
ABSTRACT

MCDERMOTT, KYLE CHRISTOPHER. Performance Trade-offs for Spare Parts Supply Chains with
Additive Manufacturing Capability Servicing Intermittent Demand. (Under the direction of Brandon
M. McConnell.)

Additive manufacturing (AM) is an emerging technology with disruptive implications in supply

chain dynamics that are just starting to be realized. With AM technology, a specific classification

of parts can be produced quicker and sometimes at lower costs than traditional methods. Incor-

poration of this technology into a spare parts supply chain allows downstream locations that are

geographically removed from suppliers to rapidly replace parts that would normally require sig-

nificant lead times. This research analyzes the performance of various AM-enabled supply chain

configurations when servicing a wide array of spare part demands. First, this research explores the

trade-offs between performance and cost for various AM-enabled supply chain configurations. We

then narrow our focus and study three supply chain configurations—traditional (no AM), central-

ized AM, and distributed AM—to understand the performance of these three configurations when

servicing demand with different underlying characteristics of average inter-demand interval and

squared coefficient of variation. A hybrid procedure uses a state-of-the-art forecasting procedure

and a mixed integer linear programming model to determine an optimal inventory policy. Monte

Carlo simulation evaluates many possible demand outcomes over a planning horizon to obtain

performance metrics.
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CHAPTER

1

INTRODUCTION

1.1 Additive Manufacturing

Additive manufacturing (AM), commonly referred to as "3-D Printing," gained increasing popularity

in recent years. The innovative method uses an additive process to build materials layer upon

layer, as opposed to the subtractive process of conventional manufacturing. The new production

process, capable of printing complex structures, caught the imagination of academia, industry

and public alike. The boost in public and commercial interest can be attributed to the increase in

access to AM machines and exciting technological advancements. Reduced costs of AM machines

and the ability of AM to produce parts that are comparable to their traditionally manufactured

counterparts [Pel18] is exposing AM to widespread public applications. In particular, an exciting

new focus of AM technologies is the printing of metallic structures, so much so that the sales of

metal AM machines are estimated at 1,798 machines sold in 2017, an increase of 79% from the

previous year [Pel18].

AM technologies are applied to a wide range of industries, including food, medical and aerospace.

For instance in the aerospace industry, Bell helicopters 3D prints defog duct nozzles for their he-

licopters [Sta19], SpaceX printed and launched into space a main oxidizer valve on the Falcon 9

rocket and entirely printed a SuperDraco engine chamber [Spa14]. Compared to their traditionally

manufactured counterparts, these 3D printed parts saw a reduction in lead times, increased strength

and cost savings. Speci�cally, Bell helicopters realized a lead time compression of 75%, not to men-

tion the cost savings of $120K through the elimination of conventional tooling and rework [Sta19].

Similarly, SpaceX saw an order of magnitude reduction in production lead-time and the printed

engine chamber, compared to its traditionally cast part, had superior strength and fracture resis-
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tance [Spa14]. The unique capabilities of AM bring immediate value to countless industries, and

for that reason, many are integrating this technology into their operations. AM stands to disrupt

manufacturing from the very process of production all the way down to the logistics associated

with customer delivery. One industry in particular that is poised to reap the bene�ts from the AM

revolution are spare parts supply chains.

1.2 Spare Parts Supply Chain

Spare parts supply chains stand apart from supply chains servicing other types of materials for a

variety of reasons, speci�cally the uncertainty of the demand patterns, criticality of parts and high

customer service level requirements [Saa16]. Spare parts are items that support activities such as

maintenance and repair of equipment in the industrial or consumer market. Demand for these

parts arise from equipment failures, resulting in highly unpredictable and often sporadic demand

patterns [FM99]. Spare part service requirements and highly intermittent demand patterns, present

a variety of dif�culties in forecasting and inventory stock control [SK09].

Due to dif�culties forecasting the intermittent spare part demand, companies often carry high

levels of inventory. Further amplifying the disproportionately high inventory levels in spare part

supply chains is the criticality of the parts. Criticality can be determined by the consequences

caused by the failure of a part when a replacement is not immediately available [Hui01 ]. Monetarily,

these consequences can be very high; for example in the aviation industry the cost per hour of

downtime is roughly $10,000 [Abb15]. Unpredictable demand patterns and a high cost of equipment

downtime, coupled high customer service level expectations, result in companies carrying large

quantities of inventory. Consequently, organizations often face high inventory carrying costs much

like the U.S. Army who “accumulated billions of dollars in excess spare parts inventory against

current requirements for some items and substantial inventory de�ciencies in other items" [Uni16 ].

Managing the trade-offs between high inventory carrying cost and customer service level is not a

new concept in supply chain management however, advancements in AM technologies provide

new options in this �eld.

1.3 AM Integration Inside a Spare Parts Supply Chain

Previous research shows AM has the potential to improve spare part supply chain dynamics Holm-

strom et al. [Hol10], Liu et al. [Liu14], Khajavi et al. [Kha18], and Li et al. [Li18]. AM can address

two critical aspects of the spare parts supply chain simultaneously; high inventory levels and high

customer service requirements, by economically producing small batches of products with no

extended set-up [Hol10]. This time and cost ef�cient “make to order" feature allows AM capacity

to replace inventory on hand, thereby reducing the cost of carrying large quantities of inventory.

Furthermore, AM technology can be located virtually anywhere, including at or near the customer,

effectively reducing the distribution and transportation costs [Liu14; Hol10 ].
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1.4 Research Goal

Several previous research papers explore techniques for AM deployment into a spare parts supply

chain [Hol10; Liu14; Kha18; Li18 ]. The focus of these studies has been quantifying and comparing sup-

ply chain performance under varying AM con�gurations, namely centralised and distributed [Li18].

The goal of this research is to expand upon previous studies by incorporating a demand focused ap-

proach to AM employment. As Martin et al. [Mar10] argues, the studies of spare parts supply chains

in general, are often oversimpli�ed and far too many assumptions are made. Previous research in

the �eld of AM logistics often oversimplify the demand modeling for spare parts. This research also

compares supply chain performance under different AM con�gurations and focuses on gathering

insights into network performance for spare part supply chains with varying demand patterns. Spare

parts supply chains often manage thousands of stock keeping units (SKU), all with varying demand

patterns. Gathering insights into AM allocation strategies for varying demand patterns provides

realism and value not seen in previous studies.

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, and product demand classi�cation. Chapter 3

introduces the two stage optimization model for evaluation of network performance and demand

classi�cation scheme. Chapter 4 investigates the trade-offs and impact of AM insertion into spare

parts supply chain under differing product demand classi�cations. Chapter 5 and 6 explore network

con�guration performance for varying demand parameters. Chapter 7 concludes with a discussion

of insights gathered, limitations of this research and areas of future work.
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CHAPTER

2

LITERATURE REVIEW

This chapter introduces the reader to critical concepts in this research and summarizes the literature

concerning AM, the unique characteristics of spare parts supply chains, intermittent demand

forecasting and modeling, and AM employment strategies within a supply chain.

2.1 Additive Manufacturing

Research in the �eld of AM has traditionally focused on technological and mechanical properties,

material design and overall production techniques [Gao15]. Roughly 50% of the literature regarding

AM in the past 20 years has focused on an overview of AM or technical / material properties, while

roughly 10% has researched AM's impact on the supply chain [Cos16]. This is reasonable given the

technical aspects of AM production are rapidly improving. The AM technologies printing plastic

and polymer components are more mature while recent advancements in metal AM technologies

introduce the exciting new capability to produce parts that can structurally compare to convention-

ally manufactured counterparts [Pel18]. Technological advancements that continue to improve the

quality of AM produced parts, coupled with the reduced cost of AM machine acquisition, additive

manufacturing is further exposed to mainstream applications. As a result, a new stream of research

has gained recent attention: how to best employ this new technology inside a spare parts supply

chain.
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2.2 Spare Parts Supply Chains

Spare parts, also referred to as service or repair parts, are those that are used to support maintenance

and repair operations. Demand for a spare part occurs when a component fails, requires replacement

or is scheduled for service and as such it is different from a `typical' SKU where demand arises from

failures as opposed to customer demand [Mar10]. The demand patterns for spare parts are often

intermittent, where demand arrives at infrequent intervals and when demand does occur, the

quantity is often highly variable or `lumpy'. The inherent nature of spare part supply chains and

their unique item characteristics make them especially challenging to manage as decision makers

struggle with the often competing requirements of high customer service level and reduction in

inventory holding costs.

2.3 Demand Classi�cation

Spare part supply chains often encompass a wide array of SKUs with varying costs, differing customer

service requirements and varying demand patterns. The appropriate method of forecasting and stock

control for each SKU may also differ [Boy08]. Common practice is to classify or group SKUs with like

characteristics into categories for inventory management purposes. A common SKU classi�cation

technique is to categorize items by criticality, price, frequency or demand patterns and then group

them into relevant categories; this method is often referred to as ABC classi�cation. Categorizing

SKUs via multiple criteria can often become too cumbersome and dif�cult to implement, therefore

this research focuses on categorizing items solely by their underlying demand pattern: a parameter

commonly used in SKU classi�cation.

In order to group SKUs by their demand patterns, we classify spare part demand based on the

the average inter-demand interval (ADI) and the squared coef�cient of variation ( C V 2) of non-zero

demand consistent with Syntetos & Boylan [SB05b]. ADI measures the average number of time

periods between two consecutive demands and C V 2 represents the relative variability in demand

quantity, when demand occurs. In other words, ADI represents the intermittency of the demand

pattern and C V 2 represents the volatility in the quantity of demand, when demand occurs. Using

this method, demand is classi�ed into four categories: Erratic (but not intermittent), Lumpy, Smooth

and Intermittent (but not erratic) [Syn05]. Figure 2.1 displays the demand classi�cation scheme

and appropriate `cut-off' values between classi�cations. More detailed information regarding the

category de�nitions and determination of the cutoff values can be found in Syntetos et al. [Syn05].

It is important to note that Syntetos et al. [Syn05] proposed this demand categorization technique

as a means to select the most appropriate forecasting and stock control procedure. This research

uses this demand classi�cation method for not only selection of a forecasting technique, but as a

framework for organizing and structuring the research.
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Figure 2.1 Demand Classi�cation Scheme. Adapted from Syntetos et al. [Syn05].

2.4 Intermittent Demand Forecasting

Intermittent demand is de�ned as demand that occurs sporadically or not at all. Additionally, when

demand occurs, the quantity of that demand is highly variable [SB05b]. Forecasting and inventory

management are critical to the success for all supply chain operations but especially challenging

when facing the intermittent demand patterns often associated with spare parts supply chains.

Traditional forecasting methods such as simple exponential smoothing (SES) and simple moving

average (SMA) fail to perform satisfactorily in such cases and other approaches tailored to handle

the intermittent demand may be more appropriate.

Croston's method [Cro72] was designed speci�cally for intermittent time series forecasting, and

this method is often referred to as the traditional forecasting method for intermittent demand.

However, Syntetos & Boylan [SB05a] show Croston's method suffers from a positive bias and propose

the Syntetos-Boylan Approximation (SBA) as a modi�cation a modi�cation [SB05b]. Syntetos &

Boylan [SB05b] provide a method to select the most appropriate forecasting method (Croston's

method or SBA) for a given demand classi�cation (Figure 2.2). To summarize, if the demand is

classi�ed as Erratic, Lumpy or Intermittent; SBA is the most appropriate. If the demand is classi�ed as

Smooth, then Croston's method will provide a more accurate forecast. Kostenko & Hyndman [KH06]

and Syntetos et al. [Syn06] discuss the exactness of the cutoff values and appropriate forecasting

method however, the general conclusions remain the same. As is often the case with intermittent

demand, the demand size distribution may not adhere to theoretical distributions and this method

of forecasting based on the C V 2 (and ADI) is quite useful.

An additional technique for intermittent demand forecasting is the `Markov Bootstrap Method'

[Wil01; Wil04; Wil05 ]. This non-parametric method generates the lead time demand distribution

from historical demand data, and requires no assumption of the demand distribution, which as

previously discussed, is a challenging aspect of intermittent demand data. More speci�cally, boot-

strapping works by sampling from historical demand data to generate a histogram of demand over

a lead time. The unique aspect of the `Markov Bootstrap Method' is that it can produce demand
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values that have not appeared in the historical data. Willemain et al. [Wil04] shows that this method

improves forecast accuracy as compared to exponential smoothing and Croston's Method when

tested on large industrial data sets of intermittent demand.

Figure 2.2 Forecasting Method by Demand Class. Adapted from Syntetos et al. [Syn05].

2.5 Additive Manufacturing in Spare Parts Supply Chains

Figure 2.3 organizes previous literature regarding the con�guration of AM-enabled supply chains

and addresses how our research relates to the presented literature. In reviewing the existing research

below, we highlight that the greatest distinction between our work and previous research is the

modeling of intermittent spare part demand.

2.5.1 AM Employment Con�gurations

With unprecedented improvement in AM technology and processes, AM stands to revolutionize the

the entire supply chain. Recent research has focused on how to optimally insert AM technologies

inside a spare parts supply chain [Hol10; Kha14; Liu14; Li18; Gha18]. A foundational piece of research

in this �eld by Holmstrom et al. [Hol10] initially looked into two distinct employment con�gurations

of AM machines inside a spare parts supply chain: centralized and distributed (also referred to as

decentralized).

Centralized con�gurations consolidate AM machines at a centralized location `upstream' in the

supply chain at a distribution center (DC) and utilize AM capacity to replace on hand inventory. The

advantages of such a con�guration is the `pooling' effect of AM capacity and the ability to aggregate

demand from service locations (SL) to ensure that AM machines are well-utilized. A disadvantage of

consolidating AM machines `upstream' in the supply chain is that produced parts still need to be

transported to the service locations, incurring logistics costs and increased lead times [Hol10].

The opposing con�guration, distributed, is characterized by employing AM machines at SLs. In
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doing so, this con�guration reduces inventory on hand by replacing it with AM capacity and also

reduces logistics costs, as items are produced at the point of use. There is however, a high cost of

investment in AM machines in order to employ the technology at each service location. Generally

speaking, this approach may be suitable for scenarios where the demand for AM parts is high, so

that AM machines are suf�ciently utilized to ensure that the high investment cost in the machines

is worth it [Liu14].

Khajavi et al. [Kha18] study the `hub' con�guration as a third AM employment technique. In a

`hub' con�guration, AM technology is employed to serve a region of demand from multiple customers

(ie. establishing a production hub). This con�guration has the bene�ts of centralized con�gura-

tion by aggregating some level of demand and the bene�ts of distributed con�guration, through

reduction in lead times and transportation costs as machines are located closer to SLs [Kha18].

A �nal con�guration of the supply chain when adopting AM is the mixed con�guration, where

AM machines are employed simultaneously at the DCs and SLs. This con�guration has not been

widely studied, except by Li et al. [Li18]. This con�guration serves as a balance of the pros and cons

of both the centralized and distributed con�gurations.

Figure 2.3 Previous research comparing the different con�gurations of a supply chain when adopting AM
as related to this research. Note: MILP: mixed integer linear programming; SPSC: spare parts supply chain.
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2.5.2 Evaluation Methodologies

In the application of AM technologies, Holmstrom et al. [Hol10] conceptually compares the two

distinct con�gurations of centralized and distributed when employing AM machines in the context

of an aircraft spare parts supply chain. Liu et al. [Liu14] expands upon the conceptual basis and

compares supply chain con�gurations in a hypothetical aircraft spare parts supply chain in the

context of safety stock inventory levels. Their work compares centralized, decentralized and the

conventional (no AM) con�gurations using the supply chain operations reference (SCOR) model; a

standardized model framework to assess supply chain activities. Similarly, Ghadge et al. [Gha18]

compares two aerospace industry supply chain con�gurations (AM and conventional) in the context

of inventory control systems. Both works show that AM technologies have the potential to reduce

inventory holdings within a supply chain and Liu et al. [Liu14] speci�cally demonstrates the trade-

offs between centralized and decentralized con�gurations.

The work by Khajavi et al. [Kha14] use Monte-Carlo simulation to evaluate cost trade-offs of AM

employment techniques through scenario modeling of the F-18 Super Hornet �ghter jet. Their real-

world case study models the total operating cost and downtime cost for centralized and distributed

supply chain con�gurations. Expanding on their previous work, Khajavi et al. [Kha18] evaluate the

`hub' supply chain con�guration for not only current AM machine characteristics, but they envision

future AM technologies and discuss the implications of future technology on AM employment.

Research conducted by Li et al. [Li18] uses simulation to compare supply chain con�gurations

in terms of the performance metrics of sojourn time and cost. In keeping their cost structure as

clear as possible, they compile costs into three categories: `penalty, machine related and logistics

costs' and experiment with different `tiers' or `levels' of costs. Their work not only highlights the

trade-offs between centralized and distributed con�gurations but they discuss the potential bene�ts

of employing a mixed con�guration. Much of the previous research highlights the bene�ts of AM

addition to a supply chain: Khajavi et al. [Kha20] uses three case studies to demonstrate that adding

AM to a supply chain can increase, decrease, or have no impact on supply chain complexity.

Basto et al. [Bas19] explore the optimal design of AM enabled supply chains through the use of

a mixed integer linear programming (MILP) model. Using real-world data, they seek to minimize

supply chain costs and explore the trade-offs between inventory safety stock, stockouts and AM

machine price. Their work, focused on the computational results to obtain a solution to a real

world problem. There is little discussion on spare part demand characteristics or the design and

management insights for AM employment.

2.5.3 AM Technologies

In recent literature, the capabilities of AM machines, in terms of printing speed, print chamber

capacity, and material design are often based on current technologies but are generalized with

key assumptions. The intent of this generalization is to not get wrapped up in de�ning spare part

characteristics, which may over complicate the research. Spare parts encompass a wide ranging
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�eld of items with vastly different structural characteristics and material compositions. It would

be quite dif�cult and impractical to specify in detail spare part characteristics when it comes to

modeling AM machine technologies, as the scope may become too narrow.

Often, spare part characteristics are generalized in terms of weight (Li et al. [Li18] and Ghadge

et al. [Gha18]) or volume (Khajavi et al. [Kha18]) and these features serve as the basis for AM machine

selection and capability determination. As AM technologies have proven to rapidly and consistently

advance, research by Khajavi et al. [Kha18] and Moore et al. [Moo18] not only evaluates AM employ-

ment with current technologies but envisions AM machines with greater print chamber volume and

speeds six times greater than what was currently available. While much of the previous research

has focused on plastics and polymer AM printing machines (Khajavi et al. [Kha18]), metallic AM

technologies are a recent focus for researchers like Li et al. [Li18] and Ghadge et al. [Gha18].

2.5.4 Demand Modeling

Inventory management and demand forecasting for spare part supply chains are notoriously chal-

lenging due to the intermittent nature of the demand patterns [Mar10]. While a number of studies

recently focused on the application of AM within a supply chain, the method of modeling the under-

lying demand patterns varies greatly. The research by Liu et al. [Liu14] seeks to measure the impact

of AM addition, in terms of spare part inventory safety stock, for the centralized, decentralized and

conventional `as is' con�gurations. While they do address the heterogeneity of spare part demand,

they assume spare part demand follows a normal distribution. This assumption of normality is

an over simpli�cation of the true and extremely intermittent nature of spare parts which does not

accurately model the true underlying demand patterns.

Ghadge et al. [Gha18] also assumes the normality of demand and concludes the distribution

of demand signi�cantly in�uences supply chain performance. Consistent with previous research

�ndings, Li et al. [Li18] cites the demand arrival rate as a fundamental factor affecting AM enabled

supply chain performance. Liu et al. [Liu14], Ghadge et al. [Gha18], and Li et al. [Li18] all aim to

address the heterogeneity and uncertain nature of spare part demand by either varying the standard

deviation of the normal distribution of demand or by adjusting the arrival rate of a Poisson process.

The demand modeling methodologies used in previous research are an oversimpli�cation and

simply not feasible when the distribution of demand is unknown, which is most likely the case in

spare part supply chains. These previous �ndings further highlight the importance of a focused

approach to modeling demand of spare parts.

2.6 Military Applications

2.6.1 Military Focused Research

The majority of the current research stream on AM enabled network con�gurations focuses on

spare part supply chains with industrial and often aerospace applications. The research has widely
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overlooked the military applications of AM employment. While the �ndings of previous research

can be generally applied to military applications, there are numerous unique aspects associated

with military operations which are not comparative to industrial settings.

Unique Characteristics of Military Supply Chains

• Risk of supply chain disruption from adversaries

• High cost of transportation at the last tactical mile

• Limited transportation capacity / resources (helicopter / convoy)

• Extremely variable demand patterns (intensity of operation drives demand)

• Dynamic location of the end-user (maneuver of units)

• Criticality of parts to support mission readiness

• Global multi-echelon supply chain

Khajavi et al. [Kha18] investigate the impact of AM on the con�guration of the spare parts supply

chain servicing the US Navy's F-18 Super Hornet. Their research however, uses the military supply

chain more as a data source, not necessarily as the foundation for research and insights into military

speci�c applications.

The research by Busachi et al. [Bus18], to the best of our knowledge, is the �rst to investigate the

military speci�c applications of AM implementation and frame their results in the same manner.

Based on a systems approach, Busachi et al. [Bus18] investigate the possible impact of AM appli-

cations in `Defence Support Services' (DS2). They develop a conceptual framework to compare

current Royal Navy practices with future practices which exploit AM. Their work uniquely models

military applications of AM technology and focuses on important military aspects like operational

environment (critical or secure), de�ning the platform the AM technology would be applied to (i.e.

ship), de�ning the mission (i.e. mission duration) and models extended and sometimes disrupted

supply chains. They frame their �ndings in the context of military applications and conclude that

AM employment in the Royal Navy can reduce the supply chain complexity, reduce the inventory on

the space limited naval platforms and reduce delivery time in situations with extended lead times.

2.6.2 Current Military Applications of AM Technology

“If we can print parts or special tools on the battle�eld, we will not need to manufacture

them 8,000 miles from where Soldiers �ght. Additive manufacturing processes help us

meet demand at the point of need, allow inoperable vehicles to be �xed faster, and will

reduce distribution requirements, increase operational readiness, and improve materiel

development." – Lt. Gen. Aundre F. Piggee. Army Deputy Chief of Staff, G-4[Pig18].
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While the research regarding AM employment in the context of military applications is lacking,

the military recognizes the potential bene�ts AM could provide. Under the direction of the Depart-

ment of Defense, the Task Force on Survivable Logistics conducted a review of the current state of

military logistics [Def18] . Their review highlights several factors necessary to secure and sustain

global military logistics, including the incorporation of AM technologies. From recommendations

to action, a recent high level Army Directive [Sec19] orders the incorporation and advancement of

AM technologies to improve mission readiness and logistical performance.

The military supply chain, facing risk of disruption from hostile adversaries, can be dis-aggregated

with the incorporation of AM technologies. Printing repair parts at or near the end user reduces the

load on the logistics network and essentially increases network robustness. Additionally, printing

repair parts at or near the point of use effectively reduces the high cost of transportation to con�ict

areas, increases response time and improves operational readiness.

Several small scale military initiatives seek to leverage the power of AM technologies on both

ends of the supply chain.The Rapid Fabrication via AM on the Battle�eld (R-FAB) is an initiative

by the U.S. Army that uses an “expeditionary system to produce supplies, parts and tools at the

point of need" [Off17]. Additional Army initiatives include utilizing AM for direct manufacturing

for helicopter engines and applying AM capacity at large scale Army repair depots to restore and

reclaim high value aviation assets [Off17]. With the establishment of the `Center of Excellence for

Advanced & Additive Manufacturing' at Rock Island Arsenal, the US Army took the next major step

in the integration of AM technologies into the supply chain. General Perna, Commander of US Army

Materiel Command, describes the future of Army logistics where he envisions “Depots, arsenals,

and plants are producing parts. Tactical brigades are producing parts" [Fre19].

While the initiatives are in motion to apply this disruptive technology, more research needs to be

conducted on how to effectively integrate AM technology into the supply chain. The Department of

Defense manages about 4.9 million spare parts with a reported value of $92.9 billion (as of September

2017) [Uni19 ]. These parts are dispersed globally and working on a scale this large, requires detailed

research and understanding of how to allocate AM technology within the unique military supply

chain.

2.7 Set Based Design

When determining the impacts of AM on a spare parts supply chain, there can be countless dif-

ferent AM allocation strategies. Conducting a detailed analysis of alternatives for every possible

con�guration of the network could for larger scale networks be impractical. On the other end of the

spectrum, arbitrarily selecting a con�guration of the AM enabled network as a baseline and trying

to improve upon it may not be practical. This methodology of selecting a baseline con�guration and

working to improve upon it can be described as Point-Based Design (PBD). On the opposite end of

the spectrum is Set-Based Design (SBD), a method which seeks to eliminate less cost-effective sets

and focus on a reduced number of options for an analysis of alternatives [Wad19].
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Wade et al. [Wad19] discuss the technique Convergent Set-Based Design which is a mathematical

technique in eliminating less promising design sets and identifying the most promising design sets.

This Convergent SBD method essentially eliminates all the dominated sets and allows decision

makers to examine a reduced set of alternatives that likely lie at or near the optimal frontier. In the

context of AM employment inside a spare part supply chain, this principle of set based design can be

used to eliminate network design con�gurations (or sets) that are dominated, thereby reducing the

analysis workload. While our research does not speci�cally employ Convergent SBD, conceptually

this practice of eliminating the dominated con�gurations and conducting further analysis into the

more promising sets along the optimal frontier is applied.
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CHAPTER

3

MODEL OVERVIEW

Our research methodology emulates the process an organization would use in conducting an analysis

of alternatives before allocating AM assets. At a very high level our methodology (Figure 3.1) uses

historical demand data to forecast the expected demand across the future time horizon of interest.

Using our forecast, we employ an optimization model to determine the optimal ( s,S) inventory

policy [Win04]. Finally, we use Monte Carlo simulation to evaluate the network's performance. This

process is repeated for various AM allocation strategies inside the network.

3.1 Assumptions

Our model makes several assumptions.

1. Deterministic AM Production Time

AM production time is deterministic and equivalent for all part types. Additionally, pre- and

post-processing actions are included in this all encompassing, deterministic time. While the

model does address multi-product scenarios, we do not specify speci�c part characteristics

(volume, weight, complexity) and therefore we assume all parts are capable of being printed

in the same, deterministic processing time. Additionally, we do not account for any build

failures in the AM production process.

2. AM Machine characteristics

We do not explicitly de�ne the make or model of the metallic AM machine used in this research.

AM production time and capacity used in this research is based on current (non-metallic)
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Figure 3.1 High Level Overview of Methodology.

AM machine capabilities. While the current capabilities of metallic AM machines may not

match their non-metallic counterparts, we believe the technology will eventually progress to

the point where it is suitable for use in large scale industrial applications.

3. Spare part characteristics

We do not specify spare part characteristics (volume, weight, complexity) and we also do

not specify the intended end-use of a part, thereby not accounting for the criticality factor.

In doing so, we are able to assume that the penalty for a backorder, for any spare part, is

equivalent.

For example, spare parts are often categorized by their criticality or impact to the end user

if the part is not on hand. In the aviation industry, a �ight critical component that grounds

an aircraft if it is not installed, carries a large �nancial burden in the event of a backorder.

Conversely, a doorknob that just degrades performance but does not ground the aircraft when

not installed is less critical and thereby less costly in terms of backorder costs. Based on our

assumptions above we assume that all spare parts carry the same penalty cost in the event of

a backorder.

4. Raw materials not considered

Raw materials for additive or traditional manufacturing are not considered and are assumed

always present when needed.

5. No lost sales

When demand for a part cannot be satis�ed from stock or resourced through AM production,

a backorder occurs. We assume that there are no other sourcing options for the customer to

acquire their product and the customer must wait for the backordered product to be satis�ed

through the current logistics network (i.e. no lost sales).
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We also assume that if there is a backorder, then a machine or piece of equipment is not

mission capable and is incurring downtime. In context of spare parts supply chains, spare

parts are capital goods and are used to generate value through production or services. While

the capital good is backordered, the service location or customer is losing money, thus there

is a backorder cost associated with this shortage.

6. Quality of AM produced parts

We assume that AM produced parts are of the same quality as their traditionally manufactured

counterparts. This means the failure rates of AM and TM produced parts are equivalent and

there is no preference by the end user of which part type is procured. If this assumption were

not made, we could expect differing demand patterns, as parts would fail at different rates

depending on production source.

With current technologies, metallic AM produced parts can compete favorably with tradi-

tionally manufactured parts and they have been deemed acceptable by the Federal Aviation

Administration (FAA) and many others. For example, metallic parts produced via AM tech-

nologies are already cleared by the FAA for use in several instances including the Boeing's

787 Dreamliner [Reu17]. As technology continues to advance, we foresee that metallic AM

produced parts will enter more mainstream applications with equal, if not improved, quality

as compared to TM parts.

7. Traditional Manufacturer

We assume that the traditional manufacturer maintains independent production lines for

each product type and has unrestricted production capacity. In practice, manufacturers often

produce a wide array of products and incur downtime as they re-tool and re-con�gure their

production lines for various product types. Simplifying the TM production scheme allows us

to focus our research on insights into AM employment inside a spare parts supply chain as

opposed to modeling the complexity associated with traditional manufacturers.

8. Inventory Policy

Over the time horizon of interest, we do not update our inventory policy based on the network

performance. We assume that the inventory policy remains constant throughout the entirety

of the time horizon.

9. Production Costs

Production costs for both TM and AM are known and constant throughout the time horizon.

For purposes of this research, the cost to produce parts via TM and AM are considered equal.

3.2 Network Model Structure

In order to model a logistics network, we use a one way directed graph pictured in Figure 3.2. The

network model has three hierarchical levels and a total of six nodes. Nodes represent locations within
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the logistics network and arcs represent transportation routes. The 'highest' tier node represents

the traditional manufacturing (TM) plant. The 'mid' tier nodes represent the distribution centers

(DC) and �nally, the 'lowest' tier nodes model the service locations (SL) (i.e. customers). A detailed

description of the network model and node interactions is given in Section 3.4.2.3.

Figure 3.2 Network model representing the logistics network used in initial experimentation.

Within this network, we dictate that AM machines can only be placed at the DCs and SLs. Working

within this framework, there are 32 different combinations of ways to employ AM machines and

we refer to each speci�c network set-up as a network con�guration or design. Example network

con�gurations depicted in Figure 3.3.

Figure 3.3 Comparison of 3 different network con�gurations. AM machine location is indicated by a green
shading.
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3.3 Demand Simulation and Forecasting

3.3.1 Simulate Historical Demand Data

Lacking access to real-world spare part demand data, we simulate historical demand data to drive

forecasts for future requirements (i.e. inventory policy). The historical demand data is generated

based on the assumption that non-zero demand arrivals follow a Bernoulli distribution and the

non-zero demands follow a negative binomial distribution [Pet14]. When simulating the historical

demand, we speci�cally control underlying demand characteristics of average inter-demand interval

(ADI), squared coef�cient of variation (CV 2), and mean demand quantity [KP16].

While this assumption permits generation of a wide variety of intermittent demand patterns

parameterized by the ADI and CV 2, it is important to note this is just a starting point as many

characteristics of real-world demand are not accounted for by this schema (e.g. autocorrelation or

other distributional complications). However, this captures the key features of intermittent demand

described by Syntetos et al. [Syn05].

3.3.2 Forecast Demand

Using the simulated historical demand data, we forecast the future demand for the time horizon of

interest. The appropriate forecasting method for intermittent demand, either Croston's method or

SBA, is chosen based on the ADI and C V 2 of the historical demand data, as outlined in Syntetos

et al. [Syn05] and depicted in Figure 2.2. When forecasting intermittent demand using the two

aforementioned methods, the forecasted value is a constant as displayed in Figure 3.4. A best

practice in forecasting and inventory management is to update a forecast with actual values as

time progresses and adjust inventory as needed. In following with assumption 8, in this model the

forecasted values and appropriate inventory policies are not updated as the time horizon progresses.

3.4 Determine Inventory Policy

Traditional methods of determining target inventories are appropriate where demand patterns

follow a normal distribution or can be approximated with a theoretical distribution. In the context

of spare parts, demand is often not normally distributed and distributional assumptions can be

challenging [Syn05]. In order to set the appropriate inventory levels for the (s,S) policy we will use a

two-stage approach described below.

3.4.1 Determine Re-order Point

First, in order to determine our re-order point, `s', we apply the `Markov Bootstrap Method' [Wil04;

Wil01; Wil05 ]. Using this bootstrapping method, we construct an empirical distribution of lead time

demand, by sampling from the historical demand data, and constructing a histogram of demand

over the lead time. Using the empirical distribution of lead time demand, we observe the demand
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Figure 3.4 Example forecasted demand for the time horizon of interest, based on 180 days of historical
demand data.

level associated with a desired customer service level. For example, as displayed in Figure 3.5, if we

wanted to ensure a 75% customer service level, we would need to stock at least 10 spare parts. In

other words, if we re-order when inventory drops to 10 units, there is a 75% chance, that over the

replenishment lead time, the customer demand will be no more than 10 units and there will not be

a stock out. Based on our desired customer service level, we determine our re-order point for our

inventory policy. This re-order point is based on the desired customer service level and therefore is

the same for all network con�gurations of a given scenario.

Figure 3.5 Example empirical lead time demand distribution constructed via the `Markov Bootstrap
Method' [Wil04; Wil01; Wil05 ].
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3.4.2 Order up to Point / Inventory Optimization Model Formulation

Next we will use a network optimization model to choose the optimal order-up-to point, annotated

by `S' in our ( s,S) inventory policy. This order-up-to point is unique to each distribution center

and unique to each network con�guration. The model seeks to ef�ciently establish an appropriate

inventory policy based on the forecasted customer demand. The following details mathematical

formulation of the optimization model to include indexes, parameters, variables and constraints.

Sets

N network locations

N set of nodes upstream of node n

N set of nodes downstream of node n

P � N traditional manufacturing plants

D C � N distribution centers

SL � N service locations

G set of spare parts

T time horizon

Index Use

i 2 N node locations

i 02 N index for locations upstream of i that supply node i

i 002 N index for locations downstream of i that are serviced by i

t 2 T time index

g 2 G index for spare parts

Decision Variables

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

AMproduce i t g quantity of part g produced with AM in period t at location i 2 f D C ,SLg

trans i i 00t g �ow of part g transported from location i to i 00in period t

inv i t g quantity of part g carried as inventory at location i 2 D C from period t � 1 to t

backorder i t g quantity of unsatis�ed demand of part g at location i 2 SL from period t � 1 to t

Given Data

cprod (TM )
i t g cost to traditionally produce part g at location i 2 P in period t
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cprod (AM)
i t g cost to produce part g with AM at location i 2 f D C ,SLgin period t

c trans
i i 00t g cost to transport part g from location i to i 00in period t

c inv
i t g cost of carrying inventory of part g at location i 2 f D C ,SLgfrom period t � 1 to t

cbackorder
i t g penalty cost for unsatis�ed demand of part g at location i 2 SL in period t

demand i t g demand for part g at location i 2 SL in period t

AMcapacity i t g AM production capacity for part g at location i 2 f D C ,SLgin period t

inv 0
ig initial inventory of part g at location i 2 D C

Lagi 0i t lead time between locations i 0and i for part g

Auxillary Variables

MinPolicy i g inventory level for part g at which a re-order will be placed at location i 2 D C

MaxPolicy i g inventory `order up to' level for part g at location i 2 D C

deliveredi t g quantity of part g delivered to location i 2 SL to satisfy demand in time period t

reorderQTY i t g amount of part g ordered at location i 2 D C in time period t

pi t g indicator if reorder required for part g at location i 2 D C in time period t
¨

1,

0,

if inv i ,(t +1),g < MinPolicy i g

otherwise

ei t g AM production indicator for part g at location i 2 f D C ,SLgin time period t
¨

1,

0,

if part g produced at location i 2 f D C ,SLgin time period t

otherwise

M large number

p ,e � 0 and binary

all others non-negative and integer

Objective Function

min
X

i 2P

X

T

X

G

cprod (TM )
i t g TMproduce i t g +

X

N

X

T

X

G

c trans
i i 00t g trans i i 00t g +

X

i 2f D C ,SLg

X

T

X

G

c inv
i t g inv i t g +

X

i 2f D C ,SLg

X

T

X

G

cprod (AM)
i t g AMproduce i t g +

X

i 2SL

X

T

X

G

cbackorder
i t g backorder i t g (3.1)
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s.t.

TMproduce i t g =
X

i 00

trans i i 00t g 8 i 2 P, t 2 T, g 2 G (3.2)

inv i ,(t +1),g = inv i t g + AMprod i t g +
X

i 0

trans i 0i ,(t � Lagi 0i ),g �
X

i 00

trans i i 00t g 8 i 2 D C , t 2 T, g 2 G (3.3)

inv i ,(t +1),g = inv i t g + AMprod i t g +
X

i 0

trans i 0i ,(t � Lagi 0i ),g � deliveredi t g 8 i 2 SL, t 2 T, g 2 G (3.4)

backorder i ,(t +1),g = backorder i t g + demand i t g � deliveredi t g 8 i 2 SL, t 2 T, g 2 G (3.5)

inv i 1g = inv 0
ig 8 i 2 D C , t 2 T, g 2 G (3.6)

MinPolicy i g � inv i ,(t +1),g � M (1 � pi t g ) 8 i 2 D C , t = 1, g 2 G (3.7)

MinPolicy i g � inv i ,(t +1),g � M (1 � pi t g ) +
t � 1X

max(t � Lagi 0i t ,1)

reorderQTY i t g 8 i 2 D C , t = 2...T, g 2 G (3.8)

MinPolicy i g � inv i ,(t +1),g + M p i t g 8 i 2 D C , t = 1, g 2 G (3.9)

MinPolicy i ,g � inv i ,(t +1),g + M p i t g +
t � 1X

max(t � Lagi 0i t ,1)

reorderQTY i t g 8 i 2 D C , t = 2...T, g 2 G (3.10)

reorderQTY i t g = (MaxPolicy i g � inv i ,(t +1),g )pi t g 8 i 2 D C , t 2 T, g 2 G (3.11)

trans i 0i t g = reorderQTY i t g 8 i 2 D C , t 2 T, g 2 G (3.12)

MaxPolicy i g � MinPolicy i g 8 i 2 D C , t 2 T, g 2 G (3.13)

AMprod i t g � AMcapacity i t g ei t g 8 i 2 f D C ,SLg, t 2 T, g 2 G (3.14)
X

G

ei t g = 1 8 i 2 f D C ,SLg, t 2 T, g 2 G (3.15)

3.4.2.1 Indexing

The nodes that comprise the logistics network include the traditional manufacturing plant P, distribution

centers D C , and service locations SL. For each node, i , there exist a set of `upstream' nodes, i' indexed by N ,

that supply node i. There also exists a set of downstream nodes i” index by N , that can be supplied by node i.

Valid routes within the network are represented by all i',i and i,i” pairs. A visual representation of the indexing

method is pictured in Figure 3.6.

3.4.2.2 Network Description

The set of products, G, considered within the logistics network can be manufactured at traditional manufac-

turing plants, in P. In following with assumption 7, there is no capacity or downtime in production at the

manufacturing plants. Once produced, the products are transported to and stored at distribution centers, in

D C . In response to customer demand, products are transported from the distribution centers to the service

locations, in SL. Customer demand can also be satis�ed through production via AM machines that are located

at DCs and/ or SLs. The SLs generate demand at discrete daily intervals for the set of products considered.

Unsatis�ed demand is recorded as backorders for the following time period and will continue to be carried

forward until satis�ed (i.e. no lost sales). All decisions are made in daily intervals.
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Figure 3.6 Network node indexing scheme with valid node connections.

3.4.2.3 Model Summary

3.4.2.3.1 Objective Function

The objective 3.1 seeks to minimize the total cost by selecting the appropriate inventory policy ( s,S) that

ensures the ef�cient allocation of products to meet the forecasted demand requirements.

3.4.2.3.2 Flow Balance Constraints

The �ow balance for all network nodes can be, in general terms, characterized by the inventory carried from

time t to t+1 and the transportation of products in terms of in�ow from upstream nodes and out�ow to down-

stream nodes. Additional considerations needs to be taken for DC or SL nodes when additive manufacturing

capability is available to ensure �ow balance.

Constraint 3.2 represents the �ow balance for traditional manufacturing plants and in terms of the

amount of product g produced at and transported from TM plant i to the set of downstream nodes i” in time

period t.

Constraint 3.3 represents the �ow balance for DCs in terms of the inventory carried between periods t to

t+1, the amount of product g transported in via route i',i and out via route i,i” . Lagi 0i represents the lag time

along route i',i for product to go from TM plant i' to DC i. The lag time is an integer value in terms of days.

Constraint 3.4 represents the �ow balance for SLs. It differs from DC �ow balance in that we introduce the

deliveredi t g variable to account for the delivery of product from the SL to the end user who will consume the

product. Here we view the SL as co-located with the end user and therefore, there is no time delay in receipt

of product from a DC, to delivery of the product to the end user. It is simply an `administrative' variable that

enabled the consolidation of the all product received at a SL and will be used in the backorder constraint.

Constraint 3.5 represents the �ow balance for backorders; if there is unsatis�ed demand at the end of a

time period, then a backorder is carried forward in the time horizon until demand is met. There are no lost

sales.
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3.4.2.3.3 Inventory Replenishment Constraints

Constraints 3.7 thru 3.10 comprise the logic for the replenishment of inventory stock. If the inventory carried

to the following time period is less than the minimum inventory level, then binary variable p is activated

indicating a inventory replenishment is required. In order to determine the appropriate order quantity,

constraint 3.11 is used. Of note, this constraint is non-linear and the linear transformation of it is represented

by Constraints 3.16 thru 3.19 below. This constraint reads, if an inventory replenishment is required, then

the reorder quantity is the difference between the `order-up-to' point and current inventory. Constraint (3.9)

ensures re-ordered inventory is transported to the proper DC.

reorderQTY i t g � M p i t g 8 i 2 D C , t 2 T, g 2 G (3.16)

reorderQTY i t g � MaxPolicy i g � inv i ,(t +1),g 8 i 2 D C , t 2 T, g 2 G (3.17)

reorderQTY i t g � MaxPolicy i g � inv i ,(t +1),g � M (1 � pi t g ) 8 i 2 D C , t 2 T, g 2 G (3.18)

reorderQTY i t g � 0 8 i 2 D C , t 2 T, g 2 G (3.19)

3.4.2.3.4 AM Production Constraints

Constraints 3.11 and 3.12 represent AM machine production capacity and restriction (i.e. only produce a

single product type at a time).

3.4.2.4 Input Parameters

3.4.2.4.1 Cost structure

Due to limited access to data, the cost parameters used in this research draw on existing research, a review of

current literature and assumptions. Costs considered are: traditional manufacturing cost, additive manu-

facturing cost, �xed costs associated with AM machines, transportation cost, inventory carrying cost, and

penalty costs associated with backorders. Cost values are displayed in Figure 3.1 which were adapted from

Abbink [Abb15]'s study. Note: all costs used in our work represent the 'Low' value category in Table 3.1.

The purpose of our research is to explore AM-enabled con�gurations rather than a detailed analysis of

network related costs. We relied heavily on previous literature and assumptions to drive the cost inputs for

the model. We feel the cost structure used is not only reasonable but is kept as clear and simple as possible

while achieving our research objectives.

Table 3.1 Range of costs for input parameters used in model. Adapted from Abbink [Abb15].
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1. Inventory Carrying Cost

Inventory carrying cost, also referred to as holding costs, consist of warehousing expenses, cost of

insurance and other �nancial costs such as depreciation or opportunity cost. While inventory carrying

costs vary by industry and by company, an assumption of a 25% inventory carrying cost is made.

This cost is often measured as an annual percentage of the total value of inventory. Since we do not

specify particular product types (assumption 3), we do not precisely know the value of a spare part

and therefore rely on existing literature as a basis. Based on the research by Abbink [Abb15], a range of

spare part values for varying industries is given and our inventory carrying cost is based on this work.

2. Backorder Cost

A backorder occurs when demand is unsatis�ed due to lack of inventory or AM production capacity.

The cost associated with a backorder is a result of equipment downtime. The cost equipment downtime

can vastly differ by industry; the aviation industry is often cited as one of the highest costs of downtime

with the monetary value in thousands of dollars per hour, while others, like the transportation industry

may be an order of magnitude lower [Abb15]. We will again rely on existing literature as a basis for our

backorder penalty costs.

3. Additive manufacturing machine �xed costs

The costs associated with purchasing, owning and operating an AM machine may include labor,

materials, maintenance and depreciation. In order to keep our cost structure as clear a possible, we

will consolidate all these aspects of cost into a single cost parameter: AM machine �xed cost. This �xed

cost is a function of the number of AM machines that are present in the logistics network, regardless

of node location. The �xed cost of an AM machine and associated data is again adapted from the

work by [Abb15]. This study does not consider the variable costs associated with the operation of AM

machines.

4. Transportation and Logistics Cost

Based on the metal AM machine production characteristics, namely the chamber size, we estimate

the transportation cost of shipping these parts through the United Parcel Service (UPS). Since spare

part supply chains are often slow moving and low in quantity, the assumption is that items will not be

shipped in bulk.

5. Production Cost

The cost of production via traditional and additive manufacturing is highly variable and dependent on

item complexity or material properties. It is hard to quantify the relative cost of production in relation

to each other and because of this is, we assume that TM and AM production costs are equivalent.

3.4.2.4.2 Lead Times

Lead times in this model are comprised of production and transportation times. The time it takes to produce

and transport product from the TM to the DCs is 7 time periods. The lead time from the DCs to the SLs is 2

days. We assume there is no difference in lead time for the use of inventory and AM produced parts.

3.4.2.5 Model Outputs

The output of this model is the maximum inventory policy, or the `order-up-to' level in our ( s,S) inventory

policy. This inventory policy is unique for each distribution center, for each product and remains stable over
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the entire time horizon.

3.5 Evaluation of Network Performance / Monte Carlo Simulation

Now that we have established an appropriate inventory management policy for our network, we evaluate

network performance using Monte Carlo simulation. In order to model the uncertainty of the future SL

demand, we simulate 50 demand sample paths (also referred to as realizations). Demand realizations are

simulated based on de�ned demand characteristics of ADI, C V 2, mean demand quantity. Justi�cation of

demand parameter values used in experimentation and explanation of the demand generation process can

be found in Appendix A. Each network con�guration is then evaluated for each of these demand realizations

with the goal of understanding and evaluate network performance. A high-level depiction of the evaluation

procedure is given in Figure 3.7.

Figure 3.7 Evaluation methodology using Monte Carlo simulation to evaluate network con�guration per-
formance.

3.5.1 Evaluation Method

In evaluating network performance we use the previously calculated inventory policy as our primary input.

To recap, the ( s,S) inventory policy is speci�c for each network con�guration, for each distribution center

and, for each product. The goal is to evaluate how a speci�c network design performs when exposed to a

variety of demand scenarios.

Our evaluation methodology follows the high level pseudo code provided in Figure 3.8. For a single

network con�guration, and single demand realization, we chronologically step through every time period

over the time horizon. In each time period we update inventory levels, carry forward backorders and use

optimization to solve an assignment sub-problem which assigns inventory or AM capacity to satisfy customer

demand.
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At the completion of the network evaluation, we have for each network con�guration, a series of data

corresponding to the performance of the network under varying demand realizations. We use this data to

gather insights and recommend best practices for AM employment inside a spare parts supply chain.

Unless otherwise noted, our experimentation uses the same network model and inputs as previously

described. We did explore a modi�ed version of this network and results can be found in Appendix B. This

modi�ed version includes the capability to expedite the transfer of spare parts from TM to SL and laterally

transfer parts between DCs. The subjective nature of the capacities associated with these additional transport

arcs require more research as to an appropriate range of values. The additional and complex interactions

between nodes in this modi�ed network structure only made the process of gathering insights focused on

AM con�gurations more dif�cult. For this reason, this modi�ed network structure is not explored any further.

Figure 3.8 High level pseudo code describing the Monte Carlo simulation / evaluation of network perfor-
mance.

27



CHAPTER

4

EXPERIMENTAL DESIGN

4.1 Research Objectives

In order to gather insights into how AM employment inside a spare parts supply chain affects performance,

we design our experiments around not only varying network designs, but varying demand characteristics of

ADI and C V 2. The objective is to understand whether the underlying demand pattern of spare parts affect

the preferred employment techniques of AM machines within the network. The studies which aim to explore

these objectives are brie�y described below.

1. Explore the trade-off between performance and cost when adopting AM

When adopting AM inside an existing network, there are numerous ways to allocate that capability

and we seek to visualize and compare all these alternatives.

2. Explore the value of AM incorporation in networks servicing demand of different classi�cations

Here we aim to compare overall supply chain performance when introducing AM into networks facing

differing demand patterns.

3. Comparison of network performance as underlying demand characteristics change

Here we narrow our focus to a speci�c set of network con�gurations; centralized, decentralized, and

traditional (no AM). In this study, we explore the entire state-space of the demand parameters (ADI

and C V 2) and compare performance between con�gurations. Two distinct methodologies are used in

the experimentation; evaluating performance for a �xed and reactive inventory management policy.

For the experimental studies in the remainder of this chapter, the logistics network previously described

and pictured in Figure 3.2 is used. This network is comprised of a traditional manufacturer, three distribution

centers and two different service locations. The traditional manufacturing plant services all distribution

centers and each distribution center services the service locations according to the associated node arc

28



representation. In this network, AM machines can be allocated to each distribution center and / or service

location, but not at the traditional manufacturing plant. For this scenario, each AM machine has a production

capacity of 1 product per day. All input parameters are set to the the values listed in Section 3.4.2.4 and use

the `low' cost values in Figure 3.1, unless otherwise noted. Initial experimentation indicates that the results

are relatively insensitive to changes in cost data (low, moderate, high) and the interested reader can �nd

results of the experimental study 1 using moderate and high cost data in Figures D.1 and D.2 in Appendix D.

4.2 Experimental Study 1: Trade-offs between various AM allocation

strategies

Based on the network structure used in this experimentation, there are a total of 32 different network con-

�gurations, or AM allocation strategies, that will be evaluated. Our objective is capture the performance, in

terms of cost and backorders, of all possible con�gurations. Doing so enables decision makers to analyze

the alternatives of where and how to allocate their AM capability to best support their needs. In this speci�c

experiment we assess network performance based on the demand of three products with lumpy demand

patterns; demand parameters of ADI = 1.48 and C V 2 = 0.73 and a mean non-zero demand value of 3. Using

Monte Carlo simulation, we evaluate each network con�guration for 50 demand realizations over a 60 day

time horizon.

4.2.1 Experimental Study 1: Results

In Figure 4.1, we observe the raw output from our Monte Carlo simulation for all 32 network con�gurations.

Generally speaking, as we progress from network con�guration 1 to network con�guration 32, we increase

our AM machine allocation inside the network. The variance in performance of the networks with minimal

AM capacity is much larger than heavily AM-enabled networks. The reduction in variance is a result of the

added AM capacity which serves as a stop gap, and satis�es demand if inventory stockage is depleted. The

difference in cost is largely a result of the high �xed cost associated with AM machine allocation. In Figure 4.2,

we simply remove the AM �xed cost from the Total Cost calculation. In doing so, we are now observing the

operating costs associated with each network con�guration. We see that heavily AM-enabled con�gurations

are largely more cost ef�cient for two main reasons. First, AM capacity replaces inventory on-hand, thereby

reducing inventory carrying costs and second, AM machines can be located closer to the end-user, thereby

reducing the transportation and logistics costs.

In Figure 4.3, we condense the raw output from our simulation by averaging the performance of each

network con�guration so that comparisons can be made. Here decision makers can evaluate the decision

tradeoffs between performance and cost for all 32 network con�gurations. Generally speaking, as we move

from left to right across Figure 4.3, we add AM machines to the network. Network con�guration 1, has

no AM machines, and although it is the cheapest option, accumulated the highest number of backorders.

Comparatively, network con�guration 32, which has AM machines located at all 5 nodes simultaneously,

had the best performance. However, it is the most expensive due to the �xed cost associated with 5 AM

machines. It is important to note that there is now an optimal frontier of network con�gurations that should

be considered when selecting the appropriate allocation strategy to employ.

Decision makers operating in a resource constrained environment (i.e. a limited number of AM machines)

may need to analyze their alternatives with this constraint in mind. Figure 4.4 organizes decision alternatives

by the number of AM machines allocated in each of the network con�gurations.
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Figure 4.1 Monte Carlo simulation raw output results. Data points are grouped by each of the 32 network
con�gurations.

4.3 Experimental Study 2: Value of AM Based on Demand Classi�cations

For this study, we evaluate and compare network performance between the four different demand classi-

�cations described in Chapter 2.1. The objective is to observe the relative value of AM inside the supply

chain when the underlying demand characteristics differ. Network performance is evaluated under four

different scenarios, one for each demand classi�cation, and then compared. The spare part demand, for all

products considered in a speci�c scenario, is based on the ADI and C V 2 values in Figure 4.5 with a mean

non-zero demand value of 3. All other input parameters remain unchanged from experimental study 1. At the

completion of this experimental study, we aim to gather insights as to how the underlying demand patterns

of spare parts affects the employment decisions of AM inside the spare parts supply chain.

4.3.1 Experimental Study 2: Results

The results depicted in Figure 4.6 represent the average performance for all 32 network con�gurations, when

exposed to demand from each of four demand classes. When exposing the network to differing demand

parameters, we observe a noticeable difference in performance. First, we see the clear superior performance

of the network when exposed to smooth demand. Smooth demand is relatively easy to forecast, leading to

a well established inventory management policy which translates to fewer backorders. Conversely, lumpy

demand poses signi�cant challenges in terms or forecasting and inventory management, thus poor network

performance.

The forecastability or stability of demand is key factor when determining the value of AM incorporation in

a spare part supply chain with inventory holdings. The value of employing AM machines inside a network can

be surmised from the general slope of a line �tted to the performance of each demand scenarios. Generally

speaking, as we move from left to right in Figure 4.6, we add AM machines to the network. Employing AM
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Figure 4.2 Monte Carlo simulation raw output results with AM �xed costs removed. Data points are
grouped by each of the 32 network con�gurations.

machines inside a network with smooth demand patterns brings, relatively speaking little value, as indicated

by the very shallow slope. AM machines serve as a stop gap or supplement to the current logistics network,

but since smooth demand is easy to forecast (leading to effective inventory control), there is little need for

such contingency AM capacity. However, lumpy demand (characterized by high ADI and C V 2 values) greatly

bene�ts from the addition of AM machines to the network. AM machine capacity is used more ef�ciently to

satisfy demand as there are more frequent inventory stock outs due to poorer performance of the inventory

policy. To quantify the relative value of AM inside each demand classi�cation, we calculated the slope of a

line �tted to the results from each demand classi�cation. Based on the slopes found in Table 4.1, we can say

that the AM addition brings roughly 11 times more value when facing lumpy demand as compared to smooth

demand.

Table 4.1 Slope of line �tted to the performance of the network when exposed to each demand classi�ca-
tion.
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Figure 4.3 Performance results from Monte Carlo simulation. Results condensed by averaging the backo-
rders and total cost. Each network con�guration is represented by a single point on the graph.

Figure 4.4 Average performance organized by quantity of AM machines in the network.
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Figure 4.5 Organization of the four demand scenarios and associated ADI and C V 2 values used in this
experiment.

Figure 4.6 Average network performance organized by underlying classi�cation of demand.
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CHAPTER

5

COMPARING NETWORK

CONFIGURATION PERFORMANCE

For all remaining studies, a logistics network pictured in Figure 5.1 is used. We modi�ed the logistics net-

work for this study for purposes of clarity and simpli�cation. This network is comprised of a traditional

manufacturer, a distribution center and four different service locations. The traditional manufacturing plant

services the distribution center and the distribution center services every service location. In this network,

AM machines can be allocated to the distribution center and / or service locations, but not at the traditional

manufacturing plants. All input parameters are set to the the values listed in Section 3.4.2.4 and use the `low'

cost values from Figure 3.1. AM machine production capacity is set to 4 units per day for this experiment and

there is no capability to expedite product throughout the network.

5.1 Experimental Study 3: Compare Network Performance for Varying

Demand Parameters

In order to narrow our scope, we explore in detail the performance of three different network con�gurations;

centralized, distributed and traditional (no AM). Centralized con�gurations, as brie�y described in Chapter

2, are network con�gurations where the AM machines are consolidated `upstream' in the supply chain.

Distributed con�gurations are characterized by allocating AM machines to the lowest level in the supply

chain (ie. the service locations). In this study, the distributed con�guration allocates a single AM machine at

each of the four service locations. For the centralized con�guration, we consolidate the four AM machines at

the distribution center. Figure 5.2 provides a graphical depiction of the three network con�gurations used for

the remainder of this study.

Narrowing our scope to the three network con�gurations, we now aim to observe how network perfor-
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Figure 5.1 Network Used for Experimentation in experimental study 3.

mance reacts when varying the underlying demand patterns of C V 2 and ADI. In order to explore the entire

state-space, and as justi�ed in Appendix A, we evaluate all combinations of ADI values from 1 - 5, and C V 2

values of 0 - 5 with increments 0.2.

5.1.1 Fixed Inventory Policy

5.1.1.1 Increasing ADI Values

First, we evaluate performance for increasing values of ADI, while holding C V 2 values stable. In this study,

we set our distribution center inventory policy based on the initial demand characteristics (ADI and C V 2

combination) and it remains valid for the remainder of the experiment (i.e. not updated as ADI increases).

Figure 5.3 graphically depicts this experiment. In doing so, we are able to explore the upperbound, in terms

of the positive value that AM provides, for these speci�c network con�gurations. As we increase ADI, the

demand becomes more irregular and therefore harder to ef�ciently satisfy using the originally set inventory

policy. This `worsening' of the demand (and increasingly poorer performance of the set inventory policy),

only highlights the bene�t of incorporating AM in the network. This scenario represents a potential real world

situation where an organization may not be sure of the underlying patterns of their demand and therefore

do not set an effective inventory management policy. The results here essentially explore the value AM can

provide in the worst case scenarios by assuming poor inventory management.

5.1.1.2 Increasing ADI Values: Results

Before observing the results for the entire state-space, we look at speci�c scenarios of C V 2 and ADI value

combinations. Figure 5.4 is the performance in terms of mean backorders, of the three network con�gurations,

with C V 2 = 1.25 as ADI increasing from 1 to 5. In this speci�c scenario, at low ADI values the distributed

con�guration outperforms all others but, as ADI increases, the centralized con�guration becomes the better

performing option. Both AM enabled con�gurations dominate the traditional (no AM) con�guration for all

ADI values. Looking at the variance in the average number of backorders, the addition of AM capacity into

the network reduces the variation as compared to the traditional network con�guration.
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Figure 5.2 Traditional (no AM), Centralized, Distributed Con�gurations. Green node coloring represents
AM machine employment.

The magnitude of the gap between the average number of backorders, between con�gurations, is quite

telling. Comparing traditional (no AM) to the AM enabled con�gurations, as ADI increases the magnitude

of the gap between the average number of backorders continually increases. This tells us �rst that, the

relative bene�t (in terms of performance increase) of AM incorporation at lower ADI values is less than when

ADI values are quite high. This is due to the superior performance of the �xed inventory policy when ADI

values are lower (and therefore closer to the values that the policy was initially �xed upon). There are not as

many inventory stock-outs in this low ADI range because the inventory policy is performing quite well and

therefore the AM capacity is not being utilized ef�ciently. The gap between the distributed and centralized

con�gurations also grows larger as ADI increases, largely due to the pooling of AM capacity upstream. As the

demand becomes more irregular and lumpy, the AM capacity in the centralized con�guration is used much

more ef�ciently, and therefore outperforms the distributed con�guration.

The difference between con�guration performance is quite minimal for some values and so we look for

statistically signi�cant results. In Figure 5.5 we construct a 95% con�dence interval about the mean number

of backorders. We can see that in the lower ADI value range, there is no statistically signi�cant difference

between the centralized and distributed con�gurations performance.

In such a case, if planning to operate in the statistically insigni�cant range, decision makers must consider

alternative metrics in determining how to best allocate AM resources. While the performance of both con�gu-

rations is similar, the total cost of operation is quite different as represented in Figure 5.6. The elevated cost of

the centralized con�guration, as compared to distributed, is largely a result of logistics costs; as AM produced

products must be shipped from the DC to the SLs. Both distributed and centralized con�gurations incurred

the same �xed cost associated with AM machines, so the impact of logistics cost here is quite signi�cant.

Further research into the impact of logistics cost on decision making may be required.

Additional considerations decision makers may evaluate include customer service oriented ones such

as the average time to satisfy an order; as displayed in Figure 5.7. We see that the distributed con�guration

is able to satisfy customer demands faster than other con�gurations by leveraging the ability to produce

AM parts directly on site at the SL. As ADI increases however, the improved service times of the distributed
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Figure 5.3 Experimental framework: �xed inventory policy with increasing ADI values.

con�guration diminish as the AM capacity is overwhelmed with the intermittent (and lumpy) arrivals of

demand. The centralized con�guration, experiences very little variation in service time as ADI increase. This

is directly attributed to the the network leveraging the pooled AM capacity located at the distribution center.

From a more macro perspective, Figure 5.8, displays the best performing network con�guration across

the entire ADI and C V 2 state-space of interest. Recall that regardless of the demand parameters, every

scenario is exposed to the roughly same overall quantity of demand over the time horizon. The only difference

between scenarios is how demand arrives and in what quantities. Demand with high values of ADI and C V 2

arrive intermittently in lumpy quantities and for this reason, the centralized con�guration is superior in

this high value range. In the distributed con�guration, the arrival of a large quantity of demand at a service

location, in a single time period, would exceed the AM production capacity for that machine and backorders

occur. Consider now the same demand scenario but with a centralized con�guration, where the larger AM

production capacity is held upstream at the DC. The simultaneous arrival of large quantities of demand

would not exceed the larger AM production capacity held at the DC and demand would be satis�ed. This

pooling of not only AM production capacity but of demand itself, is the reason why centralized con�gurations

dominate the higher ADI and C V 2 scenarios.

Lower ADI and C V 2 value combinations favor the distributed network con�guration. Lower values

indicate a more stable demand pattern in terms of arrival rate and quantity. When demand is arriving at

regular intervals (and quantities), the AM machines that are distributed to the service locations are using their

production capacity ef�ciently. This concept is clearly displayed in Figure 5.9 when we look at the percent

of the total demand that is satis�ed via AM produced products. Looking at the centralized con�guration,

as the demand becomes more irregular, the upstream pooling of the AM capacity as well as the pooling

demand itself becomes more apparent evidenced by the increased AM production. The pooling affect and

more speci�cally, the percent of total demand satis�ed via AM production can be observed across the entire

state space in Figures C.1 and C.2 in Appendix C.

Figure 5.8 indicates, on a purely numerical level, the best performing network con�guration. It conveys no

information as to how much better performing a network con�guration is or if the results are even statistically

signi�cant. Figure 5.10 adjusts the previous �ndings based on where there is statistical signi�cance. Here

we construct a 95% con�dence interval about the mean number of backorders, and where the con�dence

intervals overlap, we conclude there is no statistically signi�cant difference between the results.
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Figure 5.4 Performance comparison of network con�gurations with C V 2 = 1.25 for all ADI values.

Figure 5.5 Performance comparison, overlayed with 95% con�dence intervals, of network con�gurations
with C V 2 = 1.25 for all ADI values.

Comparing the purely numerical results (Figure 5.8) and the statistically signi�cant results (Figure 5.10) we

see that there exists a region in the low value combination range that the distributed con�guration dominates

all others. The centralized con�guration's dominance of the high value ranges is actually not statistically

signi�cant.

Statistically signi�cant results are important however, practical signi�cance may be useful when analyzing
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Figure 5.6 Comparison of average total cost for network con�gurations.

alternatives. In terms of practicality, we seek to observe how much better (or worse) a network con�guration

performs. Figure 5.11 looks at the relative percent gap, in terms of average number of backorders, between the

distributed and centralized con�gurations. Here, from the perspective of the distributed con�guration, we

can quantify how much better or worse the con�guration performs, as opposed to drawing the absolute and

potentially misleading conclusions from the raw results of Figure 5.8. Additionally, quantifying how much

better a con�guration comparatively performs will provide a practical basis for decision making.

We can see that in the extreme lower and extreme higher values ranges that the relative gap in performance

between con�gurations is much larger. In the low value range, distributed con�guration is superior but is

surpassed by the centralized con�guration in the higher value range. The relative gap in performance only

expands, in favor of the centralized con�guration, as values increase due to the pooling effect of capacity and

demand as described previously.

5.1.2 Increasing CV 2 Values: Results

Similar to how we conducted our previous experiment, we now evaluate performance for increasing values

C V 2 while holding ADI stable; a graphical depiction of this experiment is given in Figure 5.12. Here we �x

our inventory policy and it remains stable for the duration of the incremental increasing of C V 2.

The raw results and appropriate �gures from this experiment can be found in Appendix C.2. Generally

speaking, the insights from this experiment are similar to those gathered from the increasing ADI experiment.

5.1.3 Comparison of Results

Figures 5.13 and 5.14 compare the results from the �xed inventory policy scenario for both ADI increasing and

C V 2 increasing scenarios. we begin to understand the strength and weaknesses of the AM con�gurations. On

average, as the demand begins to stray from the originally percieved parameters, the distributed con�guration
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Figure 5.7 Comparison of average delivery time of product to service locations for network con�gurations.

is capable of successfully utilizing AM capacity to reduce backorders. There comes a point however, when the

demand parameters become quite large, where the pooling effect of the centralized con�guration is exploited

to satisfy demand.

Statistically speaking the distributed network con�guration has a region in the lower ADI, C V 2 value

range where performance is superior. The centralized con�guration however, is more sporadic in terms of

when or where performance is statistically signi�cant; so much that a determination cannot be made. The

true statistical signi�cance of the results is not as important as ensuring proper operation of the model. The

overall intent behind checking the statistical signi�cance is to ensure that the model is operating correctly

and as expected—we can see that the trend in the mean performance is clear. The distributed con�guration

dominates lower ADI, CV 2 value ranges and centralized is superior in the upper value ranges.
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Figure 5.8 The best performing network con�guration, in terms of lowest average backorders, across all
C V 2 and ADI value combinations. (Parameters: �xed inventory policy, ADI increasing).

Figure 5.9 Comparison of the amount of product produced via AM (in terms of percent of total demand)
between network con�gurations.
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Figure 5.10 Comparison of the statistically signi�cant, best performing network con�gurations across all
C V 2 and ADI value combinations. (Parameters: �xed inventory policy, ADI increasing).

Figure 5.11 Relative percent gap in performance (performance metric is average backorders) between
distributed and centralized con�gurations. A value of zero represents equivalent performance, negative
values refers to the distributed performance being superior and positive values represent that the central-
ized con�guration is performing more favorably.
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Figure 5.12 Experimental framework: Increasing C V 2 with �xed inventory policy.

Figure 5.13 Comparison of the best performing network con�guration, in terms of minimum average
backorders. Left: ADI increasing for �xed C V 2 scenario. Right: C V 2 increasing for �xed ADI scenario.

Figure 5.14 Comparison of the best performing network con�guration, in terms of statistically signi�cant
superior performance. Left: ADI increasing for �xed C V 2 scenario. Right: C V 2 increasing for �xed ADI
scenario.

43



CHAPTER

6

REACTIVE INVENTORY POLICY

6.1 Reactive Inventory Policy

In this experiment we again explore the entire state space of ADI and C V 2 values with one key change;

we assume a reactive inventory policy. For every ADI or C V 2 combination we allow the model to update

the optimal inventory policy; this experimental scenario is pictured in Figure 6.1. This scenario can be

representative of how a real world organization may seek to implement AM capabilities. Assuming the

organization was aware of the characteristics of their demand, and those characteristics remained stable over

time, the results represent how to effectively allocate AM capability.

In this scenario, with the model updating the inventory policy at every change of the demand characteris-

tics, we are essentially looking at the most ef�cient allocation of AM employment. The continually updating

inventory policy, which accounts for the presence of AM capacity, is expected to perform satisfactorily, in

terms of minimizing stock-outs. Here, AM capacity is expected to be applied ef�ciently in satisfying customer

demand in conjunction with an appropriate inventory management policy. This application of AM capacity

is in contrast to the previous, �xed inventory scenarios. Previously, as demand parameters increased, AM

production capacity was used to its maximum extent to �ll the shortfalls from the non-updating inventory

policy.

6.1.1 Reactive Inventory Policy: Results

The raw and statistically signi�cant results for this scenario be found in Figures 6.2 and 6.3. Looking at the

network con�guration performance across the entire state space, we see similar results as compared to

previous experiments. With the model appropriately setting its inventory management policies, we do not

observe such clearly de�ned boundaries between dominate con�gurations. The general theme, in terms of

regional dominance of speci�c con�gurations does however hold true.
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Figure 6.1 Experimental scenario, reactive inventory policy.

Figure 6.2 Best performing network con�guration, in terms of minimum average backorders with a reac-
tive inventory policy.

Based on the results, we can even go a step further and roughly de�ne the region, where the distributed

con�guration is the preferred network con�guration (Figure 6.4). Within this region we can say that on

average, the distributed con�guration is the superior performer and within a subset of this, we can with

certainty claim that the distributed con�guration is the best. We cannot make such claims for the centralized

con�guration due to the sporadic nature of the statistically signi�cant results in the high ADI and C V 2 value

range.

6.2 Comparing Reactive and Fixed Inventory Policies

The results from the �xed inventory policy scenarios and the reactive inventory policy scenarios can be

combined to further understand AM allocation strategies. When exploring the value of AM allocation inside

a spare part supply chain, the previous scenarios essentially provide us bounds on this value. In the �xed
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Figure 6.3 The statistically signi�cant, best performing network con�gurations for a reactive inventory
policy.

inventory policy, we are essentially observing the upper bound of the positive impacts of AM incorporation.

From an organizational perspective, the results can be seen as the value AM provides, given a poor performing

inventory policy. The ef�cient application of AM capacity in the reactive scenario can almost be viewed from

the perspective of the lower bound on the positive impacts of AM performance. Here the results can be viewed

as the value that AM provides as a compliment to an effective inventory policy.
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Figure 6.4 The region of ADI and C V 2 values where distributed is the preferred network con�guration.
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CHAPTER

7

CONCLUSION

7.1 Conclusions

The goal of this research is to gather insights regarding the allocation of AM machines within a spare parts

supply chain with inventory holdings. Much of our work focuses on the modeling of the underlying patterns

of spare part demand, and how such patterns in�uence AM allocation decisions. Table 7.1 and Figure 7.1

brie�y summarize the �ndings of our research and is expanded upon in the remainder of this chapter.

Table 7.1 Summary of �ndings and conclusions.
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Figure 7.1 Regions of superior network con�guration performance (in terms of minimum average backo-
rders). The regional boundaries are not exact, they are a generalized representation.

The tradeoffs between various AM allocation strategies are explored, mainly in terms of backorders and

cost. We also explore additional metrics which may aid a decision maker in selection the best AM con�guration.

Using the demand classi�cation framework proposed by Syntetos et al. [Syn05], we sought to understand the

value of AM incorporation to a supply chain facing a multitude of different underlying demand patterns.

Finally, we narrowed our scope to a speci�c set of AM allocation con�gurations: centralized, distributed,

and traditional (no AM). Here we explored and compared the performance of these con�gurations across

the realm of ADI and C V 2 value combinations. By evaluating network performance with a �xed inventory

policy, we �rst sought to understand the maximum value that AM incorporation could provide. Next, using a

reactive inventory policy, we explored the ef�cient application of AM capability throughout the network.

Our �ndings lead us to several conclusions, and even more interesting questions to research. Using the

demand classi�cation scheme as our basis, it appears that AM incorporation into a network facing `Lumpy'

demand is the most bene�cial. We saw the `greatest return on investment,' in terms of reduction of backorders,

when adding AM capacity to address this lumpy demand. Conversely, for networks servicing spare parts that

are classi�ed with smooth demand patterns, the addition of AM machines bring very little value. This contrast

is a result of the forecast-ability of the demand and subsequent performance of the applicable inventory

management policies. We researched only a single ADI and C V 2 value, in each demand classi�cation, we

recommend further research into more value combinations to con�rm our �ndings.

The comparison of the centralized and distributed network con�gurations highlighted the distinct

differences between the two. The distributed con�guration thrives when demand is relatively stable and

regular. The AM capacity that is distributed across the lowest level of the supply chain is ef�ciently used in

such a case. However, when demand becomes quite irregular and lumpy, the AM capacity becomes under

used.

On the other hand, such cases of irregularity and lumpiness highlight the distinct (and bene�cial) pooling
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effect present in the centralized con�guration. The consolidation of AM capacity upstream in the supply

chain allows for the pooling of not only AM production capacity but of demand across the network. Demand

in such cases may arrive in large chunks at individual service locations however, the consolidated AM capacity

can ef�ciently address such cases. This trade-off between distributed and centralized AM production is very

distinct and quite clear in our results. We recommend further research to understanding this relationship

between the distinctly opposite allocation strategies and their relationship to AM capacity and demand

quantity.

Although, the dominance of a network con�guration across the entire state-space is not statistically

signi�cant, we are able to generalize regions where, on average, a speci�c con�guration is superior. It is

important to note that the true statistical signi�cance of the results is not as important as validation of the

model. We simply use the process of looking at statistical signi�cance to ensure the model works correctly

and observe that what is happening on the average is actually happening. Generally speaking, for higher

ADI and C V 2 value combinations, the centralized con�guration outperforms all others. The only place

where we can say, with relative certainty, that there is statistically signi�cant superior performance is of the

distributed con�guration in the lower ADI and C V 2 value ranges. Despite overlapping con�dence intervals

in some cases, we can see that the trend in the mean performance is clear. These general regions of superior

performance across the entire state space are in line with and for the reasons brie�y described above (i.e.

distributing capacity and pooling). The high time variability (ADI) and quanitity variability (CV 2) require very

large computational efforts to see the centralized con�guration dominate in a statistically signi�cant sense.

Exploratory studies have con�rmed for higher ADI and C V 2 value combinations,the con�dence intervals

indeed diverge as the halfwidths shrink with additional samples. The dominance observed is consistent with

the results comparing the mean values.

7.2 Sensitivity Analysis

The conclusions presented above generally stay true as we adjust some model parameters for sensitivity

analysis.

1. Time Horizon

The time horizon used in the research is 60 periods and we brie�y explore scenarios with a 30 or 120

day time horizon for sensitivity analysis. The results (Figures D.3–D.5) show that a 30 day time horizon

is too short. There just are not enough time periods or opportunities to exhaust and replenish inventory

to highlight the differences in network con�gurations. The results from a 120 day time horizon do not

differ from the 60 time period scenarios.

2. Number of Demand Realization (Iterations of Monte-Carlo Simulation)

The research used 50 demand realizations in evaluation of network performance. We explored scenarios

with 100, 250, and 500 demand realizations with the intent to verify that what was happening on the

average (in terms of con�guration performance) is for sure happening. This also serves as a validation

that the model is performing appropriately. The results (Figures D.6–D.9) show that the results indicate

true regions of dominance for each con�guration.

3. Demand Volume and Relative AM Capacity

For broader generalizations of AM employment strategies, we explore scenarios with low or high AM

production capacity facing low and high demand volume. The values used in this sensitivity analysis
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are based on highly intermittent demand datasets found in research by Petropoulos et al. [Pet16] and

Willemain et al. [Wil04]. The values used are: average demand size (low=1, moderate=3, high=8) and

AM capacity per machine per period (low =1, high=4).

The results (Figure D.10) show that when AM capacity is high and demand volume is low, the dis-

tributed con�guration dominates the entire state-space as this distributed AM capacity is not often

overwhelmed. When demand volume is high, the distributed AM capacity is overwhelmed in the upper

ADI, CV2 value ranges and the bene�ts of pooling in the centralized con�guration become apparent.

The greater the disparity between average demand and AM machine capacity, the `earlier' the bene�ts

of pooling are realized, as indicated by the dominance of the centralized con�guration creeping into

lower value ranges when comparing results of Figure D.10.

The same general conclusions and interactions hold true when AM capacity is low (Figure D.11). We do

however, see an interesting tradeoff between the centralized con�guration and the traditional (no AM)

con�guration. This tradeoff is explored further in Appendix D.5. By removing this apparent tradeoff

of the no AM con�guration and solely comparing the AM-enabled con�gurations in Figure D.16, we

see clear delineations of regional dominance. We con�rm that in the high ADI and CV 2 value range,

the centralized is truly best performing network con�guration due to the pooling effects previously

highlighted in this research.

7.3 Limitations

There are several limitations within this study which are described below.

1. Simpli�ed Network Structure

The network of interest consisted of only three tiers; traditional manufacturer, distribution centers and

service locations. Exploring a more complex, multi-echelon network structure will represent real world

supply chain networks. Complex network interactions such as transferring of inventory and expediting

of product need to be considered.

2. Deterministic Production Times

We assumed the same deterministic production time for all products of interest. In reality, we know

that products vary in terms of size, shape and complexity, all leading to varying AM production times.

Additionally, batching during the production process is not considered in our research. Incorporating

variance in production times, to include the bene�ts of batching will more accurately model AM

performance.

3. Quality of AM produced parts

We assumed that AM and TM produced parts were identical in terms of quality. In doing so we are able

to assume that demand patterns do not differ as a result of failing parts. For some items, this identical

quality characteristics may hold true but it is not the case for mainstream applications. Exploring the

effect of reduced quality AM parts in the network and their associated failures on the demand patterns

may more closely model current applications. However, as technology improves, we expect the quality

of AM and TM produced parts to be equivalent for more mainstream applications.

4. Inventory Policy
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Over the time horizon of interest, we do not update our inventory policy based on the network perfor-

mance. This is a simpli�cation and is contrary to best practices in forecasting and inventory manage-

ment. To better represent industry practices, a dynamic inventory policy and forecast that adjusts over

the time horizon in response to changes in demand and network performance will more closely model

reality.

5. Demand Simulation

This research simulated all demand data used in forecasting and Monte Carlo simulation. Demand

parameters used in experimentation were broadly based on values seen in previous literature however,

it would be useful to experiment with real world datasets.

7.4 Future Work

An interesting area of future research is military applications of AM capability. Military logistics networks,

especially those forward deployed, have several unique characteristics not seen in conventional supply chains

(Section 2.6.1).

Military logistics networks are at risk of disruption from adversaries and it would be interesting to explore

how AM insertion supports the disaggregation of the network. A decentralized network con�guration may

increase the robustness of the network and reduce the impact of disruptive events.

Military supply chains also must support operations in very austere and high risk environments. Research

into how this high cost (and risk) of transportation to these geographically isolated locations affects AM

employment. These hard to reach locations, may not be the ideal location for a decentralized AM machine

con�guration based on demand patterns however, the very high cost of transportation to reach these sites

may play a large role in the decision making process. In addition, austere military locations may have limited

inventory capacity and / or limited transportation capacity during re-supply; investigating such scenarios

may be useful.

In military operations, de�ning the criticality of parts and the penalty cost associated with backorders is

much more complicated. While the military is concerned with budgetary restrictions, during combat opera-

tions readiness and personnel safety are often the priority. Exploring the `cost' of readiness and associated

trade-offs is an interesting concept unique to military operations.

Our research focused on a network structure with �xed node locations and stationary demand. An

interesting research area to explore is a network with dynamic node locations. A dynamic network structure

could represent a mobile military unit that changes their location over the course of an operation. Useful

research may explore these scenarios as to when and where AM machine should be relocated in order to

appropriately support the mobile unit as they progressively move farther away. Additionally, exploring both a

dynamic customer and a dynamic AM production machine (in terms of location) may be another fascinating

research area.

52



BIBLIOGRAPHY

[Abb15] Abbink, R. “The Impact of Additive Manufacturing on Service Supply Chains”. Rapid
Prototyping Journal 24.7 (2015), pp. 1178–1192.

[Bas19] Basto, J. et al. “Optimal Design of Additive Manufacturing Supply Chains”. Proceedings
of the International Conference on Industrial Engineering and Operations Management
(2019).

[Boy08] Boyland, J. et al. “Classi�cation for forecasting and stock control: a case study”. Journal
of the Operational Research Society 59.4 (2008), pp. 473–481.

[Bus18] Busachi, A. et al. “Additive manufacturing applications in Defence Support Services:
current practices and framework for implementation”. International Journal of System
Assurance Engineering and Management 9.3 (2018), pp. 657–674.

[Cos16] Costabile, G. et al. “Cost models of additve manufacturing: A literature review”. Interna-
tional Journal of Industrial Engineering Computations 8.2 (2016), pp. 263–282.

[Cro72] Croston, J. “Forecasting and Stock Control for Intermittent Demand”. Operations Re-
search Quarterly 23.3 (1972), pp. 289–303.

[Def18] Defense Science Board.Task Force on Survivable Logistics: Executive Summary . Technical
Report, https: // apps.dtic.mil / docs/ citations / AD1064537, 1–29. 2018.

[FM99] Fortuin, L. & Martin, H. “Control of Service Parts”. International Journal of Operations &
Production Management 19.9 (1999), pp. 950–971.

[Fre19] Freedberg, S.Army's 3D Printing Hub Will Be Rock Island: Gen. Perna . https: // breakingdef
ense.com/ 2019/ 10/ armys-3d-printing-hub-will-be-rock-island-gen-perna / . 2019.

[Gao15] Gao, W. et al. “The staus, challenges, and future of additive manufacturing in engineering”.
Computer-Aided Design 69 (2015), pp. 65–89.

[Gha18] Ghadge, A. et al. “Impact of additive manufacturing on aircraft supply chain performance:
A system dynamics approach”. Journal of Manufacturing Technology Management 29.5
(2018), pp. 846–865.

[Hol10] Holmstrom, J. et al. “Rapid manufacturing in the spare parts supply chain Alternative
approaches to capacity deployment”. Journal of Manufacturing Technology Management
21.6 (2010), pp. 687–697.

[Hui01 ] Huiskonen, J. “Maintenance spare parts logistics: Special characteristics and strategic
choices”. International Journal of Production Economics 71.1 (2001), pp. 125–133.

[Kha14] Khajavi, S. et al. “Additive manufacturing in the spare parts supply chain”. Computers in
Industry 65.1 (2014), pp. 50–63.

53



[Kha18] Khajavi, S. et al. “Additive manufacturing in the spare parts supply chain: hub con�gura-
tion and technology maturity”. Rapid Prototyping Journal 24.7 (2018), pp. 1178–1192.

[Kha20] Khajavi, S. et al. “Impact of Additive Manufacturing on Supply Chain Complexity”. Pro-
ceedings of the 53rd Hawaii International Conference on System Sciences (2020).

[KH06] Kostenko, A. & Hyndman, R. “A note on the categorization of demand patterns”. Journal
of the Operational Research Society 57.10 (2006), pp. 1256–1257.

[KP16] Kourentzes, N. & Petropoulos, F. Intermittent Time Series Forecasting (Package: tsinter-
mittent) . R package version 1.9. 2016.

[Li18] Li, Y. et al. “The in�uence of additive manufacturing on the con�guration of make-to-
order spare parts supply chain under heterogeneous demand”. International Journal of
Production Research 57.11 (2018), pp. 3622–3641.

[Liu14] Liu, P. et al. “The impact of additive manufacturing in the aircraft spare parts supply chain:
supply chain operation reference (scor) model based analysis”. Production Planning &
Control 25.13–14 (2014), pp. 1169–1181.

[Mar10] Martin, H. et al. “Integrating the spare parts supply chain: an inter-disciplinary account”.
Journal of Manufacturing Technology Management 21.2 (2010), pp. 226–245.

[Moo18] Moore, T. et al. “Simulation-based Evaluation On Integrating Additive Manufacturing Ca-
pability In A Deployed Military Environment”. Proceedings of the 2018 Winter Simulation
Conference (2018). M. Rabe, A.A. Juan, N. Mustafee, A. Skoogh, S. Jain, and B. Johansson,
eds., https:// repository.lib.ncsu.edu / handle / 1840.20/ 36302, pp. 3721–3729.

[Off17] Of�ce of the Under Secretary of Defense for Acquisition, Technology, and Logistics. FY
2017 Additive Manufacturing Report to Congress . Technical Report. 2017.

[Pel05] Peltz, E. et al.Sustainment of Army Forces in Operation Iraqi Freedom: Battle�eld Logistics
& Effects on Operations . RAND Corporation, Accessed 5 Feb 2020, https: // www.rand.
org/ pubs/ monographs / MG344.html. 2005.

[Pel18] Peltz, E. et al. 3D Printing and Additive Manufacturing State of the Industry Annual
Worldwide Progress Report . Wohlers Associates. 2018.

[Pet14] Petropoulos, F. et al. “'Horses for Courses' in demand forecasting”. European Journal of
Operational Research 237.1 (2014), pp. 152–163.

[Pet16] Petropoulos, F. et al. “Another look at estimators for intermittent demand”. International
Journal of Production Economics 181 (2016), pp. 154–161.

[Pig18] Piggee, A. “The Army's New Start-Up”. Army Sustainment 50.5 (2018), pp. 3–4.

[Reu17] Reuters. Printed titanium parts expected to save millions in Boeing Dreamliner costs . Ac-
cessed 10/ 30/ 2019, https:// www.reuters.com / article / us-norsk-boeing-iduskbn17c264.
2017.

54



[Saa16] Saalmann, P. et al. “Decision Support for a Spare Parts Supply Chain Coordination Prob-
lem: Designing a Tactical Collaborative Planning Concept”. International Federation of
Automatic Control 49.12 (2016), pp. 1056–1061.

[Sec19] Secretary of the Army. Army Directive 2019-29: Enabling Readiness and Modernization
Through Advanced Manufacturing . 2019.

[Spa14] SpaceX.SpaceX Launches 3D-Printed Part to Space, Creates Printed Engine Chamber . Ac-
cessed 30 October 2019, https:// www.spacex.com/ news/ 2014/ 07/ 31/ spacex-launches-
3d-printed-part-space-creates-printed-engine-chamber-crewed. 2014.

[Sta19] Statasys.Developing Flight-Ready Production Hardware with Laser Sintering . Technical
Report, https: / / www.stratasysdirect.com / resources/ case- studies/ selective- laser-
sintered-ecs-ducts-bell-helicopter. 2019.

[Syn01] Syntetos, A. Forecasting of Intermittent Demand . PhD Dissertation, Business School,
Buckinghamshire Chilterns University College, Brunel University. 2001.

[SB05a] Syntetos, A. & Boylan, J. “On the bias of intermittent demand estimates”. International
Journal of Production Economics 71.1 (2005), pp. 457–466.

[SB05b] Syntetos, A. & Boylan, J. “The accuracy of intermittent demand estimates”. International
Journal of Forecasting 21.2 (2005), pp. 303–314.

[SK09] Syntetos, A. & Keyes, M. “Demand categorisation in a European spare parts logistics
network”. International Journal of Operations & Production Management 29.3 (2009),
pp. 292–316.

[Syn05] Syntetos, A. et al. “On the categorization of demand patterns”. Journal of the Operational
Research Society56.5 (2005), pp. 495–503.

[Syn06] Syntetos, A. et al. “Reply to Kostenko and Hyndman”. Journal of the Operational Research
Society 57.10 (2006), pp. 1257–1258.

[Uni16 ] United States Government Accountability Of�ce. Army Industrial Operations Could
Improve Budgeting and Management of Carryover . Technical Report, https: // www.gao.
gov/ assets/ 680/ 677980.pdf. 2016.

[Uni19 ] United States Government Accountability Of�ce. High Risk Series: Substantial Efforts
Needed to Achieve Greater Progress on High-Risk Areas: DOD Supply Chain Management .
Technical Report, https: // www.gao.gov/ products / GAO-19-157sp. 2019.

[Wad19] Wade, Z. et al. “Convergent set-based design for complex resilient systems”. Environment
Systems and Decisions 39.2 (2019), pp. 118–127.

[Wil01] Willemain, T. et al. “System and method for forecasting intermittent demand” (2001).
Patent 6205431 B1, USA, 2001.

[Wil04] Willemain, T. et al. “A new approach to forecasting intermittent demand for service parts
inventories”. International Journal of Forecasting 20.3 (2004), pp. 375–387.

55



[Wil05] Willemain, T. et al. “Author's response to Koehler and Gardner”. International Journal of
Forecasting 21.3 (2005), pp. 619–620.

[Win04] Winston, W. Operations Research: Applications and Algorithms . 4th ed. 890–897, 1022–
1023. Belmont, CA: Brooks/ Cole, 2004.

56



APPENDICES

57



APPENDIX

A

DEMAND JUSTIFICATION AND

GENERATION

A.1 Demand Value Justi�cation

The range ADI and C V 2 values that we explore in our experimentation are grounded in previous academic

research and real world data sets. We not only want to explore within vicinity of the demand classi�cation `cut-

off' values proposed by Syntetos & Boylan [SB05b], but must consider larger values that may be representative

of real-world scenarios. Syntetos [Syn01] notes that exploration of ADI values less than or equal to 10 is

justi�ed based on academic literature (Watson, 1987; Willemain et al 1994; Johnston and Boylan, 1996).

To further understand a range of appropriate values, we consider two real world data sets that have been

used in previous intermittent demand research. The �rst data set is the demand history for 3000 SKUs from

the automotive industry and researched by Syntetos & Boylan [SB05b] and Syntetos et al. [Syn05]. The second

is the demand for 5000 SKUs from the Royal Air Force over a period of 7 years Syntetos & Keyes [SK09]. The

ADI and C V 2 for the two aforemention data sets were calculated from the descriptive statistics found in the

work by Petropoulos et al. [Pet16]. The calculated values from the automotive data-set ranged from ADI: 1.04 –

2 and C V 2: 0 – 0.37. For the Royal Air Force dataset the calculated vales were, ADI: 3.82 – 24 and C V 2: 0 – 1.71.

A third data set, is 10,000 SKUs of demand data from the United States Army over a period of three months

during Operation Iraqi Freedom (OIF) [Pel05]. The 10,000 SKUs are a subset from this much larger data set

which represent the 10,000 most ordered products over a three month time period. Values from this data

set ranged from ADI: 1 – 12 and C V 2: 0 – 51 (Figure A.1). The values above are the extremes; for clearer

understanding of the data we look at the 95th percentile which for ADI is 9.2 and C V 2 is 5.4. Note that, 96%

of the SKUs from this data set are categorized within the erratic and lumpy classes. The inherent nature of the
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demand characteristics in these categories make forecasting and inventory control quite challenging and

further highlights the potential bene�ts of AM introduction in the supply chain.

Based on our �ndings, we will explore in detail ADI values from 1 – 5 and C V 2 values ranging from 0 –

5. A step size of .2 will be used. Note: In order to understand the extremes of the entire state-space, we did

brie�y explore values up to 10. These results can be found in Figure C.3.

Figure A.1 Demand Classi�cation of the 10,000 most ordered SKUs from Operation Iraqi Freedom (OIF)
data set [Pel05]. SKU categorization: 3 Smooth, 1,839 Intermittent, 270 Erratic and 7888 Lumpy. Note: Axes
are limited at 10. Values lie outside this range and are not pictured.

A.1.1 Demand Generation

Much like the procedure used in the generation of historical demand data, we will generate demand realiza-

tions to evaluate network performance. When generating demand realizations we speci�cally control the

ADI, C V 2 and mean demand quantity (when nonzero demand occurs). It is important to note our speci�c

methodology in this generation process. The purpose of our experimentation is to understand how demand

characteristics affect decision making; the underlying demand patterns are our focus. In order to draw com-

parisons, we must ensure the total demand generated in each scenario is similar, with the only difference

being the characteristics of demand.

To illustrate the importance of `normalizing' the demand quantity for use in experimentation, consider

the example in Figure A.2. For this example, the objective is to compare network performance for `smooth'

and `intermittent' product demand. When generating the demand, we choose the appropriate ADI and C V 2

values and set the average demand to 3. In generating a single demand realization, we can see that the total
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amount of demand that is generated over the time horizon is different between the demand classi�cations.

This difference in total demand quantity is expected as the the ADI between the two classi�cation categories is

different. The smooth demand class, has a lower ADI and therefore more overall nonzero demand observations,

resulting in a higher total demand.

It would not be a valid experiment to try and compare the performance when the network is given vastly

different demand quantities. To address this issue and ensure the total quantity of demand is similar and only

the underlying demand characteristics differ, we simply adjust the average demand before generating the

demand realization. We multiply the average demand by the ADI and as a result, when demand is generated,

the total quantities are now similar and comparisons can be made.

Figure A.2 Adjusting the total demand quantity for different ADI and C V 2 value combinations.

A.1.1.1 The Process of Simulating Demand

For all experiments in Chapter 4 of this research, the demand is generated in the same manner. Each SL

generates a demand stream, for each of their products, based on the ADI and C V 2 values of interest and then

aggregated upstream at the DC. From the perspective of the DC, the total demand quantity is often quite

large and frequent.

To explore scenarios where the demand quantity is much lower and intermittent, we will apply another

demand generation procedure. This alternate demand generation procedure is only used when referenced

in our work. Here we generate a single demand stream for only a single product, then randomly assign the

demand to the service locations. This method ensures the demand, from the perspective of the DC, has

the exact characteristics that we desire. With this method, we essentially explore much smaller demand

quantities and remove the affects of aggregation on the demand characteristics. This method and the resulting

characteristics of demand for the individual SLs, after the demand is distributed out, is displayed in Figure A.3.
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Figure A.3 Displays two examples (top and bottom) of the process of generating a single demand stream
and distributing the associated demand out to the service locations. The generated demand parameters
and the resulting SL demand characteristics are displayed. Note: The SL characteristics of demand are the
average of 500 sample paths.
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APPENDIX

B

ALTERNATE NETWORK WITH

EXPEDITED & LATERAL SHIPPING

B.1 Alternate Network Structure

In the evaluation of the alternate network the overall procedure is the same, only a few minor changes to

the overall network logic and assignment sub-problem are made (Figure B.1). Previously, valid downstream

transportation routes ( i,i” ) were from TM plants to DCs followed by DCs to SLs; this is the only way that

product could �ow through the network. Now, as we evaluate network performance, we add two additional

valid routing structures to represent `emergency' or `contingency' operations which are displayed in Figure

B.2 and explained below.

First, we enable expedited transportation of product through the network from the TM plant to the SLs.

This expedited routing structure (ie. UPS overnight shipping) is used when there is not enough inventory

stockage on hand or AM capacity to satisfy demand and a backorder is generated. The intent of this method is

to improve customer service level and not have a customer wait for the normal production and transportation

process which may be quite lengthy. The expedited routing structure delivers the product from the TM to the

SL in a reduced number of time periods, but at a higher cost than the standard routing structure. The values

for these parameters are set to a lag time of 5 and a cost of $100. There is a limit to the number of products

that could be expedited through the network and we set the capacity to 3 parts per period. If no limit were

placed, every time a backorder occurred it would be expedited, which is not realistic behavior.

Second, we add the capability for DCs to `laterally transfer' products to each other. If a SL generates

demand and the DC serving that SL does not have inventory in stock to satisfy the demand, the model will

seek alternate sourcing solution from other DCs. Since every DC does not service every SL, this `contingency'
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Figure B.1 High level pseudo code describing the Monte Carlo simulation / evaluation of the alternate
network. Assignment sub-problem changed to include expedited and laterally transferred parts.

routing of product between DCs serves as a higher cost, faster time sourcing solution in the event of a

backorder. The time lag for transferring product is 1 day and the cost remains $25.

This expedited and lateral routing process in only used in the evaluation code because we want to simulate

`real world' supply chain practices. As it is a contingency, we do not plan to use expedited / lateral transfer

when determining our optimal inventory policy because that would not make sense. In the planning phase,

we would never count on expedited / lateral transfer of products, instead we would just increase our inventory

stockage it altogether.

B.2 Mathematical Model: Changes for Expedited Network

In order to model the expedited transport (from TM to SL) and lateral transfer (from DC to DC) of parts, a few

additions to the optimization assignment sub-problem in the evaluation methodology are required. Several

new variables are introduced to represent the expedited and laterally transferred part �ows and the �ow

balance constraints are updated to include these new arcs. The time index from the mathematical formulation

can be omitted since we evaluate the network performance a single time period at a time, however it remains

in the formulation below to keep the model more general. Only additions and / or changes to the model are

de�ned in this section, reference Section 3.4.2 for a description of previously used variables.

Decision Variables
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Figure B.2 Alternate evaluation network. Dashed lines represent the additional arcs for expedited shipping
and lateral transfer of parts.

TMproduceEXPi t g quantity of part g expedited produced in period t at location i 2 P

transEXPi i 00t g �ow of part g expedited from location i 2 P to i 002 SL in period t

LatTrans i j t g quantity of part g laterally transferred between DCs period t

LateralTransFLOW i i 00t g quantity of laterally transferred part g sent to location i 002 SL in period t

Given Data

c transEXP
i i 00t g cost for expedited transport of part g from location i 2 P to i 002 SL in period t

cLatTrans
i j t g cost for lateral transfer for part g from location in i to j 2 D C in period t

EXPCapacityi i 00t g expedited transport capacity for part g from location i 2 P to i 002 SL in period t

LateralCapacity i j t g lateral transfer capacity for part g from i to j 2 D C in period t

Index Use

i , j 2 N node locations

Objective Function
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X

i 2P

X

T

X

G

cprod (TM )
i t g TMproduceEXPi t g +

X

N

X

T

X

G

c transEXP
i i 00t g transEXPi i 00t g +

X

N

X

T

X

G

c trans
i i 00t g trans i i 00t g +

X

i 2f D C ,SLg

X

T

X

G

c inv
i t g inv i t g +

X

i 2f D C ,SLg

X

T

X

G

cprod (AM)
i t g AMproduce i t g +

X

i , j 2D C

X

T

X

G

cLatTrans
i j t g LatTrans i j t g +

X

N

X

T

X

G

c trans
i i 00t g LatTransFLOW i i 00t g +

X

i 2SL

X

T

X

G

cbackorder
i t g backorder i t g (B.1)

s.t.

TMproduceEXPi t g =
X

i 002SL

transEXPi i 00t g 8 i 2 P, t 2 T, g 2 G (B.2)

inv i ,(t +1),g = inv i t g + AMprod i t g �
X

i 002SL

trans i i 00t g +

X

j 2D C , j 6= i

LatTrans j i t g �
X

j 2D C , j 6= i

LatTrans i j t g �
X

i 002SL

LatTransFLOW i i 00t g 8 i 2 D C , t 2 T, g 2 G (B.3)

X

i 002SL

LatTransFLOW i i 00t g =
X

j 2D C , j 6= i

LatTrans j i t g 8 i 2 D C , t 2 T, g 2 G (B.4)

inv i ,(t +1),g = inv i t g + AMprod i t g +
X

i 02D C

trans i 0i t g �

deliveredi t g +
X

i 02D C

LatTransFLOW i 0i t g +
X

i 02P

transEXPi 0i t g 8 i 2 SL, t 2 T, g 2 G (B.5)

backorder i ,(t +1),g = backorder i t g + demand i t g � deliveredi t g 8 i 2 SL, t 2 T, g 2 G (B.6)

AMprod i t g � AMcapacity i t g ei t g 8 i 2 f D C ,SLg, t 2 T, g 2 G (B.7)
X

G

ei t g = 1 8 i 2 f D C ,SLg, t 2 T, g 2 G (B.8)

B.3 Model Summary

B.3.1 Objective Function

The objective B.1 seeks to minimize the total cost by selecting the optimal allocation of product to meet the

SL demand requirements.

B.3.2 Flow Balance Constraints

In Constraint B.2, we model the expedited production and shipping of parts from the TM directly to the

SLs. We account for the lateral transferring of products between distribution centers through the addition of

several variables in Constraint B.3. We also, 'keep track' of these laterally transferred products and ship them

separately to the SLs using LatTransFLOW i 0i t g . In conjunction with Constraint B.4, we use this variable to

ensure any parts that are laterally transferred are immediately shipped to the SLs. This prevents the model

from laterally transferring product between DCs for the sole purposes of up increasing inventory stockage.
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B.4 Results

When looking at the results, we see a large quantity of scenarios where there are zero backorders. This is a

result of the models improved capability to either expedite or laterally transfer parts. The subjective nature of

the capacities for these input parameters and the sensitivity of the model to them is what led us to remove

this capability from the main experiments. These aspects add realism to the network however, more research

is required as to appropriate values for these variables.

B.4.1 Tradeoffs between AM Con�gurations

Figure B.3 Monte carlo simulation raw output results. Data points are grouped by each of the 32 network
con�gurations.

B.4.2 Value of AM
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Figure B.4 Performance results from Monte Carlo simulation. Results condensed by averaging the backo-
rders and total cost. Each network con�guration is represented by a single point on the graph.

Figure B.5 Average network performance organized by underlying classi�cation of demand.
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APPENDIX

C

FIXED INVENTORY POLICY

SUPPLEMENTAL RESULTS

C.1 ADI Increasing Scenario

Figures C.1 and C.2 represent the amount of AM produced for the distributed and centralized con�gurations.

Note the scale on the Figures if conducting comparison.

Figure C.1 Percentage of total demand that was produced via AM in the distributed con�guration. Fixed
Inventory Policy, ADI Increasing Scenario.
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Figure C.2 Percentage of total demand that was producted via AM in the centralized con�guration. Fixed
Inventory Policy, ADI Increasing Scenario.

Figure C.3 The statistically signi�cant best performing network con�guration, in terms of lowest average
backorders, across all C V 2 and ADI value combinations from 0–10. (Parameters: �xed inventory policy,
ADI increasing).

C.2 CV2 Increasing Scenario
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Figure C.4 The best performing network con�guration, in terms of lowest average backorders, across all
C V 2 and ADI value combinations from 0-10. (Parameters: �xed inventory policy, C V 2 increasing). Left:
Raw output. Right: Adjusted for statistical signi�cance.

70



APPENDIX

D

SENSITIVITY ANALYSIS

D.1 Changing Cost Data

Figure D.1 Moderate Cost Tradeoff Analysis. Left: Raw output from Monte-Carlo simulation for all 32
network con�gurations (backorders vs. total cost). Right: Average performance of all con�gurations. In-
put parameters as follows: Demand Realizations = 50, AM Capacity = 1, Average Demand = 3, Product =
3,`Moderate cost' values from Figure 3.1.
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Figure D.2 High Cost Tradeoff Analysis. Left: Raw output from Monte-Carlo simulation for all 32 network
con�gurations (backorders vs. total cost). Right: Average performance of all con�gurations. Input parame-
ters as follows: Demand Realizations = 50, AM Capacity = 1, Average Demand = 3, Product = 3, `High cost'
values from Figure 3.1.

D.2 Changing Time Horizon

Figure D.3 30-day time horizon. Comparison of Network Con�guration Performance. Input parameters as
follows: Demand Realizations = 500, AM Capacity = 4, Average Demand = 3, Product = 1, Demand stream
= 1.
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Figure D.4 60-day time horizon. Comparison of Network Con�guration Performance. Input parameters as
follows: Demand Realizations = 500, AM Capacity = 4, Average Demand = 3, Product = 1, Demand stream
= 1.

Figure D.5 120-day time horizon. Comparison of Network Con�guration Performance. Input parameters
as follows: Demand Realizations = 500, AM Capacity = 4, Average Demand = 3, Product = 1, Demand
stream = 1.

D.3 Changing Number of Demand Realizations

Figure D.6 50 realizations of demand in Monte-Carlo Simulation. Comparison of Network Con�guration
Performance. Input parameters as follows: Time Horizon = 60, AM Capacity = 4, Average Demand = 3,
Product = 1, Demand stream = 1.
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Figure D.7 100 realizations of demand in Monte-Carlo Simulation. Comparison of Network Con�guration
Performance. Input parameters as follows: Time Horizon = 60, AM Capacity = 4, Average Demand = 3,
Product = 1, Demand stream = 1.

Figure D.8 250 realizations of demand in Monte-Carlo Simulation. Comparison of Network Con�guration
Performance. Input parameters as follows: Time Horizon = 60, AM Capacity = 4, Average Demand = 3,
Product = 1, Demand stream = 1.
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Figure D.9 500 realizations of demand in Monte-Carlo Simulation. Comparison of Network Con�guration
Performance. Input parameters as follows: Time Horizon = 60, AM Capacity = 4, Average Demand = 3,
Product = 1, Demand stream = 1.

D.4 Demand Volume and Relative AM Capacity

For a given AM capacity, comparing performance for increasing demand volumes highlights the tradeoffs

between centralized and distributed con�gurations. As demand volume increases, and more speci�cally as

the relative gap between demand volume and AM production capacity increases, the bene�ts of pooling

become more apparent through the increasing regional dominance of the centralized con�guration as seen

in Figures D.10, D.11 and D.12.

Figure D.10 Comparison of Network Con�guration Performance for a �xed AM machine capacity of 4
parts per period and increasing demand volume. Left: low demand volume (average demand of 1). Center:
moderate demand volume (average demand of 3). Right: High demand volume (average demand of 8).
Input parameters are as follows: Time Horizon = 60, Demand realizations = 500, AM Capacity = 4, Product
= 1, Demand stream = 1.
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