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Abstract of Praxis

Predicting KC-135R Aircraft Availability with Aircraft Metrics

The National Security Strategy through the National Defense Strategy highlights
the need for the United States Air Force to provide an aircraft fleet that is ready to
respond to the Nation’s needs. The KC-135R Stratotanker is a multifunction slim body
aircraft that provides air refueling and airlift for the United States’ war and peacetime
requirements, which demand a certain level of availability. As the KC-135R fleet ages,
the aircraft availability rate degrades due to high demand use, stress, and the age of the
equipment. Preventative and corrective maintenance is designed to return the aircraft to
an available state to meet mission requirements, but the United States Air Force continues
to fail at meeting all requirements communicated by commanders for KC-135R air
refueling and airlift. Focusing on aircraft metrics can enable a prediction model of aircraft
availability and provide the unit commanders the tools for data influenced decisions. The
analysis of historical aircraft maintenance and flight metrics will show a correlation
between tracked metrics and aircraft availability, thus the ability to predict a future
availability rate. Furthermore, analyzing the data with machine learning techniques will
improve prediction accuracy by evaluating the variable importance and will make
inferences learned from mining the data that are otherwise difficult to model in a complex
system of systems.

keywords: Availability, Factor Analysis, Machine Learning, Prediction, Data

Influenced Decisions, System of Systems
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Chapter 1—Introduction
1.1 Background

The National Security Strategy is the preeminent document from which United
States Defense Strategy is derived. The military, as a part of the defense of the United
States, plays a crucial role in the overall security of the United States. The National
Security Strategy highlights that “to retain military overmatch the United States must...
restore the readiness of our forces for major war” (Trump, 2017). The National Defense
Strategy expounds upon the National Security Strategy to uniquely address the approach
of the Department of Defense by defining its first line of effort in “rebuilding military
readiness as we build a more lethal joint force” (Mattis, 2018). Readiness is a critical
thread for the United States’ strategy. Furthermore, Secretary Mattis defined that
readiness level to be 80% Mission Capable for specific fighter aircraft by the end of 2019
in his memo to the military department secretaries on September 17, 2018. The
importance of military readiness cannot be overstated.

Readiness for the military is very similar to the profit margin of a private
company. The more the military, specifically the Air Force for this praxis, can consider
themselves ready for a mission need (mission capable), the better the Air Force is
performing with respect to readiness. The Department of Defense “broadly defines
readiness as the ability of U.S. military forces to fight and meet the demands of the
National Military Strategy, which describes the armed forces’ role in achieving national
security objectives” (Trunkey, 2013, p. 1). The Air Force achieves national security
objectives by having an available fleet to meet air tasking orders and project a proficient

pilot force. Readiness can be described as it relates to personnel levels, training



proficiency, and equipment status. Aircrafts are considered equipment and aircraft
availability measures readiness of the aircraft fleet. A Government Accountability Office
report on Air Force Readiness specifically notes that “Air Force aircraft availability has
been limited by challenges associated with aging aircraft, maintenance, and supply
support” (2018, p. 7). It is not practical to replace all aging aircraft due to competing
priorities, political climate, and fiscal responsibility of the United States Government,
thus the other areas should be evaluated to improve aircraft availability.

A generalized expectation for all systems is that availability reduces as the system
or equipment ages and that degradation is considered a consequence of age. Cassady et
al. (2005, p 566) found that “the equipment availability performance degrades over time,
rather than achieving some steady-state value”. Although the model provided by Cassady
et al. does not include preventative maintenance and repaired components extending the
life of a system, the underlying theme as it relates to this praxis is a degradation of
aircraft availability as the system is used throughout its lifecycle. Preventative
maintenance and component repair help prolong the life and improve the availability of
aircraft, whereby newer components can reduce the worn subcomponents, resulting in
better availability. The two areas on which to focus are effective management of
scheduling maintenance actions and resources, given frequent replacement of aircraft is
not pragmatic.

The United States Air Force organizes its maintenance units to perform the core
function of maintenance and considers maintenance to be inherently production-oriented
(AFTTP, 2015, 2-3). As such, the focus of those units is equipment readiness and

availability. Air Combat Command Instruction 21-118 defines aircraft availability as



“percentage of a fleet that is in a Mission Capable condition and is not in a Depot
possessed status or Unit Possessed Non Reportable (UPNR) possession.” A Mission
Capable (MC) condition is a status in which the aircraft can perform one of its assigned
mission sets. Mission Capable is decomposed into Fully Mission Capable (FMC) and
Partial Mission Capable (PMC). The Air Force further breaks down PMC into specific
categories identifying whether the status is attributed to maintenance, supply, or both
maintenance and supply, hence: PMCM for maintenance, PMCS for supply, and PMCB
for both maintenance and supply. With respect to availability, any PMC condition
satisfies the criteria of being Mission Capable in addition to the aircraft being FMC. In
contrast to being mission capable, the Air Force tracks the status of being Not Mission
Capable (NMC) and further categorizes the status attributed to maintenance, supply or
both: NMCM, NMCS, and NMCB respectively. The sum of the hours the aircraft is
FMC, PMC, or NMC will equal the number of hours it is active in the inventory and the
rates associated with the statuses is a percentage of the whole.

In addition to aircraft mission capable status, the types of maintenance actions are
also analyzed by categorizing those as unscheduled or scheduled. Those are identified by
adding an additional U or S to the aforementioned NMCM acronyms resulting in
NMCMU or NMCMS. Breaking the status into scheduled and unscheduled maintenance
allows the analysis of system availability attributed to preventative maintenance or
reactionary maintenance actions. Lastly, with respect to status, the possession of the
aircraft is recorded and refers to the unit performing the maintenance actions or the major

overhaul facility, depot, performing the repairs. These statuses and possessions aid



maintenance analysts in determining trends and common themes with respect to aircraft
availability.
1.2 Research Motivation

The KC-135R Stratotanker is a 4 engine slim body aircraft with 2 primary
missions: air refueling and airlift. The aircraft is based on a Boeing 707 airframe (Figure
1-1) with a gross takeoff weight of 322,500 pounds. The plane has been in the United
States Air Force’s inventory for more than 60 years and the current average age of the
396 KC-135R in the inventory is 56.94 years in operation. Additionally, the average

number of flight hours per aircraft is 22,968.94 hours (United States Air Force, 2018).

Figure 1-1. KC-135R Stratotanker (USAF, 2018)

News outlets such as the Air Force Times have reported on availability concerns
on all aircraft in the United States Air Force inventory which includes the KC-135R
Stratotanker. In a notable April 2, 2017 article, “Growing readiness woes: Only 7 in 10
Air Force planes are ready to fly,” Stephen Losey shows data that presents the 396 KC-

135 fleet reducing its mission capable rate from 75.7% in fiscal year 2014 to 74.1% in
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fiscal year 2016; this trend has maintained to the present, reducing another 1-2%. Based
on the data collected from the Air Force’s Logistics Installations and Mission Support -
Enterprise View (LIMS-EV) system, the Air Force spent 1.8 billion dollars in fiscal year
2017 on availability actions and only achieved an aircraft availability rate of 64.30%.
The availability rate reveals the problem that only 3 out of 5 aircraft can perform a
mission when the United States has the requirement. Real time mission data is classified
but the assumption of this praxis is the need exceeds the availability of aircraft.

The KC-135R Stratotanker is old and, as Cassady et al. remarks, availability will
continue to degrade as age increases. Aircraft age can be measured in both physical age
from production to present day and in hours flown. The KC-135R fleet’s average age in
2018 was approximately 57 years and almost 23,000 average hours flown per aircraft. Air
Mobility Command (Oct 12, 1999) is required to maintain the KC-135R in service until
2040, at which time the average age of the fleet will be close to 80 years. Much like an
automobile, the number of hours flown by an aircraft engine is also a criterion for
evaluating the integrity of the air vehicle, along with the production date. The United
States Air Force must perform maintenance and replace components to extend the life of
the equipment in addition to adding capabilities as the nature of warfare changes, thus
impacting availability.

The course of action to extend the life of the aircraft to 2040 is maintaining the
aircraft in order to increase the years the equipment is viable. O’Malley describes that
each component provides an improvement to the availability of the aircraft. He uses this
to create a model to prioritize purchases of components, but the principle remains that

maintenance actions and component repair improve availability when age cannot be



changed. Use of the system will continue degrading the availability, and the aircraft
metrics captured through current maintenance practices can predict future aircraft health.
Therefore, it is logical to assume that analyzing aircraft metrics to determine the main
factors influencing aircraft availability and focusing on improving those factors can
improve availability. The ability to predict aircraft availability provides the Air Force
leaders with the means to make better choices and tradeoffs.
1.3 Problem Statement

As the Air Force KC-135R fleet ages, the aircraft availability rate to fulfill

mission demand has declined.
1.4 Thesis Statement

By analyzing aircraft metrics for the KC-135R Stratotanker, factors will be

identified so the Air Force can predict aircraft availability.
1.5 Research Objectives

The objective of the research was to determine a prediction of aircraft availability
for the KC-135R aircraft within the United States Air Force by showing the interaction
between the captured aircraft metrics and Aircraft Availability (AA) rates. In addition,
the focus of the research was to determine the factor influence on Aircraft Availability in
order to provide a hierarchy or rank of which have the greatest influence on availability.
This ranking of factors can provide decision makers and commanders the ability to make
choices based on that insight to improve availability to meet the needs of the United

States.



1.6 Research Questions and Hypotheses

Three concepts in evaluating systems are linked but also very distinct in
definition. Maintainability, Reliability, and Availability describe different attributes of a
system but are connected in how they characterize the system performance.
Maintainability is a measure of how easy a system is to maintain. Reliability is the
probability that a system will operate as intended during a specific timeframe.
Availability is the measure of a system’s ability to perform the intended use on demand
(Air Force, 2015, p. 6-16). Maintainability and reliability affect the expected availability
of a system. When a system or subsystem fails, the maintainability of the system dictates
a faster or slower repair to return the system to an available state. The length of time
between failures of components, subsystem, and system provide the expectation of
reliability and equate to a fluctuation between available and unavailable status. The
praxis research questions explored these concepts, maintenance practices, and aircraft
metrics as they relate to the KC-135R aircraft availability.

RQ1: How do aircraft metrics indicate future aircraft availability?

RQ2: Can machine learning algorithms provide an accurate prediction of aircraft

availability?

H1: Factors that influence on aircraft availability can be determined by analyzing

historical aircraft metrics.

H2: By using machine learning techniques on aircraft metrics, the Random Forest

technique will provide the most accurate prediction of aircraft availability.



1.7 Scope of Research

The research scope focused on current maintenance practices within industry and
the military. The maintenance practices are inextricably linked to the availability of
aircraft or other equipment in literature. Complex mechanical systems have similar
characteristics as they relate to maintenance practices, component degradation, and
statistical distribution of system failures, thus the ability to extrapolate for Aircraft
Availability. This research examined prediction of aircraft availability within the current
business processes of the United States Air Force aircraft maintenance domain and the
data that is routinely collected. The scope of the research used what exists for the United
States Air Force maintenance community to provide a tool for decision makers to address
aircraft availability as it pertains to readiness. The research did not address optimization
of the enterprise maintenance process, procedures, and policies which is a different scope
all together, although some of the analysis can be used for future optimization research.
1.8 Research Limitations

The ability to formulate accurate predictions is predicated on the data collected by
the United States Air Force in its daily operations. The praxis did not explore additional
data collection or aircraft metrics that are not employed during the research. In order to
provide decision makers tools for data they currently have at their disposal, additional
metrics were not addressed even though additional data collection may enhance the
accuracy of aircraft availability prediction. On that premise, this praxis accepts prediction
1s improved if component expected life is known or better estimated through component
analysis or onboard sensor data. This research acknowledges the advantage of these

elements when predicting but concluded that the United States Air Force would not



pursue onboard sensors for the KC-135R due to being cost prohibitive. In addition, there
may be data that is captured but not available for use due to concerns of National Security
or ability to locate the data in the scope of this research.
1.9 Organization of Praxis

This praxis is comprised of 5 chapters. The first is the Introduction which
addressed the background of the research and the problem to be evaluated. It includes the
research objectives, research questions, thesis, and hypotheses. Chapter two will provide
an extensive literature review covering United States Air Force maintenance policy,
availability literature, and approaches to address availability. In addition, the chapter will
cover previous research linking various criteria to availability within the United States
Air Force. The third chapter reveals the methodology for the evaluation from factor
analysis to machine learning. Chapter four displays the results from the data analysis and
the praxis culminates in chapter five where the significance of the data analysis,

contributions to the body of knowledge, and future research considerations is described.



Chapter 2—Literature Review

2.1 Introduction

Availability is not a new concept in literature and has been thoroughly researched.
This review of literature examines the policies and guidance on how the United States Air
Force performs maintenance and records maintenance metrics for analysis. Additionally,
the literature review explores where data driven methods have been used for
characteristics prediction of system and components within the aircraft system for both
civilian and military applications. Furthermore, the assessment was expanded to include
other complex systems and systems of systems that could provide insight on this praxis
research directly applicable to the United States Air Force and the KC-135R Stratotanker.

The literature revealed various approaches to improving availability however,
optimization of the system, policies, and procedures was prevalent throughout the
research. The focus of the research is from a prediction view of what influences
availability and how research in this area used the aircraft metric influences as an
attribute of availability. While optimization is relatable to prediction, this research used
optimization as more tangential review to find what factors influence availability, rather
than how to perfect the system. This section is organized based on availability influences
and how the Air Force manages maintenance: United States Air Force Maintenance and
Availability, Cost and Availability, Maintenance Policy and Availability, System Failure
and Availability, and Supply Chain and Availability.
2.2 United States Air Force Maintenance and Availability

The United States Air Force is an extension of political intent through the

presence of force and threat of war. The fifteenth century military strategist Publius
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Flavius Vegetius Renatus concluded that if you want peace, a nation must always prepare
for war (Reeve, 2004). The United States Air Force maintenance practices are designed
to make the force ready and available to go to war. United States Air Force Instruction
21-101 Aircraft and Equipment Maintenance Management (2015) gives the basic outline
for the service to generate mission ready aircraft, recover aircraft once they have
completed their mission, and repair aircraft to maintain an availability to meet
requirements. A generalized flow of assigning aircraft status is depicted in the following

figure 2-1.

) BT

Aircraft Lands with
discrepancy or
Inspection Due

Istt
mission
limiting?

Figure 2-1. Aircraft Status Process Flow

When an aircraft lands, the systems are evaluated for discrepancies or inspections that
may be due. The systems are evaluated if they are mission limiting and then by the
pacing discrepancy. If the pacing item is a maintenance action, supply item, or both, the

aircraft is assigned the status M, S, or B respectively.
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The status of the aircraft and equipment are captured in the maintenance
information systems for accounting and analysis (USAF, 2016, p. 12). The Air Force uses
the status of the aircraft as a direct computation for availability. To reiterate those
statuses from chapter 1:

Fully Mission Capable (FMC) — an aircraft is able to perform all of its assigned

missions

Partially Mission Capable (PMC) — an aircraft is able to perform some of its

assigned missions. This status is assigned an additional category to attribute the

condition to maintenance (M), supply (S), or both (B).

Non-Mission Capable (NMC) — an aircraft cannot perform any of its assigned

missions. This status is assigned an additional category to attribute the condition

to maintenance (M), supply (S), or both (B). In addition, this status is further
refined using unscheduled (U) and scheduled (S) for maintenance actions, and
whether the aircraft is airworthy.
Of those terms, both FMC and PMC statuses account for time an aircraft is available.
NMC is the complement capturing time the aircraft is unavailable. The Air Force has
very specific conditions that account for statuses and how that can be put into the systems
of record, a process described in technical order 00-20-1 (USAF, 2018).

Once the data is put into the maintenance information system, analysts are able to
calculate various metrics and trends or the system automatically generates metrics to
determine fleet health. Additionally, indicators for issues that exist (lagging) and
indicators for problems that might happen in the future (leading) are examined to provide

insight into trends or problems that exist. Air Combat Command Instruction 21-118
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qualifies that the analysts perform varying degrees of prediction to try and determine
changes to aircraft availability (USAF, 2018, p. 10) and encourages quantification of
impacts to mission availability. In order to regulate the maintenance practice of the
enterprise, the Fundamentals of Aircraft Maintenance (AFTTP 3-3) mandates techniques,
tactics, and procedures specifically designed to provide guidance for the execution of
fleet health across the Air Force (USAF, 2015). With all the guidance designed to provide
available aircraft, the issue remains that KC-135 availability must improve, thus it is
prudent to explore all areas that influence availability.
2.3 Cost and Availability

Cost is a major constraint for any operation. As money is a finite resource,
understanding how to extract the most availability value from a budget is of keen interest
in the aviation industry as well as the Department of Defense. There is an assumed cost
correlation to availability due to the amount associated with the various maintenance
actions and component procurement to bring the aircraft back to a useable state. T.J.
O’Malley (1983) found that there is a direct relation between an inventory of recoverable
spare components and aircraft availability rates. O’Malley asserts the cost of the
component is directly related to how much the system availability will improve.
However, the cost data (shown in figures below) for the KC-135R does not conclude that
spending more money on availability improves aircraft availability even when inflation is

taken into account.
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KC-135R Aircraft Availability Cost
$2,000,000,000.00
$1,800,000,000.00
$1,600,000,000.00
$1,400,000,000.00
$1,200,000,000.00
$1,000,000,000.00

$800,000,000.00
$600,000,000.00
$400,000,000.00
$200,000,000.00

$0.00
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Figure 2-2. KC-135R Aircraft Availability Cost (USAF, 2018)
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Figure 2-3. Aircraft Availability Cost vs Annual Aircraft Availability (USAF, 2018)
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The costs depicted in the figures include labor costs, parts, and management of the
maintenance process for the Air Force on the KC-135R.

Spending more money purchasing poor quality parts does not improve availability
if the components continuously fail, keeping the aircraft unavailable. There is a value
associated with the percentage of time a system is called to operate (McNichols and
Messer, 1971, p. 178). The value proposition associated with the price for additional
amount of time to failure of a component to continue to operate and the cost to achieve it
directly relates to the cost of availability. These value considerations are essential in new
system fielding such that underfunding supportability requirements directly impacts
operational availability (Cruyt and Ghobbar, 2014). It is easy to extrapolate that
supportability must be considered for legacy aircraft and appropriate funding be put in
place for components and maintenance actions. By extension, there is an optimal amount
of available personnel to maintain the system and a complementing maintenance policy
that can be evaluated against the cost of downtime (Ahmed and Schenk, 1978).

As components age, replacing failed or failing systems is inevitable. There is a
cost associated with scheduled and unscheduled maintenance actions. Literature shows
that multiple components of complex systems have competing risks of degradation and
wear (Wang and Phan, 2011, p. 771), hence the cost of repair when a system fails or
preventing a system failure varies by system and complexity. An absolute model of cost
would have numerous variables with respective distributions that have interactions with
other factors to determine a predictive cost of availability. As the system ages, the
magnitude of shock due to failure increases (Wang and Phan, 2011, p. 771) thus the cost

to repair increases. Ultimately, spending more does not necessarily improve availability
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when returning an aircraft to an available state requires repairing larger and more
complex issues as it ages.

An additional cost category to consider is the cost of induced errors from
improper or imperfect maintenance. Supplying the wrong component, a faulty
component, or human behavior during system repair injects a cost to the availability of
the system. After evaluating a population of 4,900 aircraft maintenance personnel, a
study concluded that in 96% of error occurrences, human behavior contributed to the
cause of the error (Hobbs and Williamson, 2003). Therefore, more money spent on
availability may not necessarily produce more availability but may mask an underlying
cause of unavailability.

2.4 Maintenance Policy and Availability

Policy sets the standards to perform maintenance for the Air Force. The policy
and procedures encompass scheduling maintenance activities, assigning a hierarchy of
tasks to be completed, the manner in which maintenance is executed, and methods to
repair aircraft. The overarching goal of maintenance practice is to ensure quality
equipment is available for use. This section reviews a large proportion of research
addressing the idea of optimizing scheduling and reducing errors in imperfect
maintenance to improve the quality of the system.

Addressing scheduling, the focus is optimizing maintenance actions to produce
the maximum amount of availability from the fleet (Mattila and Virtanen, 2011, p. 2544)
and research has used reinforcement learning to capitalize on machine capability.
Scheduling relies on resources available to perform the needed actions. Changing the

routes to optimizing maintenance resources is effective in commercial airlines ((Al-
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Thani, Ahmed, and Haouari, 2016, p. 29) but has limited applicability for the military
during contested environments and aircraft basing due to national defense. Models that
incorporate the actions needed and the personnel required to perform the task help leaders
make difficult decisions and tradeoffs for asset availability (Belien, Demeulemeester, De
Bruecker, Van Den Bergh, and Cardoen, 2013, p. 1032). One of the largest impacts to
scheduling is major overhaul maintenance at depot facilities. Intertwining complicated
routing problems to provide the fastest depot experience relies on appropriate scheduling
with component asset availability (Sarma, Ramchand, and Rao, 1977). However, actions
of the flight line and unscheduled maintenance activity directly impact aircraft
availability contrary to the Sarma, Ramchand, and Roa model assumptions that assume
no impact. Unscheduled maintenance activity adds confusions, adjusts priorities for
repairs, and strains the supply chain. Additionally, saving repair actions for the depot can
lengthen the time it takes to return an aircraft to operation causing a ripple in future plans.
Maintenance actions on the flight line introduce failures, extend the life of a
component, and regenerate aircraft. Human error leveraging machine learning can
provide approaches to aid decision makers. An assertion made by Cassady et al. insists
that equipment performance degrades overtime without ever achieving a steady state
value of availability (2005, p. 564). Furthermore, preventative maintenance and
component replacement extends the life of equipment because the virtual aging of the
system is decelerated. Ultimately, the “availability function merely sets the stage for
further analysis (e.g. maintenance planning)” (ibid, p. 567). Actions on a flight line are a

complex integrated system designed to deliver aircraft to the pilots; therefore, simplifying
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aspects through modeling can positively affect the maintenance policy, increasing system
effectiveness (Tillman and Chatterjee, 1975, p. 69) and availability.

Optimization of the flying schedule and maintenance schedule considers
requirements for pilot training, mission necessity, and maintenance demands. Much of
the literature reviewed examined this topic as a way to improve availability. Optimization
of scheduled events, such as commercial air schedules, is a far easier task than optimizing
a system with high uncertainty as it is with military flying operations. An integrated
framework that leverages inputs from multiple systems incorporating algorithms to
deconflict resource allocation, supply, and maintenance actions is a proactive approach to
mitigating unplanned events (Samaranayake and Kiridena, 2012). Another suggested
approach to increase system availability is improving the maintenance activity (Banerjee
and Bhide, 1981, p. 22). This is intuitive given the human error contribution previously
discussed; however, the concept is simple to state but not to implement.

Lead time to plan is crucial for rapid aircraft regeneration to an available status.
Statistical distributions for mechanical failures, avionics failures, repair time, logistics
delays, and missions are well researched and can be incorporated into simulations that
estimate availability (Upadhya and Srinivasan, 2012). Artificial intelligence was
incorporated into decision making by leveraging historical records combined with
statistical distributions. Artificial intelligence proved merit worthy with a faster response
for maintenance tasks regardless of the maintenance inaccuracies conveyed in the paper
(Shehory, Sycara, Sukthankar, and Mukherjee, 1999). Simulation harnesses the

computing power of artificial intelligence, and creation of the virtual environment
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simulation on the CH-146 aircraft showed prediction ability for flight hours, downtime,
and operational availability (Horning, Leung, Fitzgerald, and Mrad, 2012, p. 3).

Incorporating historical information and accepted statistical distribution of system
behavior, as in simulation, enables exploring confidence bounds for reliability and
availability to forecast future maintenance activities, thus approaching prediction of
future aircraft states (Moore, Hobbs, and Hasaballa, 1985, p. 497). Forecasting requires
understanding the importance of components, and the influence on those reliability and
availability confidence bounds gives direct insight into the system improvement to which
those component replacements contribute (Griffith, 1982, p. 97). The forecast is
improved by incorporating dynamic updates and specific algorithms, optimizing the
system availability and reliability, while at the same time minimizing cost and time to
repair (Sheikhalishani, Ebrahimipour, and Farahani, 2013, p. 1455).

Much of maintenance is a cost-benefit analysis whereby all actions may not be
completed prior to the next mission due to time between missions and the changing
environment. Thus, using algorithms that account for imperfect repair and generating a
subset of repair actions can improve the probability of future mission success (Pandey,
Zuo, Moghaddass, Tiwari, 2013, p.42). More specifically, simulations with military
aircraft, the mission design, weapon requirements, and battle damage affect the
availability to meet future need. Modeling system degradation, repair rates, and risks
within the mission sortie itself within a simulation provides a representation around
which to plan maintenance actions because analytical estimates are difficult to obtain
(Upadhya and Srinivasan, 2005, p. 310). Additional research asserts that dynamic updates

to the system simulation during missions can provide more time to adapt to the
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maintenance required when the aircraft returns (Tiassou, Kanoun, Kaaniche, Seguin, and
Papadopoulos, 2011, p. 9), which aids prediction.

Prediction and forecasting has a significant impact in keeping the aircraft
available across multiple planning horizons, which is essential for the competitive
advantage within a battlespace or “maximization of the readiness to respond to external
threats” (Kozanidis, 2009, p. 155). Kozanidis’ analysis showed that overall availability
decreased availability for subsequent planning horizons (2012, p. 214), but knowing the
flight requirements far enough in advance can increase availability that would otherwise
decrease (Kozanidis, 2009, p. 180). Advanced notice of flying requirements allows to
adjust maintenance schedules to improve utilization of mechanics, thereby improving
availability (Bazargan and McGrath, 2003). However, flying schedules for the Air Force
are dynamic and change daily, thus advance notice to change in a flying schedule is
unlikely. Minimizing shock to the flying schedule can provide predictability.

2.5 System Failure and Availability

A KC-135R Stratotanker is a complex system of systems that must operate in
harmony for mission success and safety of the occupants. “In actual availability analysis
the detailed interaction between components and the system must be considered”
(Marshall, 1982, p. 216). There is a strong dependency on statistical distribution when
analyzing and predicting system failures. Operational readiness (availability) can be
described as a combination of a fixed period availability and the reliability for the system
(Sasaki and Yanai, 1977, p. 300). However, complex systems are not limited to fail based
on a fixed period but the notion that availability and reliability are linked is conveyed

throughout the literature. The system availability can be described by the combination of
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the independent subsystems that comprise the whole, and Bayes Analysis can be used to
create an overarching statistical distribution for the system’s availability (Thompson and
Springer, 1972). Ultimately, the reliability of the system is crucial to predict availability.

Studying F-14 Tomcats, the reliability of the components, system design, and
maintenance actions for avionics line replaceable units was taken into account to generate
an understanding of what affects availability (Moe, 1976, p. 243). There is a direct
quantitative impact to availability when changes are made to reliability of the
components, system design, and maintenance actions (Moe, 1976, p. 243). This presents
a need to understand various states of the component rather than simply failed and
operational; additional reliability research reveals a state which is pre-failure or pending
failure of a component. That state is necessary to understand (Khan and Gupta, 1985, p.
86). As the system is used, the components wear based on expected degradation of
reliability bound by confidence intervals of that characteristic. Those intervals provide
insight into future availability of the subsystems and the overarching system. The natural
progression is to evaluate the system with time-varying failure rates and repair rates
(Zhang and Horigome, 2001), thus providing a more true-to-life representation of the
system.

Aircraft are a composition of independent systems, dependent systems, in parallel
and in series, repairable components and non-reparable components; therefore,
availability models should include information on the Mean Time Between Failure
(MTBF) and Mean Time To Repair (MTTR) for accurate predictions of availability
(Kullstam, 1981). Including these characteristics at the component level as well as the

system provides a method to generate algorithms to compute availability, especially when
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the system is made of mixed compositions of availabilities and unavailabilities
(Schneeweiss, 1981). Adding to the complexity of calculating availability and predicting
it, “availability includes reliability together with repair or replacement of components”
(Marshall, 1982, p. 216). A system’s availability changes once components have been
repaired and replaced, since the operation of a worn system is different than that of a new
one (Zhao, 1994, p. 269). To account for variability of the system, incorporating
regression and statistical distributions to account for random effects such as frequency of
failures, shock to the system, and operational impact, predictions of MTBF and MTTR
aid in availability management of aircraft (Sohn, Yoon, and Chang, 2006). Expanding the
mathematical approach, fuzzy set theory provides a way to determine availability for
systems that have subsystems in series and in parallel (Hu, Yue, and Tian, 2015); such is
the case for KC-135R aircraft.

Various models in the literature include imperfect repair of failed systems, which
returns components to a quality less than good-as-new. Methods such as stochastic
multiple availability explore the generation of breakdown rate probabilities to determine
predictions of systems breaks and unavailability (Finkelstein, 1999). The number of times
a component can be repaired is dependent on the expected life generated from the repair.
Therefore, a cost benefit analysis to determine the value of the repair is taken into
account. This assumption holds true for the entire system (the aircraft in this praxis) as
well as the components. Wear profiles of multiple systems, independent and redundant,
to predict remaining useful life, aligning equipment, inventory, and maintenance
personnel, optimize maintenance planning to return aircraft to an available status (Vianna

and Yoneyama, 2018) and can be used to predict system availability. Once the useful life
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is less valuable than the cost of repair, mathematical models can suggest replacement of
the component, subsystem, or the entire aircraft based on failure rates, mission life, and
health of the fleet (Dandotiya, Fuquing, and Kumar, 2008).

The health of the fleet provides a global perspective of availability. Operational
missions are assigned to units of aircraft and not necessarily to a specific aircraft tail
number. A tail number is similar to a vehicle identification number for automobiles; the
tail number is unique to that aircraft within the mission design series. Therefore, a model
of availability from a global perspective can give insight into the overall fleet
management. One assumption is that failure rates can be treated as a function of time
itself, not time the aircraft is in operation (Hassett, Dietrich, and Szidarovsky, 1995). This
notion is contrary to much of the other literature that posits failures are component driven
which in turn provides system failure characteristics. As an argument against this
concept, Newton asserts that longer time to repair results in further deterioration of the
components and hence a lack of realism in the global time assumption (1996, p. 27).

There is a reduction in overall availability given a catastrophic event but a theory
concludes analysts should exclude it from the evaluation of system unavailability due to
its “unrepresentative contribution” to overall unavailability (Aven and Grundt, 1989).
This concept should be reevaluated when the system age is similar to the KC-135R,
taking into account Cassady’s et al. view of system age relation to system failure,
especially since aircraft are repairable and more complex than non-repairable systems
(Cui, Du, and Liu, 2013, p. 811). Other research has modeled availability taking into
account the probability of catastrophic failure of semi-Markov repairable systems

(Agrofiotis, 1990). The complexity of the system restricts the analysis that can be

23



reasonably applied to aircraft availability so far as many assumptions are made, and
exclusions to the cases were in place in the models, such as the regenerative theory
offered by Ardnt and Franken (1977). Simplifying the mathematics or complexity of the
system was common across most of the literature but expected due to the complex
uncertainties that exist in modeling aircraft system availability.

2.6 Supply Chain and Availability

Aircraft are repairable systems; therefore it is intuitive that if components of the
system are not available for use at the time of need, the system itself will be unavailable.
There is a relationship between stock levels, flying hours, and aircraft availability. Higher
stock levels and fewer hours flown result in higher availability (Cochran and Lewis,
2002). This specific paper was written for small fleets (8 or fewer aircraft) but is directly
applicable to large fleets located in multiple areas. Spare management and depot
maintenance facilities contribute a large portion of availability to aircraft (Mani and
Sarma, 1984). Although their model assumes a closed network with no aircraft entering
or leaving, the model supports that depot repair capability and spares management have a
significant contribution to availability.

Machine learning in spares management is also represented in literature.
Forecasting spares and demand on spares is essential to ensuring parts are available for
use. Leveraging Neural Networks and Bootstrapping methods was shown to reduce the
Minimum Standard Error to the smallest levels in the study thus performing better than
existing models for predicting demand (Mobarakeh, Shahzad, Baboli, and Tonadre,
2017). Using this foundation, such techniques can be applied to the overall system

availability since the system is a composite of the availabilities of which it is comprised.
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Statistical models mimic supply depletion based on Poisson distributions; these
distributions can be used to forecast supply need while assuming constant failure rates
(Wood, 1989). This, however, is not the case with aging aircraft, given that failure rates
change as components are replaced and repaired, but one should not discount the need to
understand distributions associated with failure trends.

2.7 Summary

Conflict is the reason to keep a fleet available to perform the mission and meet the
needs of the nation. Upadhya and Srinavasan (2003, p. 836) assert that at the onset of
battle, logistics delays drive the aircraft availability lower. Available aircraft provide the
competitive advantage in battle and act as a deterrent during nonengagement. As combat
intensifies and the need for aircraft increases, availability will suffer if the supply chain
cannot satisfy the demand. Hence, even in peace time, defining failures, understanding
policy and procedures, having adequate supply, and reducing errors during maintenance
all contribute to the availability of aircraft, and targeting the most influential
characteristics in the complex system can predict availability.

The literature review revealed a gap in published works addressing prediction for
aircraft availability. The literature covers reliability, component failure, and optimization,
but did not address predicting a future availability status of an aircraft. Prediction of
future availability allows insight into the planning for flying and maintenance actions,
which in turns enables enhancing and optimization of the overarching flying system.
Prediction of failures and analysis on component replacement displays only a portion of
what feeds availability. A true prediction must include the maintenance behavior, supply

chain constraints, and changing mission priorities in the case of military flying. This
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research focuses on all inputs into the aircraft performance to generate a prediction of

availability from the most influential metrics captured daily.
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Chapter 3—Methodology

3.1 Introduction

The United States Air Force must find a way to improve aircraft availability to
meet the air refueling demand. As the KC-135R fleet ages, the availability rates of the
mission design series are trending lower and the expected length of service is rising.
Research was performed via a literature review of factors influencing aircraft availability,
optimization, and prediction models. This chapter presents a quantitative approach to
determine which metrics captured through established Air Force procedures provide the
greatest influence on aircraft availability. The factor reduction regression techniques
establish a starting point to evaluate machine learning approaches for an accurate
prediction of aircraft availability. This section is organized as follows: the data, cleaning
the data, selecting appropriate factors, factor reduction, and machine learning.
3.2 The Data

The data used in the analysis was extracted from the LIMS-EV, an official
repository of aircraft metrics for the United States Air Force. The date range of the data
includes input from June 2011 up to August 2018 and is organized by base to which the
aircraft were assigned. The following metrics were extracted from the system:

Table 3-1. Aircraft Metrics and Description

No. | Metric Description

1 Base Location the aircraft are assigned

2 Date Month the metrics were recorded

3 MDS Mission Design Series — KC 135R

4 Available (%) Percentage of the fleet available for a mission

5 Depot (%) Percentage of the fleet that is in depot status

6 UPNR (%) Perpentage 'of 'the ﬂe(.et that'i's not availz‘:lble for its
assigned mission while waiting for assistance

7 NMCS (NA) (%) Percent non-mission capable due to supply

8 NMCM (NA) (%) Percent non-mission capable due to maintenance
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Percent non-mission capable due to both supply

0

? NMCB (NA) (%) and maintenance

10 | TAI (H) Total aircraft inventory measured in hours

11 | TAI(N) Total aircraft inventory by tail

12 | MC (%) Percent of the fleet mission capable

13 | FMC (%) Percent of the fleet fully mission capable

14 | NMC (%) Percent of the fleet not mission capable
Percent total non-mission capable due to

o

15 | TNMCM (%) maintenance (combines M and B)

Percent total non-mission capable due to supply
0

16| TNMCS (%) (combines S and B)

17 | NMCB (%) Perpent of fleet non-mission capable due to both
maintenance and supply

18 | NMCM (%) Perpent of the fleet non-mission capable due to
maintenance

19 | NMCS (%) Percent of the fleet non-mission capable due to
supply

20 | PMC (%) Percent of the fleet partially mission capable
Percent total partially mission capable due to

0

21| TPMCM (%) maintenance (combines M and B)

Percent total partially mission capable due to
o

22 | TPMCS (%) supply (combines S and B)

23 | PMCB (%) Perpent partially mission capable due to both
maintenance and supply

24 | PMCM (%) Perpent partially mission capable due to
maintenance

25 | PMCS (%) Percent partially mission capable due to supply

26 | NMCMS (%) Perpent not mission capable due to scheduled
maintenance

27 | NMCBS (%) Perpent not mission capable due to scheduled
maintenance and supply

28 | NMCBU (%) Perpent not mission capable due to unscheduled
maintenance and supply

29 | NMCMSA (%) Perpent not mission capable Fiue to scheduled
maintenance but aircraft is airworthy
Percent not mission capable due to scheduled

V)

30 | NMCBSA (%) maintenance and supply but aircraft is airworthy

Percent not mission capable due to unscheduled
0

31| NMCBUA (%) maintenance and supply but aircraft is airworthy

32 | NMCMUA (%) Perpent not mission capable Fiue to unscheduled
maintenance but aircraft is airworthy

33 | NMCSA (%) Pgrcent ‘not.mlssmn capable due to supply but
aircraft is airworthy

34 | Ground Abort (MX) (%) Percent of missions aborted prior to take-off due to

maintenance
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35 | Ground Abort (%) Percent of missions aborted prior to take-off
36 | Air Abort (%) Percent of missions aborted after take-off
37 | Total Abort (%) Percent of total aborted missions
38 | Cann Rate Hours (%) Percentage of cannibalization per hours flown
39 | Cann Rate Sorties (%) Percentage of cannibalization per sorties flown
40 | Breaks (%) Perce?qt of sorties that land with a PMC or NMC
condition
. Cumulative percentage of PMC and NMC
0
41| 8 Hour Fix (%) discrepancies repaired within 8 hours of landing
. Cumulative percentage of PMC and NMC
0
42| 12 Hour Fix (%) discrepancies repaired within 12 hours of landing
. Cumulative percentage of PMC and NMC
0
43| 24 Hour Fix (%) discrepancies repaired within 24 hours of landing
Percentage of discrepancies that occur on the same
44 | Repeat (%) system or subsystem on the first sortie or sortie
attempt after originally reported
Percentage of discrepancies that occur on the same
45 | Recur (%) system or subsystem on the second through fourth
sortie or sortie attempt after original occurrence
46 | MTBF-1 (Inherent) (H) Mean Time Between Failure hours inherent to the
system or subsystem
47 | MTBF-2 (Induced) (H) Mean Time Between Failure hours induced into
the system or subsystem
Mean Time Between Maintenance hours with no
48 | MTBM-6 (No defect) (H) defect detected
49 | MTBM Total (H) Mean Time Between Maintenance total hours
50 | Failures-1 (Inherent) (N) | Count of failures inherent to the system
52 | Failures-2 (Induced) (N) | Count of failures induced into the system
53 | Actions-6 (No defect) (N) | Total actions taken as a result of no defect detected
54 | Total Actions (N) Total count of maintenance actions
55 | PRD (N) Count of Pilot Reported Discrepancies
56 | MMH / FH (Total) (N) Maintenance Manhours per number of flight hours
57 | MMH / FH (Unit) (N) Mamtenance Manhours of the unit assigned per
flight hours
58 | Hours Flown (H) Number of hours flown
59 | Sorties Flown (N) Number of sorties flown
60 Flying Hours / TAI by Number of flying hours per total aircraft inventory
Month (H) per month
61 | USE/FH (H) Average number of flying hours per aircraft per
month
62 Sorties / TAI by Month Number of sorties per total aircraft inventory
N)
63 | USE / Sortie (N) Average number of sorties per aircraft per month
64 Delayed Discrepancy Avg | Average delayed discrepancies of possessed

Possessed Count

aircraft
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65 Delayed Discrepancy Avg | Average delayed discrepancies of assigned aircraft
Discrepancy Count
66 Total Delayed Total delayed discrepancies per average aircraft
Discrepancy Rate possessed
Delayed Discrepancy Avg | Average count of all AWM delayed discrepancies
67
AWM Count
63 AWM Delayed Average AWM delayed discrepancies per average
Discrepancy Rate aircraft possessed
Delayed Discrepancy Avg | Average count of all AWP delayed discrepancies
69
AWP Count
70 AWP Delayed Average AWP delayed discrepancies per average
Discrepancy Rate aircraft possessed
71 | Ave Age of Fleet (N) Average age of fleet from date of manufacture
72 | Average Airframe Hours | Average hours flown over life of aircraft

The metrics listed above are tracked daily by every unit to which aircraft are assigned.

The respective units input the data into the system of record to tabulate in a per month

calculation for analysis of trends and the health of the fleet. More than 2,700 unique cases

with 72 metrics were extracted for evaluation.

3.3. Cleaning the Data

The data was reviewed for missing values, incomplete rows, extraction errors, and
anomalies that might have been present in the set. Within the data both operational and
operational test location data was present. The operational test locations were removed
from the data set due to the uniqueness of the mission at those location. These values
would not have been representative of the remaining set because operational test aircraft
have different configurations, sensors, and monitoring rigor that is not present in the rest
of the KC-135R fleet. After a thorough evaluation of the data, 2,339 unique cases with 72

metrics were included for analysis.
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3.4 Selecting Appropriate Factors

The 72 columns include both categorical and continuous factors. The categorical

factors include the base, date, and Mission Design Series (MDS); the remaining variables

are continuous. Air Force metrics captured are categorized into three distinct categories:

lagging indicators, leading indicators, and those that are not considered either. The intent

of the research is to predict availability using the metrics captured in the current work

processes of the aircraft maintenance enterprise. Lagging indicators are those that show a

firmly established trend (USAF, 2015, p. 6-11). The USAF Maintenance Metric

Handbook identifies those indicators as the following:

Table 3-2. Lagging Indicators (USAF, 2009, p. 16)

AA MC FMC PMC
PMCS PMCM PMCB NMC
NMCM (U/S) NMCS NMCB TNMCM
TNMCS UPNR

Leading indicators reveal a problem first and directly reflect capability to execute the

mission (USAF, 2015, p. 6-11). The USAF Maintenance Metric Handbook identifies

leading indicators for fleet availability as the following:

Table 3-3. Leading Indicators (USAF, 2009, p. 15)

4/8/12/24 Hr Fi
Ground Abort Rate Air Abort Rate Break Rate Rate rr
A deferred
Logistics Departure ‘Verage ef erre
Repeat Rate Recur Rate — discrepancies per
Reliability Rate .
aircraft
Maintenance Functional Check
AWM AWP Scheduling Flight Release Rate
Effectiveness Rate £
CANN Rate Issue Effectiveness Stockage Bench-stockage

Rate

Effectiveness Rate

Effectiveness Rate
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Mission Capability
Aircraft Part Rate

Average Repair
Cycle days

Phase Flow-a phase
time distribution
interval

The data set includes all of the handbook identified lagging indicators but only the

following leading indicators:

Table 3-4. Leading Indicators in Data Set

Ground Abort (MX) o Delayed Discrepancy
(%) 8 Hour Fix (%) Avg Possessed Count
Delayed Discrepancy
Ground Abort (%) 12 Hour Fix (%) Avg Discrepancy
Count
. . Total Delayed
0 o
Air Abort (%) 24 Hour Fix (%) Discrepancy Rate
Delayed Discrepancy
V) V)
Total Abort (%) Repeat (%) Ave AWM Count
AWM Delayed
0 0
Cann Rate Hours (%) Recur (%) Discrepancy Rate
. Delayed Discrepancy
0
Cann Rate Sorties (%) USE / FH (H) Ave AWP Count
. AWP Delayed
V)
Breaks (%) USE / Sortie (N) Discrepancy Rate

Evaluating lagging indicators reveals the established trends of the unit. Correcting

32

The remaining variables in the data set are not considered leading or lagging indicators.
As noted previously, access to additional leading indicators has the potential to improve

the analysis but was unavailable during the scope of this research.

negative trends will improve aircraft availability and is intuitive for the purposes of
predicting future availability. Therefore, the metrics selected for factor reduction include
those that are leading indicators and those that are not identified as leading or lagging.
The 72 variables for each unique case are reduced to 40 to perform factor reduction

techniques. Additionally, Chatterjee and Hadi (2017, p. 309) warn that following any




regression procedures should not be used mechanically to determine ideal variables;
hence, understanding the variables to include or exclude prior to factor reduction is
crucial. The final metric removed from evaluation was “Depot.” This metric captures the
status of aircraft that are undergoing major overhauls at specific facilities. This metric is
managed at the enterprise level and is based on a cycle that occurs based on all the
airframes, appropriations, and engineering disposition. It was determined that “Depot” is
not within the control of the unit leadership, and as such was removed from consideration
because it is outside the scope of this research.
3.5 Factor Reduction

Factor reduction involves reducing a large number of variables into a smaller
number that are statistically relevant. In this research, the 40 variables used included
redundant factors such as the cannibalization rate evaluated per sortie and also per flight
hour. In addition, the variables analyzed have a strong correlation: in the above example
of cannibalization rate, it is apparent that the number of sorties and flight hours are
correlated, in that you cannot have a sortie without increasing flight hours. There are
techniques and procedures that create a representative subset of the variables that does
not involve computing all possible equations (Chatterjee and Hadi, 2017, p. 307). The
three factor reduction methods used were Forward Selection, Backward Elimination, and
Stepwise Method. The commercially available software JMP 14 was used to perform the
factor reduction. These procedures were used to test hypothesis one and determine factor

influence on aircraft availability.
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3.5.1 Forward Selection

Forward selection begins with no variables selected and one-by-one adds in new
variables if they meet the alpha criteria. Forward selection was performed on the 40
variables to determine a subset for use in regression and machine learning. The procedure
takes the first variable with the highest correlation to the response variable Y, Aircraft
Availability in this case, to determine if the coefficient of the variable is significantly
different from 0. The procedure then continues to the next highest correlated variable
until the coefficient is not significantly different than 0 (Chatterjee & Hadi, 2017, p. 307).
The method was performed with 3 different a values: 0.1, 0.01, and 0.001. The value 0.1
did not reduce the factors significantly, approximately 10 factors. Next, 0.01 was used
with the intent to reduce the restriction to 0.05 if needed. 0.01 reduced the factors another
5 thus requiring a more constrained alpha. Forward selection is a greedy algorithm
meaning that is uses locally optimal solutions to produce a global solution but can have
lower variance due to a constrained search (Hastie, Tibshirani, & Friedman, 2017, p. 58)
thus the alpha was made to be very constrained at oo = 0.001 and reduced the factors from
40 to 13.

3.5.2 Backward Elimination

The next process used was Backward Elimination to reduce variables. Backward
elimination begins with all variables included and eliminates each variable one at a time
beginning with the least impact on the fit of the line (Hastie, Tibshirani, & Friedman,
2017, p. 59) and their reduction of error sum of squares (Chatterjee & Hadi, 2017, p.
308). This process was completed 3 times becoming more restrictive each time as

performed in Forward Selection with a values: 0.1, 0.01, and 0.001.
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3.5.3 Stepwise Selection

The final reduction technique used was Stepwise Selection. Stepwise selection
combines both Forward Selection and Backward Elimination at each step in the
regression. It begins with no variable selected as it does with Forward Selection and
selects the highest correlated variable. At the next step, the previously included variable
is evaluated to be deleted following the procedure in Backward Elimination. Stepwise
Selection was computed with o = 0.001.
3.6 Machine Learning

To test the second hypothesis, machine learning was evaluated against prediction
accuracy. Several techniques were considered, including neural net, decision tree, nearest
neighbor, and vector methods. Since the purpose of the test was not to prove which
technique is better but rather show that machine learning can provide an accurate
prediction of aircraft availability, three common methods were chosen to test: Random
Forest, Neural Network, and K-Nearest Neighbor. Ensemble learning was considered and
has addressed problems of individual methods improving accuracy (Polikar, 2012). Only
the random forest approach was used in this research but others should be explored to
determine if it they are able to reduce shortcomings of individual methods and provide a
better approximation of true unknown functions (Dietterich, 2000).

All machine learning techniques were completed using Statistica 13 Software.
Each technique was used for two variations of metrics with the Stepwise Selection
identified metrics (Table 4-3) and the leading indicators of the dataset (Table 3-4) as
identified in the Maintenance Metric Handbook. The 3 machine learning techniques were

tuned to provide the best results given the data subsets used. The two versions of each
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technique were compared to provide conclusions and recommendations discussed in
chapter 5. The data used to train, test, and validate covered the entire span of time

encompassed by the dataset.
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Chapter 4—Results

4.1 Introduction

The results in this chapter were produced using the methods described in chapter
3 with the commercially available software platforms JMP 14 and Statistica 13. This
chapter will provide the data from the analysis for each factor analysis method and the
ensemble machine learning. The factor analysis used the subset of all non-lagging
indicator metrics and the machine learning was used on three different subsets: Leading
Indicator metrics, Stepwise Selection metrics, and all Non-lagging Indicator metrics. The
chapter is organized with the factor analysis results first and machine learning results
following.
4.2 Aircraft Availability

It is important to understand the response variable for prediction. The statistical
outputs of the software platforms provide insight into the relationship but it is difficult to
evaluate the predictions or outcomes without understanding the variable intended to

predict. A graphical summary of Aircraft Availability is shown below.
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Figure 4-1. Aircraft Availability Graphical Summary
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Aircraft Availability is normally distributed with a slight skewness. Very few outliers
appear in the dataset, thus the prediction of Aircraft Availability should resemble a
distribution similar to the actual distribution. The statistical summary is in table 4-1.

Table 4-1. Aircraft Availability Summary Statistics

Mean 0.6713168
Standard Deviation 0.1015514
Standard Error Mean 0.0020998
Upper 95% Mean 0.6754344
Lower 95% Mean 0.6671992
N 2339
Variance 0.0103127
Skewness -0.47908
Kurtosis 0.3652584
CV 15.12719
Uncorrected SS 1078.2194
Corrected SS 24.111048
Autocorrelation 0.1226855
Minimum 0.1796
Maximum 0.9484
Median 0.6792
Mode 0.7337
5% Trimmed Mean 0.6742524
Geometric Mean 0.6629066
Range 0.7688
Interquartile Range 0.1393
Median Absolute Deviation 0.0695
Robust Mean 0.6728
Robust Standard

Deviation 0.1017428

Table 4-1 shows the mean of the 2,339 observed availability points to be 0.6713168.
With the predictions, the intent for the predictions is to be very similar in nature to the
observed values. While the graph resembles a normal distribution, the skewness and
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kurtosis statistics indicate there are fewer outliers in this set than would be expected in a
Normal distribution. However, the skewness is relatively small but indicates that the left
tail is slightly larger than the right tail of the distribution. There is minimal dispersion in
the set of observations represented by the Coefficient of Variation (CV) at 15%, thus the
population is close to the mean, despite the range from 0.1796 at the lowest availability to
0.9484 for the highest availability observed. Furthermore, the geometric mean and
trimmed mean confirm the population concentration around the mean with very few
outliers in the observed data.
4.3 Factor Reduction

This section elaborates the results from the factor reduction methods used:
Forward Selection, Backward Elimination, and Stepwise Selection. Each of the methods
used the 2,339 unique observations to generate the results described in the next
subsections. The techniques produced similarities among the final set of factors but were
not identical in their ultimate reduction. The results from this section’s techniques were
used to generate the predictions with the machine learning methods.

4.3.1 Forward Selection

The Forward Selection method started without any variable selected and used an
o =0.001 as the selection criteria. The fit summary is below in the table output of JMP

14.
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Table 4-2. Forward Selection Summary of Fit

Summary of Fit

RSquare 0.445497
RSquare Adj 0.442397
Root Mean Square Error 0.075831
Mean of Response 0.671317

Observations (or Sum Wgts) 2339

On face value, the R? value is not as robust as expected but does reveal correlation to

Aircraft Availability. The normal probability plot shows a normal tendency of residuals

in the regression.
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Figure 4-2. Forward Selection Residual Normal Quantile Plot

The JMP 14 software evaluates the predictions based on the model generated in a

prediction error sum of squares (PRESS) table. PRESS is calculated with the following

formula that captures a leave-one-out cross-validation (JMP, 2018):
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Figure 4-3. PRESS Equation

The PRESS statistic evaluates the predicted value for each observation and then
computes the residual. In the PRESS equation, y represents the predicted availability
value and y the observed availability value. Those residuals are then used to compute the
accuracy of the predictions for the observed values. As shown in the table values below,
the less accurate the predictions within the algorithm used are considered. While
prediction is not the focus of the reduction techniques within this research, the results
generated provided data to evaluate the final output of the reduction.

The prediction error is shown in Table 4-3 and demonstrates the prediction
performing close to the trained model.

Table 4-3. Forward Selection PRESS Summary of Fit

Press

Press
Press Press RMSE RSquare

13.592775174 0.07623229 0.4362

Plotting the residuals against the predicted shows a relatively structured grouping with

some spreading around the edges of the group.
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Residual by Predicted Plot
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Figure 4-4. Forward Selection Residual by Predicted Plot

The concentration of plots is near the mean availability of the historical data set and
between -0.10 and 0.10 for the residuals. The majority of residual values fall between
-0.20 and 0.20. With the standard deviation of the dataset as 0.1016, the forward selection
shows similar characteristics. The middle of the concentration hovers around 0.

The selection method reduced the 40 variables to 13 and rank ordered them
according to the influence on aircraft availability. The top 5 influencers identified were
USE / Sortie (N), Sorties / TAI by Month (N), Breaks (%), AWM Delayed Discrepancy

Rate, and 12 Hour fix (%).
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Table 4-4. Forward Selection Variable Influence

Effect Summary
Source LogWorth PValue
USE / Sortie (N) 133.385 | 0.00000
Sorties / TAl by Month (N) 110.242 | 0.00000
Breaks (%) 34666 | 0.00000
AWM Delayed Discrepancy Rate 26.313 I 0.00000
12 Hour Fix (%) 13.410 P 0.00000
MMH / FH (Unit) (N) 10.616 | I 0.00000
Ground Abort (MX) (%) o715 0.00000
Failures - 1 (Inherent) (N) 8.068 | | i 0.00000
Cann Rate Sorties (%) 7.570 N 0.00000
MTBF-2 (Induced) (H) 6.676 | | 0.00000
Total Actions (N) 5.563 [ 0.00000
Delayed Discrepancy Avg AWM Count 4.556 ::|§ 0.00003
TAI (H) 3.895 [ 0.00013

Forward selection was accomplished with all non-lagging variables included for the

process. The output above includes both leading indicators and those not identified by the

Maintenance Metric Handbook as either lagging or leading. The variables identified

above include these leading indicators:

Table 4-5. Forward Selection Included Leading Indicators

Forward Selection Included Leading Indicators

AWM Delayed .
E i Breaks (¢ 12 Hour Fix (¢
USE / Sortie (N) reaks (%) Discrepancy Rate our Fix (%)
. Delayed
Ground Abort CANN Rate Sorties Discrepancy Avg
0 0
(MX) (%) (%) AWM Count

The leading indicators accounted for 53.8% of the 13 factors identified from this method

and 80% of the top 5 influencers.

4.3.2 Backward Elimination

Backward Elimination began with all non-lagging variables selected and one-by-

one removes the variable with the least impact on the fit of the line until there is a
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significant impact to the fit. The process was completed with o = 0.1 initially but
removed very few variables. It was competed a second time resulting in 16 variables
from 40 with an a = 0.001. The following fit summary describes the regression in table 4-

6.

Table 4-6. Backward Elimination Summary of Fit

Summary of Fit

RSquare 0.460319
RSquare Adj 0.4566
Root Mean Square Error 0.074859
Mean of Response 0.671317

Observations (or Sum Wgts) 2339
There was some improvement in the R? statistic and minor improvement to the Root
Mean Square Error. The normal quantile plot of the residuals shows a normal tendency of

the regression.
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Figure 4-5. Backward Elimination Residual Normal Quantile Plot
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The JMP 14 PRESS statistics shows the prediction R? degrade from the regression fit but
relatively minor decrease.

Table 4-7. Backward Elimination PRESS Summary of Fit

Press

Press
Press Press RMSE RSquare

13.273600353 0.07533196 0.4495

Exploring the residuals against the predicted shows another tight grouping and
relatively uniform across the plot. The dispersion on the border of the concentration

appears to be less than the forward selection plot.

Residual by Predicted Plot
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Figure 4-6. Backward Elimination Residual by Predicted Plot
The majority of the concentration spans 0.10 to -0.20 with the middle approximately at
-0.05. These values are slightly skewed from the standard deviation of the Aircraft

Availability metric. Although the R? value is higher than the Forward Selection method,

the residuals are skewed negatively for Backward Elimination.
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The factor reduction of the method identified 16 metrics in the regression. The top
five variables identified were: Breaks (%), USE / Sortie (N), AWM Delayed Discrepancy
Rate, Sortie / TAI by Month (N), and Sorties Flown (N).

Table 4-8. Backward Elimination Variable Influence

Effect Summary
Source LogWorth PValue
Breaks (%) 32.745| 0.00000
USE / Sortie (N) 30.064 | 0.00000
AWM Delayed Discrepancy Rate 28.784 | 0.00000
Sorties / TAl by Month (N) 17.671 ] 0.00000
Sorties Flown (N) 11.848| 0.00000
12 Hour Fix (%) 10.558 | | 0.00000
Hours Flown (H) 9915 0.00000
Ground Abort (MX) (%) 9.394 | 0.00000
Cann Rate Sorties (%) 85731 | 0.00000
MMH / FH (Unit) (N) 8.535| 0.00000
USE / FH (H) 7.715] 0.00000
MTBF-2 (Induced) (H) 6.828 | 0.00000
Failures - 1 (Inherent) (N) 5.935| 0.00000
Delayed Discrepancy Avg AWM Count 5.413[ "] 0.00000
Flying hours / TAl by Month (H) 3.906 || 0.00012
Total Actions (N) 3.828/ 0.00015

The output above includes both leading indicators and those not identified by the
Maintenance Metric Handbook as either lagging or leading. The next table shows those
indicators which are leading.

Table 4-9. Backward Elimination Included Leading Indicators

Backward Elimination Included Leading Indicators
. AWM Delayed )
E Breaks (¢ 12 Hour Fix (¢
USE / Sortie (N) reaks (%) Discrepancy Rate our Fix (%)
Ground Abort CANN Rate Sorties Delayed
(MX) (%) (%) Discrepancy Avg USE / FH (H)
’ ° AWM Count

The leading indicators accounted for 50% of the 16 factors identified from this method

and 60% of the top 5 influencers.
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4.3.3 Stepwise Selection

The Stepwise Selection method used an o = 0.001 for both selection and
elimination at each step. This ensemble approach helps to fix some procedure tendency
with both Forward Selection and Backward Elimination performed by themselves. The fit
statistics are presented in the following table.

Table 4-10. Stepwise Selection Summary of Fit

Summary of Fit

RSquare 0.445497
RSquare Adj 0.442397
Root Mean Square Error 0.075831
Mean of Response 0.671317
Observations (or Sum Wgts) 2339

The fit statistics display a performance similar to Forward Selection and slightly lower
than Backward Elimination. The residual normal quantile plot has a slight “S” curve to

the line but keeps normalcy.
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Figure 4-7. Stepwise Selection Residual Normal Quantile Plot
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The JMP 14 PRESS statistics shows the prediction R? degrade from the regression fit but
relatively minor decrease that statistic and the RMSE.

Table 4-11. Stepwise Selection PRESS Summary of Fit

Press

Press
Press Press RMSE RSquare

13.592775174 0.07623229 0.4362

Studying the residual by predicted plot shows a tight concentration with some
dispersion towards the perimeter. The concentration appears to be tighter than the

Backward Elimination and very similar to the Forward Selection.
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Figure 4-8. Stepwise Selection Residual by Predicted Plot

The middle of the concentration is close to 0 and the expanse from 0.10 to -0.15. The plot
provides support for a grouping close to the standard deviation of the Aircraft
Availability metric.

Factor reduction identified 13 variables from the 40-variable subset. The top five
variables identified are: USE / Sortie (N), Sorties / TAI by Month (N), Breaks (%), AWM

Delayed Discrepancy Rate, and 12 Hour Fix (%).
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Table 4-12. Stepwise Selection Variable Influence

Effect Summary
Source LogWorth PValue
USE / Sortie (N) 133.385 : | 0.00000
Sorties / TAl by Month (N) 110.242 : | 0.00000
Breaks (%) 34.666 : 0.00000
AWM Delayed Discrepancy Rate 26.313 : 0.00000
12 Hour Fix (%) 13.410 | 0.00000
MMH / FH (Unit) (N) 10.616 0.00000
Ground Abort (MX) (%) 9.715 [N 0.00000
Failures - 1 (Inherent) (N) 8.068 § 0.00000
Cann Rate Sorties (%) 7.570 [N ! 0.00000
MTBF-2 (Induced) (H) 6.676 § 0.00000
Total Actions (N) 5.563 [l 0.00000
Delayed Discrepancy Avg AWM Count 4.556 : 0.00003
TAI (H) 3.895/ " i 0.00013

The output above includes both leading indicators and those not identified by the
Maintenance Metric Handbook as either lagging or leading. The next table shows those
indicators which are leading.

Table 4-13. Stepwise Selection Included Leading Indicators

Stepwise Selection Included Leading Indicators
. AWM Delayed .
E Breaks (¢ 12 Hour Fix (¢
USE / Sortie (N) reaks (%) Discrepancy Rate our Fix (%)
. Delayed
Ground Abort CANN Rate Sorties Discrepancy Avg
MX 0 0
(MX) (%) (%) AWM Count

The leading indicators accounted for 53.8% of the 13 factors identified from this method
and 80% of the top 5 influencers.
4.4 Summary of Factor Reduction

The three factor reduction techniques produced similar factors. Beginning with 72
metrics and eliminating the lagging indicators provided 40 metrics with which to begin

the factor reduction techniques. From the 40 metrics, the Forward Selection and Stepwise
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Selection produced the same 13 factors. Backward Elimination produced 16 factors and
included all but one of the metrics from Forward Selection and Stepwise Selection. The
following table shows all the factors from the three techniques ordered by influence on

Aircraft Availability.

Table 4-14. Rank Based Comparison of Factors

m Forward Selection Backward Elimination

1 USE / Sortie (N)*

2 Sorties / TAI

3 Breaks (%) *

4 AWM DD Rate *

5 12-Hour Fix *

6 MMH / FH (unit)

7 Ground Abort (MX) *
8 Failures-1 (Inherent)
9 Cann Rate Sortie (%) *
10  MTBF-2 (Induced)

11  Total Actions

12 DD Avg AWM Count *
13 TAI(H)

14

15

16

Breaks (%) *

USE / Sortie *

AWM DD Rate *
Sorties / TAl

Sorties Flown
12-Hour Fix *

Hours Flown

Ground Abort (MX) *
Cann Rate Sorties (%)*
MMH / FH (unit)

USE /FH *

MTBF-2 (Induced)
Failures-1 (Inherent)
DD Avg AWM Count *
Flying Hours / TAI
Total Actions (N)

USE / Sortie *

Sorties / TAI

Breaks (%) *

AWM DD Rate *
12-Hour Fix *

MMH / FH (Unit)
Ground Abort (MX) (%) *
Failures-1 (Inherent)
Cann Rate Sortie (%) *
MTBF-2 (Induced) (H)
Total Actions (N)

DD Avg AWM Count *
TAI (H)

* Leading Indicator

Of note, the factors determined by the factor reduction techniques to influence Aircraft
Availability include both leading indicators and those that are not considered leading;
however, it is valuable to discuss in depth each of the factors listed (Chapter 5), in order
to draw out the relationship to Aircraft Availability and explore whether those that are not
leading indicators are in fact appropriate candidates for consideration. The 3 highest
ranked metrics describe aircraft use and not actions taken to return the aircraft to an
available status. Backward Elimination is slightly different but its first two metrics regard

aircraft use and 4 of the first 5 metrics describing aircraft use.
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4.5 Machine Learning Prediction

This section conveys the data produced from the machine learning techniques to
predict availability. Each of the techniques were performed with the Leading Indicators
as identified by the United States Air Force and then subsequently with the Stepwise
variables produced during Factor Reduction. The predicted Availability is compared to
the observed Availability to evaluate the techniques’ accuracy using the subsets of data to
produce outputs close to the actual aircraft system availability. For each method, error

statistics were calculated with the following formulas:

1) Mean Absolute Percent Error (MAPE) = 100% ol

n

Ae—F
A

X lyi—xl
2) Mean Absolute Error (MAE) = E—
3) Mean Squared Error (MSE) :% n (Y = )?
4) Root Mean Squared Error (RMSE) = VMSE.

The multiple error statistics thoroughly evaluates the prediction error across the multiple
techniques to determine the best performance by assessing the R? value with the error
values. Lower error values were preferred to higher R? value because too specific of a
prediction may not capture outlier cases.

4.5.1 Random Forest

The random forest technique was completed using the Statistica 13 software
platform. The initial set up performed 100 trees and increased the training based on 200
trees. The training and validation errors did not have much variation past 35 trees and
plateaued after 50 trees. There was not improvement in the technique past 100 trees to

200 trees.
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Summary of Random Forest
Response: Available (%)

Number of trees: 100; Maximum tree size: 100
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Figure 4-9. Random Forest Summary of Average Squared Error

A minimum n = 5 in child trees with a maximum of n = 100 nodes. 30% of the data was
reserved for validation across the entire date span of the data. For this technique, the
leading indicator produced a higher R squared statistic but also higher error statistics.

4.5.1.1 Leading Indicator Metrics

This was performed with the data set identified in Table 3-4 and the
aforementioned criteria while completing the method. The technique identified these
variables as the top five ranked influencers: AWM Delayed Discrepancy Rate, Cann Rate
Hours, Delayed Discrepancy Avg AWP Count, Cann Rate Sorties, and Breaks. The R
squared value equaled 0.87 which was the highest of all the methods but the error
statistics were also the highest or second highest of the methods performed. Figure 4-10
shows that the residuals have normal tendencies, which is expected for a high-fitting

regression of a normally distributed dependent variable.
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Normal probability plot of residuals
Dependent variable: Available (%)
All samples; Number of trees: 200
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Figure 4-10. Random Forest Normal Probability Plot of Residuals (Leading)

There is a very slight arch in the line but a noticeable concentration between -0.22 and
0.22 coinciding with the normal quantile 0.01 to 0.99 respectively. The next graph

illustrates the predicted values against the residuals.
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Figure 4-11. Random Forest Predicted values vs. Residuals (Leading)
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This graph shows the concentration of predicted availability points around the mean for
the predicted availability of 0.672969. This technique with the leading indicators is a very
conservative prediction compared to the observed availability and does not account for
the more dispersed observed points. Computing the error statistics produced MSE =
0.006972 and an RMSE = 0.083499. The final error statistics computed were MAE =
0.065989 and MAPE = 9.8%. A comparison of all machine learning technique statistics
is shown in table 4-14.

4.5.1.2 Stepwise Selection Metrics

This was performed with the data set identified in Table 3-4 and the
aforementioned criteria while completing the method. The technique identified these
variables as the top five ranked influencers: MMH / FH (Unit), AWM Delayed
Discrepancy Rate, Breaks, TAI, and Cann Rate Sorties. The R squared value equaled
0.78 which was the second highest of all the methods; however, the error statistics were
higher than the neural net method but lower than the k-Nearest Neighbor technique.
Figure 4-12 shows that the residuals have normal tendencies and has a similar bend that
Figure 4-10 displayed. This is also expected given the high value of the correlation

coefficient and the normal dependent variable.
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Normal probability plot of residuals
Dependent variable: Available (%)
All samples; Number of trees: 200
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Figure 4-12. Random Forest Normal Probability Plot of Residuals (Stepwise)

There is a very slight arch in the line but a concentration between -0.21 and 0.21
coinciding with the normal quantile 0.01 to 0.99 respectively. The concentration is
tighter than the Leading Indicator subset. The next graph illustrates the predicted values

against the residuals.
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Figure 4-13. Random Forest Predicted Values vs. Residuals (Stepwise)

55



This graph shows a more dispersed prediction of availability compared to the previous set
of variables. There remains a tendency to predict close to the mean of the prediction at
0.673032 and not follow the observed availability. Computing the error statistics
produced MSE = 0.006254 and an RMSE = 0.079085. The final error statistics computed
were MAE = 0.061990 and MAPE = 9.2%. A table of all machine learning technique
statistics are in table 4-14.

4.5.2 Neural Nets

The Neural Network technique was performed using the Statistica 13 software
platform. Using the two subsets of data, the software generated 20 models using
automatic network selection and down-selected to the 5 best performing models. The
software program considered multilayer perceptrons (MLP), convolutional neural
networks (CNN), and artificial neural networks (ANN). MLP was the best performing
network for this dataset and begins with an input layer, uses a hidden layer, and then
produces an output layer. For the purposes of this research, the model is labeled after the
layers Input-Hidden-Output i.e. 17-5-1. The model with the highest R squared value and
lowest error statistics was kept for further analysis. Lower error statistics were preferred
over the highest R squared value. Training and testing consisted of 70% of the data and
validation consisted of the remaining 30% spanning all dates.

4.5.2.1 Leading Indicator Metrics

The distribution of the predicted Availability with this method is normally
distributed. The technique with Leading Indicator metrics yielded an R squared value of

0.60 demonstrating a high level of fit. Evaluating the predicted availability versus the
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residuals shows a concentration of points between -0.1 and 0.1 with very few outliers
beyond -0.2 and 0.2.

Available (%) (Output) vs. Available (%) (Residuals)
Samples: Validation
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Figure 4-14. Neural Networks Predicted Availability vs. Residuals (Leading)

For a perfect prediction, the points in the following figure would follow closely to the
observed availability line. This is not a perfect prediction however, there is a similarity
in the dispersion of the predicted points revealing the closeness of fit that the neural

network made.
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Figure 4-15. Neural Network Availability vs Predicted Availability (Leading)

The error statistics calculated were not an improvement from both random forest and k-
nearest neighbor (stepwise). Those statistics are: MAPE = 10.2%, MSE = 0.007241,
MAE = 0.064842, and RMSE = 0.085096. A comparison of all machine learning metrics
is located in table 4-14.

4.5.2.2 Stepwise Selection Metrics

The distribution of the predicted Availability of this technique is normal. The
technique with Stepwise Selection metrics yielded an R squared value of 0.69
demonstrating a high level of fit. Evaluating the predicted availability versus the residuals
shows a concentration of points between -0.1 and 0.1 with very few outliers beyond -0.2

and 0.15.
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Figure 4-16. Neural Network Predicted Availability vs Residual (Stepwise)

Evaluating the observed Availability vs. the predicted Availability displays a closer
resemblance to the observed availability points indicated in the following graph. The
resemblance to the observed availability supports the stepwise variable prediction as a

better set of variables when compared to the graph with Leading Indicators.
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Figure 4-17. Neural Network Availability vs. Predicted Availability (Stepwise)

The error statistics calculated were an improvement from both random forest and k-
nearest neighbor. Those statistics are: MAPE = 8.7%, MSE = 0.005840, MAE =
0.059107, and RMSE = 0.076417. A comparison of all machine learning metrics is
located in table 4-14.

4.5.3 K-Nearest Neighbor

Overall, this technique performed the poorest among the machine learning
methods. Both subsets had the lowest correlation coefficient and high error statistics with
both MAPEs over 10%. The parameters were set to have minimum neighbor count of 1
and used 1 for the increments with 5 performing the best given the subsets of data. Both

subsets produced a normally distributed predicted Availability.

60



4.5.3.1 Leading Indicator Metrics

The following graph shows Availability vs the Predicted Availability. For a
perfect fit, the points would be identical across the graph. This is the not the case for the
Leading Indicator metrics and has little concentration around the mean of the prediction
point at 0.674660. Statistica software uses a random number to generate the test set to
predict availability thus the prediction set is smaller than Neural Nets and Random

Forest.
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Figure 4-18. k-Nearest Neighbor Availability vs Predicted Availability (Leading)

The error statistics calculated were the highest among all techniques applied. Those
statistics are: MAPE = 10.7%, MSE = 0.008305, MAE = 0.072383, and RMSE =

0.091132. A comparison of all machine learning metrics is located in table 4-14.
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4.5.3.2 Stepwise Selection Metrics

The following graph shows Observed Availability vs the Predicted Availability.
For a perfect fit, the points on the graph would be the same. This is the not the case for
the Stepwise Selection metrics however, it shows more concentration around the

observed availability points than with Leading Indicators.
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Figure 4-19. k-Nearest Neighbor Availability vs. Predicted Availability (Stepwise)

The error statistics calculated were the second highest among all techniques applied but a
noticeable improvement over Leading Indicators. Those statistics are: MAPE = 10.1%,
MSE = 0.007504, MAE = 0.067692, and RMSE = 0.086623. A comparison of all

machine learning metrics is located in table 4-14.
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4.6 Summary of Machine Learning techniques

Evaluating the machine learning techniques between the data subsets, the

Stepwise Selection subset had overall better performance than the Leading Indicator

subset. While the correlation coefficient was not the highest, the Neural Network

technique provided high correlation with low error statistics. k-Nearest Neighbor

performed the poorest of all the techniques with low correlation and high error statistics.

Random Forest was an anomaly with the Stepwise Selection subset fit lower than the

Leading Indicator fit; however, the error statistics were lower for Stepwise Selection. The

following table provides a side-by-side comparison of all techniques used.

Table 4-15. Machine Learning Technique Statistics

Statistic | N. Net N. Net k-NN k-NN R. R.
Stepwise | Leading | Stepwise | Leading | Forest Forest
Stepwise | Leading
R? 0.69 0.60 0.49 0.42 0.78 0.87
RMSE 0.076417 | 0.085096 | 0.086623 | 0.091132 | 0.079085 | 0.083499
MAE 0.059107 | 0.064842 | 0.067692 | 0.072383 | 0.061990 | 0.065989
MSE 0.005840 | 0.007241 | 0.007504 | 0.008305 | 0.006254 | 0.006972
MAPE 8.7% 10.2% 10.1% 10.7% 9.2% 9.8%
i;:g:ted 0.677741 | 0.671011 | 0.672896 | 0.674660 | 0.673032 | 0.672969
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Chapter 5—Discussion and Conclusions
5.1 Discussion

The results showed similarities in the factor reduction techniques’ final output:
while each method reduced the factors to 16 or fewer, they combined both leading
indicators and other factors that were not considered to be either leading nor lagging. In
addition, each of the methods ranked the influence of the factors relatively similarly,
implying that the factor influence on availability does not change drastically with the
method used, thus the respective influence assertions are valid. This section will provide
more depth to the results by exploring the factors identified and showing the common
thread weaved through all of them.

USE / Sortie rate was identified as the most influential (second for Backward
Elimination) for all three methods. This rate highlights the fleet’s utilization and shows
trends for over- and underuse of capacity. A large influencer of this metric is the number
of aircraft and missions assigned to the unit. A smaller fleet with a high tasking rate
would see a trend that is very high compared to other units of similar composition, same
number of aircraft but fewer taskings. One way to manage the strain and use of the
aircraft is having spares to fill in gaps for mission coverage. This is not always the case,
thus it is harder for small units to overcome several grounding conditions on their aircraft
and still meet the mission requirements. Another potential cause is irregularity in the
flying schedule. Flying schedules based on preference rather than requirements add
turmoil to the maintenance effort and are disruptive to aircraft generation. This metric

must be further explored given that the fleet is not flying 100% of the total time it is
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possessed. Along with this metric, it is not surprising that Sorties / TAI is the second
ranked metric (4" for Backward elimination).

Sorties / TAI is the number of missions (sorties) per total aircraft inventory (TAI).
Heavily tasked units or those that have a lot of pilot proficiency requirements will see a
larger ratio of sorties to aircraft. Specific aircraft preference may skew this statistic as
some aircraft are perceived to perform better than others. This condition is exacerbated
by flying shorter mission durations and having small quantity of aircraft assigned. Pilots
require a specified amount of time flying to maintain proficiency, with shorter flight
durations, this will demand more takeoff and landings per TAI. One aircraft in eight
unavailable will push several missions to the remaining seven aircraft. While the
occasional instance may not be of concern, a trend will see the airframe hours exceed the
projected lifespan of the aircraft which will result in more strain on components. This in
turn will push the Break rate up, increase supply system demand, and drive a reduced
Aircraft Availability trend as a result. This concept of overuse should be evaluated on
both micro and macro levels to determine if it truly exists especially if the fleet is only
flying fraction of the time possessed.

Break (%) rate is the next influential metric and the highest ranked influencer for
Backward elimination. It is rather intuitive that if more breaks happen then more aircraft
are unavailable for missions. If overuse is occurring, the Breaks are more of a symptom
of overuse but not the only reason. Breaks can be the result of component failure or errors
in maintenance actions. Tying in supply chain demand, this metric is a way to adjust the
demand on the system. It is expected that the three methods produced this metric as a

high influencer for Aircraft Availability.
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AWM Delayed Discrepancy rate ranked fourth for Stepwise and Forward
Selection methods and third for Backward Elimination. In addition, the overall count
across the unit’s fleet is also present in the factor reduction, indicating a significance for
this metric. Delayed discrepancies are issues with an aircraft that are not considered to be
mission limiting. They can range from a tear in a seat to something mechanical. For
example, if an aircraft has four components for redundancy but the system is not limiting
until three fail then the first two may be classified as delayed discrepancies. While the
immediate impact may not be significant, the trailing impact manifests when the order for
three of those same components fail and the aircraft is not available. The use of this
metric is based on priorities among other failed components or mandatory inspections. A
limited number of maintenance personnel only allows for a specific amount of work to be
accomplished. Delaying some maintenance will allow for other priorities to be completed
but at some future point in time, the availability will suffer due to needed maintenance
that was delayed.

12-Hour fix rate describes how the maintenance is being managed and calculates
how many of the breaks are fixed within the specified time period. As this rate goes
lower, it indicates that maintenance actions are being mismanaged and the repair process
must be evaluated. Intuitively, as the 12-hour point has lapsed and the aircraft is not
fixed, it is unavailable to meet the next required mission until it is completed. This metric
can also expand to the proper number of trained maintenance personnel to complete all of
the tasks required to ensure availability. Fewer people with an increasing workload is a

ratio that will not allow for high availability rates. Competing priorities for missions,
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frequent changes to flying schedule, limited resources, and supply chain deficiencies all
contribute to strain on this metric.

The Maintenance Man-hour / Flight hour (MMH / FH unit) metric describes the
length of time that maintenance personnel are performing actions on an aircraft. Those
actions can include fixing faults, preventative maintenance, and tasks associated with
aircraft generation. Some of the time spent performing maintenance actions is
unavoidable but decision makers at the unit can evaluate excess man-hours generated by
schedule turmoil, use of the aircraft, or improper maintenance practice. The improper
maintenance can be attributed to lack of training, limited or unserviceable resources, lack
of manning, unnecessary strain from schedule changes, or quality assurance practices that
are designed to produce airworthy aircraft. This is very apparent in the next ranked
metric.

Ground Aborts due to maintenance (Ground Abort MX) rate is a barometer for
maintenance quality within the unit. Ground aborts are counted if the mission must be
cancelled prior to takeoff due to an issue that should have been fixed or addressed by
maintenance technicians. This rate may be a symptom of low manning assigned or
authorized, turmoil in the flying or maintenance schedule, lack of training, or
maintenance oversight to ensure quality practice. This metric differs from air aborts that
are often attributed to a component failing. An aborted mission is a serious occurrence
that is evaluated from all leadership levels within the organization and enterprise
positions. That evaluation explores root causes, which may include failure of the
component and activities of the unit based on policy and procedures, to provide

corrective actions. Data on mechanical failures is reported and tracked for evaluation on
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component conditions that may change interval replacements or address faulty
manufacturing.

Inherent failures (Failures-1 inherent) are those that come with components and
exist within the complex system. Higher use of the system would speed up the needed
replacement of time change items or faster component wear. The sustainment projections
of the airframe are based on expected use, accounting for component failure so that the
supply system can keep up with the demand placed on it by the enterprise. Altering that
project drastically will leave a void for components at the time of need, keeping an
aircraft unavailable for the next event. While the units have little control over the failures
built into the system, overuse of the aircraft would be a stimulus to accelerate
replacement and drastically impact the supply chain demand.

Cannibalization rate (CANN Rate Sortie) captures the lack of supply at the time
of need. The previous metric contributes to this condition, as does the pressure placed on
commanders and maintenance staff to produce aircraft for the next mission as schedules
fluctuate and change. The metric has the ability to hide the true demand on the supply
system, turmoil in the schedule, and mismanagement of maintenance resources.
Cannibalization takes a known good component from another aircraft and uses it to
produce an available asset for the next mission. Typically, the decision authority will
remove a part from an aircraft that is expected to be unavailable longer. This presents
issues in that the underlying cause of the non-availability is masked by another event.
Masking the cause alters the expected need on the system, changes the computation of

component life expectancy, and impacts other supply chain related measures. In addition,
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changing a part that did not need to be replaced on one aircraft introduces undue strain on
the surrounding systems that may induce failure.

The next factor is Mean Time Between Failure (induced). This rate calculates the
time between failures that are induced from maintenance actions or other causes that
introduce a failure to the system, rather than its inherent characteristic failure time. A
common thread is pressure due to schedule changes and mission priorities. Chaos in the
schedule causes stress in the maintenance activity, which presents itself in lack of quality
maintenance practice, and missed targets for action completion. More maintenance
actions increase the risk of induced failures especially when extra maintenance actions
are performed without a validated need such as generating an aircraft that doesn’t fly.
Total Actions (N) accounts for all maintenance actions including unnecessary ones. The
last metric is Total Aircraft Inventory hours, which counts all aircraft assigned to a unit.
Increasing the number of hours assigned improves availability according to the regression
equation but it is very minimal improvement.

The machine learning techniques provided a significant improvement in
correlation for prediction. The regression methods generated R squared values from 0.44
to 0.46 and the machine learning from 0.42 to 0.87. k-Nearest Neighbor using leading
indicator metrics performed the worst of the machine learning techniques with a
correlation coefficient less than all three regression methods. In contrast based on the
coefficient of determination, Random Forest performed the best, delivering coefficients
of 0.78 for the metrics identified using Stepwise Selection and 0.87 using leading
indicators. Neural Networks produced a closer representation of observed availability

with the Stepwise Selection metrics generating an R squared value of 0.69 and the
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leading indicator metrics 0.60. From an error perspective, Neural Network with Stepwise
Selection metrics generated the lowest errors of the techniques performed. Interestingly,
the Neural Networks with leading indicators generated some of the higher errors statistics
of the methods evaluated. Random Forest with Stepwise Selection metrics had the second
lowest error metrics in the group.

5.2 Conclusions

The research intent was to provide maintenance leadership with a way to make
decisions using the tools, processes, and measures currently existing in the Air Force
maintenance community. The goal was to evaluate the large amount of data that is
retained daily and generate a usable output to empower maintenance leaders to meet the
aircraft availability demand. These conclusions and assertions cannot replace sound
judgment based on the conditions at the time the decision is required. The goal is to
provide a set of tools that helps the maintenance community determine the best path
forward given the criteria with which they are presented.

There is an expectation that the data will improve with a larger data set
encompassing more areas related to maintenance of an aircraft. The dataset used is
constrained to the measures captured by the various maintenance units responsible for the
KC-135R Stratotanker. Incorporating supply chain measures, pilot operation data, and
acquisition data will provide a more detailed picture to determine the influences on
aircraft availability and improvements to the prediction algorithms. Scheduling
Effectiveness for both sorties and maintenance actions appear to have a relationship with
Aircraft Availability. The conclusions of the data as they relate to the hypotheses will be

explained.
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Hypothesis 1 asserted that factor influence on aircraft availability can be
determined by analyzing historical aircraft metrics. Through the factor reduction methods
and again with the machine learning techniques, factor influence was extracted based on
the data captured in the maintenance information system. Furthermore, the factor
reduction methods revealed high influencing factors on Aircraft Availability. Each
regression technique rank ordered the metrics by influence on Aircraft Availability and
the prediction of that variable. These methods also produced other metrics that have not
been included in the subset Leading Indicators for Aircraft Availability. A
recommendation from this research is that the Air Force should evaluate the inclusion of
the metrics not identified as a Leading Indicator.

Hypothesis 2 claimed that the Random Forest machine learning technique would
provide the most accurate prediction of aircraft availability. Evaluating the correlation
coefficient and error statistics, Random Forest and Neural Networks generated a
significant prediction for aircraft availability using the Stepwise Selection factors and
leading indicators. Specifically, the Random Forest technique shows promise for further
evaluation to reduce the error statistics and maintain the correlation. However, the
Neural Network technique with the Stepwise Selection factor provided the best
performance of the machine learning techniques. There are more machine learning
techniques that were not addressed in this research but the techniques used show value to
exploring other techniques to improve prediction.

Specific to the lists generated in this research, the results provide an impetus for
the Air Force to evaluate other metrics from a data stance and their influence on Aircraft

Availability. The scheduling theme was extracted from the data but the extent to which it

71



is relevant is not necessarily apparent. There is a strong assumption that scheduling
turmoil has a large impact on availability stemming from excessive changes in the
maintenance activity, inability to place proper demand on the supply chain, and impact to
quality of maintenance actions. This topic must be considered for future research.

5.3 Contributions to Body of Knowledge

With both hypotheses proven in the research, the interesting contributions to the
body of knowledge come in the form of the following concepts:

1. Evaluating prediction of system availability separate from optimization of
the evaluated system
2. Ability to provide an accurate prediction of aircraft availability using
current maintenance processes and procedures
3. Machine Learning techniques are a method for an accurate prediction of
Aircraft Availability
Each one of these ideas deserves elaboration.

The literature review identified many articles that evaluated system availability in
conjunction with optimizing the system. An optimized system, in theory, would generate
the best system availability. However, the contribution of this research addresses the
evaluation of the current system to predict aircraft availability without optimizing the
system. This establishes the current system baseline and what is influencing that baseline
availability. From there it is intuitive to progress the system by optimizing and having
quantifiable data to measure the improvement to the system.

The high influencing factors in each of the techniques indicated those measures

that are captured and reviewed daily and how they influence aircraft availability. These
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sets of factors in rank order help unit commanders address priorities and other dynamic
situations with a data approach. One factor in particular is of high interest: the Awaiting
Maintenance Delayed Discrepancy metrics were listed high on all rankings. A
generalized approach to this metric from maintenance units is that fixing Delayed
Discrepancies are an inconvenience. While notionally the units are advised to minimize
these discrepancies if able, the priority is not to reduce this specific metric. The tradeoff
1s meeting the imminent requirement, but future availability will suffer if this metric is
not sufficiently addressed.

The three machine learning techniques used in this research have demonstrated
substantial promise for further development, especially Random Forest and Neural
Networks. There are copious amounts of data for every airframe in the Air Force and this
small subset of what exists has shown the capability of these techniques and alludes to
what could be if all the data is compiled and used. Adding in flying scheduling
effectiveness, maintenance scheduling effectiveness, and supply chain metrics (to name a
few) would have immense impact on generating an even more accurate prediction for
Aircraft Availability. In addition, with these metrics incorporated, a hierarchical list can
be generated to provide a better list of items that should be considered by the decision
makers.

5.4 Recommendations for Future Research

As stated previously, this research did not have access to all the data that is
tracked for the KC-135R or should be tracked. It is a highly recommended action that in-
depth research further evaluates the effect of schedule turmoil on Aircraft Availability.

This research has shown that a relationship exists between schedule effectiveness and
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Aircraft Availability but does not conclude the extent of the relationship, either
coincidental or correlated. A detailed analysis of that relationship would provide more
insight in schedule turmoil and Aircraft Availability.

Additional machine learning techniques should be explored to determine if a
better prediction can be generated. Excellent correlation and low error rates present in the
three techniques used deliver the assumption that others may generate similar if not better
results. In addition, including more metrics and datasets to the techniques evaluated could

highlight better predictions or more influential data.

74



References

Agrafiotis, G. K. (1990). A time-dependent availability measure for a repairable system
subject to catastrophic failures. IEEE Transactions on Reliability, 39(1), 23-25.
doi:10.1109/24.52637

Ahmed, N. U., & Schenk, K. F. (1978). Optimal Availability of Maintainable Systems.
IEEE Transactions on Reliability, 27(1), 41-45. doi:10.1109/TR.1978.5220235

Al-Thani, N. A., Ben Ahmed, M., & Haouari, M. (2016). A model and optimization-
based heuristic for the operational aircraft maintenance routing problem.
Transportation Research Part C, 72, 29-44. doi:10.1016/.trc.2016.09.004

Arndt, K., & Franken, P. (1977). Random Point Processes Applied to Availability
Analysis of Redundant Systems with Repair. IEEE Transaction on Reliability,
26(4), 266-269

Aven, T., & Grundt, H. J. (1989). Treatment of Catastrophic Events in Availability
Assessment. /[EEE Transactions on Reliability, 38(4), 506-507.
doi:10.1109/24.46473

Banerjee, S. K., & Bhide, S. D. (1981). Maintenance Improvement Policy to Optimise
System Availability. IEEE Transactions on Reliability, 30(1), 22-23.
doi:10.1109/TR.1981.5220945

Bazargan, M., & McGrath, R. N. (2003). Discrete event simulation to improve aircraft
availability and maintainability. Paper presented at the Annual Reliability and
Maintainability Symposium. 63-67. doi:10.1109/RAMS.2003.1181903. Retrieved

from https://ieeexplore.ieee.org/ document/1181903

75



Belién, J., Demeulemeester, E., De Bruecker, P., Van den Bergh, J., & Cardoen, B.
(2013). Integrated Staffing and Scheduling for an Aircraft Line Maintenance
Problem. Computers and Operations Research, 40(4), 1023-1033.
doi:10.1016/j.cor.2012.11.011

Cassady, C. R., Iyoob, I. M., Schneider, K., & Pohl, E. A. (2005). A generic model of
equipment availability under imperfect maintenance. /[EEE Transactions on
Reliability, 54(4), 564-571. doi:10.1109/TR.2005.857633

Chatterjee, S. & Hadi, A. (2017). Regression Analysis by Example. City Press, Delhi:
Wiley.

Cochran, J., & Lewis, T. (2002). Computing Small-fleet Aircraft Availabilities Including
Redundancy and Spares, Computers & Operations Research, 29(2002), 529-540

Cruyt, A. L. M., Ghobbar, A. A., & Curran, R. (2014). A Value-based Assessment
Method of the Supportability for a New Aircraft Entering into Service. I[EEE
Transactions on Reliability, 63(4), 817-829. doi1:10.1109/TR.2014.2335972

Cui, L., Du, S., & Liu, B. (2013). Multi-Point and Multi-Interval Availabilities. /EEE
Transactions on Reliability, 62(4). 811-820. doi: 10.1109/TR.2013.2285032

Dandotiya, R., Fuquing, Y., & Kumar, U. (2008). Optimal Maintenance Decision for
Line Reparable Units (LRUs) for an Aircraft System — A Conceptual Approach.
Operations Research, 45(3), 291-302. doi:10.1007/BF03398820

Dietterich T.G. (2000) Ensemble Methods in Machine Learning. In: Multiple Classifier
Systems. MCS 2000. Lecture Notes in Computer Science, 1875. Springer, Berlin,

Heidelberg

76



Dietterich, T.G. (2000) An Experimental Comparison of Three Methods for Constructing
Ensembles of Decision Trees: Bagging, Boosting, and Randomization. Machine
Learning, 40 (139). Retrieved from https://doi.org/10.1023/ A:1007607513941

Finkelstein, M. S. (1999). Multiple Availability on Stochastic Demand. /[EEE
Transactions on Reliability, 48(1), 19-24. doi:10.1109/24.765923

Grieco, K. (2018). The 2018 National Defense Strategy. Strategic Studies Quarterly,
12(2), 3-8. Retrieved from https://www jstor.org/stable/26430813

Griffith, W. S. (1982). A Multistate Availability Model: System Performance and
Component Importance. I[EEE Transactions on Reliability, 31(1). 97-98.

Government Accountability Office (2018). Air Force Readiness: Actions Needed to
Rebuild Readiness and Prepare for the Future. (GAO-19-120T). Washington, DC:
U.S. Government Printing Office

Gromping, U. (2009) Variable Importance Assessment in Regression: Linear Regression
versus Random Forest. The American Statistician. 63(4). 308-319.

Hassett, T. F., Dietrich, D. L., & Szidarovszky, F. (1995). Time-varying Failure Rates in
the Availability and Reliability Analysis of Repairable Systems. /[EEE
Transactions on Reliability, 44(1), 155-160. doi:10.1109/24.376543

Hastie, T., Tibshirani, R., & Friedman, J. (2017) The Elements of Statistical Learning:
Data Mining, Inference, and Prediction. New York, NY: Springer.

Hobbs, A., & Williamson, A. (2003). Associations Between Errors and Contributing
Factors in Aircraft Maintenance. Human Factors, 45(2), 186-201. doi:10.1518

/hfes.45.2.186.27244

77



Horning, S., Leung, P., Fitzgerald, A., & Mrad, N. (2012). Operational Readiness
Simulator: Optimizing Operational Availability Using a Virtual Environment.
International Journal of Aerospace Engineering, 2012, 1-8. doi:10.1155/2012/
425075

Hu, L., Yue, D., & Tian, R. (2015). Fuzzy availability assessment for a repairable
multistate series-parallel system. Discrete Dynamics in Nature and Society, 2015,
1-11. doi:10.1155/2015/156059

Johansson, U., Lofstrom, T., Linusson, H., & Bostrom, H. (2018). Efficient Venn
Predictors Using Random Forests. Machine Learning, 1-16. doi:10.1007/s10994-
018-5753-x

Khan, N. M., & Gupta, A. (1985). Availability analysis of 3-state systems. /[EEE
Transactions on Reliability, R-34(1), 86-87. doi:10.1109/TR.1985.5221943

Kozanidis, G. (2009). A Multiobjective Model for Maximizing Fleet Availability Under
the Presence of Flight and Maintenance Requirements. Journal of Advanced
Transportation. 43(2). 155-182. doi:10.1002/atr.5670430205

Kozanidis, G., Gavranis, A., & Kostarelou, E. (2012). Mixed Integer Least Squares
Optimization for Flight and Maintenance Planning of Mission Aircraft. Naval
Research Logistics, 59(3-4), 212-229. doi:10.1002/nav.21483

Kullstam, P. A. (1981). Availability, MTBF and MTTR for Repairable M out of N
System. IEEE Transactions on Reliability, 30(4), 393-394. doi:10.1109/TR.1981.
5221134

Lee, K. W. (2000). Stochastic Models for Random-request Availability. /EEE

Transactions on Reliability, 49(1), 80-84. doi:10.1109/24.855539

78



Lirong Cui, Shijia Du, & Baoliang Liu. (2013). Multi-point and multi-interval
availabilities. IEEE Transactions on Reliability, 62(4), 811-820.
doi:10.1109/TR.2013.2285032

Mahmood, Z. (2016). Data science and big data computing: Frameworks and
methodologies. Cham: Springer. doi:10.1007/978-3-319-31861-5 Retrieved from
https://ebookcentral.proquest.com/lib/[SITE ID]/detail.action?docID=4584990

Mani, V., & Sarma, V. V. S. (1984) Queuing Network Models for Aircraft Availability
and Spares Management. /[EEE Transactions on Reliability, 33(3), 257-262.

Marshall, C. W. (1982). Component Availability. IEEE Transactions on Reliability, 31(2)
216-218.

Martens, D., Baesens, B., & Fawcett, T. (2011). Editorial survey: Swarm intelligence for
Data Mining. Machine Learning, 82(1), 1-42. doi:10.1007/s10994-010-5216-5

Mattila, V., & Virtanen, K. (2011) Scheduling Fighter Aircraft Maintenance with
Reinforcement Learning, Proceedings of the 2011 Winter Simulation Conference

McNichols, R. J., & Messer, G. H. (1971). A cost-based availability allocation algorithm.
IEEE Transactions on Reliability, 20(3), 178-182. doi:10.1109/TR.1971.5216122

Mobarakeh, N. A., Shahzad, M. K., Baboli, A., & Tonadre, R. (2017). Improved
Forecasts for Uncertain and Unpredictable Spare Parts Demand in Business
Aircraft's with Bootstrap Method. IFAC PapersOnLine, 50(1) 15241-15246.
do1:10.1016/j.1fac0l.2017.08.2379 Retrieved from https://hal.archives-
ouvertes.fr/hal-01858497

Moe, T. A. (1976). ALE-A carrier aircraft availability model. /[EEE Transactions on

Reliability, 25(4), 243-247. doi:10.1109/TR.1976.5219982

79



Moore, A., Hobbs, J., & Hasaballa, M. (1985) A Monte Carlo Method for Determining
Confidence Bounds on Reliability and Availability of Maintained Systems. /EEE
Transactions on Reliability, 34(5), 497-498

Newton, J. (1996). Comment on: Time-varying Failure Rates in the Availability and
Reliability Analysis of Repairable Systems. IEEE Transactions on Reliability,
45(1), 27. doi:10.1109/24.488912

Olivares Loesch Vianna, W., & Yoneyama, T. (2018). Predictive maintenance
Optimization for Aircraft Redundant Systems Subjected to Multiple Wear
Profiles. IEEE Systems Journal, 12(2), 1170-1181. doi:10.1109/JSYST.
2017.2667232

O’Malley, T.J. (1983). The Aircraft Availability Model: Conceptual Framework and
Mathematics. (Logistics Management Institute Publication No. AD A132927).
Washington, DC: U.S. Government Printing Office

Pandey, M., Zuo, M., Moghaddass, R., & Tiwari, M. K. (2013). Selective Maintenance of
Binary Systems Under Imperfect Repair, Reliability Engineering and System
Safety, 113(2013), 42-51

Polikar R. (2012) Ensemble Learning. In: Zhang C., Ma Y. (eds) Ensemble Machine
Learning. Springer, Boston, MA

Sadananda Upadhya, K., & Srinivasan, N. K. (2003). Availability of weapon systems
with multiple failures and logistic delays. International Journal of Quality &

Reliability Management, 20(7), 836-846. doi:10.1108/02656710310491249

80



Samaranayake, P., & Kiridena, S. (2012). Aircraft Maintenance Planning and Scheduling:
An Integrated Framework. Journal of Quality in Maintenance Engineering, 18(4),
432-453. doi:10.1108/13552511211281598

Sarma, V. V. S., Ramchand, K., & Rao, A. K. (1977). Queuing Models for Estimating
Aircraft Fleet Availability. IEEE Transactions on Reliability, 26(4), 253-256

Sasaki, M., & Yanai, T. (1977) Availabilities for a Fixed Periodic System. /[EEE
Transactions on Reliability, 26(4). 300-302

Schneeweiss, W. G. (1981). Computing Failure Frequency, MTBF & MTTR via Mixed
Products of Availabilities and Unavailabilities. IEEE Transactions on Reliability,
30(4), 362-363. doi:10.1109/TR.1981.5221115

Shehory, O., Sycara, K., Sukthankar, G., & Mukherjee, V. (Apr 1, 1999). Agent aided
aircraft maintenance. Paper presented at the Proceedings of the third annual
conference on Autonomous Agents, 306-312. doi:10.1145/301136.301216
Retrieved from http://dl.acm.org/citation.cfm?id=301216

Sheikhalishahi, M., Ebrahimipour, V., & Farahani, M. (2014). An integrated GA-DEA
algorithm for determining the most effective maintenance policy for a k -out-of- n
problem. Journal of Intelligent Manufacturing, 25(6), 1455-1462.
doi:10.1007/s10845-013-0752-z

Sohn, S. Y., Yoon, K. B., & Chang, I. S. (2006). Random Effects Model for the
Reliability Management of Modules of a Fighter Aircraft. Reliability Engineering

and System Safety, 91(4), 433-437. doi:10.1016/j.ress.2005.02.008

81



Sorzano, C. O. S., Vargas, J., & Montano, A. P. (2014). A Survey of Dimensionality
Reduction Techniques. Retrieved from https://www.openaire.eu/search/publicati
on?articleld=od 18::961d5755b474fc25bc4f2b1{9fe8fbe

Thompson, W. E., & Springer, M. D. (1972). A Bayes Analysis of Availability for a
System Consisting of Several Independent Subsystems. IEEE Transactions on
Reliability, R-21(4), 212-214. doi:10.1109/TR.1972.5215996

Tillman, F. A, & Chatterjee, S. (1975) Availability Models of Maintained Systems, /EEE
Transactions on Reliability, 24(1). 69-72

Tiassou, K., Kanoun, K., Kaaniche, M., Seguin, C., & Papadopoulos, C. (2011).
Operational Reliability of an Aircraft with Adaptive Missions. Proceedings of the
13" European Workshop on Dependable Computing, EWDC 11, Pisa, Italy.
2011, 9-14.

Trump, D. (2017). National Security Strategy of the United States of America.
Washington, DC: U.S. Government Printing Office

Trunkey, R. Derek. (2013). Implications of the Department of Defense Readiness
Reporting System. (Congressional Budget Office Working Paper 2013-03)
Washington, DC: U.S. Government Printing Office

United States Air Force (2018). Aircraft and Equipment Maintenance Management. (Air
Force Instruction 21-101). Washington, DC: U.S. Government Printing Office

United States Air Force (2016). Aerospace Equipment Maintenance Inspection,
Documentation, Policies, and Procedures. (Technical Order 00-20-1).

Washington, DC: U.S. Government Printing Office

82



United States Air Force (2016). Equipment Inventory, Status and Utilization Reporting
(Air Force Instruction 21-103). Washington, DC: U.S. Government Printing
Office

United States Air Force (2015) Fundamentals Aircraft Maintenance (Air Force Tactics,
Techniques, and Procedures 3-3). Washington, DC: U.S. Government Printing
Office

United States Air Force (2016). Logistics Maintenance Performance Indicator Reporting
and Procedures. (Air Combat Command Instruction 21-118). Washington, DC:
U.S. Government Printing Office

United States Air Force (2009). Maintenance Metrics Handbook. (Air Force Logistics
Management Agency). Washington, DC: U.S. Government Printing Office

Upadhya, K. S., & Srinivasan, N. K. (2005). System Simulation for Availability of
Weapon Systems Under Various Missions. Systems Engineering, 8(4), 309-322.
doi:10.1002/sys.20036

Upadhya, K. S., & Srinivasan, N. K. (2012). Availability Estimation Using Simulation
for Military Systems. International Journal of Quality & Reliability Management,
29(8), 937-952. Retrieved from http://www.econis.ew/PPNSET?PPN=730630528

Upadhya, K. S., & Srinivasan, N. K. (2003). Availability of Weapon Systems with
Multiple Failures and Logistics Delay. International Journal of Quality and
Reliability Management, 20(7). 836-846. doi: 10.1.108/02656710310491249

Wang, Y. & Pham, H. (2011). A multi-objective optimization of imperfect preventive
maintenance policy for dependent competing risk systems with hidden failure.

IEEE Transactions on Reliability, 60(4), 770-781. do1:10.1109/TR.2011.2167779

83



Wood, A. (1989). Availability calculations with exhaustible spares. IEEE Transactions
on Reliability, 38(3), 388-391. doi:10.1109/24.44189

Zhang, T., & Horigome, M. (2001). Availability and Reliability of System with
Dependent Components and Time-varying Failure and Repair Rates. [EEE
Transactions on Reliability, 50(2), 151-158. do1:10.1109/24.963122

Zhao, M. (1994). Availability for Repairable Components and Series Systems. /[EEE

Transactions on Reliability, 43(2), 329-334. do1:10.1109/24.295017

84



