendix A ]. These demand parameter ranges have been con rmed with 2019 spare part data from
US Army Alaska (USARAK).

After generating the demand realizations, each network con guration is evaluated under each of these
simulated future demand realizations to assess and understand network performance. A high-level depiction
of the evaluation procedure is shown in Figure 3.6.

3.5.1 Evaluation Method

The primary input for evaluation is the (s, S) inventory policy obtained earlier. This inventory policy is unique
for each network con guration, each distribution center, and each product. The goal is to evaluate how each
network design performs across multiple potential demand scenarios.

The high-level pseudo code for the evaluation methodology can be seen in Figure 3.7. For each network
con guration and each demand realization, we step through each individual time period of the time horizon.
In each time period, we update inventory levels and backorders and use an optimization method to solve
an assignment sub-problem to make decisions in the model. These decision include assigning inventory,
shipping parts or building parts via AM to satisfy demand. This assignment sub-problem has the objective to
minimize network cost (which includes inventory, production, transportation and backorder cost).

After network evaluation, we have a series of data that describe the performance of the varying AM
network con gurations over the demand. We use this data to gather insights on which AM employment
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Figure 3.6 Evaluation methodology using Monte Carlo simulation to evaluate network con guration per-
formance from McDermott [McD20].

con gurations are best inside a spare parts supply chain under varying demand conditions and network
structures.

3.6 Implementation

The methodology originates from McDermott [McD20] and McDermott et al. [McD21]; however, the im-
plementation varies at times, speci cally in the application of the code. The networks that we research are
implemented based on a set-based design with a weighted adjacency matrix, as seen in Figure 3.8. This
feature allows the network to be varied easily and quickly, which can help assist future research with differing
network designs.

For the demand replications, the demand is generated for the distribution centers. Each part order for
each demand period is distributed randomly to the SLs that the speci ¢ DC services (following Assumption
9). This implementation allows us to deal with cases where SLs are connected to multiple DCs. If we were
to generate demand at the SL level, there is a problem in aggregating demand at the DCs for determining
inventory policies. We would control the demand classi cation at the SL; however when aggregating at the
DC, we are combining distributions and may get an entirely different distribution than the one we were
interested in analyzing. This assumption simpli es the problem and allows us to control what demand the
DCs experience directly.

For implementation purposes, we x AM capacity as the total amount of parts that can be produced
per period over the whole network. AM capacity is then split evenly among the AM capable nodes for
the AM network design. This allows us to isolate and compare constant AM capability so that no network
con gurations have an edge with additional AM production capabilites.

To adequately compare various demand streams, the total demand for all demand realizations is within
5% of each other. This is done by repeatedly drawing demand realizations and only taking the ones with
total demand within 5% of a pre-established average. Once the demand classi cation becomes lumpier,
the total demand variation increases substantially. This implementation trick controls this so that we can
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Figure 3.7 High level pseudo code describing the Monte Carlo simulation and evaluation for network
performance. Adapted from McDermott [McD20].

Figure 3.8 Implementation for adjacency matrices. Eases the building of different networks. Note: Node
connections with Os are invalid connections. The non-zero values are the cost of transportation per part
from node to node.
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adequately compare runs and not get outliers solely based on randomized demand draws. The pre-established
average is found by taking the average of 10 demand replications. Conceptually, total demand for a replication
resembles a normal distribution, and having additional draws and taking the average means that value will
be closer to the center of a normal distribution, following the Central Limit Theorem. By having multiple
initial draws, we will have a higher probability of drawing a demand replication within 5% of the average of,
in our case, 10 demand replications as compared to a single demand replication. This is a trick done to ease
the computational burden by reducing the probability of rejection of a single demand stream (to avoid an
endless loop).

The code is written in the Julia programming language  [Jul] with the following open-source packages:
Optim, Plots, StatsBase, Distributions, Statistics, Random, JuMP [Dunl17; Jum], Gurobi [Gura], GLPK[Glpa],
TickTock, Distributed, CVS, DataFrames, JLD2, Dates, and FilelO. We also use two different solvers in the
model, Gurobi [Gurb] with an academic license to solve the large inventory MILP and GLPK  [Glpb] (Julia's
built-in solver) to solve sub-problems during the Monte Carlo simulation. The source code for this research is
available from Doudnikoff [Dou21].

The implementation of our research works as a result of validation efforts with the code from McDermott
et al. [McD21]. For the interested reader, validation results are in Appendix A.
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CHAPTER

4

COMPARING NETWORK PERFORMANCE
AND TRADE-OFFS FOR THE INITIAL
INVESTMENT IN AM

4.1 Research Objectives

The purpose of this chapter is to examine the trade-offs of the initial investment into AM technology with
varying demand characteristics, ADl and CV 2, and AM capacity. Initial investment in AM involves the place-
ment of the rst AM machine in the network. The answer to this question seeks to nd where the placement

of the rst AM machine would be the most bene cial concerning the effect on backorders, total cost, and AM
parts percentage, as de ned as the percent of total products produced by AM ( ), given by

_ #AM produced parts
" total parts delivered

(4.1)

The objective is to compare the AM machine employment at the DC (a “centralized' approach or in-
vestment) or at an SL (a “decentralized' or ‘distributed' approach). Note the difference in application of
terminology for the remainder of this chapter.

The research objective for this section has been mentioned or referenced in the literature. Holmstrom
et al. [Hol10] and Eggenberger et al. [Eggl7] brie y address this topic on conceptual terms. Eggenberger et al.
[Eggl7] state that centralized is the best initial investment because there is little AM know-how across the

organization at the beginning of AM implementation. Both Holmstrom et al. [Hol10] and Eggenberger et al.

[Eggl7 acknowledge that (fully) distributed is an expensive investment, and adequate demand for AM parts
is needed at a service location before AM investment is worthwhile. Both articles also address the “pooling’ of
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Figure 4.1 Network used for experiments of initial AM investment. Adapted from [McD21].

AM capacity at a centralized location. Still, neither provide numerical analysis to support their ndings or
consider the spare part demand characteristics.

McDermottetal. [McD21] explore research similar to this in a different case, centralized and fully dis-
tributed, using the model that we examine for this research, depicted in Figure 4.1. Fully distributed in
their network means AM capability at all four SLs compared to only AM capability at the DC. They nd that
when demand is stable and constant, the distributed con guration is preferred, while centralized becomes
preferred when demand is lumpy and irregular. Their work does an excellent job for their research objectives
and provides a baseline for this work but does not examine the initial investment research question.

4.1.1 Design

For this research question, we examine the network model discussed in Chapter 3, pictured in Figure A.2
and in Figure 4.1. We decide on this network because it allows us to narrow the scope to just the research
guestion with no outside noise of a more complicated network and permits direct comparison with recent
research [McD20; McD21].

The AM network con gurations we examine are depicted in Figure 4.2. The rst design is the no AM model
(e.g., null design), which we use as a baseline to test against AM capable models, done to help normalize
the results. The second con guration is a centralized con guration. We de ne a centralized con guration
as placing an AM machine at the sole DC. While not the conventional idea of a distributed con guration,
we reference the last network as a distributed con guration, as placing an AM machine at a single service
location, giving us four distributed network con gurations. For the metrics of merit, we take the average of
the four distributed network con gurations. While each of the con gurations are equal in distribution, this
method can account for if the demand is not evenly distributed among the SLs. From there, we can compare
the results of two network con gurations (centralized vs. distributed).

4.2 Method

We examine the total number of backorders, total cost, and AM parts percentage ( , de ned in Section 4.3.3)
as measures of merit. The baseline no AM case is a normalizing factor for comparison for backorders and total
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