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SUMMARY

For the past 50 years, the paradigm ofcondition rotorcraft maintenance hsisffered

from random failures and intrusive scheduled maintenance that regularly disrupted flight
operations. The British UltrReliable Aircraft Pilot Program of the late 1990s introduced

the paradigm of Maintenance Free Operating Period (MFOP) as a sol#idnEOP

aircraft is a fault tolerant, highly reliable system that minimizes disruptive failures and
maintenance for an extended period of operations. After the MFOP, a single Maintenance
Recovery Period (MRP) consolidates repair of accrued faults and inspéotressore an
aircraftodés reli abi | AMFQPstrategy ptovides assarante taMiieOP c
user that flight operations will continue without disruption for the duration of the MFOP at

a given success rate.

The U.S. Department of Defenseeady adopted MFOP as a maintenance strategy for
the next generation of rotorcraft named the Future Vertical Lift (FVL) Family of Systems.
The U.S. military desires uninterrupted flight operations to enable a more expeditionary
force that operates frommmte, austere bases. It is thought that afligbt hour MFOP
at 90% availability wil./ support such dep
reliability to fly less than ten hours without significant repair at 75% availability. The
challenge presged is to achieve an order of magnitude improvement to meet the FVL
target and set the conditions for nearo maintenance.

The thesispositsthat statistical based metrics using the mean are insufficieat in
MFOP strategy and that metrics such as MEOP, which include the time history of
failure, are as important as the rate of failure. It usladiscrete Event Simulation to

model the MFOP, MRP, and their success rates as operational metrics. The worksdentif
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which subsystem(s) limit the MADof an aircraft and which components drive MRP
higher. It explore the relationship between MFOP and availability where preventive
component renewals occur at discrete multiples of the MHRe thesis provides a
framework to a maintenance policy that balances availability, dependability, and
maintainability ofa MFOProtorcraft. Finally, ittess the hypothesis that an operational
commander has some control over the MFOP by varying the MiRBgh an aggressive

lifing policy.
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1 INTRODUCTION

1.1 ProgressionTowards Ultra-Reliable Design

The paradigm of rotorcraft maintenance is shifting after alm@stearsof time-based,
preventive scheduled maienance. Figure 1 shows the progression of maintenance
approaches starting from the 1970s to the desired future state in t2é¢heiehtury. The
introduction of new technologies enabling Condition Based Maintenance (CBM) has
opened new options for sustainmenThe industryis now pushing towardgreater
reliability, lower costs, and lower maintenance burdenBhe promise of steadil
developing technologies has inspired aspirations of azerarmaintenance environment

where rotorcraft have thdependability andhaintainability ofmodern automobiles.
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Since the 1970s, rotorcraft maintenance Meeen a timéased, ofcondition
maintenance paradigm to ensueadiness[2]. Maintainers considered maintenance
activities as unscheduled or scheduled. Unscheduled maintenance is the repair of an
aircraft after random component failure. Random failures are very disruptive to operations.
They cancel missions and cause aircraft accidents. Despite aegt@ution in part
reliability, system reliability has not improved significantlyhe increasing complexity of
aircraft systems often offset gains omgponent reliability Even airplanes are not immune
to decreasing returns in overall availability ($8égure2). Unscheduled maintenance is
costly in terms of dollars and lost operating tirdes a result, the maintenance burden and
operating costs remain higeeeFigurel). Scheduled maintenance has occurred at fixed
time intervals, typically flight hours or number of days. It has takmeeentiveapproach,

involving intrusive inspections and replacement of paitls useful life remaining3].
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Operators are demanding improvam and new approachesCondition Based
MaintenancéCBM) attempts to alleviate some of the maintenance buaseociated with
scheduled inspectiotsy replacing components as needed based upon evidénedJ.S.

Army Aeronautical Design Standard (ADS)-D9Handbook describeSBMas fia set ¢
maintenance processes and capabilities derived primarily froredhtgme assessment of

system condition which are obtained from embedded sensors and/or extstraide
measurements usi n[g]. Querthe¢ padi tereyeaesgthe sucaess af CBM

has grownwith capability ofsensos and health management systems, giving CBM an
advantage that was not available to thecondition maintenance strategy.CBM
acknowl edges t he i ne-<dndition neimtenaree anddiminatese p a ¢
unnecessary removal o& working part; thereby lowering maintenance burden.
Minimizing unscheduled maintenance with early detecting of imami failure further
reduceOperation and Support (O&S) cosEBM is showing itself as a steady evolution

with sensor technology and data management maturafiba.latest upgrades for Black

Hawk and Apachéelicoptershave integrate@€BM technologies.

A program of Maintenance Free Operating Period (MFOP) is the next maintenance
paradigm.The Bri ti sh Royal Ai r PHoostudymtéoducedthea r a Re
concept ofaircraft MFOPIN the late 1990§5]. ThePilot studybecame #&rojectwith the
researcly o a | to find affordable Life Cycle Cost
in aircraft oper at i o[dlaAMFONmainterarire grogranywaa nd r
the first objective of the program.A MFOP maintenance program seeks to eliminate

disruptive random failurefor over an extendegeriod and consolidate any scheduled



maintenance into a succinct, repair period called Maintenance Recovery Period (MRP)
Hockley[7] provides the most accepted definition for the terms
a. Maintenance Free Operating Period (MFOP). A period of operation during which
the equipment must be able to carry out all its assignisgionswithout any
maintenance action and without the operator being restricted in any way due to
system faults olimitations
b. Maintenance Recovery Period (MRPJhe downtimeduring which appropriate
scheduled or corrective maintenance is done to recoverygtens toits fully
serviceable state so thatdn achievéhe next MFOP.
MFOP and MRP form a cyclas shown irFigure3. MFOP is measured in flightours
andMRP is measured in Maintenance Man Hours (MMH) or the total hours the aircraft is

unavailable for repair.

{ MFOP Cyclk \ MFOP Cycle+tl MFOP Cyclie+2
[ \
MFOP MEFOP MFOP

FlightHrs FlightHrs FlightHrs

MMH MMH MMH

MRP MRP MRP
> time —

Figure3: MFOP Cyck

CBM enhances MFOP duration by identifying failures with sufficient lead time to
schedule repair at the neMRP. Maintainerspreventively replace prts with an

impending failure at the next MRFA MFOP aircraft providesassurancef Fully Mission



Capabé (FMC) aircraft to the operator for a specified number of flight hours. MFOP does
benefit from improved inherent reliabilithpweverthe focus is on providing a dependable
aircraft thatoperatorgan use for a long period of time.

The United StatedDepartment of Defense @) has adopted MFOP as the
maintenance paradigm for its next generation fleet of military aircraft named Future
Vertical Lift (FVL) Family of Systems (FoS)DoD expects to begin fieldingpése aircraft
in thenext 1820 years.Unlike CBMs steady inclusion into the currentfldety L6 s F o0 S
design for MFOP capabilitirom the beginning.The work of ths thesis occurs within th
MFOP maintenanc@aradigm For a full discussion on MFOP, please see Se@ti&n

Zero Maintenance Aircraft (ZMA) represents a true revolution in aircraft maintenance.
ZMA seeks an order of magnitude change in the MFOP for helicopters beyon{8R050
The U.S. Army AviationDevelopment DirectoratéADD) envisionsFVL setting the
conditions for a near zero maintenance proguaaierUItra ReliableDesign (URD [8].

It requires no scheduled miatenance for extended MFORSBd to have bow maintenance
burden and small logistical footprint. Reduced life cycle costthaerea consequence of
ultracreliability.

The progression of the rotorcraft maintenance paradigms is not unlike the story of
improvement in automobile reliabilityCars and trucks integrat€BM in the form of
system diagnosis such as the check engine light and tire pressure geiMisQP-MRP
cycle is not unlike a regulautomobileinspection every 10,000 to 20,000 miles. ZMA is
the state of todayos mreark08% avcaknoseéno mgindehamam, a v a i

short ofoil changes and tire rotatipareduebetween inspection iaetvals For rotorcraft,



the futureseeksa similarprogression, withthe goal of ultrareliable aircraft arriving in the

ZMA revolution.

1.2 Relevance

The U.S. Department of Defensecently startea MFOP effort with goal of an ultra

reliable aircraft The next gneration of U.S. military rotorcraft, termed Future Vertical

Lift (FVL) Family of Systems ( Foepahead s i n
improvemeni n vertical Il i ft cap  p iTHeU.B.Jomtdoraev er t
is seeking selfieployable, agile aircraft to support a more expeditionary future force.
Minimizing the logistical footprint and maintenance burden will be key enablers of a more

agile force.FVL FoSwill deploy and operate 30 days with minimal supportofAceptual

goal of a 10€flight hour Maintenance Free Operating Period (MFOP) at 90% availability

[9] will be necessary to support such deploymentsTadéel) ; yet, todayods f
systemreliability to fly less than 10 hours without significant repair at 75% availability

[10]. Historical data of MFOP for DoD aircraft is not available bectlus®oD does not

track MFOP as a metricThis research estimatasrepresentativelH-60M Black Hawk

modeb s MF OFhoussfsee Sectiod.3.2.2for theanalysi$. Another work foundhe

OV-220s p r BIFO® ®© bearound 2 hour§ll]. The 1006flight hour MFOP for FVL

represents a single order of magnéudcrease in MFOP.



Tablel: Maintenance Metrics

Metric Current Fleet Future Vertical Zero Zero
Benchmark Lift Target Maintenance Maintenance
Threshold Objective
(today) (years 2030s) (years 2046b60) (years 204650)
Rm TBD TBD TBD
MFOP < 10 hours 100FH 480 FH 720 FH
one week
Ao 75% 90% 90% 95%
MRP 3 days 1.5 days
144 MMH 108 MMH
MTTR 3 MMH 1.5 MMH

(unscheduled)

Beyond FVL, Zero Maintenance Aircraft (ZMA) will push the boundaries of reliability
andmaintainability even further. ZMA will grow MFOP towards a threshold ofH480r
and an objective of 7208our. This represents two orders of magnitude increase from
todayods rotorcr aft . anordfieh e magritadeé ¢changeg® meesth t o a

FVL target and set the conditions for ZMA.

1.3 Motivation

1.3.1 Driven by FVL Opportunity

The paradigmshift to a MFOPprogram is driven by the needs of the U.S. future Joint
Force. The DoD fleet consiss mostly of the UH-1 Iroquois AH-1 Cobra, UH60 Black
Hawk, AH-64 Apache, CH17 Chinook, CH53 Sea Stallion, and the G22 Osprey Of

those aircraft, the DoD only fielded one first generation aircrafQ8pey in this century.



The current fleeis aging andikely to reach end of life by the mig030s. In2008, the
Congressional Rotorcraft Caucus stated its

i mproving the statl. of vertical i ft airecr

Genesis Of Future Vertical Lift

___.._-.@I

(3) 2009 NDAA:

Figure4: FVL Genesis as Presented by FVL ScienceTauahnologyiPT in 2015 [12]

FVL FoS is the subsequent response to the need for a next generatioftiéeetirrent
fleet is mature and unable to make gross improvement itabildy and dependability due
to the diminishingeturnspreviouslydrawnin Figure2. FVL provides the impetus and
opportunity to make the paradigm shift towards near zero maintenance. By designing for
MFOPfrom the beginning, FVL aircraft are the best opportunity to miakeeap forward

and achieve the magnitude change in extended MFOP.
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1.3.2 Mandated to Balance with Affordability
This section outlines how the valuing of FVL FoS designs and technologies must include
affordability as a metric. Improving reliability and MFOP wdlive down O&S cost and
reduce life cycle cost. This helps achieve affordability requirements. Finally, the
evaluation oa MFOPmaintenance strategy mustludevalue andcost

Over the past 30 years, the Awdeyelogedacqui s
new vertical lift aircraft. In an address to members of tNeAT OO0 s Fut ur e Rot
Requirements in 201Raniel Schrage recounts thtaetechnology push did not fit DoD
needsorta t echnol ogy was not a fthisdackdoficbnsemsus He ¢
between the user amdaterieldeveloper has resulted in a lack of top Army commitment
and; therefore, no new development of Army vertical lift systems over the past thirty years
[13]. The failed acquisition of the RAB6 Comanche and the Armed Reconnaissance
Helicopter (ARH) reflect an era of increasing complexity with long development timelines
that neglected affordability. Even tMarine and Air Force \22 Osprey which looks to
be a successook 24 years from program start (1983) to first fielding (24@4). Paul
Collopy and Peter Hollingsworth, in thelormative paper oWalue Driven Desigil5],
extrapolated acquisdn program cost to completionTheyshowedthat the total loss to
delay, overruns, and reductionsnrateriel(generally caused by overruns) is $55 billion
per yar, or $150 million each d&gy5]. Similarly, aRAND Corporationstudy in 2008
concluded that DoD acquisitions cost growth varies betwees038from program start
to finish[16]. FVL is attemptingto produce a new fleet of helicoptdrg the 2B0s and
avoid the financial mistakesof the past As such, the U.S. Government has issued a

mandate for affordability in design and operation of FVL.



The correlation betweeafordability andsystem reliability is well documented. The
2015 Future Rotorcraft Requirements Technical Evaluation ByMiéoncluded that O&S
cost accounts for 50% to 70% of Life Cycle Costs overgedl life of a modern rotorcraft
[17]. Table2 shows thatepairableaccountor 78% and 88% of total cost per flight hour
for the Black Hawk and Apache, respectivelyhese facts support the conclusion that
0&S ismost oflife cycle cost and that repair of failed components accounts fgréiagest

portionof O&S costs. A identifiedpath to affordability isvith high reliability.

Table2: Cost per Flight Houas Reported by GlobalSecurity.org

Cost per Flight Hour

System Total Consumables  Repairables

UH-60 Black Hawk $1,602.70 $351.54 $1,251.16
(22%) (78%)

AH-64D Longbow Apache $3,851.18 $444.20 $3,406.98
(12%) (88%)

Data taken from GlobalSecurity.of8]

The DoD Reliability, Availability, Maintainability, and CogRAM-C) Rationale
Report Manual summarizes the relationship between cost and relialitity. reliable
systems result in high life cycle costs due to increased O&S cost. Overly high reliable
systemddrive exorbitantResearch and Development (R&D) cost. The RE&Mnanual
urges to achieve a balance between reliability and[£8kt AlthoughFigure5 shows the
balance irthemiddle, historical data demonstrates that the optimal eamisin favor of
higher reliablity and lower O&S cost (shifting the balance pdeift). This is due to the

mentioneddominance of O&S cosh total life cycle
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[ ¥ 4
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Figure5: Optimum Life Cycle Cost and Reliability Curirem RAM-C Manual[19]

The Office of theUnder Secretary of Defense Acquisition Technology and Logistics
(OSD AT&L) initiated the Better Buying Powdr.0 initiative in 2010that reshaped the
DoD acquisition for efficiency. The Better Buying Power framework mandated
affordability as a requirementinlal new pr o g r acosidesabonshustahapefi c 0 st
requi r eme n t[20]. Bha 210 indtiatiseaddea cost trades asequirement to the
process.

Reviewingthe Better Buying Power cost trade mandate, DOD R&Kl s clsfera r
bal ancing reliability and c oevdalsheatnorgjlink VLOs

between sustainability and affordability.
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1.3.3 Invested in Science and Technology

The Army is the lead amongst thelitary services for the FVL Science and Tieology
development and Acquisition. The Armyd s Avi ati on and Mi s si |
DevelopmentEngineeringCenter AMRDEC) headsthe Science and Technology IPT

Over the next few year8 MRDEC will lead the discovery and investment into the science

and tehnology. A study to investigate the impacts @fMFOPstrategy on the balance
betweeraffordability, dependability, and capabilitywell timed to inform FVL decisions

on sustainment . It is the desire of the
in transforning thefuture sustainmenstrategy toone ofa MFOPparadigm.

Within AMRDEC, the Aviation Development Directate (ADD) issued a call for
proposal in 2015 for Ultr&eliable Design (URD)8] in support of FVL and the
development of MFOP and ZMA. More recently, ADD stated the need for a path to
transf or m f rbasednmamtémcy ttasMFOPprageam in FVL and finally to
near zero maintenance. ADD identified several gaps to accomplishing the transfarmation

These gaps are summarizediable3.

Table3: MFOP Knowledge Gaps

1. Identify metricsthat measure desired sustainment and readiness
outcomes

2. Findtools and methodologieseeded to support the selected
sustainment approach

3. Createsustainment approachefor FVL and neaffuture to midfuture
to farfuture (ZMA) technologies

4. Accountfor varying OPTEMPOIn afuture sustainment strategy

5. Realizesavings in O&Sand other life cycle cost components

12



The MFOP knowledge gaps iffable3 motivate theproposed researdb address the

gapsfrom an aircraft system and MFOP maintenance perspective.

1.4 Scope of Work

The scope of the academic effort is toystaithin the aircraft materel solution and
associated MFOIMRP strategy Considering all potential repercussionsaoMFOP
strategy on a large bureaucratic organization like the Department of Defense is beyond the
scope of a single thesis. As such, research starts fromategielsolution vantage point
It leavesthe broader domains of Doctrine, Organization, Trainingterngh analysis,
Leadership and education, Personnel, Facilities, and PBIQYKLPFP) to future work.
Althougha MFOPstrategy may equally apply to fixed wing aircraft, the focus of this
work is on a vertical lift family of systemsA goal is to demostrate how to balance
benefits and penalties of an appleetMFOPstrategy. The thesis applies MFOPstrategy
in the context of FVL to achieve relevance. FVL presents the current and largest effort
towards near zero maintenance. Tiameworkshownshauld equally applyto aircraft

other than FVL FoS; however, this work does not directly address airplane MFOP

1.5 Dissertation Outline

This chapter reviewed the history of modern maintenance strategies and addressed the
approaching of paradigm change towardsQ. It identified the relevance of the problem
as a need for an order of magnitude change in aircraft dependability to meet future

operational requirements.The opportunity that FVL presents to transform rotorcraft

13



maintenancenotivates the researctsimultaneouslythe mandate tbalance any MFOP
strategy with affordabilityconstrains the work MFOP and MRP influence in rotorcraft
design is a relevant topicln 2013, the Army began considering which technologies to
invest into achieveFVL and transition tonear zero maintenance. This discovery will
continue over the next five years.

The following chapter of thalissertationwill begin with defining the problem, its
structure, identifying appropriate stakeholders, and identify current chedléagolving
the problem. Chapté& presents background research to inform the formation of research
guestions. It presents a literature review on the relevant topics of reliaeifibjtions
MFOP options, the acquisition processljability modelirng, and value driven design. It
concludes with drief discussion on appropriate performance and cost modeling to the
problem and an overview of zero maintenance technolo@ibapter 4develops the tools
to measure MFOP using operational metric€hapte 5 introduces a framework to
construct a maintenance policy that maximizes availabilisyifFOPcontext Chapter 6
presents a method to provide some control over MFOPS of a given systests whether
the provided framework can improve MFOPS andvjates an adaptable policy that
maintains MFOPS after an extension to the MFOP durati@hapter 7 provides
concluding statements on thrameworkand its resultsFinally, the dissertation ends with
a discussion on future work with a focus on balancaygtem effectiveness with
affordability. To assist the readet,he document 6s r ef etablences

figure, and sectiaare hyperlinked.
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2 PROBLEM DEFINITION

The previouhapter (seé.2 Relevancgprovided evidence ofreorder of magnitudgap
between thdiMF OP o f rdtoccrhfafledd and the desirddFOP of theFVL FoS. It
also established the need to balance system effectiveness against affordability. The larger
problem presenting the rotorcraft communmstifVL FoS require leap ahead in capability
andindependai | ity to meet the future Joint Forc
while remaining affordable.

The larger problem statement spans the entire life cycle of the FoS. This problem is
too broad foithe scope of a singl@esis. A full analysis ohe DOTMLPFP domains as
requredUS D AT&LOs Def ens eisbest suied frithe larger prgblem.c e s s
The larger problemmeeds scalingo a more manageable problem. faymulate an

appropriate problem statemetite nexisectioninvestigats the stakeholder needs

2.1 Stakeholders

There arenumerousstakeholders in the development of a FoS of MRGBrcraft. A
sample listing includeskesearch and Development (R&D) organizations, acquisition
organizations, Original Equipment Manufacturers (OMwlustry vendors, the Vertical

Lift Consortium (VLC) consisting of academic and industry rotorcraft experts, academic
institutions, Congress, senior leade®gpartment of Defensdoint Staff and Servige
operational commanders, training organizatjéogistic commands, safety regulators, and
more. Stakeholders are grouped by the major role they take in the life cycle of a rotorcraft

system. Mjor dakeholdergroupsare developerspperational commanders, asdnior

15



leadersor decision makers Eachstakeholder hasnaadditionalrole in bringing ultra

reliable aircraft to the flight line as summarizedTiable4 and presented below.

Table4: Stakeholder Roles in a MFOP Strategy

Stakeholder Group Additional Roles ira MFOPstrategy

Developers Calculate reliability statistics
Predict operational metrics

Operational Commanders Manage MFORMRP to meet objectives

Decision Makers Balance system effectiveness against
affordability and risk

Developers include research and development organizations, acquisition managers, and
industry. R&D organizations encourage science and technology growth. diveyer
prospetive technologiesfund promising technologiesanddevelopthe besto maturity.
Acquisition organizations evaluaiategrate, and managgstemseveloped by industry.
Industry, heavily represented by ti@EM and vendorsdesignand produces the amaft
systems and componentfevelopers have a need to estimate the traditional reliability
statistics such awnaterielreliability, Mean Time Between Failure (MTBF), and Mean Time
to Repair (MTTR). Undea MFOPmaintenance strategy, developers also neguedict
the MFOP, MRP, and their probability of success.

Operational commandessipport strategic goals by employing forces and capabilities.
At the tactical level, they are responsible for the daily execution of the migheymake
use of the pvided aircraft systems and personnel to meet operational needs. This effort

includes integrating maintenance and logistics to achieve the required operational tempo
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(OPTEMPO).OPTEMPOdefinesthetype of missionglown, rate of flying, and necessary
aircraft availability Commanders have the need to adapt current systems and procedures
to meet a changing operational environment. They need to understand the relationship
between MFOP and MRP and their probability of suctaeassess risk, create siypjines,
assign and train personnahdapply limited resources.

Decision makers are senior civilian and military leadership. Enagtpolicy for the
joint forceto accomplish strategic goal®epartment of Defense senior leaders ensure the
strategyis mutually suppomg throughout each DOTMLRP domairwithin each service.
They liaison with Congress to obtain funding for acquisition . Decision makers
balancehe capability giverfinite resources Decision makers set requirements to bedan

system effectiveness against affordability, schedule, and risk.

2.2 Overall Problem and Problem Structure

Decomposing the problefrom thestakeholde@perspectiveselps identifythe principal
issues. Theonceptuatliagramof Figure6 shows the linkages between stakeholders and

the knowledge gaps found Trable3.
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Figure6: Stakeholder and Knowledge Gaps

Connecing stakeholders to the knowledge gapgeals that thkenowledge gaps inhibit

stakeholders from effecily creatinga MFOPstrategy.

OverallProblem Statement

Stakeholde@current approaches to aircraft dependability are
suitable for the development of MFOP aircraft.

Decision makers need the ability to measure \ahei-FOPoption or technology does
to the value.Such an investigation geires modeling an organizations performance across
the DOTMLPFP spectrum. Any methodology must consider the influence of bureaucratic
policies and funding limitations on the acquisition cyclead¥iIFOPfamily of systems.
Defining value andcommunicatig the balance with affordability is a third probldor
decisionmakers butemaired beyondthe scope of théhesis. The work provided in this
di ssertation supports, but does not sol ve,
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performance over th®OTMLPFP spectrum. SectioB.5 Valuing a MFOP Aircraft
discussed how Problem 1 and Problem 2 support the comprehensive need to balance
dependability and maintainability with system value.

The proposed research intends to remove the major hindrances that block each
stakeholder from creatinglmlanced MFOP strategy. To achieve a MFOP strategy with
an order of magnitude improvement in dependability, stakeholders need to overcome the
two remaining problems dfigure 7. The presented solutions to Problem 1 found in
Chaptedpr ovi de st &thenewtbols aacessary iw measure the dependability
of a MFOP aircraft in operational metrics. Chapté&ssand 6 address Problem 2 by
providing a frameworlkcapable of tailoring maintenance policiesmeet low high, or a

changingoperational tempo.

Overall Problem { G I {1 S K ufrddtSapldiosrhesto aircraft dependability are not
suitablefor the developmentof MFOPaircraft.

t N2owm SY Problem 2

Commandersneed the freedom to
manage maintenance and logistic
to best meet operational demands
yet current maintenance program
areinflexible.

h @S NIKIS¥a{AGa | S KF 6 8/FENEE2 A fyART NI YS @ @&NJid HyaE h
aidNIaiS3ae

Figure7: Probkem Structureand Overall Thesis
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2.3 Problem 1. Measuring MFOP

Problem 1 provides new tools necessary for stakeholders to measure the MFOP of an
aircraft using new operational metricA. challenge to implementing MFOPstrategy is

the change in paradigm away from what has always workeddpodition maintenance).
Traditional metrics such awaterielreliability (Rm), MTBF, and MTTR are useful for
manufacturing design and safety analysis; howevese#tatistical mefcsusing the mean

do not tell an operational commander about the dependability of their SysteMFOP

strategy.

2.3.1 MTBF: The Wrong Metric

Al Shaalane and Vlok summarized why a paradigm shift in maintenance is necessary
to make the transition to MFOPThey stated A MTBF presumes that fa
and thus creates the general assumption that there is no point in striving for the ultimate
goal of r el i @b.iAlthought experntest Figueed lughlights the fallacy

of MTBF as a metric.

Bystem 1] <@-@@ i } I
1000 2000 3000
Run hours
Erstem <@ % < % L
1000 2000 3000
Run hours
Eystem 3| | { OO
1000 2000 3000
Run hours

Figure8: Misleading Nature of MTBH-igure reprinted with permissions frd@i] and
from original sourcg22]
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All three systems have three failures over 3,000 hours for the same MTBF of 1000
hours per failure. A designer considering only MTBF has no preference betineen t
systems. This is because MTBF is hiding information about the distribution of failures.
System 2 is undesirable to a MFOP designer. System 3, with failures later in run time, is
preferable because it provides over 2,500 hours of MFOP before migsroptidn.
System 1 does provide a similar 2,500 hours if the infant mortality failures are avoided
through burpn. Unlike MTBF, MFOP does not hide the relevant information and
provides a better understanding of the impact on operations. MFOPS is apmianeriate
metric because it accounts for the random nature of failures, while traditional mikeics
MTBF, falsely assume a deterministic naturd. major consequence of these of the

incorrect metrids a complication in Igistics planning (see uigtte below).

Vignette on Incorrect Dependability Metrics

As reported in AAir strategy t
Engineering, August 1997169]

AAssume the maint ai ne rreturns Henvkaowd
it has an MTBF of 10 hours and has just flown a-fieair sortie, so hg
will have half a fault to fix. No one knows is whise] t h a't
might be. To be safe, a crane, a tug, a full set of jacks, a full tool ki
a spare for gery replaceable unit on the aircraft, is ordered up
standby. This is real life. The traditional system for defining reliab
is a nightmare to the logistics manager and the accountant, whq
asked to fund and provision spares that may notbd eed f or

Wg/Cdr Trevor Turner, RAF
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2.3.2 Resolving the MTBF Fallacy

According to DI Knowles as reported by Kumar e{28], the drawback of MTBF is
t hat it i s fAal most i mpossi bleo to deter mi
exponential. Exponentials are most attractive due to their mathematical ease; however, this
becomes a fallacyith aging part®ver multipleMFOP cycles. At the Annual Reliability
and Maintainability Symposium in 1997, Hockley and Appleton recommended
transitioning from MTBF as the reliably metric towards a probability of failure to meet a
specified MFOP They[6] and Relf[24] cautionedVITBF sets arill -fatedacceptancef
failure and an inevitability to unscheduled maintenanceThe quest forimproved
dependabilitywith fault free parts becomes ever increasingly exiperis terms of ime,
weight, and cost. Instead, Hockley and Appleton recommended creating fault tolerant
systemg6]. MFOP and MRP are examples of operational metrics that measure the ability
of a system to remain failure free (fault tolejanbt fault free. By doing so, the designer
adds fault tolerance to inherent reliability as options to improve dependability of the

systems.

Problem 1

Designers need to predict the dependability of an MFOP aircrg
operational metrics, yeurrent design utilizes statistical metrics

Dr. Michael Hammer, a noted expert in process engineeniagted four principles for
measur ement . (1) Ameasure what matters, r
measure only what matters mosather than everything; (3) measure what can be
controlled, rather than what cannot be controlled; and (4) measure what has impact on
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desired business goal s, [2b]a iniskort, MTBFasnthee nd s

convernent and MFOP is what matter$his led to the statement of the first problem.

2.3.3 Research Question 1
The shift to what matters, MFOP, has only just starfesllate a®009 theDoD RAM-
C Report ManuataintainedAo (operational availability), R, and segral modes of mean
time to repairs as key metrifg9]. A review by Kumar et a[23] found theAir Force by
the year 2000began emphasizingeliability metrics based on operationaiquirements
over mean time statistical metriche Ar my 6s ADD recently ackn
new metrics ira MFOPstrategy gap9] when it marked it as the first MFGfhowledge
Gap (seeTable3). This knowledge gap and the need for methods to estimate MFOP
metrics present a challenge for establishmeiat MFOPstrategy. With the right metrics
identified as MFOP and its prohility of success, the next steyasto estimate the MFOP

by modeling a system. his gaverise to the first research question.

Research Question 1

What method(s) arsuitedto model MFOP?

Section 3.3 reviews the current literature on predicting MFOPThe majority of
analytical and modeling efforf®4], [26], and [27] focusedon estimating the MFOP.
Kumar et. al[23] and Price et. g8] add and then use the concept of MFOP probability
success to the measurement. Chapteegns with an evaluation of the state of the art

modeling methodand their suitability to model an MFOP rotorcrafthe remainder of
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the chaptr develops a customized Discrete Event Simulation, followed by a series of

experiments to verify the model 6s accuracy

2.3.4 Research Questios2a and 2b

Once the model estimates a systembébs MFOP,
performance. To do so, ddgpersneed to understand where a component or subsystem

is limiting a given MFOP.BY locating the limiting component, designenay redesign

the architecture or impr@vcomponentinherent reliability to betteachieve targets.

Research Question 2a astasdentify components limiting the MFOP durationswering

this research question attendsMBOP Knowledge Gag: Find tools and methodologies

needed to support the selected sustainment approBwoh ability to quantify the limiting

component provides the developer with a tool to measure and ingpMFOPdesign.

Research Question 2a

Which components/subsystems limit an MFOP?

Research Question 2b

Which components/subsystems are the greatestiloutor(s) to MRP
duration?

Maintainers and logisticians are also keenly interested in repairs that increase the
maintenance burden inside the MRP. Identifying what repairs are driving MRP higher is
equally as important as what limits a MFOPhe adhor could not find significant work

published on the estimation of the MRP outside of Price ¢28]. Most of scheduled
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maintenance modeling in the reliability field follows theandition repair paradigm with

the goal tominimize total cost. Acknowledging the importance of affordability, the
maintenance burden measured in Maintenance Man Hours (MMH) or Maintenance
Downtime (hours) is also critical to operators. Measuring the maintenance burden is the
topic of Research @estion B. Answering the researchuestionaddressesMFOP
KnowledgeGagby providing devel opers with an app

burden.

2.4 Problem 2 Adaptive Maintenance for Agile Aircraft

Probl em 26s o0 b jafeameworktkatleads tamaintenanceypolidies suitable

toa MFOPstrategy. A suitable maintenance policy must enable FVL family of systems to

be adaptable and interoperablEne white paper-uture Aviation Maintenance Concept:

Bridging the Gap toward Bbility and FVLstatel,i mai nt enance doctri ne
meet the chal |l er2§]e®he kuture 6f Aviation Maintemaecen@odcept
(FAMC) Interdisciplinary Concept Team (ICT), led by Lieutenant Colonel J. Peter
Velesky, continued to stat@Army Aviation sustainment must become more agile and

r es p o [29].i the BMAC ICT is using agiléo meana quick resposeto changing
operational demanddts context isnot as the measure ofan aircraffs handling or
maneuverability Today, the Army has begun to limit inspectiarsshg CBM to support

an agileaircraft The oncondition paradigm of frequent, scheduled maintenafdbe

past40 years wasnything but agile. For examplgrior to CBM theUH-60 undewent

routineil d a i thgur/l4day 46h o ur and other 9k oRequireé d 1 ns

inspections includel20-hour inspections and intensiyghase maintenance every 360
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hours. Maintainers condued 30-day, 90day, 120day, émonth, and yearly special
scheduled inspectionsCBM has begun to eliminate some of these inspections but its
progress is not complete.h@restill exists a disparitybetweent o d angidtenance and
the need foedaptivemaintenance The U. S. Ar mydés Avi ati on
denoted the disparity iMFOP Knowledge Ga@: Account for varying OPTEMPO in
future sustainment strate@g introduced iTable3. This disparity or gap constitutes the

second problemMFOP with CBM+ is planned to eliminate the gap.

Problem 2

Commanders need the freedom to manage maintenance and logig
best meet operationdemands, yet current maintenance programs
inflexible.

An adaptivemaintenance program shoulespondo the current operational needs of

a commander. A commander has few options on the maintenance of a fielded aircraft under

the paradigm ofon-condition maintenanceGenerally, aircraft architecturemainsfixed
and vendas ship components with fixed reliabilityl he versatility of rotorcraft has meant
a wide variety of missions in every environment in the world. A flgde scheduled
mant enance pl ansiaze ufmetss aalfiloneappr oach
mission or environmentCreatinga MFORMRP cyde fixed to one desigtempois a lost

opportunity to maximize dependability.
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2.4.1 Research Question 3

A commander that undersids the relationship between MFOP and MRP has more
flexibility to balance requirementshe war time operational tempo by FVL is thought to
be about 100 flight hours in 7 daj@j. Not all aircraft will beat such a highempoas the
FVL war-time target A unit in training may lower the maintenance burden or save money
by tradingfor a shorteMFOP or seek maximum operational availabilitConversely, a
unit with a very highoperational temponay fibuyo a longer MFOP witra longer MRP.
ADD recognizes the trade between MFOP, MRP, maintainability, and affordaiithg
third andfourth knowledge gap of Table3. Thethird research question seeks to uncover
the maintenance policy that maximizes availability at the potential reduction of a MFOP
duration. This simulates a garrison environment where an extended MFOP is not an

operational necessity.

Research Questior8

What is the maintenance policy that minimizes downtime?

The development of a policy to minimize downtime is similar to classical renewal
theory as presented in its literature review (se@@idrid. Chapteb begins to answer the
research question by examining classical renewal theorya iMFOP strategy.
Unfortunately the Chapter5 shows the theorys unable to protect the MFOP from
disruptive maintenance. Sectibrirevises the theory watisfya MFOPstrategy.Section
5.2 demonstrates the needrfa framework to achieve a suitable policy that minimizes

downtime while obtaining a sufficient reliability. The reminder of the chapter constructs
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a framework (section5.3) and tests a hypothesis in an experiment on a simple system

(sectionss.4and5.5). Resultsa sensitivity studyand a discussion conclude the chapter.

2.4.2 Research Question 4
The final research questidooks atthe wat i me t empo and FVLO6s cal
forward footprint by operating aircraft for extended periods without disruptive
maintenance. The objective is to maintain the MFOP probability of success above a
minimum level for a preletermined number of MFOP cycles. The minimum level is a
guantification ofh e commander 6s r i-determibed huembenai MFROP The
cycles accounts for the planned duration at the extended MFOP or high operational tempo.

A policy that supports an extended MFOP is exercising some control over the risk of a
failed MFOP. Controlling a MFOP inherently requires management of the MFOP duration
and its probability of success. Extending the MFOP naturally results in a decreased
MFOPS given the same MRP. Similarly, avoiding risk by raising the MFOPS requirement
will shorten te MFOP. This thinking relies upon a common assumption to MFOP
modeling in literature: the assumption that only failed parts are replaced. This section
guestions the general assumption. What if maintainers pursue an aggressive lifing policy

that replacs parts before failure? Would this help control MFOPS?

Research Question 4

What isa maintenance policy that controls MFOPS?
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The problem is best thought of as managing the MRP to maintain the desired success
over time or after an increased MFOP. iforease the MFOPS, one would expect to
replace the oldest parts first with the greatest likelihood of mission failure. Additional
repairs, consequently, increase the MRP burden. Intuitively, one would assume pushing a
system of fixed architecture td@ger MFOP while maintaining the MFOPS results in a
longer MRP. The aircraft would fly longer hours and accumulate more repairs for the

MRP. The thought process gives rise to Research Question 4.

2.5 Current MFOP Methodologies

In 1999, Mark Relf introducetthe broader public to the MFOP paradigm with his formative
journal arti cl eFree OperatingeRriodsMae nDbeniagreer 6 s Ch
in Quality and Reliability Engineering Internatiojd#t]. Relf had worked on thritish
Ultra-Reliable Aircraft project in the late 1990s with British Aerospace and his article
served as catalyst for academic exploration of MFOP. He proposed an iterative design

methodology drawn in the figulmelow.

Yes
Lay 0_'-"_ Run Calculate Is MFOP
Baseline —'| Simulation —™ MFOP —® Value ok ?
S}fstem Value
I lﬂu

Adapt Apply MFOP]  [Tdentify
System "Option” to r__ weak MFOP

Architecture weak link

link ?

Figure9: MFOP Design Methodology from RgR4] Copyright © 1999 John Wiley &
Sons, Ltd.
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Rel f6s methodol ogy provided a template to
MFOP. He recommended a Monte Carlo simulation to approximate the MFOP value of a
given systenj24]. If the MFOP proved insufficient,themmeb d ol ogy sought t
l'inko that | imited t he328p@RdedmedhEtOimpr&yed i ons
systembébs MFOP. MEGPI value | aadt iderttificatian fof the tweak link
constitutes Problem 1 found in Chapfer Research Question 1 addresses the selection,
developmentand validation of a modeling technique to estimate the MFOP. Research
Question 2a queries how to find the weak link (sedli@ andResearch Qustion 3 asks

for a technique to quantifyttdRP 6 s mai nt enan43 burden (sect

Problem 1 Chapter
Measure MFOP 4

RQ 1: Which method(s) are Section | [RQ 2a: Which components/ Section
suited to model MFOP? 4.1 Subsystems limit an MFOP? 4.2

RQ 2b: Which components are the Section
—|greatest contributor(s) to MRP
duration?

Figurel0: Summary of Problem 1: Nsure MFOP

Rel f 6 s mddcusedonate ongprpvement of the system to achieve a given
MFOP goal. When introducing potential MFOP Options, Relf statedipol i cy of
lifing would be the most viable method to realeadMFOR out si de new tech
CBM or the wuse of redundancy. This i ntr

performance is a function of its design and the applied maintenance policy. The original
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methodology ofFigure 9, however, does not directly provide a means to design a
maintenance policy in conjunction with the design of the cybgsical system.

The longterm reliability of a system is a fation of its inherent reliability and the
supporting maintenance policy. In a survey of reliability modeling techniques published

in the Journal of Mechanical Engineering Science, Andf@éisstated,

Traditionally the systendesign process and the specification of the
maintenance programme have been carried out separately. There are
advantages to be gained by considering the two aspects simultaneously
where the system is designed to enable an efficient and effective
maintenace strategy to be employed.

Li ke Rel f 6s me tharecdno MFOB snodelimyonetbodotogies found in a
literature searclhi28], [30], [31] and summarized in sBon 4.1.2.1provide a means to
constructa MFOPmaintenance policy. In summary, there exists the need to link system

design and maintenance pylidevelopment foa MFOPstrategy.

Problem 2
Adaptive Maintenance

RQ 3: What is the maintenance Chapter RQ 4: What is a maintenance Chapter
policy that minimizes downtime? 5 policy that controls MFOPS? 6

Figurell: Summary of Problem 2: Adaptive Maintenance

To fill this knowledge gap, Research Question 2b and its conjecture research how to
measure the maintenance burden generated by a comporsriisygstem. Problem 2,
consisting of the entirety of Chapté&ssand6, develops a framework to designMFOP
maintenance policy. Chaptgrpplied a reissed maintenance theory in the framework to

construct a policy to best mesetMFOPwhile maximizing availability. Chapté follows

31



the frameworka construct an adaptable policy that meets a desired MFOP probability of

success over a changing operational tempo.

2.6 Framework Introduction

This section introduces a generic framework that constructs policies to meet operational
requirements oA MFOPstraegy. The framework establishes approach to design a

system and its maintenance policy to meet availability and dependability requirements.
This sectionprovides the reader a roadmap to the research and context to the need,
development, and evaluatioaf the framework. ChapteB provides definitions,
background, and literature summary on modeling and maintenance meftnobem 1 of

Chapter4 establishes the tools to model the MFOP of a system, diagnose the weak link,
and construct subsystem failure and repair distributions. CHapstablishes the need for

the framework, presents the fully developed framework, and shows how the framework
satisfiesa MFOPstrategy. The chapter ends with an experiment that develops wfoolic
maximize availability fom MFOPsystem. Chapted elaboratesoh he f r amewor k 6 ¢
to Iimprove a systembdés MF Owesmn applieabon bfian y o f

adaptable policy to meet the needs of changing operational tempo.

2.6.1 Framework Overview

The framework to desiga MFOPmaintenance policyFigurel2) c o mpl ement s Re
methodology througthree majoactions: define, build, and evaluatet b ui | ds wupon
methodology by adding the design of a maintenance polide framework beginby

defining the current system and MFOP setting goals. Principles specific to a MFOP

strategy namely the need to protect the MFOP from disruptive maintenance and ensure
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sufficient reliability, guide the construction of a MFOP policy. Finally, the framekvor
calls for evaluation of the policy for sufficieMFOP, its probability of succesand
resultant downtimeThe framework guides the designer in itieeative desigrof asystem

andpolicy until it satisfies the goals faFOP, MFOP success, and availei.

@

( Builda MaintenancePolicy )

v
( Evaluatethe MaintenancePolicy )—O@

Figurel2 Overview of Designing a Maintenance Policy

Definethe System )

Figurel3 presents the conceptual framework on pagjm full detail.

2.6.2 Define the System
Thedefine action establishes inputs and key metric goals that drive the development of a
supporting maintenance policlfigurel3(page34) shows the conceptual framework. The
figure lists najor sections that introduce or derive key concepts for a procsiske
rounded, rectangte Bowlegs (#) denote thaput, processor decisiomumber. Define
actioneventsare:

(1) Start The processes to constracMFOPdesign and supporinmaintenance

policy begins here.
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(1)

Define the System
(13)
Apply MFOP Option tol¢
weak link
1 |3.2.’g

)

Layout

(4) calculate

Baseline System DFOJ:I]rCTig]ne
(5.1
) Build a Maintenance Policy
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Figurel3: Conceptual Framework ®sMFOPDesign
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(2) Layout Baseline System Much | i ke Relfds Design Me:

defining the current system. The framework permits the design of the system
architecture with performance modeled through a series of phased, fault trees
(section4.1.2.9. Key inputs include component failure distributions (section
4.3.2.) and associated repair times (sectiérg2.3and5.1.7).

(3) Set Operational GoalsT his process defines the phased or segmented mission based

upon model requirements set in sect®f.1and methods evaluated in section
4.1.1.1 The MFOP duration requirement and its MFOP Success rate (sg&ign

goals are determined based upon operational requirements. The operator must also
select the desired availability (sectidni.2.3.

(4) Calculate Downtime Function The contribution of component and subsystem

downtimes are modeled in accordance with a revised renewal theory developed in

section5.1.1

2.6.3 Build a Maintenance Policy
The build action constructs the draft policy by constraining preventive maintenance
replacement intervals to MRP# consists of the following processes:

(5) Optimize Replacement Intervals Initial renewal intervals are drafted for

components assigned to preventive maintenance with tasks of repair, replace, or
service. Draft intervals begin by following a policy thadximizes availability.

(6) Protect the MFOP by Constraining Replacement IntervEtés process manages

intervals such that all preventive maintenance to occurs in the MRPs. The applied

policy determines the way renewal intervals are constrained. Préblemf
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(7)

Chaptel5 provides a policy to maximize availability. Chapéerovides a policy
to control MFOPS over a given number of cycles.

Is MFOP Value OkayZhe constraining of replacement intervals provides a limit

on the MFOP duration. The decision considers if the policy limited MFOPsmeet
t he MFOP duration goal. I f the policyo
moves to Decision (8). | f the policyods
must make a change to the systemds des
MFOP Optiors (sectiorB.2.3. This feedback to Process (13) is where the design

of the system and policy interact.

2.6.4 Evaluate theMaintenance Policy

With the MFOP protected by the build action, the evaluate action checks for sufficient

reliability and availability of the systemCheckng MFOP and downtime drives the

designer to iteratively find the balance betwédentwo.

(8)

9)

Is MFOPS Value Okay?The decisionchécs i f t he policyds |

(MFOPS), or probability of success, meets the risk level $epirt(2). Research

Qu e s t i investigdtés showto modela s y s MFOR 6 Bhe developed
Discrete Event Simulation (sectidnl) provides thgool to measure the success
rate. If the MFOPS is insufficient to the goal set in Process (2), the designer
moves to Process (9)f the MFOPS is suffi@nt, the designer moves to Process

(11).

Identify the Weakest LinkRelf identified the weakest link as a necessary step to
i mprove the systemds MFOP. Research Q

the weakest | ink(s) t hautreAlansmerstwitathesy st e |
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concept of Failure Cause Identification. Sec8ad lintroduces the concept and
section4.2 provides further development as a quantifiable technique. Problem 2
makes extensive use of Failure Cause Identification in the application of the
framework.

(10) Adjust Replacemenintervals. The frameworkrequiresthe designeto shorten

intervals of components identified as
the approach to shortening. Secti@3and6.2 provide guidance for policies

that maximize availability and improve MFORS8spectively. An adjustment to

the interval makes a change in the policy that returns the designer to Process (6).
The iterative, inner loop between (6) to (10) is the MFOPS control loop
supporting Problem 2.2 and is fully discussed in se@&i@n

(11) Is DowntimeOkay? The final check of downtime occurs after the policy satisfies

both the MFOP and MFOPS targets. Decision (11) ensure the policycéslan

MFOPS against the downtime calculated using the revised renewal theory created

in Chapterb. | f the pol i cydstheddesgnartmoveseto i s un
Process (12) | f the policyds downtime i s acoc
Process (14).

(12) Rank Parts by DowntimeThis proces®rders components by their individual,

expected downtime contribution. The components with the greatesttiche
are targets for improvement via MFOP Option in Process (13) or an

improvement to its maintainabiliip Process (1).
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2.6.5 Concluding the Policy

Should the policy become unable to meet the MFOP or downtime goals, the designer must
seek a redesign to the cykmrysical system itself. This feedback loop from Decision (7)
and Process (12) tilve Defineaction connects the cybgrhysical system to thpolicy
development.

(13) Apply MFOP Optionto Weak LinkT hi s process originates

Methodology. Possible MFOP Options include inherent reliability,
prognostic/diagnostics, redundancy, and reconfigurabj@4]. Please see
section3.2.3f or more detail on Relfbés MFOP Op

(14) Done Policy construction may end once the designed system and policy yield

sufficient MFOP duration, sufficient MFOPS, and an acceptable downtime.

The building of a policy begins after the
component reliability. The framework is intended to guide the operational commander
through aseries of processes and decisions to create a policy best suitedttthe MFOP
need while balancing policy risk measured by MFOPS and the desired availability. The
feedback loops to Define the System provide an opportunity for interaction between the
system designer and the policy author. In this way, the framework supports conceptual

and preliminary design of a new system.
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3 LITERATURE REVIEW AND BACKGROUND

3.1 Reliability, Availability, Dependability, and Other -Abilities

In everyday language, the ternefiableand dependable are often synonyms. In the context

of aircraft readiness their meanings differ amdsignificant. Engineers, regrettably, are
often ambiguous with their languagéhen using the termeeliability, availability, and
dependability This section provides definitions to avoid confusidime DoD believesia

three metrics are important when predicting readiness and discussing a maintenance
strategy. The Joint Capabilities Integration and Development System (JOVRBal
requires eliability as a Key System Attribute (KSA) and availability as a Key Performance
Parameter (KPHL9]. In a MFOPstrategy, dependability as measured by MBO®#MRP

shouldbea KPR,

3.1.1 Reliability

3.1.1.1 Basicand Mater Reliability

TheDoD RAM-C Rationale Report Manufl9]d ef i nes reliability as
the system will perform without failure over a specified interval under specified
conditionso In [32], Smithprovides a similar definititnHes u mmar i zes r el i abi
probability of nonfailure in a given period. Probability analysis is clearly fundamental

to the calculation of reliability. In thighesis the random variable of interest is the Time

to Failure TTF). Letf(t) be the probability density function of the TTF distribution (also

called the failure distribution) and is tipeobability density functionf(t). The failure

function, F(t), is theprobabilitythat the Time Td-ailure (TTF) occus before time. F(t)
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is the integral of the failure distribution from time zero to t and is known as the cumulative

distribution function (cdf).
00 . Q0Q06 0 Y'YO0Oo (1)
The reliability function, or survivafunction,is complementary to the cdf anddsfined as
Yo . "Q0Qo p 00 (2)
Basic reliability is the probability of the system to operate without faults requiring
repair R(t). Materiel Reliability, Rwv, is thebasicreliability of a specified systetmased on
materielcondition DoD RAM-C requires an appropriateaterielreliability to meet the

capability needed in the operating environni@f{. Part of fulfilling this requiremenn

FVL FoS is calculating the lRnecessary to achieve the target MFOPs listéichlrie 1.

3.1.1.2 Mission reliability

Mi ssion reliabi | ilitythat (htMsydtemiaged i$ dble & cqmpletb a b i
mission duration oftn s u ¢ ¢ e s [83].u Theérg @are two major considerations that
distinguish between basic reliability and mission reliability. According to DoD RAM

mi ssion reliability considers Adfailures th
considers ndal |l aifrati ¢ 9. rdBascaekaljlityimusi be ¢gess ithan or

equal to mission reliability because basic reliability includes other failures that do not
disrupt mission accomplishment. The secdistinction,is that mission reliaility is for a

system with a given age of each componergndted by Kumaik n mi ssi on rel i a
recognizethe age of the systeth ef or e t h[83]. niFolleveing c@wonditional

probability, mission reliability is
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0'Yoh e (3)

Mission and basic reliability are distinct and have separate uses. DoD@Réthtes that
mission reliability is for operational availability calculations and basic relialsilipports

materiel availability calculationg19].

3.1.1.3 Unreliability

Unreliability, Q, is probability of failure over a specified interval. Ittiee complement of
reliability

0 p 'Y (4)
Unreliability is useful in theoretical calculations when it is more convenient to calculate
probabilities of failure than probability of success. The use of an inclesieansion
expression of prime implicants as outlined in Chew ef2al] provides an analytical
solution for system unreliability and, consequently, reliabilitynreliability may be
expressed to any level (MFOP cycle, mission, phase, ett.js important to denote
whether the unreliability is from MFOP stéhrough a level (i.e. start to phdser) or the
unreliability is at a level using conditional probability (i.e. phésar). The former
decreases with the progression of levels while the latter requires the use of conditional

probability (i.e. unrehbility of phase 4 given that phases one to three are successful).

3.1.2 Auvailability
Whereas reliability involves a duration of time, availability is a measure in an instant of
time. The DoD dividesavailability into Materel Availability (Av) and Operational

Availability (Ao).
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3.1.2.1 Materigl Availability

Materiel availability measuregshe number of in service aircraft against the total fleet
inventory. (perational availability isa measure for of a set of aircraft typically under a
unit. The RAM-C Rationale Repoftl9] defines theéerm asthe percentage of systems in

operational use

3.1.2.2 Operational Availability

Operational Availabilityfo) i s At he percentage of time th
within a unit are operationally capaldef per f or mi ng an assigned
the RAM-C Rationale Repoffl9]. It is important to note thao, notAw, is an operational

metric. This isbecausedo measuresiowntimebeyondmaterielcondition. Smith [32],

expressesdo as

0 (5)

where MTBF is the Mean Time Between Failure and MDT is the NDsamntime MTBF

is the number of operating hours divided by the total number of failuy3T is the
averagaedowntimeof a system. It is the sum of Mean Time to Repair (MTTR), Logistics
Downtime (LDT), and Administrative Dowiime (ADT). Downtimemeasured as MTTR
only yields inherent (or materiel) reliabilityd4]. For further definitions, see the DoD

RAM-C Rationale Repoftl9].
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3.1.2.3 Achieved Availability

Achieved Availability @a) removes the operationaspects of downtime to consider the
materel 6 s per f or inacoourgs foo downtime due to both corrective and
preventive maintenance using Mean Time Between Maintenance (MTBM).Defense

Acquisition Glossary35] defines Achieved Availability as

Availability of a system with respect to operating time and both
corrective and preventive maintenance. Itignores Mean Logistics Delay
Time (MLDT) and may be calculated as Mean Time Between
Maintenance (MTBM) divided by theum of MTBM and Mean
Maintenance Time (MMT) that is

0 — (6)

Aa allows analysis of a system without accounting for the logistic and administrative delays
in maintenance unitsAo is the preferredneasureof availability; however Aa is ametric

obtainablevhen maintenance delays are unknownraccounted.

3.1.3 Dependability

Availability and dependability are bositronglya function @ reliability buthave different
meaning. Ao is the probabilitythe system is ready to perform a missionmgt@iven time.
The former Reliability Analysis Centernow under the Defense Systems Information
Analysis Center (www.dsiac.org)lescribed operational dependability Do, as the
probability the system remaimip during a mission given it started a mission operational
[34]. The key difference is thaegendability is conditional upon the aircraft beginning a
missionup. Figurel4 shows the connection betweestiability, materielavailability, and

materieldependability.
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Figurel4: System Effectiveneg84]

A dependable system must stay functional throughout the misstanakes no statement

about the system before flighA dependable system must work when called to wark.

a MFOPstrategy, a dependable systieas little unscheduled maintenancedays nthing

about scheduled maintenan@m aircraft may remain dependable and have a large amount

of scheduled maintenance (MRP). Dependability is necessary and sufficient for a high
MFOP. A reliable system has little unscheduled maintenance and little \delded
maintenance. A reliable aircraft kegP&S costs lowand will support better availability

and dependability MFOP makes a stronger statement

than availability.
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3.1.4 Other -Abilities

3.1.4.1 Affordability

Affordabilityistheme asur e of financi al means and wi
cycle costs. Greater means (and the willingness to spend) or lower costs will increase
affordability. This study focusses on the system itself and shall not consider factors
externaltdt he system such as an organizationos
Capability Analysis curve (see secti@b.2 informs decision makerof the system
effectiveness and life cycle costs. Decision makers are free to consider costs themselves.
Consequently, life cycle costs measures affordability absent consideration of an

organization.

3.1.4.2 Capability

The purpose of a system is to provideeaded capability to the user. The Joint Capabilities
Integration and Development System (JCIDS) compiles capability needs for military
systems. JCIDS capability documents cite the vehicle performance, RAM, cost,
sustainment, and other requirements. Titke system effectiveness addresses the
performance capability, availability, and dependability of a system. When using system
effectiveness, capabilineferst o t he vehiclebs performance
requirements. Availability and dependability dgfferent thanoperational capability.
Equation ( 22 ) in section3.5.1 presents a Mission Capability Index (MCI) as a

measurement of operational capability.
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3.1.4.3 Maintainability

Like reliaklity, availability and dependability shatke concept of maintainabilityrhe

DoD RAM-C does not provide an explicit definition; however, maintainabdé@gcribes

t he ease of ef fort necessary t o preseryv
Maintainallity metrics are measudein time (i.e., Maintenance Man Houysor cost

Example metrics include MTTR, MDT, LDT, and ADTn the model of renewal theory
introduced insection 3.4.2 the time to repair failuresT{ and the time to conduct
preventive replacementd) measure a components maintainabilitjdaintainability

supportsa MFOPstrategywith minimal inspections and repairs duriad/iIFOPcycle and

limiting the MDT associated with each recovery period.

3.1.4.4 Survivability

Survivabilitycommonly refers to theurvival of acrewand syste@o D6 s Joi nt Tec

Coordinating Group on Aircraft Survivability (JTCG/A8gfined survivability as

Thecapability of a system and crew to avoid or withstand a-made
hostile environmentvithout suffering an abortive impairment of its
ability to accomplish its designated mission. Survivability consists of
susceptibility, vulnerability, and recoverabilityd TCG/AF36]

JTCG/ AS6 definition i s madintistbesisnpumarétalnsi v e
coined the term MFOP Survivability as the confidence level that an item successfully
completes the MFOR3]. This thesisuses the term MFOP Success (MFOPS) to reference

K u maaordidence level to avoid confusion with the JTCG/AS definitidtOP Success

relates to reliability and does not address the vulnerability to enemy aggation3.2.5

providesanexpanded reviewf MFOP Success
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3.2 MFOP Concepts

The idea ofa MFOPIis a different vay of approaching aircraft reliability Traditional
reliability seeks fault free operations, yet this section shows whintéest ina MFOP
strategy is the duration of failure free operatiods MFOP is as a renewable assurance
against system failureThis section discusses how mean based mestnicis as MTBF fail

to convey the information necessary to predidlFOPand its probability of success.
Finally, it reviews various approaches to improve system MFOP and a few examples of

the different noraviation related industries employing MFOP sgaes.

3.2.1 Failure Cause Identification

Statistical metrics using the mean capture the frequency of fdiuteot thehistory of

failure (sectior2.3.1). Measuring failure using the median is an interesting notitime
medianis a step in the right direction with a rough accounting of failure history; however,

it is inadequate because tmedian makes no statement on the frequency of failure. Two
components may have the same median time before failure yet failure at different rates.
To account for both the frequency of failure and time history, one must look to Failure
Cause Identificatio.

Trindace and Natham [22] and[37] demonstrate another useful condepteliability
theory that has a neapplicationin MFOP. The traditional way of showing the cause of
failure is througha Failure Guse Pareto chart. LookingFgure 15, one would assume
that Cause A is the biggest limiting factor to the systems MFOP. With this information,

Cause E looks like the most reliable and least likely limiting factor to the MFOP.
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Figurel6: Failure Cause Versus Calendar D&ligure reprinted with permissions from
[22]

Examine the same system proposed by Trindade and Natkagune16. This figure
showsthe time history ofailures Although this example uses calendar timdylFOP
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designer could easily use flight hours to measure time. Looking at the figure, on@atees th
Cause Ethought to behe best performdyy a Pareto charhas failures occurring early in
the year Cause A has the mogital failuresin the year butdoes not experience failures
and limit MFOPuntil mid-year. To get any significant system MFOitRge designer needs
to rework causes B, C, D, and FEailure Causdnistory provides the designer the right
information to identify which components to improve to better tlsetsye mé s MF OP .
The issues with MTBF and traditional failure bar charts have tiree saot cause.
Reporting the mean destroysettime history information. Under MFOPstrategy, the
Awheno i s as howoftemrot a nAtn aesf ftehcet ilve MFOP st r a
total failures over time in favor of those failures occurring latersage. This example is
animportant concept innderstanding how to improve MFOP and shapes the approach to

solving Problem 1

3.2.2 The Incompleteness of Availability

In the strictest interpretation ai MFOP cycle, a system does not experience any
unscheduled maintenance during the MFOP period and defers all scheduled maintenance
to the MRP.The expected downtime due to logistical and administrative delay is minimal
because the designer has perfect knowleafgine repairs occurring in the next MRP.
Under this interpretation, the ratio of MFOP to MFOP cycle duration may be expressed as

theachievedavailability, Aa.

ol e (7)
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wheretns and Tmr denote the duration of the maintenance free operating and maintenance
recovery periods, respectivelyfi.he equivalencygoeseven further if the system operates
continuously with no standby time.

Equation( 7) is valid whentwo assumptiongre true. The MFOP duration becomes
an MTBM with no deviation under the strict interpretation whichwaiosystem failure
only after achieving the MFOP. Likewise, the MRP duration becomesIEhE only if
all maintenance is deferred successfully to the MRP.

Avai l ability is an i mportant meuptimete t o
downtime however it is an incomplete metric ia MFOPcontext as it suffers from loss
of timeinformation like the MTBF fallacy. Consider two different systems performing the
same functions The systemrun continuouslywith uptime and downtimeasillustrated
in Figurel7. The first system has an operating period of 9 hfiufs a repair period of 1
hour (Tmr), and a total MFOP cycle of 10 hours. Frém), the availability is 90%. A
second system has an operating peridgitodurs a repair period d20 minutes, and a total

MFOP cycle of3.33 hours. This too has amchievedavailability of 90%, yet at more

frequent repair intervals. The operational needsd i ct at e an operator 6

systems. To an operator seeking greater MFOP, the second system is more disruptive, yet

theavailability metric alone is incomplete in measuring tthsiciency
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Figurel7: Incompleteness of Operational Availability

The ratio of MFOP to MRP should accompaawailability to completely measure a
system to satisfy operational needs the above example, the systems have MEDP
MRP raties of 9:1 hours and@:0.33 hours. Viewing the ratio communicates the time

information necessary far MFOPdesign.

3.2.3 MFOP Options
Hockl ey and Appleton firstupdapacetsadcldedingd esi gt
a MFOPtarget[6]. The bottorrup approacimvolvedunderstanding why, how, and when
items failed. Theyisted the following approaches to improve MFOP:
A Condition Monitoring
Useful Life
Fault Tolerance

Acceptable Degradation

Do Do Do Do

New Technology
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Relf identified amore refinedstrategy to obtain the capacity for MFORe beganvith
the premise than effective MFOP strategy should include multiple approaj@#s He
introducedsix MFOP Options to extend the MFOP as showRigurel8. Re |l f 6 s gener

MFOP methodologyas previous introduced blyigure9 of section2.5, applies the MFOP

Options
MFOP
| | | |
Inherent Prognostics / Redundancy Reconfigur- Lifing
Reliability Diagnostics ability Policy

Failure Lile
Characteristi

Figurel8: Hierarchy of MFOP Optiong4] Copyright © 1999 John Wiley & Sons, Ltd.

Component inherent liability makes a direct improvement to the systems reliability but
has limits based upon manufacturing andterialcapabilities. Relf warns of runaway
costs if a strategy relies only on inherent reliabfl2g]. Prognosticdorecast failure by
detecting signs of impending failure with sufficient time to take corrective action.
Prognostics are normally on line by working during aircraft operafbvagnostics identify

the source of the faultnd are normally off line Failure life characteristicsnvolves
understanding of how parts wear out and faRedundancy adds an additional like
componentor software portioninghat performsthe task of a failed componenat the
penalty of additionalveight and complexity. Bb redundancy and reconfigurability are

MFOP options because they are ways for a system to be fault toleraobraimlie to
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function despite a component faily&l]. Designers makenhechoice to use therst five
MFOP optims early in the design procesberebyconstraining theMFOP beforethe
aircraftreaches unit.

A lifing policy is the one option to improve MFORhat is under the influence of
maintainers in a unitSome components tend to wear with use and follastribution
with an increasing failure rate over time oycles. Lifing policy is the preventive
replacement othose agingparts upon reaching the safe liée exceeding a damage
tolerance thresholdThe goal of a lifing policy ito improve thesucces®sf the MFOP.AnN
effective MFOP maintenance plan appropriately timesdp®cement of worn parts the
MRP. A lifing policy is costly in that it replaces items that are functioning and may be
perfectly fine. It also creates the need for item refarbhisnt before reinstall Despite
these drawbacks, it is the one option most easily changed to by oper@tuapier6
explores lhe concept of aggssive lifingto adapt the MFORo increasing or decreasing

operational demands.

3.2.4 Failure Free VersusFault Free
Hockley and Appletori6] first introduced the notions of failure free and fault free when
outlining the UltraReliabke Aircraft Projectin 1997. Hockley[7] then elaborated on the

terms in 1998. The articl¢§], [7] define

1. Failure free to mean At hatoitstful enissergui p me
requirement for the period required or
2. Fault free means that #Athere are no fau
its full mi ssion requirement for the pe

53



Failure free means that faultgay exist but that they did not prevent the system from
accomplishing its task. Fault free is a stricter requirement, requiring no faults to exist in
the system. A system that is fault free is always failure ffege§ignedcorrectly). A
system thatd failure free may not necessarily be fault free. The design may berfault
damagetolerant. MFOP options that improve fault tolerance are redundancy and
reconfigurability. Inherent reliability, prognostics/diagnostics, and lifing policies are ways
to achieve fault free design.

An aircraft may achieve a desired MFOP by reducing failures or being more fault
tolerant or both. The important concept is that faults may océuhe system can cope
with thefault and continue to fully functionThe requirenents to be compldtefault free
or evencompletelyfailure free is very stringent; however, the good news is that neither is
necessaryo obtaina MFOR A MFOP system just needs to Feilure free long enough to

achieve the desired period.

3.2.5 MFOP Success

Kumar et al. if23] introduced the concept of MFCBurvivability. The authors defined
MFOPSas At he probability that the i t[288Im wi l |
Although Kumar etal f ol | ows the field of reliabi i
survivability, it creates @onfusion with the military term of survivabilifgection3.1.4.9.

MFOPS is renamed as MFOP Success to avoid confuM&©PSis the probability that

a system remains functional aftédne ith MFOP cycle given that it was functiahin

preMous cycls. Conditionalprobability statesthat the probability beventB occurring

given thateventA has already occurred is
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P(AZB)

P(B|A)= 0

(8)

In this casegeventB is the probability that the next MFOP cycle is successful given
that the previous MFOP cycleentA) was successfulThe MFOPS after geries ofi

cycles carbecalculatedhenas

MFOPs(tmf,i):é%]E"ft—)) o
k=1 mf 9

whereRk is themissionreliability of thekth component in thigh cycle andmtis theperiod
of the cycle (or MFOP]23]. Equation( 9) is constructed for a system with parts arranged
in serial. In more complefault treesor phasednissions a generic equatichatrepresents

MFOPis
0 00 oY iQ — M (10)

where Rsys is the mission reliability of the system. MFORSa named term for the
confidence level thaa system survives the next cycldt is like a system hazard rate in
that both are conditional probabilities; however, MFOPS measures sumaadsme,
while the hazard rate measures failat@n instant of time

Two sources [23] and [21], recommend renewal theoty solve the MFOP®f a
repairable systemThis models the MFOPS after a series of operating periods followed by
recovery periodsKumar et al[23], again provides a concise application of renewal theory
for MFOPS. Assuminga MFOPsystem has two states (operating) or O (failedthe
probability, P1, that the system survives on thiéh cycle oftmsis found in( 11). The

probability it does notPo, is ( 12).
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0 Y YO . Qo 0 Y 6 Q6 (11)
0 Y _ QOO Y 0QU (12)

wheref(t) is the failure density function for the systegtft) is the repair time density
function, and(u|tmf)is the probability that a system survives to tumggven it has survived
tmt. Using numericamethodswill solve ( 11) and( 12) [23], [26]. P1is of the primary

concern to find the MFOPS. Finallj26] gives the probability of failure or unreliability,

q(t), of the system as

nY . 0 & 0 aQg (13)

3.2.6 Examples of MFOP

3.2.6.1 South African Mining Industry

Al Shaalane and Mk [21] applied the MFOP concept as outlined by Relf and Hockley to
the mining industry. The authors modeled three rock crusimigng in parallel They
testedach r ock cr uthehlaplabesenddtest and them fittdd withem to
Weibull distributons.

Analysis by the authors showed the MTBF of Crusher 1 and Crusher 2 were similar at
49 and 50 hours, resptevely. Figurel9 plotsthe MFOPSversusMFOP. The MFOPS of
each crusher at 50 hours was significantly different despite like MTBFs. Crusher 1 had a
50% chance of reaching the-BOur mark. Crusher 2 had a 40% chance. Thanis
example of correctly applied failure cause identificaieee sectio.2.1) and shows the

advantage im MFOPanalysis.
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Figure19: Probability of Crushers SurvivirgMFOPLength. Figure reprinted with
permissions fronfi21]

3.2.6.2 U.S. Navy CBM+MFOP Demonstration

In the spring of 2011, the U.S. Navy Program Executive Office (PEO) Ships briefed the
results of a CBM + MFOP philosophy. The concept waske advantage of condition
based maintenance to utilize a commercial off the shelf automated monitoring system for
seltchecking, sethealing caphilities, and remote monitoring amdntrol[38]. The USS

lwo Jima successfullgompleted a skmonth deployment with an Aof 99.7%. The
MFOP program demonstrated improved availability through the MFORNsptof
redundancy angrognosticsvith diagnosics. It projected a 99% availability after one year
compared to the neredundat systems value of 83%. At four years, the program
estimated an 89% availability compared to the-remfundant systems value of 48%. PEO
Ships carried forward a recommendation for further expansion of the MFOP program to

the fleet.
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3.2.6.3 Airline Industry

The airline i ndust risjlodsely arshartycting of MRGPeand MR t h m
[39]. Exceptforir-egged and international flights,
overnight in a short MRP. Airlines dispatch planesdoty throughout the day under a

Time Limited Dispatch ( TL D\prospapdRecamementied SAE

Practice (ARP) 5107B40] states,

The TLD concept is one wherein a redundant system is allowed to
operate for apredetermined length of time with faults present in the
redundant elements of the system, before repairs are required.

Extending the dispatch to a predetermined length of time craatSOPwith a given
probability of success. Both TLD armdMFOPstratey share thegoal to nanag risk.
They sequencenaintenancdo the recovery period such that the probability of success
meets a desired thresholth conjunction with the British Ultrireliable AircraftProject
Airbus BAe undertook an experiment withAB20. A benchmarking showedMFOPof

ten days (150 flight hours) witnMFOFS of 0.8 to 0.941]. Albeit rotorcraft maintenance

is historically more challenging, this experiment showi potential for significant

MFOP duréions bycombiningoptions outlined by Rel[24].

3.2.7 MFOP Summary

Improving the duration of failure free operations is the key to unlocking MF@gsally

as important, an acceptable risk levEMFOPS must accompany any MFOP projection.
Plotting a time history provides the necessary information to determine the MFOP at a
givensuccess Finally, both the U.S. Navy and the Airbus BAembmstrated the power

of multiple MFOP options to great sucaes
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3.3 Reliability SystemModeling

The definition ofavailability, dependability, and MFOPS rely upon the calculation of a

s y s t matedetreliability. It is alsoworth taking note thatliability is a key metric for

safety and risk analysis. Meeting Terd.evels of Safety drives much of the certification

or air worthiness processp®]. While not discounting the need for a safe aircraft, this
review of model ing techni ques tofbestcaddtsses on
MFOP problems A hazard, ira MFOPcontext, is the occurrence of any event that causes
mission failure. Unlike a safety hazasdVIFOPhazard may or may not place human lives

or equipment at risk. Andrews in an article in the Journal of Mechanical Engineering
Science,statedt h a t mdthbds usé@d to quantify the frequency or probability of the

system failure resulting in the materialization of the hazard are generally applicable and

used across all industra | s [263. tMuah §ike a safety analysis, but with a different
purpose, mdeling ofa MFOPstrategy begins witthemo d el i ng ormateael sy st e
reliability.

In that same article, Andrews surveysthteof-the-art relability modeling that is
applicable to all industries.His primary guidance to the reader was to consider the
assumptions of each method. He recommended the selection of a method to be based on
the applicabil ity o[R6]. tTheediscussidnedf thes proaegeding mp t i
methods in this chapter will addressa ¢ dsgusptions. Chaptdmwill then consider the

assumptions in selecting the best method t
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3.3.1 Model Criteria
A MFOP model for rotorcraft requires certain characteristics and functiondlie the
call for operational metrics, there is a growing expectation that modelsrsoperational

conditions[26]; therefoe, an acceptable MFOP method shall

=

supportphased missions

2. be repairable

3. monitor part wear andging

4. be flexible

A MFOP model must be compatible with a phased mission approa®iFOP is the
compilation of repeated missions. Eacissionconsists of different phases such as warm
up, hover, takeff, climb, cruise, descent, and landing. Each phase likely has varying
duration, flight conditions (e.qg. altitude, temperature, airspeed)component usage. For
example, the landing gear only experiences cycles and wear durirgftakel landing.

An accurate model shall include these differenddission unreliability is theprobability
of at least one failed phag27]. The three methods, FTA, Markov, and simulation,
consider phased missions but with varying complexity.

Integral toa MFOPstrategy is the maintenance recovery period at the end of the cycle.
Any method must be able to account for a reparalybem that adjusts component age
andfailure distributions

A great number of parts on a helicopter experience wear and vibration that decreases
performance over time or increases unreliability over time. Some components experience
burrtin and some&omponents experience weaut, and others such as electronics tend to

have a constant rate of failure. The model must handle a variety of failure distributions.
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Fl exibility is also important to the mode

have an advantage over those that are difficult to modify or take an extensive effort to
calculate. A MFOP model should also provide a time history across the phased mission

and throughout multiple missions predict the MFOPS over flight time.

3.3.2 Analytical Fault Tree Analysis
The origins of Fault Tree Analysis (FTA) date to the 196@sdrews called FTAand
reliability block diagramgit h e ¢ o r nmeostrisk amchsafety andlys[26]. FTAs
are combinatorial methods thaomk off a minimal cut set to build a systems likelihood of
failure [26]. Each cut set representfadure mode of the system. The MFOPS shown in
section3.2.5is an example of a combinatorial method.

FTAs prevent several problemsarMFOPstrategy. A primary assumption of FTA is
that componenfailure events occur independen{B6], [27]. This eliminates FTA from
modeling a sequence of events such as cascading failures. If component failure is not
independent, thenther mé¢hods like Markov or simulatioare more appropriat7].
Non-coherent fault trees can handle dependency through the use of prime implicants
(combinations of states that cause fail&)], but Andrewssayst h at they are
compl ex and i [26]r Epw e alf27] gemanstratetl dhow to adamdn
coherent=TAs to analytically solve a phased mission. The approach created a new fault
tree for each phase and then summed the unreliability for each phase togilidsion

unreliability. It showed the probability of a failure at phase p to be

0 N@OI QO QA 6 p QD NI il 6 OaEEdim pi 6 OOQI i

P (14)
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For all but the simplest systems, the approach authored by Chew becomes computationally
intensive[26]. Finally, FTAs typically model a nerepairable system using the minimal
cut sets elimination technique. They become very large and complex with repairable
systemg26], [27].

Binary DecisiorDiagrams (BDDs) aranother option. Their structurelise FTAs but
each entry takessystemstate. BDDsrefasterand theircalculatons areamore efficient
depictionthan an FTAhowever, building their structure is somewhat of an art form and it

is difficult to extract the fault structuf26].

3.3.3 Markov Chains

Markov models belong to a family of state space models. The Markov method considers
all possible states a system may tf& and maybe continuous or discrete. The general
strategy is to solve the probability of failure for all states and then sum them together for
the system unreliability. A Markov system is both exhaustive (every state is accounted
for) and mutually exclusive (systemay only occupy one state at a tirf@g], [27], [32].

State outcomes are calculated as
v e (15)

wheres™ is a vector of state probabilities after timeh stepandA is the transition matrix
[26]. Markov analysismodel repairs systemsby transitioning back from a failed to
operating state This makes iappropriatdéor MFOP-MRP cycles.

Classical Markowmethodshave two assumptions: (1) the system lacks a memory; and
(2) the system is homogened@s$], [32]. A homogeneous system has a constant failure

rate therefore, thg do not work for norconstant failure or repair rate€hew et al. if27]
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noted that noihomogeneous modelsupport aging partbut they become complex.
Anot her disadvantage of Mar kovxpomentidlyoad s i s

more componeni®in the systeni26]. They suffer from state space explosjdA].

3.3.4 Event Simulation

Simul ati onds gr e a tuerestrictecbyanyasetofagsemptiesitdbes at i t
not suffer from the complexities found in phased mission FTAs orhoomgeneous

Markov analysig27]. Simulation may use different failure distributions including-non
constant failure distributions like Weibull. They support rempieuing component
interdependence, and repairable systfiis Simulation has become atttave because
computing permits multiple iterations that quickly approximates solutions to problems that

are mathematically complex or impossif6]. Most importantly, simulation can easily

depict failures in a time history fpermit the identification of MFOP to a givesuiccess

rate. A correctly drawn simulation meets the four criteria (phased mission support,

repairable, aging parts, and flexibility) to modgtles ofMFOP-MRP in the problem.

3.3.4.1 Discrete Event Simulation

A Discrete Event Simulation (DE$®) a type of event simulation. DEBE$dels the behavior
of a dynamic system by approximating the system as a sequence of instantaneous
occurrence§d4]. A DES has the following characteristics:

A Discrete because theystem only occupies one state at a time

A Events causenstantaneousansition from one state to another.

A aSimulation of a realworld system that progresses through a series of missions.
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The system is in a fixed state until the next event ocdav@nts may occur at regular or
random intervals. After an event, thevent and th@ew state of the systeamerecorded.
Unlike a timebased simulatiorthe simulation does not record infornatiat a uniform
time steptime is merely an artifact of the simulatight].

DES provides two advantages over tibesed simulations im MFOP analysis.
Depending on the application, recording the state only after evesitimanmay save
significant computational time. SecondBES isvaluable when mixing deterministic and
norntdeterministic (stochastic) aspe¢tkl]. When considering the MFOP problem, the

proposed DES has both aspects as shavthe table below.

Table5: Discrete Event Simulation Aspects

Deterministic Stochastic

Phasedurationand mission progression | Part failure

System architecture Partrepair time
Repairdecisions Repair cost
Detection of failures Technology impacts

Performance modeling

Compiling multiple iterations othe DES approximats the answer to a complex
problem Relf [24] suggestedsuch an efforin 1999 when he first introduced MFOP
optiors.  [43], [26], [27] also recommended Monte Carkimulation to quickly

approximate solutions. Chew et 7] noted that applying analytical methods IKEA

and Markov to a more complicated system
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|l i ke Monte Carl o Adoes not require a much

phase reliability. o

3.3.4.2 Petri Nets

Several paper6], [27], [39], [43] endorse the use of state space based Petri nets to run
within a Monte Carlo simulationo model MFOP Petri nets are flexible, graphical

modelng technique that describes a system with places and tranggesfsigure 20).

Transitions connectlaces. Tokens occupy places and move to pla@esransitions.
Transitions may be instantaneous, a fixed time, or follow any random distribution. Total
tokenposii on mar ks thénsmetiembagshatsg st embs f
assume the role of components af3®] or workto define component operation or failed

states as if27]. Referencef27] and[43] demonstrated the use of Petri nets in a systems
reliability with comparable results to analytical models. Phase modeling occurs by
transitioning tokens from one phase state to another. VoloydBjmproves how tokens

mayage to support component wear and can cha
Event simulation is similar to a Petri net in that both are $tased and event driven, but

event simulatioomaynot have a graphical depiction of the states.
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repl acement failure repair

&P\)Jr\
P@ Itgﬁ/

Figure20: Simple Petri Net with Repairing and Shared Pool of Sp&igare reprinted
with permissioh

3.4 Maintenance Modeling

A coupling exists between the MFOPS and MRPw@él-designedoolicy of scheduled

mai nt enan c e costsffecfive vihhae y[28) tosntaintain the MFOP$or aging

systems. Historically, design and maintenance planning are sep§2éie There exists

great potenti al i n mar rflgxible RPtpdliey. Ehe rotioe mé s r
of Time Limited Dispatch (TLD}upportsa MRPpolicy. TLD permits the dispatching of

aircraft with known faults but no mission critical failures. TLD operates as failure free but

not fault free. Andrewf26] notes thatin TLD, dispatch is halted when the risk of further

failure exceeds a risk or safety threshold. The threshold for dispaachlFOPstrategy

is the MFOPS. Generating a maintenance policy that mairddisSOFS and minimizes

downtimeis of relevance in military aircraft operations.

! Reprinted fromReliability Engineering & System Safety vol . 84, V. Volovoi,
reliability Petri n elbk Comyirighth(20@4)vith pegmissionrermBEdsevier. p p .
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3.4.1 Maintenance Recovery Period

The Maintenance Recovery Period (MRP) enahlsd-OPby repairing worn components

and replacing failed components. This goal of the MRP is to reset the system reliability to
the point where it can achieve the next MFOP at the regsireckssate (seeFigure21).

A secondary goal o& MRPis to trade for less unscheduled maintenance with more
scheduled maintenance. The airline industry almost always siéisisetrade because
scheduled maintenance affls the opportunity to reduce administrative and logistical
downtimes. The predictability ofa MRP limits mission disruption andeduces total
downtime AnoutcomefoaMRPi s t he reduction in cost.
was that of unscheduledaintenance; costing on the order £1M per air¢8ftThe British

URA Projectpredicted a 120%savings inO&S costwith theapplicationof a MRP[7].
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Figure21: AchievingReliability and MFOPS Based on Replacement StratEgyure
reprinted with permissions frofd5]
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While literature has studiedFOPIn recent yearst has neglecte®RP. The majority
of published work on scheduled maintenance policies to ingRid¢46], and[45] are
motivated by immninizecost onlg. b mittaysopeatonst reduction of
cost is not always the primary objectiv&here is the need for amlaptivemaintenance
policy that is flexible enough to meet the next MFOP. Each MRP should not look the same
because componeltgsage varies in a phased mission pads wear at different rates.
[21], [41] reinforce the need for such a polidyp.asurvey of maintenance policies, Galante
and Passannarjt6] identifiedadaptivemaintenance policiegasaproblemthati has b e en
poorly exanmedo A major effort of thedissertations to adopt renewal theory as described

in the next section to create adaptivemaintenance policy.

3.4.2 Renewal Theory

A previous sectiorB.2.], discussed how to use failure cause identification to discern which
components or subsystems are limitiagVIFOR ~ Section3.2.2 reviewed options to

improve the limiting components or subsystems. This section outlines the theory to
determine the best time to replace the limiting componed@tdine ad Tsang [3]
demonstrated the use mnewal theoryon a single part, repairable systéonminimize

downtime Minimizing downtimeis of primary interest because the RAB/IRationale

Report labeledlowntimeas fia main dri ver of system | if
necessity for additional syst ¢18]. FAagorg22i si t i o
shows the interval moddtom [3]. One cycle is the sum of the time poeventive
maintenancetp, and the time of replacemeRt. This equates to one MFOP cycle where

MFOP istp and the MRP id,. The mean time to replace a failure during unscheduled

maintenance i3;.
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Figure reproduced for clarity

Figure22: PreventiveReplacement Interval dlel Republished with permission of
Taylor and Francis froriMaintenance, Replacement, and Reliability Tiyesmnd
Applications A. K. Jardine and A. H. C. Tsang, 2006; permission conveyed through
Copyright Clearance Center, Inc.

Thetotal downtime is represented as a dimensionless quamtity

00 (16)

The expected downtime due to failures is the product of the number of failures in the
interval from O totp, H(tp), times the mean time to make the replacenienfThe expected
downtimedue topreventivereplacement i3,. Cycle length igp + t.. Thedowntimemay

be expressed as
00 _— (17)
Under renewal theory(ty) has aranalyticalform of
06 B "Oo (18)

whereFq(t) is the cumulative distribution function of the time up to thie failure. A

solution is found by solving for the Laplace transformatiorf ®8 ). See[3] for a full
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derivation using enewal theory. Solving with Laplace transformati@non continuous

functionscan only be found on simple distributions like the exponential distribution.
A discrete approachsesall failure distributions including th&eibull andnormal

distributions. Again,[3] provides the full derivation dfi(T). H(T) takes thaliscreteform

of
'Y B p O°Y Qp | "QOQB Y p (19)

wheref(t) is failure probability density functionEquation( 19) is recursivewhere he

starting value of the recursive equatiorHi®). The expected number of failures at the

start of the cycleH(0), is zero because the item is functional at the start of the cycle.

Calculation ofH(1) continuegherecursionfollowed byH(2), and so on.The intervals of
T must be discrete incremerasd can take on any time duratioh 1-hour intervalof T is

probably sufficient fora MFOPmaintenance policy An assumption to the theory is not
more than one failure occurs in one interf@]. A precise estimate usingriinute
intervalsreduce the chanceof multiple failures in an intervalCataloging thelowntime

at eachr yields a plot likeFigure23where the optimal poirt is the minimaldowntime.
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tp
Figure23: Plot Downtime per Unit Time versus Preventive Maintenance Intgrval

3.5 Valuing a MFOP Aircraft

Relf states the neeodfdDot off 2 6 meadMEOPDptano i mp a a
on system penalties like weight, coaihdlogistics[24]. A frequently usedechnique to

assess the impaof a value function is benefit over penalty. Oft&let Present Value

(NPS) measures penalty in terms of coMalue functionsare advantageous imade

studies, design optimization as objective functiamyynderstanishg of design spaces, and

technology evaluatiof#7].
WO aO0NE OO RE£— (20)

Under pure Value Driven Design, there is no explicit requirements on extensive
attributes such as weighteliability, and cost{15], [48]. A correctly designed vaé
function has no need fextensive requirements. The alternatives value will dip as it nears
anundesirable attributeffectively steering an optimizaway. Design is unrestricted with

the only obligation to maximize the valueCollopy and Hollings/orth advise against
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extensive attributes ifil5]. They argue that extensive attributes result in less efficient
designs and, instead, objective functions should flow down to each compa&ngiitOP
strategy, by nature, is imposing a minimal duration of failure free operations as an
extensive requirement. This suggests the need for another approach to aaH@P
aircraft.

Net Present Value is an attractmeasure of valubecause a direct tradnay be made
between cost and effectiveneds.eases the flowing of objective functions down to the
component level andeduces theroblemto a consistent unit of measurement. Under
NPV, alternatives have a clear, ordered prefereméet Present Vakis highly applicable
to business buimay not be as attractive in military applications. Certain military
applications have an effectiveness metric that cannot easily be measured by a dollar value.
According to the DoD RAMC Rationale Report, minimizingCC is desired but not the
goal In discussing the link between reliability and costaiitionsi Not e t hat t he
reliability value must be sufficient to meet the mesenuouswvarfighter requirements
which may result in the system having highet han t he mi ni[l8um possi
the case oh MFOPstrategy, the operationally required MFOP may exist at a less than
optimal LCC.

Value Based Acquisition (VBA) provides an approach that accommodatésOP
requirenent and permits quantification of military utilityn VBA, the benefit to cost ratio
assumes the form of system effectiveness over LCC. Capability, availability, and
dependability compri se al[49yveThepnext tsvo seotians e mo s
outline sucha singlevalue function for a MFOP aircraft and itsbalancing withCost

Capability Analysis.
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3.5.1 Single Objective Function

An Overall Evaluation Criteria (OEGjom Schragd49] is an exampleof an aggregated
value functiorthat follows the form of benefit over coSthe function captures the systems
benefit through its weighted capability, availability, and dependability. The system penalty

is the Life Cycle Costs (LCC).

506 (21)

Thewei ghts (U, b, 9) are typically §QF®dSp)uI
technical weighting.The OEC equation must normalize values of capability, availability,
dependability, and life cycle costs to baseline vatoegemain nordimensional In this

way, the OEC reflects a designdés value wit
basel i neFigere24feom AléShalaane and Wk [21] draws the complementary

benefits between availability and dependability with cos&aiMFOP context. The

motivating concept parallels the OEC equation.
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Figure24: Motivators for MFOPFigure reprinted with permissions froj2l]

The final piece of the OEC is tloperationacapability. Gpability typically captures

vehicle performance (i.e. endurance, range, payload) as well as any other metrics desired

by the customerDelsing[50] encouragethe use of utility functions for each component

of thegreatewalue function. This work propos#se use of a simplatility function called
the Mission Capability Index(MCl) from [49].

maximum payload while Hovering Out of Ground Effect (HOGE) and blpekd (\siock)

agai nst the aircraftds empty

The MCiImeasur es

wei ght

a

hel

and

travelled divided by the mission time. It accounts for an increasing cruise speed as the

engines burn fuel throughout the mission. Conceptual desigelsnack appropriate for

the required level of analysis in the thesis, because the intent is to show relative changes,

not provide a detailed performance estimate.
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060 (22)

The use of the OEC21) anda normalizedMClI ( 22) area simple means to measure and

communicate the valugessociated with a rotorcraft mMFOPcontext.

3.5.2 Cost Capability Analysis

The 2016 Defense Acquisition Guidebook descrilizbt Capability Analysisas an

analytical tool to explore affordability and military utilifgl]. | t st at ed CCAds p
fito support delivery of cosffective solutionsthrough deliberate tradeff analysis

bet ween operational 48).pFgbre 2b is frogn tha Guilebaok f o r d a
showing a typical CCA plot of alternatives where effectiveness is ondlesyand cost is

on the xaxis. The term CCA has since been removed from the Guideboaubsadmed

by a broader concept describing eeffectiveness analysis; however, the Defense
Acqui sition Uni vendiet Wog Wweobgsiet i des Cryich es
(AFLCMC)St andard Process for Cost Capability
level summary of the steps necessary to properly conduct CCA at various decision points

i n a progr /. It appears theyDoD las delegated term CCA to the

AFLCMC for execution and standardization.
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Notional Cost-Effectiveness Analysis:

Display of Results
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Figure25: Scatter Plot of Effectiveness versus Gostn RAM-C Rationale Repoft9]

CCA is the Air For c edctivenassdnd ¢ost throughowt thd al a n
acquisition process as mandated in various DoD diredi83s[52], [53], [54], [55], and
recommended 9], [20], and[38]. Cost Capability Analysis was mandated for all
acquisition andnaterielsolutions per Air Force Instruction 48D1, dated June 20126]
and is now required in Air Force Policy Directive-@0dated November 201[57].

AFLCMC provides the definition of CCA.

CCA is an aalysis process that uses warfighter involvement, subject
matter expertise, and a rigorous meatitribute, multtobjective decision
analysis methodology to define tradespace between cost and warfighting
capabilities. AFLCM{58]

CCA informs on the tradeffs between effectiveness and affordability. It seeks to
identify the right place on the Pareto frontier or Cost Capability CukRigure 26 is a
relatively simple plot for a mukbbjective decision analysisAFLCMC recommends
weighting and then aggregating objectives into a single value function like th¢ 2IBC

as a means of understanding and communicating -ohjkictive analysi$58]. Another
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name for the a priori optimization used by OSD AT&L is Mltiribute Decision Model

(MADM) [50]. AFLCMC cites the reason for supporting the single curve by stating,
AWi t hout aggregati on, it is often too diff
alternatives with [B8]. The putveis ahancporant meansdor i t er
communicate complex design tradis to decision makersUnderstanding where the

curve bends informs decision makers on the point of diminishing returns where further

investment provides littledaitional value.The FVL program mentions this point.

—

What May Be Exquisite

&

s I What’s Best

g Value

m

8]

What May Be Goal: achieve bestvalue
Sufficient for the government!
Lifecycle Cost

Figure26. Cost Capability Curvéom AFLCMC [58]

3.6 Zero MaintenanceTechnologies

Technologies either reduce the volume of failures through an increased reliabgityye
fault tolerancepr extend componerservice lifeare a benefit ta MFOPstrategy Zero
maintenance technologiesimprove inherent reliability or fault tolerance

(prognostics/diagnostics, redundancy, and reconfigurability). These four technologies plus
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' ifing policy c¢omprTaldeslisR somé d theeld m&rfenamget i on s

technologies planned for FVL FoS.

Table6: FVL Technologies

Technology Benefit
Improved Turbine Engine More Powerand better fuel consumption
Program (ITEP) Greater sustainability/reliability

Integrated Health Managemen Improved availability

Open System Architecture Reconfigurability, sustainability

AdvancedControlLaws Reconfigurability

The U. S. Armyds Aviation App-AATB)dandTec hno
Sikorsky Aircraft Corporation joined together for CapabilBgsed Operationsand
SustainmenfAviation (COSTFA) to enable the transition to Condition Based Maintenance
(CBM) and serve fan initial step towards a nesgro maintenance paradignCOSTFA
is a program intended to matutiagnosticsand prognostics to reduce O&S cosBOST
A developmenmaturedorognostic/diagnostic technologies in propulsion, drive, structural,
rotor, eletrical, and vehicle management systems to TR2]6 The team installed the
technologies on a prototype Us0 Black Hawk andissessed the impact¥able7 lists

thesuccessfuCOST-A technologiedested in2015.
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Table7: COSTFA Final TRL HighLevel Summaryrom [2]

Final
IPT Technology Groups TRL
Improved Power Assurance 6
Main Engine Prognostics 6
Propulsion | Ry Diagnostics for:AISBV, IPS
Blower, Accumulator, Torque 6
Split, CrossBleed Valve
Drive Train Loads Monitoring 6-7
Improved Cls and sensor quality 6
Drives Tail Drive Shaft Diagnostics 5
Bearing and Gear Prognostics 4-5
Maintenance Reasoner 6
Fatigue and Impacts SHM 6
Usage/Loads/Damage Prognostics 6
Structures . .
Corrosion Monitoring 5
Airframe Health & Prognostics 5
Smart LRUs: Rod End, Bearing, 6
Damper, Actuated Push Rod
Rotors Wireless LRU and Gateway 6

Communications
Blade Impact & Damage Detection 5-6
LRU Distributed Signal Processing 6

LRU Fault Classifier 5-6
Electrical SSTDR Wire Fault Sensing 5-6
Wiring ConstraintBased Reasoner 6
Wiring Interactive Troubleshooting 6
Pump Reservoir Diagnostic and Lea 6
Trending
VMS . .
TR Servo Diagnostics 6
Pump Diagnostics 5-6

3.7 Literature Gaps

Andrews[26] and Chew et al[27] provide a survey of methods to calculate a systems
reliability and MFOP. Both promoted the advantages of a-Retrmethod in a Monte
Carlo simulation. Price et al.[28] has provided the most developsttespace Monte
Carlo simulation that approximated MFOP, MFOPS, and added M®&¥ewal theory
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provides some assistance for a single comporidost of published worksuch ag3] and

[45] minimizesrepair cosinstead ofmaximizinga MFOR This workmodifies renewal
theorytomodelamupar t sy st e mé sa ME@Paonstrainmfailure Caliser
Identificationby Trindade and Nathatfi22] provided a helpful guideput a quantifiable
method is missing To t he author s knowl edge, i te
maintenance policies that supparMFOPstrategy; therefore, a desired, but unaddressed

topic is adaptive maintenance policies. Adaptive policies, whildr ach MRP to meet

the availability or MFOPS requirements, is an immature topic.

Table8: MFOP Literature Gaps

Gap Stateof-the-Art/Current Proposed Solution
MFOP metrics Statistical metrics Rm, MFOP, MFOPSMPS
MTBF, MTTR
Identifying weakest links  Cost based, MFOP based,
in system Graphical Failure Cause Quantifiable Failure Cause
Analysis Analysis

Availability Maintenance  Cost based with renewal Time based im MFOP

Policy theory contextthrough framework

AdaptableMaintenance None Aggressive Lifing Policy

Policiesto Maintain throughframework

MFOPS

Costeffective balance Value Driven Design Not fully addressed but
Value Based Acquisition CCA inaMFOP strategys
(USAF CCA) promising
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4 PROBLEM 1: MEASURE MFOP

A necessary step to developing a frameworkrétorcraft MFOP is the modeling of a
systembs dependability and i ts Sec#oakl3ur emen
formulatedthree questions to find the necessary tools and models that enable MFOP
measurement They are reshown bel witwtheagsociatech e r e

hypothesis and conjectures that are developed later in gysech

Problem 1 Chapter
Measure MFOP 4

RQ 1: Which method(s) are Section | |RQ 2a: Which components/ Section

suited to model MFOP? 4.1 Subsystems limit an MFOP? 4.2
Hyp 1: If a phased, repairable system |_Conj A: Failure Cause Identification
operates over MFOP cycles, then a reveals the limiting components or
Discrete Event Simulation provides a subsystems to a MFOP.

suitable means to model R,,, MFOP,
MRP, and the success.

RQ 2b: Which components are the Section
—lgreatest contributor(s) to MRP

duration?

Conj B: The greatest contributor is the
component with the greatest expected
downtime.

Figure27: Problem 1 Summary with Hypothesis and Conjectures

This chapter has major subsecsaedicated to answer each research quesfidre
first subsection answeResearch Question 1 with a validated hypothesis. The next two
subsections addreske two remaining questionsith conjectures. Each of thaajor
subsectionglive aresearch question, propose a hypothesis or conjecture, test the proposal

by validation o thought experimenandconclude with a discussion on the results.
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4.1 Research Question 1 What Methods Are Suited toModel MFOP

The firstresearch questioseeks the calculation of operational metrics like MFOP and
MRP as well ashe supporting metric oRm. It asks what method(s) are suited to model
MFOP. The research question asks which analytical methods or modeling techniques may

predict the MFOP, MRP, and reliability of a system.

4.1.1 Hypothesis 1: Modeling MFOPS with Discrete Event Simulation

4.1.1.1 Selectionof a Modeling Technique

Table9 summarizesite methodsind screening critergiscussed in sectidh3. The table
compares the discussed modeling methods aghiastreening criteria (phased mission
support, repairable, aging parts, dlectibility). Only nonhomogeneous Markov methods
andsimulationmeetthree of the screening criteria (phased mission support, repairable, and
aging parts) for a supportable MFOP model. Simulation is preferable over non
homogeneous methods because it avoids state space explosion and is more flexible. BDDs
and homogeneous Markov models may be the fastest or computationally efficient of the
model s, but simulation is not Tharepaiabldhi nd
system screening criter@iminates both FTAs and BDDs. Homogeneous Markov models

are unacceptable because they require unchanging failure rates.
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Table9: Comparison of Modeling Methods

Fault Binary Markov Chain Petri | Customized
Tree Decision | Models Nets | Discrete
Analysis | Diagrams Event Sim
y g Homog [Non-homog
Phased Y, Vv Y, Y, Vv Vv
missions
Repairable Vv Vv v v
Aging parts Vv v v
Flexibility - v
/Ease of Use
Dependency | (dynamic Vv Vv Vv Vv Vv
only)
Avoids state _ v v v v
space explosior
Speed Vv Y Vv Vv

Petri nets and DiscretevEnt Simulations (DES) meet the screening criteria andvba
the advantages of handling component dependenagieling flexibility under a variety of
architectures and maintenance policies, and avoiding state space explosion. Token
| ocati ons d edtatein¢he Petriaet. Slyisggtaghiced depiction is a nice feature
for simple models but can become overwhelming when displaying complex systems. The
recommended DES runs a state space midaek Petri net, but without the graphical
interface. DES ragjresaconsiderable bookkeeping effort to record event hesoBoth
the Petri net and DES approximate slodutionof a complex systemsing a Monte Carlo
simulation over many iterations. Speed varies for both simulation models, sylsézen

complexty or desire forhigh precision increase computation time.
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Given the availability of increasing computational power, a customized DES was an
attractive model technique. hie assessment leadstt@ hypothesishata discrete event

simulation is a appr@riateapproach to solving for MFOP and MRP.

Research Question 1
What method(s) arsuitedto model MFOP?

Hypothesis 1 If a phased, repairable system operates over MFOP
cycles, tken a Discrete Event Simulation provides a suitable means
model RmMFOP, MRP, and the success.

The first hypothesisoffers that event simulation providése tools to conduct basic
MFOP analysis. Computer simulation easily suppotte processing odliscreteevents
necessary teolve the problem. A review of curresimulation models infored the

modeling techniquselected.

4.1.2 Developmentof a Discrete Event Simulation

4.1.2.1 Review ExistindEvent SimulatiorModels

Simulation model$avesteadily progressed in sophisticatiover theyears. Relf in [24]
introduceda MFOP design methodologyhat wasan iterative process to apply MFOP
options to reach a desired tar{geFigure9). TheGeomgia Institute of Technology add

t o Rel f 0 siA Staetmgsed System Integrated Sustainment FEAESIST)[30].
ASSIST accounted for a phased mission, ran a Petri net simulation, and optimized a generic
Value Based Acquisition (VBA) functionln a separate proje¢8l], a team improved

upon ASSISTo model the UHG0M helicopter. Tts work created separate FTAs for each
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aircraft system failure distributions before applying to phase and safety critical events trees
(seeFigure28). The most recarwork from Price et gR8], added a maintenance manager
module that models thelowntimein unscheduled repair and scheduled refsmeFigure

29). Thefigures ofthe improved ASSISand Pricenodek are on the next page.
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Figure28: Integrated PettNet for Reliability and Safety Analys|81]
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Figure29: Integrated DES from Price et &ligure reprinted with permissidas]
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4.1.2.2 Shaping @iscrete Event Simulation

A pattern emerges after reviewing the four presented models. Each begins with describing
the mission by phase analying out aircraft systas and component architecturé@he
models align event treegth the architecture to generate phase specific fault tieesnt

trees connect the initiating event failure to possible outcdB8#s Component failure
distributionsfeed the phasethult trees. A single simulation runprogresseghrough
multiple missionsnd recordéailure times. The model irFigure28runs the Petri ndtke

simulation on subsystem distributions whtigure29 deals with components directly.

Functional Phased

Decomposition Mission
Mission .

Critical Physical

Architecture

|

Event Trees

Phased
Fault Trees Monte Carlo
simulation ( times)
Component
Distributions Flmi/ilntenance
> L anager

MTBF, MTT Missions

Discrete Fyent Simulatjon

Avail- Depend
ability ability

Figure30: Shape of DES Model

A Monte Carlo simulation repeats each thausands of times to generatBistogram
of failure over time(Figure31a). With sufficient runs théVIFOP distribution takes the

shape of a gaussian or normal distribution in accordance with the Central Limit Theorem.
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The complementof the cumulative distributionfunction is the probability the system
functions to at least a mission timetafand is termedhe MFOPSuccess A plot over

time is inFigure31b below.

g, 0
§ §1 §1
o] Q Q
9] > 3]
= (%2} =]
03 o 0
8 Q o
=2 = >
id : 0 : 0
Time (hours) MFOP (flight hours) MRP (MMH)
(a) Histogram (b) complementary (inversepf (c) cdf

Figure31l Generating MFOP Success and MRP Success

An importantpart of this conjecture is the MRP. Just as MFOP hsiscaessate,
MRP should havea successate. The MRFSuccesgMRPS) is the probability that the
recovery periocends bya given time. MFOP is measured in flight hours whM&P is
measured in maintenance man hours (MMBpth MFOP and MRP arecampilation of
component individuaiailure orrepair distributionsrespectively The general structure is
in Figure30. Theauthorconjecturegshat theMRPSmay be found in the same process as
the MFOPSby using the cdf of total repair times kgure 31c. The concept othe
Maintenance Managerame fromPrice et al[28]. A Maintenance Managedbpllows a
policy thatdetermines wheto perform maintenanceln the case oA MFOPaircraft, the

intent is to perfornall maintenance in the MRP.

4.1.2.3 Sampling Part Failure Age

The DES calcul ates the failure age of each

failure distribution. It then@mpares the current part age to the known failure age during
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each phase of flight. If the current part age is greater than or equal to the failure age, than
part failure occurs. If the current part age is less than the failure age, then the part is
functional throughout the phase. This necessitates the ability to calculateigfien
reliability (defined in sectio.1.1.9 where parts begin tremulation with a known age.

At the start of the simulation, it is
operational state and that each part has a starting agg ©fWe are seeking to sample
from a known failure distribution where thewest possible outcome of the random

variable, T, is the starting agésge0 PoOssible outcomes af must be betweetige0and

infinity as shown irFigure32. The figure shows &ge,00f 30 hours as an example.

pdf of Aged Part and Part Failure Distribution pdf of Aged Part and Part Failure Distribution pdf of Aged Part and Part Failure Distribution
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=l ouput Samping =l ouput Samping [ outout samping

0.04 ——— Weibull Failure Distribution size =50 , shape=4.8 0.04 Exponential Failure Distribution mu =45.8 0.04 Normal Failure Distribution mean =458 , sigma=10.8888
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(a) Weibull Example (b) Exponential Example (c) Normal Example

Figure32 pdf of Aged Parts Sampling and Known Failure Distribution

Conditional probability of successfaperation through timer tage 0given successful

operation througlwge ostill holds valid as

=

0 "YYO0 ; 0sYYO0o (23)
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wheretageoiS the starting age andlF is the random variable aigeto failure. The
probability that the part successfully functions in the intervatafo4 is known as one

because this has already occurred; therefore,

0V44&0 f 0SYYOO j

0 "Y'YOO § 0 (24)

Equation( 24) is the complemet of the failure cumulative distribution function (cdf)

~

0 “Y'YOO0  0sYYO0  p 00 5 0O (25)
The above relationship permits the sampling using an inverse cdf as outlined in the example
below.
Consider an example with a part that has a Weibull failure distribution where we wish
to sample the random variabldrom the failure distributiotWwe i b u | Iwith arange; b))
of [tagea + D) . The first st é@pFisilesshdntgolisingitde t he p

Weibull cumulative distribution function of

00 {MHN 0"Y'YO0 5 p Q (26)
whereTTF is the random variableli s t he di str bibuttilmeddi sti 1zieh
shape. We need to sample from all posdible such t hat

00 5 00 ; O p (27)

The above equation is a statement on acceptable percentiles where the minimum is

foundwith ( 26) and the maximum is 100%. There is no preferenceifat is positive;

therefore, the percentifellows auniform distributionU(0,1)in
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n 00 p 00  z7Yrip (28)
wherepr is the percentile. The quantile function (inverse cdf) may be solved for the

random variableé using ( 26 ) whereF is equal tgr. In the case of Weibull distribution,

solving fortage ofrom ( 26) yields the quantile function as

0 ¢ — 1T 1p ni (29)
wherepr is from ( 28).

Equivalent equations for the exponential and normal (Gaussian) distribution are in
Table10. Example results of the samplings ard-igure 32 above The figure shows a
histogram of samplings from: (a) Weibull distribution; (b) exponential distribution; and (c)
normal distribution. The histogram is normalized into a pdf. The mean of each distribution
is 45.8 hours and the startingeatage,q is 30 hours. The histograms show consistency to

the known distribution ploshown as a solid, red line

Tablel10: Finding A Randomly Distributed Failure Age Given a Starting Age

Failure Equations
Distribution Type
h
O Q 26
Weibull P (26)
ni "0 p "Oz7Yrip (28)
d is siz
b s shal, ~ T i (29)
R
O p Q (30)
Exponential L
ni 'O p Oz'Yrip (28)
€ 1 s meaj. o
0 1l dp ni (31)
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Table10 (continued)

Failure Equations
Distribution Type

“O _ p !Q‘l "_Q;__ (32)
Normal

ni O p "OzYrip (28)
€ i s
G is stdly . <L MCQl "Qent p (33)

4.1.3 Experiment Plan

Table9 summarized gualitative appraisal of statd-the-art methods Verifying the DES
against known solutions shal/l support subs
MFOP and unréhbility results shall be compared to solutions provided from Chew et al.

[27] for a phased mission with a simple A@pairable system ararepairable system.

Chew et. a[27] calculated an analytical solution from unreliability-sets of the simple
nonrepairable systemThe article then calculated the solution to thpairable system

using an approximate Markov chain and a Petri net in a Monte Carlo simulBR&sults

from this workds customized DES was compar e
the nonrepairable and repairable systems. FindllZS results to the repairable system

werev er i f i ed a g adwn Markovtimodelshatgnovidedoan éxactdimn.

A set of four tests verified the DES before experiments in Problem 2 began. The
verification process progressively builds from a simple, sipgl# test case to a more
complicated, multphased, multpart, repairable system. The bui@ verifies that the
DES successfully handles:

a. varying failure distributions
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b. multiple parts

c. a mix of serial and parallel fault tree logic
d. multiple phases with different fault trees
e. nonrepairable and repairable systems

f. multiple missions irma MFOPcycle

g. single or mitiple MFOPs

Tablel1 outlines the progression of test cases for verification.

Tablell: Verification Test Cases

Test Case  Parts Repairable  Phases MFOPs Verification Source

Test Case #1 1 Nonrepairable 1 1 Known distributions

Test Case #28 11  Nonrepairable 1 19 Engine by Kumar

(serial) [67]

Test Case #2k 11  Nonrepairable 1 19 Aut hor 6s a

(parallel) solution

Test Case #3 4  Nonrepairable 4 1 Chew et al. [26],
Aut hor 6s N
model

Test Case #4 4  Repairable 4 12 Chew et al. [26],
Aut hor é6s N
model

The verification sources listed above provide either an analytical answer or different
model ing method to compare the simulationt

Carlo iterations of the simulation will improve convergence to the true solutiorednde
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the error; however, the user must balance the desired precision with limiting factors such
as computing power and time. For the purposes of model verification, less than one percent
error is a sufficient verification each test caBach test casa@so examinessues related

to convergence.

4.1.4 Verification of the DES

4.1.4.1 Test Case #1: Single Part Distributions

The first test case examines a siAgéet, singlephase, nofepairable system. This is a

relatively simple test where the reliability of three different types of failure distributions

are checked against the known analytical answer. Knowing thatgtesyeliability is

the compl ement of t h¥o f @i O wecadantipateithe ut i on
shape of the simulati onds o utapueetdistibitionst i s
are inTablel2. For this test case, the starting part age was zero. The simulation operated

the part until failure or until reaching 50 missions. Phase duration was set such that the 50

missionsbrought the ending system reliability close to zero.
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Tablel2 Text Case #1 Summary Data

Exponential Weibull Normal
Parameters > = 0. dq = 2 e = 1
b = 2. a = 1.
Phase Duration 1 hour 1 hour 0.5 hour
DES Reliability 0.081974 0.17384 0.071266
(Known Reliability) (0.082085) (0.17431) (0.070701)
@ midpoint t=25 t=25 t=125
Reliability Mean Square Erroi 0.0011 0.0034 0.0020
@ 1e6 iterations fromt=0to50 fromt=0to50 fromt=0to 25

For each distribution, data was collected for a smaller and larger number of iterations
(100 and one million iterations, respectively). System reliability of the data seEsgsiie
33 from start through 50 missions. Even at a small number of iterations, the data follows
t he known reliability shape. At one mi
indistinguishable from known reliability furion. The Mean Square Error (MSE) of
system reliability for the 50 missions as shoabobveand the confirms the plots and

success of Test Case #1.

Test Case #1: Reliability vs. Time Test Case #1: Reliability vs. Time Test Case #1: Reliability vs. Time

1 1

----—Simulation,100 iterations
—— Simulation,1000000 iterations
= =Weibull shape=20, size=2.5 0.8

A --=-=Simulation,100 iterations
"\ |~ Simulation,1000000 iterations
\ |= =Normal mu=10, sigma=1.7

—-—-=Simulation, 100 iterations
| —— Simulation,1000000 iterations
0.8 \\ = =Exponential mu=10

o
®

o
o

Reliability
Reliability
Reliability

<
~

0.2

T .- X
0 10 20 30 40 50 0 10 20 30 40 50 0 5 10 15 20 25
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(a) Exponential (b) Weibull (c) Normal
Figure33: Test Case #1 Reliability Plots
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4.1.4.2 Test Case #2: Engine Example

4.1.4.2.1 Test Case #2a: Series System

The second test case is a reliability problem written by U. Dinesh K@3jarThe problem
asssmbl es el even parts in series to kFogudel a t
34). Weibull failure distributions model the engine compogemth parameters listed in

Tablel3. The use of the Weibull distribution accounts for an increasing hazard rate as the

part ages.

LP LP Stage 2 Intermediate HP HP NGV
Compressor Stator Casing Compressp

External Exhaust Mixer | LP Turbine LP NGV HP Turbine
Gearbox

QOil Tank and
Filter

Figure34: Reliability Block Diagram from Kumar Engine Exampp8s3]

Table13: Component Failure Distributions from Kumar Engine Exarigi

Item Item Distribution ~ Parameter Values
No.

01 LP Compressor Weibull dq = 15,00
02 LP Stage 2 Stator Weibull q = 5,000
03 Intermediate Casing Weibull dq = 11,00
04 HP Compressor Weibull d = 12,00
05 HP NGV Weibull d = 8800
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Table13 (continued)

tem ltem Distribution =~ Parameter Values
No.

06 HP Turbine Weibull g = 25,00
07 LP NGV Weibull d = 7,000
08 LP Turbine Weibull g = 20,00
09 ExhaustMixer Weibull qg = 7,000
10 External Gearbox Weibull g = 6,500
11 Oil Tank and Filler  Weibull dqg = 5,000

The reliability through timet of components in series is the product of each
component 6s r el it &imeétktan beynedsurad asudipdiete tMF@recycles

wheret is the product of thigh cycle and MFOP duratiomy:. The expression is
YQ B Y QO (34)
It is little effort to analytically calculate the system reliability usidg ) at each MFOP
cycle where thémtis 500 hours. The system relialylis equivalent to mission reliability
for the single phased missioRlots ofMission reliability for each cyclarein Figure35(a)
for simulationswith 500 and one million iterations. Even at a relatively small number of
iterations, mission reliability achieves a representative shape of the analytical solution. The

Mean Square Error is 0.0527 and 0.0019 for the 500 and one million iterations,

respetively.
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Figure35: Test Case #2a Mission Reliability and MFOPS

Figure 35(b) compares the DES MFOPS results for 500 and one million simulations
against the analytical solution. Recall MFOPS is calculated {rém as a conditional

probability and is repeated for the reader
000 06YRQ B @ ——mM— (35)

wherer is the compoent in a serial system. The simulation with 500 iterations suffers
from low surviving iterations and departs from the analytical solution at 11 cycles. One
million iterationsdelaythe departure from the analytical solution until th& ggcle. The
Mean Square Error for the MFOPS is 0.3316 through 11 cycles foiitéfions and
0.0511 through 16 cycles for one milliterations.

The successful approximation of mission reliability and MFOPS (with sufficient
iterations) verifies the DES correctly hd@simultiple parts and serial logic in a phase, over
multiple MFOP cycles. Finally, it is interesting to note that the Mean Square Error for

mission reliability with 500 iterations (0.0527) is close to the Mean Square Error for
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MFOPS at one million iteretns (0.0511). This introduces a recurring phenomenon that
MFOPS requires greater iterations than mission reliability due to the nature of conditional

probability.

4.1.4.2.2 Test Case#2b: Parallel System
Test Case #2b ordered the same eleven components from asesta into a parallel

configuration Figure36) t o verify the DES6 handling of

Part n=01

Part n=02

Part n=11

Figure36: Reliability Block Diagram for Test Case of a Parallel Sys[88j

The reliability of a parallel system that measures tirrei discrete intervals of the

MFOP,tmy, is written as

YQ p b p Y Qo (36)
Mission reliability, MR(i), is from ( 36 ) by substitutingMR« for R«. DES output is
compared against the analytical solution for system reliability (st at each MFOP
cycle of 3,500 hours. The MFOP duratioreatended from 500 to 3,500 hours to induce
sufficient failures in the more reliable parallel system to show the degeneration of

reliability over 19 cyclesFigure37 plotsmission reliability at each cycle for 500 and one

million iterations. Even at a relatively small number of iterations, mission reliability
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achieves a representative shape of the analytical solttlntest has similar convergence

as in Teste Case #2d8he Mean Square Error of reliability is 0.0689 and 0.0018 for the

500 and one million iterations, respectively.

|
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\
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Cycle Cycle

(a) Mission Reliability (b) MFOPS
Figure37. Test Case #2b Mission Reliability and MFOPS

MFOPS was calculated frofn35) where the MSE was found to be 0.1575 for 500
iterations through twelve cycles. After eleven cycles, only 66 iterations survived for the
eleventh cyle and only 15 iterations survived for the twelfth cycle. Calculating MFOPS
beyond this point becomes ineffective. This illustrates the weakness of simulation in
dealing with low probability eventdncreasing the number of starting iterations to ensure
a larger surviving set overcomégtweakness. Using one million iterations, the MSE was
lowered to 0.0686 and results were useable through 15 cycles. These results lead to the
conclusion that the output of the DES adheres to the analytical soluticer thnel
stipulation that the measured cycle has sufficient surviving iterations. Test Case #2b

successfully verifies the simulation of parallel configurations.
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4.1.4.3 Test Case #3: Nerepairable System

Test Case #3 increases the system complexity with apfwsge, fowpart system as
introduced by Chew et dR7]. The Test Case is a notional system designed such that each
phase has a different fault tree ($@gure38) and duration (se€able14). Component
failures are all exponential with failuresaurring at the rates shovirelow. Four phases
comprise a single mission. Mission essential components vary according to a phase as
illustrated n the fault trees. The system undergoes a single MFOP cycle comprised of
three missions in the cycle. All components age during each phase and may fail despite

not appearing in a phasrepaimblef ault tree. Th

| Phase 1| [ Phase2 | [ Phase3 | [ Phase4 |

ANA A A

o) @) ®() O
B0 OO OO

Figure38: Test Case #3 System Phase Fault Tré&egurereprinted with permissicn

Tablel4: Test Case #3 Phase Durations and Component Failure Rates

Phase Phase Duration (h Component Fai | ur e?)|
1 0.5 A 0.0045
2 2.5 B 0.0130
3 4.0 C 0.0081
4 1.25 D 0.0011

2 Reprinted fronReliability Engineering & System Safetpl. 93, S. P. Chew, S.J. Dunnett and J. D.
Andrews, fAPhased missi on mo dreeloperating peotls using simuéateds wi t h
Petri n e-0%, Copyright (2008),8vith permission from Elsevier
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4.1.4.3.1 Theoretical Solution

The theoretical solution combines thgHase, dmission cycle into a single, {ghase

mission (i.e. phases 1, 5, and 9 are the same). The combination creates a simple framework
for the use of nowwoherent fault trees to calculate phase unreliabilitye iflelusion of

NOT gates in a fault tree makes the tree-ooherent. Chew et gR7] show that the use

of noncoherent fault trees is necessary to calculate the unreliability of pheesmuse it
requires that phases 1 teplo not have failed. They transform any ravherent fault

trees into coherent fault trees using De Morgan's laws shown as
ol 6 ofdh o ol o6 (37)
This creates a set of prime implicants (or cut sets) that afeeadlet of possible causes of

phase failurg59]. The inclusiorexclusion principal from Inagaki and Henlgp] using

notation from Chew et a]27] provides the exmssion for unreliability as
0O B 0i6 B B 0i6. 6 E P 016
6 E 6 (38)

where Pr is probability, C; is the jth prime implicant, and\i is the number of prime
implicants in phase Chew et al[27] takes the reader through a sample calculation and

provides the theoretical solution used in the Test Casd gdel5).
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Tablel5: Test Case #3 Theoretical Solution

Phase Theoretical Theoretical Phase Theoretical Theoretical
[ Phase System [ Phase System
Unreliability, Reliability, Unreliability, Reliability,
Q Ry Q Rui
1 0.00225 0.9977 7 0.05210 0.7862
2 0.03850 0.9593 8 0.00327 0.7836
3 0.05107 0.9103 9 0.03271 0.7580
4 0.00194 0.9086 10 0.05493 0.7164
5 0.03452 0.8772 11 0.05302 0.6784
6 0.05448 0.8294 12 0.00451 0.6753
Chew et al . remar ked, it i's not possi bl
mul tiplying the phase reliabilities, due t

[27]. The dependency of the current phase orptegious phases manifests in the first
fault tree found i n Phas e socclrsin Phases &,®,cand9 . D
9 when the phase unreliability rises from 0.00225 to 0.03452 then falls slightly to 0.03271.
System reliability shows a castent decline expected from a system with constant failure

rates. Phase pairs43 7-8, and 1112 show a very small decline due to the low unreliability

of Phase 4 fault tree.

4.1.4.3.2 Markov Chain Model

A Markov Chain model verifies the lengthy theoretical solutfor Test Case #3 and
provides the means to calculate the solution for the next test case. The presented system
supports a Markov analysis because the system is homogeneous due to the four components

possessing an exponential failure distribution (seetion3.3.3 Markov Chairs). The
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systemis binary in operation where a component is either workiigof failed ). With
n binary components, there exist@ssible states. The four componets (1) in the
test caseds svys% @ sixtebnapussibleastatpsigars39 defines the

sixteen possible states in terms of componA&nB C, andD as working or failed.

Figure39: Markov Model of 4Phase Test Cagégure reprinted with permissidn

Equation( 15) models the progression from one state to the next. Equa8ér)

defines the steps as phase changes from the current phtasiéhe next phase;1 as

3 Reprinted fronReliability Engineering & System Safetpl. 93, S. P. Chew, S.J. Dunnett and J. D.
Andrews, fAPhased missi on mo dreeloperating peotls using simutes wi t h
Petri nets) pp. 980994, Copyright (2008), with permission from Elsevier
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v v & (39)

wheresis the state space vector ahds the trasition matrix. The system starts in a fully
working states®, with the first element of to have a probability of one and all other
elements to be zero. The elemAnpis the probability of transition from the current state

i to the new stat¢. The 16 x 16 transition matriX), changes by phase because the
probability of component failure is dependent upon the different phase durations. Step (or
phase change) must be calculated one step at a time because of the changing transition

matrix. For he nonrepairable system, the transition matrix is written in a more compact

notation as

New State, |

g1 2 s 4 s s 7 sa oem w1 w1
I _ _
(V)] ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD ABCD
+— 0 BCD 0 0 0 BCD BCD BCD 0 0 0 BCD BCD BCD 0 BCD
S 0 0 AD 0 0 ACD 0 0 ACD ACD 0 ACD ACD 0  ACD ACD
= 0 0 0 ABD 0 0 ABD 0 BD 70 B 7BD ABD 0 B AIiD A73D ABD
> 0 0 0 0 ABC 0 0 ABC 0 BC  ABC 0 ABC ABC ABC ABC
O 0 0 0 0 0 cD 0 0 0 0 0 cD CcD 0 0 CcD
0 0 0 0 0 0 BD 0 0 0 0 BD 0 BD 0 BD

6 0 0 0 0 0 0 0 BC 0 0 0 0 BC BC 0 BC
0 0 0 0 0 0 0 0 AD 0 0 AD 0 0 AD AD

0 0 0 0 0 0 0 0 0 AC 0 0 AC 0 AC AC

0 0 0 0 0 0 0 0 0 0 AB 0 0 AB AB AB

0 0 0 0 0 0 0 0 0 0 0 D 0 0 0 D

0 0 0 0 0 0 0 0 0 0 0 0 4 0 0 4

0 0 0 0 0 0 0 0 0 0 0 0 0 B 0 B

0 0 0 0 0 0 0 0 0 0 0 0 0 0 A A

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

(40)

where Component B has a probabilityf@fure of 6 and component nefailure is6. The

transition matrix is an upper triangukandAse 16is always one because the system is-non

repairable.
Table16 shows the Markov Chain results for the frepairable system next to Chew

e¢ al . o06s theoretical s o0 |Quin eachmphase andithe systein ar e

105



reliability, R from start to phasp. System reliability is used instead of mission reliability
for the test case because components have no age at the syatewf gperation. The

Markov results match Chew et al . 6s theoret

number of digits expressed. This validates the Markov model and confirms the solution.

Table16: Markov ChainResults and Chew et al. Theoretical Solution

Phase Q Markov Q Chew R Markov B Chew
1 0.002251 0.00225 0.99775 0.9977
2 0.038504 0.0385 0.95933 0.95593
3 0.051071 0.05107 0.91034 0.9103
4 0.0blSSEE 0.00194 0.90858 0.9086
5 0.034517 0.03452 0.87721 0.8772
g 0.054475 0.05448 0.82943 0.8254
7 0.05209& 0.0521 0.78622 0.7862
8 0.0032728 0.00327 0.78365 0.7836
] 0.032713 0.03271 0.75801 0.758

1ad 0.054927 0.05493 0.71637 0.71l64

11 0.053024 0.05302 0.67339 0.6784

12 0.0045089 0.00451 0.67533 0.6753

4.1.4.3.3 Simulation Verification

The DES simulated the naepairable Chew system of Test Case #3 with 10 million
iterations to gain sufficient precision of the known solution presented alfégare 40
andFigure4dlon t he next page p$ fortphasehumreliabilityramd at i o1

system reliability, respectfully.
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The simulation performedell with a phase unreliability Mean Square Error (MSE) of
0.00020016 and a system reliability MSE of 0.00014546. Percent error for each phase was
below the desired 1% as shownTiable17. Multiple simulations showed no systemic

trend in the results. Error in phase unreliability was randomly positive or negative.

Tablel7. Test Case #3 Comparison of Analytical and Simuldtlareliability

Phase 1 2 3 4 5 6

Markov 0.002251 0.038504 0.051071 0.001936 0.034517 0.054475
0.002270 0.038475 0.051049 0.001947 0.034529 0.054549

Simulation
% Error 0.843% -0.075% -0.043 0.583% 0.034% 0.136%

Phase 7 8 9 10 11 12

Markov 0.052096 0.003273 0.032713 0.054927 0.053024 0.004509
0.051940 0.003294 0.032784 0.054970 0.053046 0.004535

Simulation
% Error -0.299% 0.655% 0.216% 0.078%  0.040%  0.580%

The system converged on the known phase unreliability with increasing iterattuans.
next page shows the convergence of each phase in increments of 40,000 iterations to 10
million iterations. All phases showed convergence toward the known solution with Phase
7 (Phase 3, Mi ssion 2) taking ttributedtongest.
randomness because: (1) Phase 7 percent ern@:280% was well under 1% target and;
(2) the repetition of the same fault tree in Phase 3 and Phase 11 showed good convergence

with low percent errorsQ.043% and 0.040%, respectively).
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As expected, lower probability events found in the fault trees of PhaSés and
Phases 48-12 had greater percent errors than the higher probability of the other phases.
More iterations are needed to gain precision in lower probability events. In summary, the
DES successfully handled the phasedsion, norrepairable system with the
approximation of phase unreliability and system reliability converging to the known

solution.

4.1.4.4 Test Case #4: Repairable System

Test Case #4 is same system of the Test Case #3 with repairs following a maintenance
policy. A policy makes epairs to Components A and B at the end of each MFOP cycle.
The policy makesapairsto Components C and Drvery third MFOP cycle. Repairs renew

the part to its starting age of zero with no wear. After completing MFOP cycles 3, 6, 9,
and 12 the system is reset to its starting condition. MFOP cycles 1, 4, 7, and 10 begin in
the starting condition. Mission Rability is appropriate because unrepaired parts are
accumulating age and the system always begins MFOP cycles 2, 3, 5, 6, 8, 9, 11, and 12

with aged parts.

4.1.4.4.1 Repairable Markov Chain Model

Use of a Markov chain model is a means to verify the simuldgmause it produces an
analytical solution to the repairable system. The memoryless property of the system is
essential to the Markov model and allows component failure to be dependent upon phase
duration, but independent of part age or history. Shoojydod the components have a
failure distribution other than exponential, then homogeneous Markov modeling cannot be

used.
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Repairs made every cycle partially restore the system. Repairing only Components A
and B (as done after cycles 1, 2, 4, 5, 7, 8119 may leave the system in states 1, 4, 5, or
11. Repairs made every third MFOP cycle bring the system back to its original state, state
1. Repairs may be approximated by the insertion of zero duration repair phase after the
completion of the cycle arokfore the start of the next cycle. The repair transition matrix,

A, is lower triangular. Repaiege perfect with @robability of one. The transition matrix
for full repairs every third cycle are showigure43(a) and the matrix for partial repair is

shown inFigure43(b).
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Figure43: Repair Transition Matrixes

A mathematically equivalent approach to a repair phase is by altering the state vectors,
sP) wherep is the final state (after phase 4, mission 3) of a cycle. In either approach, a
repaired system will have probabilities in states 1, 4, 5, anddlile18 compares results
with the solution presented in Chew et[dl/]. The Mean Square Error of Reliability is

0.00025 and MFOPS is 0.00038.
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Tablel1l8: Repairable Markov Chain Results and Chew.és@lution

MFOP_Cycle Markov R Chew R Markov MFOPS Chew MFOPS
@ 1 1 Mal MNaM
1 B.67533 B.67527 B.67533 B.67527
2 @.45835 @.4582 B.66686 @.6667
3 8.2975 @.2974 B.660859 8.6686
4 8.20091 8.2008 B.67533 B.67518
5 @.13398 @.1339 B.66686 &.66683
6 B.888504 B.88843 B.660859 8.66842
7 B.859769 B.85971 B.67533 B.67522
8 8.839857 B.83982 B.66686 @.66689
9 B.826329 8.0263 B.660859 8.66847

18 B.817781 B.81776 B.67533 B.67529

11 8.811857 8.81184 B.66686 @.66667

12 B.8878329 8.887821 B.660859 B.66856

There exists a slight decay in MFOPS from the first MFOPS cycle (0.67533) to the
second MFOPS cycle (0.66686) to the third MFOP cycle (0.66059). The decay is due to
the demand to operate Components C and D longer without failure (24195 tm 74.25
hours, respectively). The system is fully restored with full repairs every third cycle and
the decay begins again (degure44). Theresults presented [27], show small variation
between the cycles 1, 4, 7, 10 and so on. The variation may be due to the numerical
integration or the precision used by the a

Markov model shows no variation with exact repetition of MFOPS.
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Figure44. Markov Model Comparison

4.1.4.4.2 Simulation Verification

The simulation of twelve cycles was run one million times with Reliability and MFOPS
shown inFigure45andFigure46on pagel14. The shape of the curves found in the figures

is expected fromraexponential systemThe Reliability curve follows the complement of

an exponential cdf. The MFOPS curve showrFigure 46 is the complement of the

sy st e mo srveh Bhe leazadi cucva of an exponential distribution has zero slope due
to the memoryless property; therefore, the MFOPS, which is merely the complement of the
hazard curve, is nearly flat. The repair policy manifests the samecdyuieedecay as
predided in the analytical solution. MFOP Cycle Reliability Mean Square Error (MSE)
was 0.00103 and Cycle Unreliability was 0.00062. Multiple simulations showed no

systemic error or trends in the results.
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The simulation approximates the analytical solution at one million iterations to a

MFOPS MSE of 0.00853. Percent error for each cycle was below the desired 1% as shown

in Tablel9.

Tablel9: Test Case #4 Comparison of Markov and Simulation MFOPS

Cycle 1 2 3 4 5 6
Markoy  0.67533 0.66686 0.66059 0.67533 0.66686 0.66059
Simulation 0-67482  0.66672 0.66007 0.67686 0.66636 0.66398
% Error  -0-076%  -0.020% -0.079% 0.227%  -0.074% 0.513%
Cycle 7 8 9 10 11 12
Markov 0.67533 0.66686 0.66059 0.67533 0.66686 0.66059
Simulation 0.67580 0.66639 0.66120 0.67640 0.66460 0.65737
% Error 0.070% -0.069% 0.092% 0.158% -0.338% -0.487%
Li ke Test Case #3, t he

T e sHRigur€4q) sakes oted s

con

iterations than the reliabilityjgure 48) due to the conditional natuoé MFOPS. Arrows

on the figure highlight the bands of the repeating three cycle decay. The convergence of

these cycle results to the analytical Markov solution verify the DES for use with repair

policies in complex systems comprised of multiple partsidlyphased missions over

several MFOP cycles. The progressive verification of each test case provides confidence

n

t
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DESO

accuracy
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4.2 Research Question @ Which components limita MFOP

The secondesearch questiospught the identification of components or subsystems that
l'imit a given systemds dependabil i tand. Usi
MRP as the metric fanaintainabilityyields theResearch Question 2a and 2b, respectively
The identificatim of | i miti ng component or fweakest

designer improve the MFOP.

Research Question 2a
Which components/subsystems limit an MFOP?

Conjecture A: Failure Cause Identification reveals the limiting
components or subsystetesa MFOP.

The weakest l i nk st ep frigue®)dand im theRASEISTO s me |
methodology tells the designer where to apalyMFOP option. None of the major
referenceq23], [26], [27], [28], [45], directly address how to identifpe weak link;

however, Trindad and Nathan if22] offer Failure Cause Identification theory as
introduced in sectioB.2.1 Finding the part with the greatest mean from component failure
distributions is a good indication of a weak link, but that may not necessarily provide the
correct prediction. Two concepts hide the answer. First, a phased mission means some
compaments will receive greater usage (and wear) than others. Second, an aircraft and its
parts each have their own history after several MFOP cycles. A simulation shows is helpful

because it does not have to solve the two problems directly. It merelytaeedsrd the
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time history of causes. Failure Cause Identification then identifies the weak links to answer

Research Question 2.

4.2.1 Development of Failure Cause Identification

Consider the system of Test Case #Therewi t h t
are 2 states in a binary system wherparts are either operating (0) or failed (1). In the
four-part systemi( 1), there are sixteen possible states. A binary numbedfits

from one to 2describes each staihase 1 has six operatinmgaen failed states as shown

in Figure49.
Phase 1 # A B C D Status # A B (@ D Status
1 0 0 0 0 | Operating 9 1 0 0 0 Failed
A 2 | 0| 0| O | 1 |Operating [[10| 1 | 0| 0 | 1 Failed
3 0 0 1 0 | Operating 11 1 0 1 0 Failed
4 0 0 1 1 | Operating 12 1 0 1 1 Failed
. 5 0 1 0O | O | Operating || 13 | 1 1 0| o Failed
ﬁ' 6 0 1 0 1 Failed 14 | 1 1 0 1 Failed
A 7 | 01|31 |0 [Operating|{15] 1 | 1| 1| 0] Faied
@@' 8 0 1 1 1 Failed 16 | 1 1 1 1 Failed

Figure49: Failure Causes of Phase 1, Test Caskeftdmost figure reprinted with
permissiof

A detection algorithm denotes when a failed phase occurred by matching the current
statebds binary sequence to the failed cond
partés contribwse omytiontvdet fgatdiumge ftthe curr
It creates a temporary state by changing one failed component to operating. If the

temporary repaired state is in an operating condition, the temporary repaired part is a

4 Reprinted fronReliability Engineering & System Safetpl. 93, S. P. Chew, S.J. Dunnett and J. D.
Andrews, fAPhased missi on mo dreeloperatngeriadé usiagysimulaeshs wi t h
Petri n e-0%, Copyright (2008),8vith permission from Elsevier.
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member of the failure cae. If the temporary repaired state remains failed, then the
temporary repaired part is not a member of the failure cause. The temporary part repairs
are conducted one at a time to discover all members of the failure cause.

Phase 1 has two failueauses. (1) Component A failed; and (2) the combination of
Components B and D failed. For example, suppose the system enters Phase 1 in an
operating condition with Components B and C failed (state 7). Component D then fails
during the phase bringing the syt into a failed condition (state 8). A failed state is
noted and the failure cause algorithm begins. The algorithm temporarily repairs
Component B, moving the system into an operating condition (state 4). Component B is
denoted as a failure cause dhd algorithm returns the system to its original failed state
(state 8).

The algorithm next makes a temporarily repair to Component C which moves the
system into staté. Since staté remainsa failure condition, Component C is not a failure
cause The algorithm removes the temporary repair to Component C, return the system
back to State .8 The process checks the last failed part, Component D, and denotes C as a
failure cause. Finally, both B and D are recorded as members of the failure cause in Phas
1 for this mission and MFOPOG6s iteration.
occur in the same phase (such as Component A failing after D in the example); however,

the first cause is the significant cause because mission abort would leaky alccurred.

4.2.2 Verification of Failure Cause Algorithm
Verification of the failure cause algorithm begins with a simple test using a single part
system. The tested part has an exponential failure distribution with a failure rate of 0.0045

failures/hour. The system is simulated 100,000 times with the same phase durations of
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Test #34 over twelve MFOPs of three missions each. Simulation results adhere to the
known di st r Figue50.i Toeddgetemature of the event simulation, in which

no information is collected between events, yields a stair effect to the plot.

Known Rate

0.6 Sim d

0.5 4

0.4 r b

02k 006 i

Mean Number of Part Failures

o1k 02 |

O 1 1 1 1 1
0 50 100 150 200 250

Flight Hours
Figure50: Verification of Failure Causklentification

4.2.3 Results and Discussion of Failure Cause Identification

InaMFOPstrategy, the Awheno a system fails
frequency of failure. Metrics using the mean like MTTF and MTBF do not report the
Awheno t hat aMBOPsrategy nThe peoblemtisofurther complicated by a

phased missn with different durations and fault trees. As outlined in se@idri, Failure

Cause Identification provides the necessary time historydfthdh e n 6 and r eveal

members that fail a system before completing an operating period.
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4.2.3.1 The Need to Measure Failure Cause

The traditional ranking failure cause based upon component failure rate does not account

for the complexity introduced by an agisystem following a phased mission with different

fault trees. Even with the constant failure rate system of Test Case #4 where the
memoryless property negates aging effects, ranking parts based upon only the part failure
rate is misleading. The faikerate predicted order (best to worse) is D (0.0011 fails/hour),

A (0.0045 fails/hour), C (0.0081 fails/hour), B (0.0130 fails/hour). Simulating the system
through twelve MFOP cycles, reveals the order (best to worse) to be D, C, Aglde

51pl ot s the failure history of the system (
a single part system (shown as dashed lines below). The expéctedhistory of shown

in A6 and C6 neglect the impacts of archit

o

T T
Part A (0.0045 fails/hr)
Part B (0.0130 fails/hr)
Part C (0.0081 fails/hr)
Part D (0.0011 fails/hr)

— — — Part A’ single-part system (0.0045 fails/hr)
[ Part C' single-part system (0.0081 fails/hr)

-

© o o o o o o
AN v oo N o ©
T T

w
T

Mean Number of Cumulative Failure Causes

T T n
0 50 100 150 200 250
Flight Hours

Figure51: Failure Cause History of Test Case #4

4.2.3.2 Establishing a Metric for Failure Cause ldentification

In the previous example, itageasyto see the contribution of each component to system

failure by examining the plot of Failure Cause History. Each part was exponential. The
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system was memoryless and hazard rates were constant. With aging effects, the hazard

rate as a function dgime, thereby making visual inspection difficult.

Phases

[

BEEO

Figure52. Phase with Components in Series

Consider a foupart system in serial with the fault tree showfrigure52 above The
new system replaces Component Cods exXpoénédmat
Weibull failure distribution£ v Bf ). The use of a Weibull distribution introduces
the effects of aging through a changing hazard rabe. system is simulated over 200,000
iterations through three MFOPs for a total duration oRFours. The Failure Cause

history parts and system are showirigure53.
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(a) Failure Cause Part History (b) Failure Cause System History

Figure53. Failure Cause History of a Seraystem
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Part CO begins the simulation with a | ow
failures until 30 hours. Part CoO0O ends the
is the best performer through the first half of the mission. Ifaileres are preferred over
early failures ina MFOPstrategy. The ideal part has few failures with those failures
occurring late in the period. A poor performing part has many failures with those failures
occurring early in the period. What is the performance of a part with few failures with
those failues occurring early or a part with many failures with those failures occurring
later? It is this conflict between the total failures (how often) and the time of failure (when)
that complicates identifying the weakest link. This establishes the needlt@tevthe
weakest link with a new metric.

The development of a metric begins with the failure cause frequency. In the continuous
form, letg(t) be the failure cause frequency as a function of tiniehe cumulative failure
cause historyG(t), is the ntegral from start of the system to the endaberating periods

tmf.

00 "QOQO (41)

Note, g(t) differs from a failure distributions pdf(t). f(t) measures the probability of

failure whose integral oveimte is onewhile g(t) is a frequency of occurrence that does
not sum to one. It is necessary to gég when comparing different failure causes to
capture the fAhow ofteno or ma&@mandGi@ae of p.
cumulative; howevelF(t) is integratescbver[ 0 ,afd]sums to on&hile G(t)is integraed

over the operating period and does not sum to one.
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The area under the failure cause history curve is a metric of cumulative failure that
considers both time and frequency. Theltataa is the sum of the differential areas, where
the differential areas are the producttioé differentialtime step and cumulative count.

The failure area\(t), up to timet is the integral of5(t) of

00 0V0Q0O (42)

The growth ofA(t) is in Figure54(a) and values at the end of the period are listdciie

T T 7000 N T T =
Part A, Area=7.8867 Part A, FC Metric=2495.3457
20+ Part B, Area=22.7047 il Part B, FC Metric=7179.7563
Part C" Weibull, Area=9.1266 6000 H Part C" Weibull, FC Metric=689.9666
Part D, Area=1.8666 Part D, FC Metric=589.9386
ko)
£ 5000
15+ S
o
b - 4000
< 2
210 S
& 10 T 3000
=
= Q
— £
B £ 2000
5t i
D 1000
0 ‘ ‘ ‘ ‘ o ‘ ‘ ‘ ‘ ‘
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Hours Hours
(a) Failure Cause Area Growth (b) Failure Cause Metric

Figure54: Measuring Failure Cause in Serial System

The plot ofA(t) provides information when part performance changes relative to other
parts. Higher values of(t) are worse than lower values as they represent greater
cumul ative failures. T h e0 g homra and éxce@daPatt C 0O
A at 0 @ «hours. The area growth helps answer the questidthat is the part

contribution to failure fromtart to time t? For example, if the MFOP period is set at 33
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hours, then the greatest contributors to f

I f the MFOP period is 66 hours, the greate

Table20: Metrics for Failure Cause Identification of Series System

Component Mean per Mean Area Area Metric Metric
Iteration per Iteration (FC-h) Normalized (FC-h)>  Normalized
(FO) Normalized

A 0.146 4.22 7.89 4.23 2,495 4.23
B 0.420 12.15 22.71 12.16 7,180 12.17

Co Wei 0.372 10.78 9.13 4.89 690 1.17
D 0.035 1 1.87 1 590 1

4.2.3.3 DistinguishingBetweenEarly and Late Failures

A(t) is useful to identify the weakest links up to titdowever, it cannot differentiate
between early and late failures. This is bec@&(fesums all differential elements equally.
For example, the area for Part CoO0 Weibull
Figure53( a) shows that Part CO0 hdbkeamamelricié at er
insufficient becausa MFOPstrategy prefertater failures over eadr failures.

A time weighted metric is needed to understand which component most limits the
chance to achieve the longest MFOP period. Such a metric is the Failure Cause Metric

(FCM). It weighs early failures worse than later failures and is defined as

06 00 Qo 00 0Q0 (43)

Plots of FCM(t) areshown inFigure54(b). The metric is most useful as a quanti&tiv
number shown imMable 21. The metric ranks Part Co Wei
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better than Part A. FMC provides a quantitative meandetatify which component(s)

most (and least) limit a desired MF®BRsed upon when failure occurs

Table21: Metrics for Failure Cause Identification of a Sample System

Component Mean Mean Area Area Metric Metric
per per (FC-h) Rank (FC-h)? Rank
Iteration Iteration
(FO) Rank

A 0.146 2 7.89 2 2,495 3

B 0.420 4 22.71 4 7,180 4

Co We 0.372 3 9.13 3 690 2

D 0.035 1 1.87 1 590 1

The testing of maintenance policipgesented bydypothesis 2 and 8tilized Failure

Cause Identification extensively diagnose system behavior.

4.3 Research Question 2b: What is the Greatest Contributor to MRP

The companionta MFOR s we ak eaeMRROIsi mk eas est contri but
contributor is the component or sybtem that maintainers spend the most time repairing

in a MRP. If a unit wanted to reduce the lengthaoMRP, they would ask designers to

i mprove the greatest contributordés reliabi
measur es m@maintainalilitye i dheught experiment and a practiexiercise

follows toinvestigate the greatest contributor to the MRP.
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4.3.1 Thought Experiment

A brief thought experiment demonstrates a key concept of the MRP. The repair with the
greatest Mean Time To RepdMTTR) is not necessarily the greatest contributor to the
MRP. Similarly, the most failed part is not necessarily the greatest contributor. A brief
thought experiment demonstrates this concept. Consider a simple system of three parts in
series. Partd, B, and C have mean repair times showable22. Suppos&a MFOP
consists of 100 missions and a counter records the number of failures oveF@f M
Neither the part with greatest MTTR (Part C) nor the part with the highest failure rate (Part

A) has the largest total repair time (Part B).

Table222 MRP Thought Experiment

Part MTTR Failures per 100 ExpectedCumulative
missions Repair Time

A 1 hour 12 12 hours

B 4 hours 5 20 hours

C 8 hours 2 16 hours

The discussion is looking for the repair with the greatest expectation of contribution to
MRP. The greatest contributor should not be as difficult to find as the weakest link because
repair times, although stochastic, follow a distribution that doeshaotge over time. It
is worth noting that component failure rates calculate the expectation a priori as the part

aging isderived from gercentage of flight hours.
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Research Question 2b

Which components/subsystems are the greatest contributor(s) to
duration?

Conjecture B: The greatest contributor is the component/subsyste
with the greatest expected downtime.

The dissertation accepts the conjecture

the greatest contributarsThe expected downtime is

0'0JYYY "000"YYY 6 & NY'YY (44)
where H is the expected number of failures to timeTTR is the Time to Repair
distribution, and 'OJY"Y"Vis the total repair time ovea MFOPcycle. The expected
number of fadures is a function of the components Time to Failure (TTF) distribution. The
expectation of repair time is the MTTR. The expectation of total repair time is the MDT

for the part. Assuming H and repair times (TTR) are independent, random variables, the

covariance will be zero. A systembs tot al
O0YO B "OJ0°YYY (45)
where there are parts in the system.
The use of 45) assumes part unreliability is independent of its time to repair. There
is likely a small dependency between frequency of failure and repair times in real
operations. A maintainer that se¢de same failure frequently is likely to become faster in
diagnosing and repairing the item. A unit is also likely to keep spares of commonly failed

items, reducing logistical downtime. The repair times are assumed to follow a distribution

that is ind@endent of unreliabilityMeasuring MRP in MMH eliminates the need to model
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a unitoés repair cap acanswgrthaquestiodeanéxt saciohne ma n
conducts a practical exercise to determine the TTF distribution and expected downtime of

a utility helicopter.

4.3.2 Construction of a Utility Helicopter Model

FVL develop includes the technology demonstrators of the Joint -Ralé (JMR)
program. The initial effort of JIMR focused on fulfilling Capability Set 3, consisting of
medium utility and d@ack configurations. The Black Hawk and A4 Apache currently
perform these roles in the U.S. Army. The aircraft serve as baselines for the medium class
demonstrators and the medium configuration. The Black Hawk is attractive due to its

proliferation,long service history, and availability of maintenance data.

Figure55: Sikorsky Black Hawk Helicoptdrom [61]
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The constructed utility helicopOMBlaki s r ep
Hawk. The Black Hawk is a medium lift, utility helicopter from Sikorsky Aircraft of
Lockheed Martin Corporation. There are over 4,000 Black Hawk variants in service with
the 2,135 operated by the U.S. Arfel]. The commarial designation of the Black Hawk
is the S70. The UH60 first saw service in 1979 and has several major model updates.
The Army expects an upgraded WM and a future model, the U6DV, to remain in
service through 2045 and the fielding of Fla2].

Modeling a Representative Utility Helicopter (RUH) model requires the construction
of three random variable distributions: (1) Time to Failure (TTF); (2) Time to Repair
(TTR); and (3) Repair Cogif capturing affordability. TTF captures the frequency and
nature of failures necessary to calculate MFOPS and understand the weakest link using
Failure Cause Identification. TTR establishes the duration of the MRP and the likelihood
of meeting a desired duration, MRPS. It alsovmles downtime, measured in

Maintenance Main Hours, for prediction of Achieved Availability by renewal theory.

4.3.2.1 Time to Failure Distributions

The U.S. Army scores aircraft reliability and maintainability events with the Failure
Definition and Scoring Crairia (FDSC). Resulting maintenance actions are either
scheduled or unscheduled maintenance. The FDSC classifies unscheduled maintenance as
Unscheduled Maintenance Action (UMA). The FDSC further distinguishes UMAs as an
Essential Maintenance Action (EMAYission Affecting Failure (MAF), or Mission Abort

(MA) based upon its impact to the mission and time of discovery. FDSC definitions from
[63] for the UH60M event categories areTiable23. The categories are hierarchical with

some terms nested in others as depictétdgare56.
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Table23: FDSC Failure Definitions

Term Name FDSC Definition[63]
UMA Unscheduled Any maintenance action thatnst identified in the
Maintenance technical documentation of the system as scheduled
Action maintenance.
MEF Mission Essential An MEF is the operational capabilities that the system mt
Function perform to complete its missions successfully.
EMA Essential Results from any incident or malfunction which causes th
Maintenance inability to perform, or degrades, one or more MEFs
Action regardless of time of discovery, plus any additional
unscheduled maintenance required prior to initiating the r
mission, to include resting mission essential equipment
redundancy.
Table23 (continued)
Term Name FDSC Definition[63]
MAF MissionAffecting  An incident or malfunction which causes the inability to
Failure perform, or severely degrades, one or more MEFs and wi
discovered during mission time, regardless of the operatic
mission in progress.
MA Mission Abort An incident ommalfunction that causes the loss of a missio

essential function specifically required for the operational
mission in progress.
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Figure56. Hierarchical Structure of Failure Classification

EMAs are the classification of interest when study@mgFOPR An fAessenti al
prevents the aircraft from performing its Mission Essential Functions (MEFs). MEFs for
the Black hawk are fly, communicate, navigate, survive, transport, and protietg pare
(HH-60M only) [63]. EMAs are incidents that result in unscheduled maintenance and,
therefore, disrupt the MFOP. Even if an EMA incident does not result in a Mission Abort
(MA) on a given flight, it still requires aintenance upon returning base. This is an
important concept o MFOPstrategy. A successful MFOP system must have a high
mission reliability (measured by MA) and minimal unscheduled maintenance (measured
by EMA). Given that all MAs are an EMAS, thember of EMAS is equal to or greater
than the number of MAs.

EMAs that occur during the missiontime (frd i ght t o shutdown) ar
discovered outside the mission time (after post flight inspection and before the next mission
time) do not have specified label. Whether the operator discovers the fault during or after
the mission time, it is still an EMA. An incident that does not interfere with an MEF has

a nonessential maintenance action. The maintainer may defer thessential UMA to
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the next MRP, to any subsequent MRP, or to the next reset. Although an operator may
choose to repair a neessential UMA, it does not necessarily disrapiiFOPand should

not be used to eval uat e -@emomaintenanceairctdihss MF OP
no UMAs because MFOP Options such as prognostics and diagnostics provide warning of

a failure with sufficient time to synchronize preventive action at the next MRP; however,

the state of the art is far from this capability. Until aircraft achieventerzero
maintenance paradigm, EMAs represent the proper way to capture both failure and

unscheduled maintenance that could disrupt a MFOP.

4.3.2.2 Results of Constructed Time to Failure Distributions

The Reliability, Availability, and Maintainability Engineering and System Assessment
Division of the U.S. Armyds AMRDEGM Tpr ovi de
ensure public releasability, data shown in the thesis has been skewed randomly by +20%

from the actual data. This permits the presentation of methodology and results for a
Representative Utility Helicopter (RUH) that is similar in class and performance to the
UH-60M Black Hawk. Table24 consolidates EMA data from 55,634 flight hours recorded

in a recent tweyear period. The data is a compilation of entries manually verified by a

RAM expert and represents approximately 24% of alt&{iV flight hours over the two

year period.
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Table24: Representative Utility Helicopter EMAs

Functional Subsystem Essential EMAs per
Group Maintenance 1,000 h
Code Actions

02 Airframe 2,173 39.06
03 Landing Gear 750 13.48
04 PowerPlant 1,423 25.58
05 Rotor 1,800 32.35
06 Drive 804 14.45
07 Pneumatics and Hydraulic 653 11.74
08 Instruments 294 5.28
09 Electrical 395 7.10
10 Fuel 174 3.13
11 Flight Control 1,001 17.99
12 Utility 434 7.80
13 Environmental Control 21 0.38
15 Auxiliary Power Unit 198 3.56
16 Mission Equipment 237 4.26
17 Emergency Equipment 17 0.31
18 Ground Support Equipmen 71 1.28
19 Avionics 285 5.12
52 Stabilization (AFCS) 160 2.88
Total 10,890 195.75

The system EMAate is 195.75 failures per 1,000 flight hours. Recognizing that each
subsystem is essential to mission accomplishment leads to a reliability block diagram in

series Figure57).
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02 Airframe 03 Landing 04 Power Planf | 05 Rotor 06 Drive
Gear
11 Flight | | 10 Fuel | | 09Electrical 08Instruments | | 07 Pneumatics
Control & Hydraulics
12 Utility | 13 | | 15APU | | 16 Mission || 17 Emergency
Environmental Equipment Equipment
52 Automatic | | 19Avionics || 18 Ground
Flight Control Support Equip

Figure57. RUH Reliability Block Diagram

The reliability for the serial system is
Y B Yo (46)

where the eighteen subsystems&igfure57 comprise the RUH. The memoryless property

of a system comprised of only exponential TTF distributionsegysgtrovides that
Y B Q QB Q (47)
and, thus, the system failure rate is
B ™ WL FEAETTOOAOD (48)

Although the RUH is a repairable system, the MTTF provides a useful notion. MTTF
is the expected duration the system can achieve without repair. Given that a system must
remain without failure and maintenance free during the MFOP duration, the MTTF is a

metric of interest. The MTTF of a system is
DYYO |, Y Q0o (49)
Substituting( 48) into ( 49) gives
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0YYO . Q Qo (50)
Evaluating the integral at the EMA rates found able30 yields

0 "YYO —=———— v 6& 6 INIQDD b (51)

The RUH has a mean duration of 5.11 hours before an EMA occurs.nurhiser is
of the same order of magnitude to thkdur MFOP suggested §1]. A plot of MFOPS
verse MFOP duration is ifigure 58. In this circumstance, the MFOPS equals the
probability that the system does not incur an EMA through in the first cycle through time

tmf given the system started fully functional.

0.8 r i
0.7 r T
0.6 7
0.5r i
0.4 7
03r i
0.2 T
017 i

0 1 1 1 1 L 1 1 1 1
0 1 2 3 4 5 6 7 8 9 10

First Cycle MFOP Duration (tmf)
Figure58. Exponential RUH Model Plot of MFOPS vs MFOP

MFOPS Using EMA as an Event
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The memoryless property of an exponential system, specifically expressed as Equation
(51), permis a simple analytical solution to MFOP through the quantile (or inverse cdf)

function. Ina MFOPcontext, the quantile function of the exponential system is
0000 —— (52)

Systems with no®xponential TTF distributions or complex reliability block diagrams
systems may not have an attainable closed form expression. Thbekdists MFOP

values at specific, given MFOPS. The RUH has a 50% chance to achieve 3.54 flight hours
without incurring any essential maintenance. It has a 36.8% chance to achieve the mean
of 5.11 flight hours and only a 14% chance to reach 10 flight heitr®ut essential

maintenance.

Table25. Exponential RUH Model MFOPS

MFOPS MFOP Remarks
0.00000039% 100.00 h

14% 10.00 h

36.8% 5.11h Mean

50% 3.54 h Median

90% 0.54 h

95% 0.26 h

Table25shows that MFOPof 100 hours, as sought by FVL, is a radical improvement

in system reliability from todayds aircraf

137



4.3.2.3 Construction offime to Repair Distributins

A Time to Repair (TTR) distribution measures the probability that a specific maintenance
action takes a duration bf TTR accounts for any resulting maintenance action of an EMA.
Ideally, actual repair times build the distribution; however, thia gatot always available.

New designs may not have a large historical database to generate sufficient data or the
information may not be recorded (as is the case of the RUH). Relevant repair times for an
EMA event were difficult to identify in the cumé Army maintenance database.
Fortunately, the use of a Maintenance Allocation Chart (MAC) can overcome the lack of
comprehensive repair time data.

The MAC accounts for the expected time to complete a maintenance action on a
component. Maintenance agiminclude inspect, service, adjust, repair, replace, and test.
The MAC assigns expected action time based upon the experience, skills, and tools at each
level of maintenance. Time is tracked as MMH to the tenth of an hour. The author
manually comparethe 774 working unit codes with an EMA to the 900 component action
times of the MAC. Overall, 8,982 of the possible 10,890 EMAs (82%) had a matching
TTR. Figure59 shows the number of matched and unmatched EMAs by subsy$ten.

distribution fitting excluded mmatched EMAs
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Figure59. RUH Subsystem EMA to TTR Matching

An excerpt of the Airframe Subsystem isTiable26 with data organized by working
unit code. The table lists EMAs and the matched TTR in third and fourth columns,
respectively. Unmatched wang unit code EMAS, such as the 24 EMAs of th® 2 A
Forward Fuselage Sectipare excluded from building the TTR distribution. 72% (1,557
out of a possible 2,173) of Airframe EMAs n
of the 1,557 events are ihd fifth column. Column six multiplies the fraction by its
respective TTR. The mean TTR for the sub

contributions. The Airframe Subsystem has a mean of almost 2.9 hours per EMA event.
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Table26: Extract of02 Airframe TTR

(1) (2) (3) (4) (5) (6)

Working Nomenclature EMA TTR Fraction  Contribution
Unit
Code
‘02 Airframe 4 2.3 0.0026 0.0059
'02A Forward Fuselage Sectior (24) 0.0000 0.0000
'02A01  Windshield Installation 8 14 0.0051 0.0072
'02A01A Pilot's Windshield 35 1.9 0.0225 0.0427
'02A01B Co-Pilot's Windshield 29 1.9 0.0186 0.0354
'02A01C Upper Overhead Window 45 14 0.0289 0.0405
'02A01D Lower Nose Window 49 14 0.0315 0.0441
'02A01E Center Panel Windshield 32 14 0.0206 0.0288
'02C15J Tail Pylon Fitting 1 0.2 0.0006 0.0001
Total 1,557 1 2.8963
(2,173)

The product of a working unit codebs EMA
histogr am. The MATLABOs distribution fit
plot with a distribution fit as demonstrated for the Airframe subsystdfigiure60. Most
of the fits are not ideal. The TTR histograms tend to be heavily weighted with TTRs below
3 hours creating a left leaning distribution. WZél distribution with a shape value between
1 and about 3.4 model the left leaning distributions. Aikedgramsalso show a small
number of high time repairs. High time repairs represent major maintenance actions like
main transmission or rotor instaion. The high time maintenance action of the Airframe
subsystem is the 29.7 MMH replacement of the tail pylon. This characteristic makes fitting
a continuous distribution difficult.

The assumption of a fixed TTR worsens the fit. The assumption rensowee of the

variability existing in actual maintenance times. Capturing the true variability would
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reduce the peaks, Asmootho the frequency p
subsystems with many components, the Central Limit Theorenicfzrale distribution
Sshould become nor mal . The Weibull di strib
but with thicker tails. The advantage of the Weibull distribution is that it takes a probability

of zero when the random variable is less than Z€his property prevents negative TTRs,

unlike the normal which has aranged®| + D] . Despite the | ess
a Weibull does provide a better tool than making a generic assumption of a constant TTR

rate.
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Figure60: Airframe Subsystem Density Plot and Fit

Table27lists the fitted Weibull distribution for the Airframe and the fitted distributions
for the remaining subsystems. Eleven of the eighteen distributions are left leaning with the

characteristichighht i me assembly installation. Every
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maintenance action was 0.2 hours. A normal distribution with a very sraatlest

deviation models the shaeplacemenbf emergency equipment.

Table27. RUH Time to Repair Distributions

Subsystem MTTR Distribution Parameter Parameter

(h) Type
02 Airframe 2.9 Weibull dq=3.137b=1. 1514
03 LandingGear 6.8 Weibull dg=7.521b=1. 46¢
04 Power Plant 1.6 Weibull dg=1.39¢b=0.851
05 Rotor 11.6 Weibull dg=11.5¢h=1.00¢€
06 Drive 55 Weibull d=4.321b=0.707
07 Pneu & Hydraulics 4.7 Exponential e=4.70¢
08 Instruments 0.7 Weibull dq=0.80«b=1. 40¢€
09 Electrical 2.3 Weibull dg=2.57¢b=1. 4714
10 Fuel 7.1 Exponential e=7.07¢
11 Flight Control 51 Weibull dq=5.35Zb=1.11C¢
12 Utility 1.3 Weibull dq=1.447b=1.341
13 Enviro Control 3.0 Weibull dq=3.32(b=3.55¢:
15 Auxiliary Power Unit 5.9 Weibull g=6.67tb=1.75:¢
16 Mission Equipment 1.6 Weibull d=1.79tb=1. 451
17 Emergency Equipmen 0.2 Normal e=0. 2 0 =3le
18 Ground Support Equif 0.6 Weibull dq=0.68:b=3.2114
19 Avionics 0.7 Weibull dq=0.72¢hb=3.552
52  Stabilization (AFCS) 0.8 Weibull d=0.93¢b=2.44/4
00 RUH System 55 Lognormal €e=0.83(0=1.27¢€¢

Compiling system data into a single distribution yielded best fit with a lognormal
di stribution (HEgu®6l8ohlares tile=TTR dersigy Jagainst the fitted
lognormal distribution. Actual mean of matched TTR data was 5.45 hours per EMA.

Predicted mean of matched TTR data was 5.19 hours per EMA.
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Figure61. RUH System Density Plot and Fit
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5 PROBLEM 2.1: MAXIMIZE AVAILABILITY IN A
MFOP POLICY

Problem 1 worked to provide the tools to assess a maintenance strategy and its limiting
factors to MFOP and MRP. Both MFOP andilablity are importanbperationametrics

t o an aalue &mderstanding how they influence each other will help develop the

right maintenance strategy to meet operational requirements. Problem 2 decomposed this
interaction into two researchquestions They are reshown ©belo

conveniencavith the hypotheses introduced in this chapter

Problem 2
Adaptive Maintenance

RQ 3: What is the maintenance RQ 4: What is a maintenance
policy that minimizes downtime? 5 policy that controls MFOPS? 6
Hyp 2: If a policy synchronizes the Hyp 3 : I f an a difing golicyy
systembs opti mal p rie v e|n|inithe ®RP is aggressive, then the
replacement interval to the MRP, then policy can maintain a MFOPS to a
the policy minimizes the total required success over a certain number
achieved downtime. of cycles.

Figure62 Problem 2 Summary with Hypotheses

Problem 2 addresses MFOP Knowledge Gap 4 Tséde 3): Account for varying
operational tempan future sustainment strateg¥he problem, consisting of twesearch
guestionsexplores how to develop adjustable mamaince policies to best meet changing
operational demands. This chapter examiResearch Question 3y testing a second
hypothesis. Theection develops a framework to the creation of a maintenance policy that

maximizes availability irm MFOPcontext. Such gpolicy of maximum availability is best
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suited for a garrison or training environment where the operational tempo is low and a

shorter MFOP duration is tolerable.

5.1 Research Questior8: What is the Policy to Minimize Downtime

The third research questi probes maintenance policies to minimize the downgmngk
thereby maximize availability. The renewal theory work by Jardine and Tsang3in
provides a useful model that minimizes the downtime of a single part syStation 3.4.2
of the background chapter hageview of the Optimal Preventive Replacement Interval
model. The time to preventive maintenameehis malel may be viewed aa MFOP

duration. The downtime is quantified by the dimensionless quantity, D, and is reshown as

00 (16)

Total system downtime is the sum of downtime from each part
O B 00 (53)

whereD; is the dimensionless downtime caused byittheart and; is the MFOP length.
Equation ( 17 ) shows the calculation fobi. The optimization statement is the
mi ni mization of the systemdés downt i me. Th

availability [3].

min Dystem
tp, mi

subjectto o 0 OU U i

A discrete approach avoids the difficulties of finding the Laplace transformation for

numerous continuous di st mioheltmulipesof MFOEons i d
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will synchronize the maintenance. Thenust be at least the minimally acceptable MFOP
duration. Since the calculation Dfis recursivea computer makes quick work of the

calculations

Research Question 3
What is the maintenangmlicy that minimizes downtime?

Hypothesis2: | f a policy synchroni ze
preventive replacement interval to the MRP, than the policy minim
the total achieved downtime.

This efforttesed a maintenance policy that conducts preivenmaintenance repairs
during the MRP only. This differs from the modeling conducted in the first two research
guestions because the earlier work assbameunoptimizegreventive maintenangean
The hypothesipostulateshat a correctly optimizedmaintenance policy opreventive
maintenance will improve thenaterielavailability with a penalty of moréIRP actions.

The hypothesis is tested on a simple system with an accompany sensitivity study on the

interaction of key variables.

5.1.1 Revised Renewal fieory Model for MFOPs

A MFOP strategy needs to limit corrective action of failures and cluster scheduled
maintenance inta MRP. This problem looks at the clustering of scheduled maintenance
using renewal t heorydéds Opti mal Preventive
systembs downti me. The Opti mal Preventive
for a MFOPstrategy whe the policy makes preventive replacements at multiples of the

replacement intervald). Synchronizing the preventive replacement interval of all items
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in the system to designated recovery periods establishes the MRP and creates an assurance
that sched@d maintenance will not disrupt operations through the MFOPs.

This section provides an adaptation of the classical renewal theory model to support
multiple parts with replacement intervals synchronized as multiples of the MFOP. The
work begins with a raew of the Optimal Preventive Replacement Interval model, then
highlights current limitations of the theory, and finishes with an adaptatianM&OP
strategy. As presented later, the maintenance planner must take care not to minimize
downtime through amal replacement intervals at the expense of system reliability. An
effective MFOP maintenance policy bal ances:s
preventive replacement intervals against the risk of disruptive unscheduled failures

occurring in theVIFOP.

5.1.1.1 Understanding the Optimal Replacement Interval Model

Section3.4.2introduced renewal theory as applied in the Optimal Replacement Interval
Model. The reader is encouraged to review this section before continuing with the
application below. The model predicts downtime per cyDlefér a single part over a

replacement intervatd) and is

06 —— (17)

whereH(tp) is the expected number of failures over the integyyand wherdr andTp are

the time to make corrective actions and preventative replacements, respectively. The
model assumes thabrrectiverepairs times are inclusive tf The assumption is valid
when the failure repair time3g are small comparetd. The assumptiondepstpd slock

running even when the system is down dukngectivereplacement. The model works
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well for long running systems that operate for weeks or months andbaeetiverepairs
made in hours or days.
An example of a single item system shawrFigure63 demonstrates the behavior of
the model. The figure plots data points taken from Jardine and [Hangert he model 6s
downtime ratio predicted by Equati¢ri7). It also includes a revised model developed
later. The item has a failure distribution thenhormal § = 5 , ), alifaildre replacement
time of 0.07 units, and a preventive replacement time of 0.035 uratde 28 shows the
results for theifst 6 intervals. The downtime function begins with a ratio of 1tgioh
zero. This represents a state of 100%, continuous, preventive repair with zero operating

time © ). The function decreases rapidly with a series of local minima (3.65, 8.62,

and 13.96) and maxima that dampen over time. The global minimum ig*abfa3.65

units of time with a downtime of ratio of 0.0112 or 1.12%.

0_03 T T T T T - T T T T
Original Model
A  Jardine & Tsang Data

0025~  |__._ Revised Model |

0.02 -

0.015

0.01 T

Downtime Ratio

0.005 1

O 1 1 1 1 1 1 1 1 1
0 2 4 6 8§ 10 12 14 16 18 20

Preventive Replacement Interval

Figure63: Downtime Ratio versus Preventative Replacement Interval
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Table28. Downtime of Optimal Preventative Replacement Interval

& 0 1 2 3 2 5 6
Jardine & Tsan@?,] 0.0338 0.0173 0.0121 0.0114 0.0139 0.0156
D(tp)

Original Model 1 0.03382 0.01725 0.01206 0.01143 0.01391 0.01558
D(tp)

Revised Model 1 0.03382 0.01724 0.01205 0.01140 0.01381 0.01543
Da(tp)

The periodic, no#inear nature of the function is due to the expected number of
failures,H(tp). In the above example, the mean time to failure of the part is five units of
time. On average, the first failure occurs at 5 units of time. The model assumes a corrective
action after failure a@t=5. The next failure is then expected to occue fimits of time later
att=10. In this way, the mean approximates the period oHftg with the variance of
the distribution influencing the amplitude. A failure distribution with a low variance (a pdf
that has a pronounced peak and short tails) wlosely is periodic at the mean. A helpful
nondimensional measurés the coefficient of variation. The coefficient of variation

normalizes the standard deviation with the mean as

wL — (54)

Figure64(a) shows a low variance distribution witltvaof 0.02. In this chart, the failure
distribution is normal with a standard deviation of 0.1 units of time. Low vaianc

distributions take a more pronounced dikp shape due to the steepness of the

di stributionds cdf . Il ncreasing tvMok0.2st anda
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Figure64(b) shows a smoother, less stiq@ curve agxvincreases. Increasing the variance
to acvof 0.33 createkigure64(c). Here, filures occur throughout the interval yielding a
flatter curve. The exponential distribution shown in (d) is straight due to its high variance

(V a r =25) and acvof 1.
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Figure64: Expected Number of Failurad(tp)

Since the mean represents the average unit time per failure, the inverse of the mean is

failures per unit time, or slope of thd(tp). The slope of the curve &ttp is the
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instantaneous rate of failure per replacement interval. The mean and the influence of the
variance effect the slopEigure64(c) and (d) shova normal distribution and exponential
distribution with the same mean €)®nd same general slope. This holds true if the mean
is sufficiently larger than the standard deviation. A best practice provided by KkBhar
is for the mean to be at least three times the standard deviatiow, to ensure the part
functions atits startingagdn exponenti al di stri but=i0o 6 s
failures per unit of time. Both distributions have the sanmtgrcept by starting aid(0)=0.
The normal distribution ifrigure64(c) is offset to the right as compared to the exponential
distribution in Figure 64(d). The offset indicates that the normal experiences delayed
failures early ontf< ¢§ while the exponential distribution has a constant rate of failure.
Understanding the relationship between distribution parameterdi@g)dprovides
insight into how failure distributions influence the downtime ratio of a system. Low
variance failure distributions have more pronounced dips or lower relative local aptima
D(tp) than higher variance distributions (d&gure65). It will also have greater peaks or
higher relativeD. This is an important consideratifor the maintenance planner. A low
variance distribution will take on greater significance when choosing an optimal
replacement interval. A lower variance item introduces greater amplitudes in the system
downtime curve making potential selections,@ither much better or much wordégure
65 shows that the selection ¢f of 4.5 units of time yields the global optimum with
D(4.5)=0.0555 A slight increase tdp of 5.2 units of time yields local maximum with
D(5.2)=0.0690 This suggests that, in a highly complex design with many parts and a large

dimensionality, the low variance items dominate the sensitivityp.of The designer,
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consequentiayl, may exclude items with a high variance in time to failure with the purpose

of reducing the dimensionality of the problem.
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Figure65. System Downtime Ratio versus Replacement Interval

The limit of the downtime ratio as theplacement interval grows large is

| EDo 1 E—

This limit is dependent upon the rate at whidfty) increases over time.

(55)

With the

exponential distribution, we may take advantage of the memoryless property to express the

expected number of failures as the integral of the hazard funbfipras

0o Q0 Qo0 _o

whereh(t)i s equal to the

approximation for the normal distribution as
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06 - — (57)

if tpis sufficiently larger. The second term(if7) creates the right offset discussed above.
Other distributions require the use of the recursivenfa found in( 19) to estimateH.

The downtime ratio dampens over time due to the compounding effect of variance in
many replaced items. The downé approaches the limit from above and has a horizontal
asymptote. Substituting equatiops6) or ( 57) into ( 55), yields an approximation of

the limit to be
| EDo -y (58)

where ¢ is the mean or expectation of the failure distributiofigure 66 shows the
convergence of items toward®thmit. In this example, each distribution has a mean of 5
time units per failure with@®&of0 . 07 wuni ts of ti me. | t emo s

to

I EDO - m8ixe mipT (59)
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Figure66. Example Limit of Downtime Ratio

Taking the limit of D asty i s

arge,

represents

an

preventive replacement or an item with almost no preventive replacementTgimé,

ten

policy should preventively replace an item if it has an increasing hazard rate. The intent is

to replace the item before it breaks down due to wear. A policy should not replace an item

with a constant failure rate (exponential distribution) wheenating to minimize

downtime, because the downtime ratio improves towards the limit Kgpee 66).

Similarly, a policy should never preventivelyptace an item with a decreasing hazard rate
when attempting to minimize downtime, because the downtime improves over time.

Distributions with a decreasing hazard rate include hggponential distributions and

Weibull distributions with a shap®)(lessthan one.

The limit stands as a useful benchmark to ensure that the chosen replacement interval

does not worsen the downtime. As showrFigure 65, it is possible to have & that

exacerbates downtime. A maintainer should reject a policy that yields a higher downtime
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ratio than the limit. A good maintenance policy replaces items near a local minimum if not

at its optimal minimum. This results ing best overall system downtime.

5.1.1.2 Limitations of the Current Preventive Replacement Model

Classical renewal theory provides for a method to minimize downtime as a function of a
component s pr even tt); hosweverdhe turenteheynssuitable t e r v a |
for a MFOPstrategy. First, the renewal theory assumes that replacement times due to
failure (Tr) are much greater than the replacement interval. This assumption is not
necessarily valifort o d ay 6 s .MectioMl@@ohseuct®on of a Utility Helicopter
Model for further discussion provided an exercise that showed/d to be 5.5 hours
compared to MTBM of 5.1 hours Should FVL make a significant gain in maintainability,

the assumption becomes more attractive. Second, current renewal theory saiider
single parts or like parts to minimize downtim&.MFOP strategy needs a maintenance
policy that handles different components replaced at different intervals. Third, renewal
theory permits any range of component intervals that will disrupti@ratipns in a
complex system of unlike components. Finaltyassical renewal theorgninimizes
downtime only and makes no statement about the reliability performance ofstieen
Optimization of downtime alone may lead to an unreliable design. Thiations of
classical renewal theory establish the need for a modified approach. The following three
sections and a later sensitivity study with reliability address the limitations with the

development of a new framework.
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Table29: Limitations of Classical Renewal TheoryarMFOPStrategy

MFOP Strategy Need Classical Renewal Theory
Limitations

Include T as part of cycle time Assumest L O. May not be
valid (RUH)

Multiple parts Single part

Synchronize replacementsMRPs Preventive replacements may

disrupt MFOP

Manage the balance between Makes no guarantee on sufficient
downtime and reliability reliability

5.1.1.2.1 Removal of thefnd T, Assumption

The original mo dvydlobisinapmopriateforta helicopter. iRatdrcraft
typically have an operating periot})(measured in hours and repaifs dndTp) that can

take hours to days. For example, the rigging of flight controls often takes several days of
work after major repaiof the system. The construction of the RUH model shows a mean
time between EMA of 5.11 hours with a MTTR of 5.5 hours (sectidh)d. The
benchmak suggests this assumption is one to two orders of magnitude from being valid;
therefore, the revised model must remove the assumption. A truer assessment of the
downtime per cycle should include the repair time lost to unscheduled failures as well as

theuptime and downtime due to preventive replacements.

0 o (60)
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wherecycle time is

0700 0 @WAN@ QD "00 0 0 U & O WEEEQD Qa 6 | 'Q(i61)
0'YO

In this way, the rati®a is the Achieved Downtime and represents the percent of cycle
time the system is unavail@ where cycle time is the sum of the MFOP, MRP, and any
downtime due to failures. Achieved dotine is the same as achieved +availability.
Achieved downtime is the compliment of Achieved Availabili) as defined in section

3.1.2
o p b (62)

A key phrase inAn0s def iopeén @atni ng thi me. O I n Achi
unused aircraft that sits in a hangar or on a ramp does not accumulate operatiddnéme.
MFOP duration is like a MTBM where time is operating flight hours. MMT is the average
downtime on corrective and wentive repairs. Estimation of MMT is presented in section
4.3.2.3

Downtime due to failures is the product of the expected number of failtg)s,and
the time to replace an unscheduled faildrg. (Equation( 63 ) adds the tern(t,)Tr to

the denominator in
O o e (63)

whereH is a function of the operating period. and is found recursively (digyydescribed
in section 3.4.2
The impact of the additional term changes the definition ofp,th&nlike the original

model, ther e vi s e d operatidgepleriwd clock stops during a repair. The total
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downtime per unitime (D) of the original model becomes achieved downtidg) (n a

revised model. In this way, the operating period measures accumulated flight hours and is
more refl ective ofDaacknowlddgestoapatsystend wMBEGRYNt i me .
less tha 100% will experience unscheduled failures. This accounting drives the change

from downtime per cycle of EquatidrL7) to achieved downtime f63). Inclusion of

failure repairs creates a slightly larger denominator; hence, the revised model is slightly
smal |l er than t healOmimaRvevéntivé Replacemerit Blodé&hble g i n

28 above(pagel49 comparedhe revised model to the original model.

5.1.1.2.2 Expansion to a Multiple Part System

Basic renewal theory and the optimal replacement interval model account for a single item

in a systemThe proposed optimal MFOP model needs expansion to include multiple items

comprising a system. The formulation of equafiéB8) is advantageous baase it permits

the systembs achievedc admnmpnrnemedd oadrei @ heed s¢
O o B 0Oy (64)

Each partdéds contribution of achieved downt

O 0 - (65)

where each part has its own expected number of failtkgstime to repair failuresTg,),
and time to make preventive replacemenmgs)(

Equation( 65) assumes a uniform preventive replacement intetyalat all n parts.
A uniform tp works well when the system is comprisedhadentical parts or with parts of

similar mean as shown ithe example ofigure 65 and Figure 66. A simple way to
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optimizeDa is to find the common intervah, that minimizes the system downtinieable
30shows the part 0d4repacemert intemals. aAgainstipeexponentiat
part should never have a replacement to lower downtime; thert#ferexponential part

shall have a downtime contribution equal to the limit, 0.014. The last row rayagin

Dasydtp) shows he sum of thgpart downtimes (with the last fixed at 0.014)he first three

parts have ideal replacement intervalstgb s o f 4. 75, 3.65, and
respectively. Let * denote an optimal state. The optimal sy&ghmwith a uniform
preventive replacenm interval is 0.0476 at g* of 4.1 units of time. Finally, there is a
benefit to preventive replacements. Achieved downtime of the system without preventive

replacements{Y P) increases to 0.0560.

Table30: Da of Uniform and NorUniform Replacement Interval of LikBystem

Uniform tp Ideal Non
t,=3.65 t,=3.85 t,=4.10 t,=4.75 YD  Uniformtp

Nor m( € =5, 0.0095 0.0090 0.0085 0.0074 0.0140 0.0074

DA,l(tp) (tp=4.75)
Nor m( =5, 0.0112 0.0113 0.0116 0.0132 0.0140 0.0112
Daa(tp) (t,=3.65)
Nor m( ¢ =5, 0.0135 0.0135 0.0135 0.0139 0.0140 0.0135
D/.\,3(tp) (t,=3.895
Exp(e=5) 0.0140 0.0140
Da4(tp) (tp ¥D)
System 0.0482 0.0478 0.0476* 0.0485 0.0560 0.0461**
Dasy{tp)

*Optimal Da with uniform ¢
**QOptimal Da with noruniform ¢
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A uniform replacement interval forces components into an unoptimized condition and
results in a higher than necessBry The item replacement interval need not be uniform.
Even with the example systemTdible30, a nonuniform preventive replacement interval
policy may further improv®a. Replacing each part at its individual optimal interval as
shown in the last column dfable 30 yields a further improveda of 0.0461. This
represats the unconstrained, global optimum of the system.

Consider a system comprised of Part 1, Part 2, and Part 3 with distributions shown in
Table31and partDa plotted inFigure67. Tris 0.035 units of time ant, is 0.07 units of
time. The optimal replacement intervalg() for the parts ar@, 3, and 4 units of time.

Like the previous example, the raniform replacement interval policy has an improved

Dasysof 0. 0455 compared to the uniform replac

Table31: Three Part System with Nagniform Optimalt,

Part Failure Parameters Optimalt,,  Optimal Dy, r(tp,)
Distribution

Part 1 Weibull dg=3.0 2 0.0234
b=3.9

Part 2 Normal €e=3.6 3 0.0121
a=0.3

Part 3 Weibull d=5.5 4 0.0100
b=8.0

Da sydtp.r) 0.0455
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Figure67: Achieved Downtime of Components with Namiform Optimalt

The nonuniform replacement interval policy provides the unconstrained, optimal,
however, it may lead to frequent, disruptive scheduled mainten&igure 68 draws the
operating and downtime of the system and its components. Replacing each component of
the example at its ideal interval takége system offline a, values of 2, 3, 4, 6, 8, 9, 10,
and 12 units of time as depictedrigure68. This preventss MFOPof no more than two
units of time and often one unit of time. The disruptions will be more frequent in a complex
system with a variety of part failure distributions. The policy of-annifiorm, component
opti mal repl acement s fmpepentzesneamterancddlthaughy 6 s p a

it yields the ideal achieved downtimeis not supportive ch MFOPstrategy.
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5.1.1.2.3 Synchronizing Replacement Intervals to CreakdFOP

A MFOP policy should synchronize item replacement intervals at MRPs to protect the
MFOP from disruption. A policy does not have to replace the part at each MRP but it must
replace the part im MRP. Clustering preventive repairs involves the ext@msor
shortening of i temsd r epl acpeima mutpld oitheer val s

MFOP duration ) as

Op | O (66)
whereU is a whole number multiple dffor thert h  p amust be a whble number
multiple to synchronize preventive maintenance into MRRgure69 shows an example

synchronization of the thrgeart systenshown earlier.tp 1is extended from two to three

units of time and, sis extended from four to six units of time. Multiplierstaf= 1, =
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1, and(; = 2 createa MFOPof three hours Figure69 shows a maintenance policy where
the sequence repeats every two MFOP cycles and six units of time. The duration of the

mai ntenance policy sequence is thlandizast ¢
o | 0o (67)

wheretmpis the duration of the maintenance policy sequencéland the least common

multiple of all(6 sIn the below examplégmpis 6 units of time.

|<—tp'1:3—>|
Part1| | || | I | 1
Toa
|‘—tp,2:3—’|
Part 2
T,z
| tp=6 )
Part 3 L L i
Tos -
|<—tmf:3—>‘ o
System g %

MRP MRP MRP MRP

Figure69: Synchronized Intervalsf Replacement

Substituting equationss6) and( 67) into equatior( 65) yields the achieved downtime

for a synchronized policy. Summatiofni t eDadss

06 H i (68)
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Although Uem may be divided out( 68 ) leaves the term to communicate the notion
that achieved downtime equals downtime divided by the sum of operating time and
downtime. The model considers downtime to be the sum oif tapa of all components
and all preventive replacements occuaiMRP. A maintainer may defer the scheduled
replacement of a still operating item or a fraission critical failed item from the current
MRP to the next. This model does not account fyr deferred maintenance. Equat{on
68) providesDa given the policy replaces all items in the MRP as dictated by

In the discussion above, theneaval theory model is for optimal replacement intervals.
Replacements are made with new items, thereby renewing the system. Part renewal may
originate from either replacement or repai
full renewal whether i@acement or repair. The theory only requires complete renewal of
the component. Partial repairs or installment of partially worn parts means an adjustment

to the calculation of expected number of failutd} 4nd is not addressed in this work.

5.2 Establishing the Need for a Framework

Recall that a acceptable MFOP policy of the revised renewal theory r(ilisprotect the
MFOP, and (2) lalance the desire for low downtime with the requirement for high MEFOPS
Neither the uniform or nenniform models providea sufficient policy fora MFOP
strategy. The uniform replacement interval model protects the MFOP by forcing
components outside their optimal setting. Replacing unlike components of a complex
system at the same intervahydrive reliability low or create an unrealistic maintenance

burden with excessive O&SThe nonuniform replacement interval model provides the
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systembs o0 pée, butitanhay ldad vordisruptive scheduled maintenance that
destroys the MFOP.

The inclusion of component replacement multiplidis, protect the MFOP; however,
it provides no assurance of a reliable systéfigure70(a) below shows threliability of
each component in the thrpart system.Figure 70(b) draws he reliability of the serial
system over the life of the policyin this case, the reliability of the systamlow due to
the unreliability of the first partWe can conclude thalé desire for sufficient reliability
as expressed as mission reliability or MFOPS adds a constraint to the optimization of
downtime. Themodek by themselveghereforeareincomplete in meeting the needsaof

MFOP strategy.
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Figure70. 3-Part System

With both models shown as insufficienthete exists a need for a new way to build
policies that meethefinal two MFOP needsThis work proposes to usé multipliers to

protect the MFOP and a framework to balance downtime and MFOPS. The revision of

165



renewal theory permitted the discover of the necessary steps that shaped the framework

developed in the next sé&m.

5.3 Framework to Designing a MFOP Maintenance Policy

The framework tadesigna maintenance policy has three major stépgufe 71) The
framework begins with defining the current system and MFOP setting gBalsciples
specific toa MFOP strategy guide the construction af MFOP policy. Finally, the
framework callsfor evaluation of the policy for sufficient reliability and acceptable

achieved downtiméDa).

@—( Definethe System )
i

( Builda MaintenancePolicy )

-
( Evaluatethe MaintenancePolicy )—»@

Figure71l. Overview of Designing Maintenance Policy

5.3.1 Define the System

The first action in developing MFOPmaintenance policy is the definition of the system.
Component TTF distributions assembled in a
reliability. Tf and Tp are the time to renewal a part, by repairr@placementunder

corrective or preventive matenance. Tr and Tp arefixed valuesin the revised renewal

theory model. Use of the mean time to repair is acceptable for the times. Use of time to
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repair distributions is possible in a simulatienvironment buis unnecessary because
repair times areadditive and the solution will tend towards the mean. Given that
unscheduled maintenance is disruptive and unexpected, most components wallThave
equal to ogreater thad,. This is especially true ia MFOPstrategy where logistic and

administrative delays are smalith the predictability of the MRP.

( Definethe System

Apply an MFOP Optior
Or
ImproveT, T,

Deflne Sett,, .
@- Component TTF MFOPS, CS\'/Cgat(;&,) ,
Distro, T;, T DasysGoals » Uadlpyr
\_

Builda MaintenancePolicy
v

Evaluatethe MaintenancePolicy

" m

SR YER
\_/ __/ \

Figure72. Define the System

The next input to the define action is establishment of the MFOP duratjoand the
minimally suficient MFOPS. The two goalksstablish the performance needed from the
policy. The last process in the define action is to calculate the ragatandard deviation

(0), and coefficient of variance\) of each component TTF distribution. From heeshe
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component contribution tachieved downtiméDa,) may be created as a function of the
component 6s remhacement interval (

No decisions are made within the first action related to the maintenance policy. A
designer may applg MFOPoption (see ection3.2.3 within the iterative design loop.
The frameworkassumes the operational unit has a fielded aircraft already built and
designed. In this way, the framework provides an adaptability to mtenance strategy
that can accommodate different policies to meet chargpegational needs. It is possible
and may be necessary to conduct a redesign iteraftiarsubsystem or aircraftMFOP

and availability goals cannot be met with an affordablenteaance policy.

5.3.2 Build a Maintenance Policy

Once the designer defines the system, the policy designer may start to build the policy
following Figure73. Equation(63) provi des the first calcul a
interval, tp*. Each interval should then be checked with Equaiéb ). Fixed point

iteration using 65) provides a converged solutionThe policy is a function of selecting

the multipliersU andtmsas discussed below.
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Figure73. Build a Maintenance Policy

Fdlowing the best practice forraliabledesign(see sectio®.6.), each compone
tp,r should not be extended beyape. Following this logic, the component with the least
thw*establishes the upper | i tmi Thetisrshouldbehset des i
to the minimumtp* of all components. The multiplier for the component with the
minimumt,* has a multipker of one. The designshould then select multipliers for the

remaining components such that
e O'R (69)
to ensure the component is not extended to the point of unreliability.
If the minimumt, /* is less than the MFOP duration goal, the policy designer will have
to adjust expectations for the MFOP duration or apgFOPOption to improve system
reliability. For component redesign, increasing the MTTF provides the greatest gains.

Shifts in the vaance can alleviate smaller gaps with a carefully chgsenf the minimum
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tp,* IS equal to or greater than the MFOP goal, the policy designer may move to the

evaluation action.
A recurring theme is that the mean and coefficient of variatigrigrgely measure the
downti me of a Ccomponendy.the mdke ctuaalvtbe quaatifyc o mp o
| 0 should approacly,*. A cvclose to zero causes a greater amplitude centered
about the limit while &v close to one has small amplituddsgure74 is reproduction of

Figure65where the mean of each component is 5 units of tigure74 shows thev of

eachcomponent.
01 Downtime verse Replacement Interval
. I T T T
'| ————— N(5,0.1); cv=0.02
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0.08 i N(5,1.67); cv=0.33| -
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= \
S 004r 'Y
a (IS
N
0.02F N\ Tmeeo__ o :
R I
=
0 1 1 1
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Replacement Interval (tp)
Figure74. Selecting thédeal p*

A low cvdescribes a distribution where the failure is likely only close to the mean. As
thecvapproaches zero, the expected number of failures just ptior(teft hand limit) is
zero and the expected number of failures just dfte(right hand limit) is one. The

amplitude is one half the difference of the downtime just prior to and justafter
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The amplitudea captures the extremes that the systems takes about the mean. The
amplitude provides an informative measure to evaluate which parts are most important to

optimize close to it&,*. The ideal design point to select is on the left side di;the

5.3.3 Evaluate the Maintenance Policy
The final action is an evaluation of the maintenance policy against MFOPB saaxl
shown inFigure75. The Minimum Policy Succes@MPS) is the worst MFOPS through

cycles
DO ED O 0¥ ¢@ po EHhwmda Qi (71)
The policy must mai nt ai nrequirecleMFOBSkBroughouiks MF OP

cycleswhere

DO0DY DO o (72)

If the MPS is less than the MFOPS goal, than the policy is insufficient and needs a
reesi gn. The failure in MFOPS is a functi
technique to identify limiting components a serial systens to calculate the mission
reliability of each component for the durationlftn:. Failure Cause Identifidan (see

section4.2) is a more robust methdtatrank ordes componentdy A(t) or FCM(t) for
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any system architectur& he pol i cy designer reduces

If the weakest component is also the component with the minityanmthenthe MFOP
duration {mf) must be reduced. Either change creates a new policy. If thémhew
insufficient orthe new multiplier is undesirable,eth the weakest component requires

improvement througta MFOP Option. If the MPS is acceptable,eththe evaluation

continues.

@( Definethe System
/

v

Builda MaintenancePolicy )—'

Evaluatethe MaintenancePolicy
Rank Parts
byR( tn) j—| Reduce
or Failure hoort.
Cause ID

Rank Partdy N
DA,ré rtr?ﬁ)

Figure75. Evaluate the Maintenance Policy

The last check is against thechieved downtimeDasystem If the downtime is
unacceptablethen a redesign of the system igecessary using MFOP Option or

improving component maintainabilityT{ or Tp). A redesign of the policitself will only
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worsenachieved downtimebecause the system was set at its optaohieved downtime
at the first iteration using Equatig69). A MFOP Option or maintanability improvement

is necessary. Candidate components for redesign shotletipydowntime contribution
(Da,) using Equatior{ 65). Oncetnf andMPSare sufficient andasysis acceptable, the

policy mees the operational demands and girecesss complete.

5.3.4 Assemblingthe Framework to Designinga Maintenance Policy

Figure 76 on the next pagassembles the detailed framework from the outcome of the

above sections. The framework has three feedback loops that &@gas in an iterative

manner

1. Thefirstloopoccurgt h e p rcanmtyn@et the target goal. The build action

block provides the framework to create a policy with the highesthere all

preventive maintenance occurs in the MRP. A redesign of the system using one or

more MFOP Options is necessary to achieve a highevithout disrupting the

MFOP.

2. The second loop occurs if the MPS cannot meet the MFOPS goal for its expected

duration ofk cycles. The resolution is a lowering of the multiplier(s) orttae If
the newtnsis below the MFOP goal, this triggers the first feedback loop.

3. The third loop occurs if a system has an unacceptattieeved downtime In this

case, impoving the maintainability of the system by lowering the replacement

times (s andTy) is appropriate. A second choice is to seéeMFOPOption that
improves component reliability.

The framework serves as a guide to building an acceptable maintendicgethad

meets the operational requirements for MFOP and MFOPS while maximizing availability.
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Figure76. Framework to Design a Maintenance Policy
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5.4 Using the Framework to Satisfya MFOP Strategy

Table 32 summarizes the four approaches introduced in the chapter. Classical renewal

t heorydés opti mal r @rpvides @ eneaasrta minimizé downtinaelfor mo d e
a single part only ang unsuitable foa MFOPstrategy The uniform replacement interval

modelr esol ves several of c¢classical renewal t
minimizes downtime only by forcing each components replacement antied\B&P. The
nortuniform replacement interval model provides the global downtime solution but
permits disruptive scheduled maintenance that does not protect the MFOP. Neither the

uniform or noruniform models provide assurance of a sufficient reliabilitiFOPS.

Table32 Reviewof Modelsto Minimize Downtime ira MFOPStrategy

MFOP Strategy Need Classical Aut hor 6 ModRlevi s e
Renewal
Theory Uniform  Non-Uniform U Multipliers
Replacemen Replacement with
Interval Interval Framework
Minimizes Downtime \' r \% constrained
Include T as part of cycle r \% \% \'
time
Multiple parts r \% \'% \'
Synchronize replacemen r \% r \'
to MRPs (protects the
MFOP)
Manage the balance r r r \'
between downtime and
reliability
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The Framework to Design a Maintenance Policy resolves the shortcoming. The policy
starts at the unconstrained downtime minimum and changes replacement multipliers
iteratively until the policy meets the MFOPS constraint. In this way, the policy built by
the framework seeks the constrained downtime solltyoexploring designs away from

the global optimum.

5.5 Experiment Plan

The first hypothesis utilized a discrete event simulativet assumed a rudimentary
maintenance plan without optimization to maximizikability. The second hypothesis
postul ates that an unconstrained maintena
Replacement Interval model will maximize availability. The experiment corgibhye
examining the implications of the above model oratglity and MFOP. It will test the
framework to build aconstrainedmaintenance policy that synchronizes preventive
maintenance to the MRR&d protects the MFOP from disruptiofhis is done usinthe

revised renewal theory developed in the thesis.

Research Question 3
What is the maintenance policy that minimides/ntimé

Hypothesis2: An aggressive lifing policy in the MRP can maintain
MFOPS to a required success oaearertain number afycles.

The framework and revised renewal theory model will be tested on a simplgéntee

system. A baseline materiel availability for the ngmeventive repairs will be compared
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to the materiel availability of an Optimal Preventive Replacement Intergdklas well
as revised model.

The experiment has three major assumptions. First, a necessary condition of the
renewal theory modeled is that only one failure occurs in a discrete interval.-#oone
interval is assumed but may be shortened-toiriute to nitigate the chance of multiple
failures in one interval. Second, no logistical or administrative downtimes will be included.
This is a conservative assumption because preventive maintenance provides predictability
to part demand. Units may poeder pats and store them for use at the next MRP thereby
reducing the logistical downtime. A final assumption is that the system has a significant
portion of the components experienciaging, which causes unreliability to increase with
usage. This precludessgstem comprised ddll exponential distributionand constant

failure rates.Success isheimprovement in downtimevhile still meetinga MFORS goal.

5.6 Results andDiscussion

5.6.1 Using Coefficient of Variation for Diagnosis
In regards to components qualifyifay preventive replacement (those with an increasing
hazard rate), the earliest local downtime minimum is always that com@®malntidual,
global downtime minimum. This occurs because the earliest minimum does not contend
with the compounding replacemtetime of previous failuresReliability decreaseshen
extending a component beyond its optimal replacement interVake drop becomes
precipitous in components with a low coefficientvafiation.

Figure 77 shows thedecrease in reliabilitafter exceeding the optimal replacement

interval. Coefficient of variation for the presented system are Pewiol 0.287 Part 2cv
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of 0.083 Part 3cvof 0.148 Low coefficient of variation amponent, like Part ® sormal
distribution are less likely candidates for extension beyond its optimal replacement
interval. Extenthg acomponent with dow coefficient of variatiorbeyond tle optimal

interval results in rapid decrease of reliabilityA designer may offset theffects with
redundancy or redesign of Cdmponents with bighernt 6 s
coefficient of variation are candidates EoMFOPoptions ofprognosticor diagnosttsto

reduce the uncertainty of failure.

Weibull(n=3.0,5=3.9)
Normal(u=3.6,0=0.3)
Weibull(n=5.5,3=8.0) | 1

09F
0.8F
0.7 |
06|

05}
0.4F
0.3}
0.2}
0.1}

Reliability

3 4 5 6 7 8 9 10
Replacement Interval (tp)

Figure77. Component Reliability verdeeplacement Interval

5.6.2 Examining Success of a Maintenance Policy

Selecting part replacement close to its optimal interval yields the least downtineethe
recommended strategy to ensuring high reliability. Extending the component to later local
minimums increases the probability of component failure. This places a practical limitation

on the extension of theeplacement intervadnd MFOP Theleast reliable componerd
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the limiting component Such a component becomes a candidate for improved inherent

reliability, redundancy, or other MFOP optgn

5.6.2.1 Creatingthe Maintenance Policy

Recall the3-PartSystem with a nominiform replacement intervalolicy as introduced in
Figure68(pagel63). The maitenance policy duratioftyy, is 12 units of timeThe system
has omponentsarrangedin serial therefore,the system reliability is the product of
component reliability.Component reliability is a function of its replacement interiga).(
If a policy replacethe component every MRP, then the multiglg {s one and, equals
the MFOP durationtgf). Figure78andFigure79show he achieved downtime and system
reliability. Subfigure (a) is for a single policy and subfigure (b) is over three policy
sequences.

The stegike improvanents ofDa are the result of component replacement at discrete
intervals. The policy duration{y) is 12 units of time Figure79(a) shows a single policy
and (b) shows the policy repeats every 12 units of time. Part 1 is the greatest contributor
to downti me of the system. A cofamlprenent 6s
replacementT}), expected number of failureld), and cost of preventive replacemery)(
and frequency of pi.dnvtertampleasystene plliparts lavedket s  (
TrandT,. Partoés 1 high down tyonPartl whicidraiseld t o t h e

and drives a |lower multiple U.
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Figure79: Achieved Downtime of a Nebniform Optimal IntervaPolicy

The beginningDa of follow on sequence havea peak value of 0.0455. The peak
remains the same at the start of each policy, signifying a full renewal. Cumulative effects
of failure variabilityshrinkDa6 s a mp | i t u d diguoe@Ce rWith enaugh tifies e e
the system converges to ttieeoreticalsolution predicted by the revised renewal theory

model and Equatiof 73). The converged values of 0.0234, 0.0121, and 0.010 match
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those of the theoretical predictidound in Table 31 This verifies the
accuracy as a predicting means of achieved downtirhe.benefit of a plot lik&igure80

is that the maintainer can see dalyeffects of a new policpeforeit reaclessteady state.

With short term aethd aroafh enaytnever oeach theaend & thel

policy and steady statelhis hasapplication to FVL where an aircraft deptipr weeks

or months under a higher operational tempo and then redeploys to a lower tempo.
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Figure80: Steady State of Nedniform Optimal Interval Policy

5.6.2.2 MeasuringMaintenance PolicRReliability andSuccess

The reliability of a component at tint¢hat has surviveld replacement intervals is

Yo Yoy YO Dy (73)
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wherety,r is the replacement interval af@ ; 0 Q p 0 [64]. To define theth

component6s reliabil it ytmisubstitutg 66miato(d3)tot he MF

yield
Yo Y 0 YO Q o (74)

The equation represents the probability that componeantvives to timd. Notek
equaly j| if thecomponent survives one sequence of the maintenance policy that
is a duratiortmp. To assembling component reliabilities(af4 ) into reliability of a serial

system reliabilityuse
Y o0 b Yo (75)

Evaluating theRsys at tmp represents the probability the system survives to the end of

the maintenance policy without failure
0 "Y'YOO YO (76)

This is the Maintenanc8ubsitutihg{7dyidtes( 76 andi abi | i

evaluating at equal totmp forms the expgssion
- 02 0 "Y'YOO Y| O (77)

Equation( 75) or an appropriate reliability block diagram estimatevtiee A serial

system is
- 020 B Y| o (78)
System reliabilityand MPRare both reliability measurements. System reliability is

aircraftodos reliability &PRneeasyresithe sumalatiiea n e o u
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probability the system survives from the start of the policy through the entire life of the
policy, tmp.

In the 3Part NonUniform Optimal Interval system, thesis one unit of time. The
policy renews parts at multiples of 2, 3, and 4. The least common raidtii. Table31
lists the part reliabilities anithe probability There is a 0.2099 probability that the system

completes the maintenance policy without a failure.

Table33: Three Part System with Nagniform Optimalt,

Part Failure tr U Uen/ + U R( Aht) MPR
Distribution

Part 1 Weibull 2 2 6 0.8141 0.2911
dg=3. 0,

Part 2 Normal 3 3 4 0.9772 0.9119
e=3. 6,

Part 3 Weibull 4 4 3 0.9247 0.7909
d=5.5,

System 0.2099

Figure81 plots MR of the threepart system at each MFOP cycle. It illustrates of the
maintenance@!| i cy6s perf ormance over ti me. The ¢
the systembébs performance. This makes the

througha MFOPOption.
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Figure81. Maintenance Policy Reliability of don-Uniform Optimal Interval Policy

The MRR allows the policy designéo viewt h e p efleatsonycoénsponent and
systemreliability. From the figure, Part 1 is driving the systezhability downward. A
policy may improve MR by increasinghe frequency of replacement of Part 1. Adjusting
U from two to one yields a better performing systémwever, the penalty thereduction
of the MFOP from twounits of timeto one unit of time. Figure 82 shows thepolicy
reliability f or an i mpr ovw=eld,=3pW layFal yTHevpiice paid tbr better
success is the reduction of MFOP to one unit of time alongandthublingof the nuniber

of Part 1replacements and a 33% increasPart 3replacements.
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Figure82: Maintenance Policy Reliability Comparison

An insufficient probability indicates the policy is not making enough replacements of

one or more components or theis too long. The performance of the system under a

policy is denoted as thdinimum Policy Success (MPS). MPS is the minimum MFOPS

ove k cycles.

information.

MFOPS and th&linimum Policy Succesommunicate different

MFOPS looks at the probability of completing the next cycle.

MPS

probability measures the lofigrm system performance over the life of a policy. The MPS

also differsf o m t

nothing abouth e

he

nt er medi

at e

cycl eséo

pol(MBR).O s Ar eloil a kciyldis{MeR)staites g

MFOPS:;

pro

wher e

cycles. Figure83 plots the MFOPS of both policies over 12 operating hours (which is also

12 hours witra MFOPduration of 1 hour).
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Figure83: Minimum Policy Success

Inthe3part system, t h es ohd (pes definiton that ¢hé systemMF OP S
states in a fully operational state). The second MFOPS is 0.986 and third MFOPS is 0.957.
This meets a minimum MFOPS requirement @® The originaldesignwith multiplies
of 2, 3, and 4 has MFOPS that fall belowO&®requiremenas shown imable34. In this,
we can say that the-24 design is an insufficient policgnd that the -B-3 policy is

acceptable
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Table34: Evaluation of Two Maintenance Policies

MFOP  Operating 1-3-3 Design 2-3-4 Design
Cycle  Time,t MPR MFOPS MPR  MFOPS
Start 0 1 1

1 1 0.9863 0.9863 0.9863 0.9863
2 2 0.9725 0.9860 0.8138 0.8267
3 3 0.9304 0.9567 0.7785 0.9566
4 4 0.5989 0.7693

12 12 0.2099 0.7518

Cycle 0.9567 0.7518
End
MPS 0.9567 MPS 0.7518

5.6.3 Sensitivity Study

The discrete nature @iasysarises from a maintenance policy where replacements occur at
defined intervals. This characteristic results in sharp changes of the gradianir’9

(page 180. Consequently, gradient based optimization techniques aseit#id to
optimize the problem. Instead, sensitivity study was conducted to exm@ the
relationships between failure replacement time versus preventive replacement time and the
response oDasysto disturbances.

The sensitivity study consisted of creating a Design of Experiments (DoE), fitting a
surrogate model, and understandthg behavior of theesponse.Figure 84 provides a
schematic sketch of the studyods dnedbE si s
begn with defining themo d evarialdes(section5.6.3.) and ended with inputs and

responses in a completed data table (seéti613.3 . The model fit began with screening
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out variables with low impact on the responses (seé&ti6r8.3. A selection of surrogate
model type and fit followed (sectidn6.3.4. The fitting ended withraevaluation of the
goodness of fit and acceptance of the surrogate model (sB@i8rf. Understanding the
downtime and reliability responses began with an observation of trends in a scatter plot
(section5.6.3.9. Use ofthe softwareJMP and itsbuilt-in prediction profiler enabled
observations of downtime and reliability sensitivities to design variables (s&dbi&9.

The study ends with drawing conclusions from the observed trends (Se@ion

fﬂoj \ Define \
) Design

> ] : Randoml
o @ Variables Dstermmf Construct Selecty Matlab Script
S o |Iniut5| ange o DoE Table -~ Calculates
= © Valuclasto (Fractional Training an Responses

. Explore idati

8 = Define : Factorial) Vallljdattlon Da sys:Rsys
) Responses %
e / (Outputs)

Reduce Check Goodness of Fit

i i Conduct -

Dl el . Actual by Predicted Plots
ality with Model Fit " 3
Response (Neural Residuaby PredictedPlots

Model Fit Error & Model

Predictor Net) !
Screeni Residual Error Plots

Construct a|

Prediction itiviti Draw

Profiler in “ Conclusions
JMP

Examine
ScatterPlot
for Trends

Understand

Figure84: Block Diagram of Sensitivity Study
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5.6.3.1 Modeled System Responses

Systemachieved downtimand system reliability was collected on thpd@t system with
nortuniform replacement intervals using a Design Of Experiments (DOHhe

independentdesign variablesbuilding the design space welMFOP duration ty),

component

times [Tp,r).

Table 35 shows thevariablesand levels that constructed the DOEhe inclusion of

intermediate levelsnsured exploration of the space to better capturdinear behaviar

TpandTir ange

fixed values of 0.070 and 0.035 units of time, respectivBlyandT: represent repair times

m),ufdilurd rgpladereentsimegT{J), and preventive replacement

of

0.

01 t

(0]

0.

20

uni t s

of

t

me

in theachieved downtimanalysis; however, they weight the policy more towards failure

or preventive replacements.

Table35: 3-Part DOE Independent Variables

Variable Units Levels

tmt time 1 2 3 4 5
O 1 2 3 4
V3 1 2 3 4
3 1 2 3 4
Ti3 time 0.01 0.1 0.2

Tis time 0.01 01 0.2

Ti3 time 0.01 0.1 0.2

Tpa time 0.01 0.1 0.2

Tp,2 time 0.01 0.1 0.2

Tp3 time 0.01 01 0.2
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A MFOP strategy seeks to minimize disruptive failures in favor of preventive
replacements at the MRREonsequentlya MFOPstrategy drivegailure replacementTf)
to be costliethan the preventive replacememg)( The explored design space considers
designswith Tr up to twenty times costlier thaR. The MFOP duratiort4s) was explored
between one to fivio cause failures whed equaled one Policy multipliers () remain
whole numbers and drive explored component replacement intepyafsqm oneto five
times the MFOP durationThis causes some failures in all components vihewas its
minimum of one. The potential combinations &f: explore the full range of component
reliability from near one to near zero.

The DOE hadvo x 3o or 233,280 possible combinationsA fractional factorial
reduced the number to 10,000 casdssepcomputational timeeasonableThe DOE and
statistical analysis were conducteidh the software JMP Pro v16.1 by SAS Institute Inc
[65]. Response of the system waghieved downtimand system reliability at the end of
the maintenance policy (ending MPS)Responses were calculated using the same
MATLAB script written for the work in sectioB.6.2.2above

The DoE data table presentedTiable 36 shows the design variables, actual and
predicted system downtime, and actual system reliability. The table shows the first 15 of

10,000 data samples in the experiment.
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Table36: DoE Data Table with Responses

Design Variables (Inputs) Downtime Response
tmt Tr1 T2 Tz Tp1r Tp2  Tpgs Ul Uz 03 Dasys Dasys Dasys Rsys
Actual Pre Percent
dicted Error

5 02 02 02 01 001 02 4 4 3 0.1434 0.1435 0.0004 0.0000 T
5 01 001 02 01 02 01 3 3 1 0.0831 0.0821 -0.0116 0.0000 V
5 001 01 001 021 001 02 2 1 2 0.0535 0.0593 0.1083 0.0000 T
4 02 02 001 02 01 02 3 4 1 0.1582 0.1578 -0.0025 0.0000 V
5 01 001 02 02 01 001 1 2 4 0.1008 0.0989 -0.0189 0.0000 T
2 01 001 02 001 001 01 2 2 4 0.0667 0.0681 0.0214 0.0000 T
2 01 01 02 01 01 02 2 3 1 0.1558 0.1605 0.0302 0.0000 T
2 01 02 01 02 01 01 3 4 1 0.1480 0.1436 -0.0295 0.0000 V
5 001 001 02 02 01 02 3 4 1 0.0733 0.0750 0.0234 0.0000 T
2 001 02 001 01 02 02 1 3 2 0.1437 0.1447 0.0072 0.0000 T
5 001 001 02 02 01 02 3 4 1 0.0733 0.0750 0.0234 0.0000 T
2 001 02 001 01 02 02 1 3 2 0.1437 0.1447 0.0072 0.0000 T
3 001 02 001 01 001 02 4 1 2 0.0487 0.0498 0.0231 0.0000 T
2 01 02 001 001 01 001 2 1 1 0.0772 0.0747 -0.0324 0.0464 T
1 01 01 001 02 01 001 3 2 4 0.1235 0.1154 -0.0651 0.0145 T
T = Model Training Data V = Model Validation Data

5.6.3.2 Calculation ofResponses

Componentb s achi eved downtime derives (68 om rev

and maybe expressed as

(79)

Sample b, the last row ofTable36 has a least common multiplier of 12 and yields

component achieved downtimes of

O plo = X X G X (80a)
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O plt — —— = T oo (80b)
) . — 8 8 8 8
Oy pht 53 — = 5 T8I g oQ (80c)

This leads to a total achieved downtime of
Op phh MWIXXCRITOYPWINCOoEPGOU (81)

The surrogate model predict8dmple 56 s ac hi eved downti me t o be
error of-6.56%.

Calculation of the policies ending reliability followed the calculations of section
5.6.2.2 Unlike downtime, a surrogate model was not necessary for reliability because
Equation ( 77 ) yielded component reliability as #unction of tm, U, and the TTF

distributions ofTable31.

Y o ' Q oY wmep T  (82)

i i

Yoo : -p Qi gl p&tmmT  (82b)
i i

Y| O : Q 8 ToC T X T wt)X (82)

Likewise, Equatior( 78) yielded system reliability as the product otea c omponent ¢

reliability.
- 02 TBIpYPSI MMM WX TEPTU (83)

5.6.3.3 A First Look at System Sensitivity

A response screening tagasconducted on the responses of systamieved downtime

and systenreliability. The screening test measured the contribution of éasign
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variable (labeled pedictor in Figure 85) to the response®asys and Rsys Variable
contribution measures the degree of change in the response with respect to variable change.
The portion column normalizes the contribution value such that all variable portion sums

to one. The horizontal bar graph plots portions by variable. s€reening plots provide a
visualization of variableontributionto responses in a similar mannead®aretglot. The
benefit of predictor screen is that it #dfc
strong when used in combination witheth  p r e[86]. cThisoattribuie is especially

useful to analyze thachieved downtimenodel where the expected number of failures is

a function of the product af;andU.

Predictor Screening

Dsys Rsys
Predictor Contribution Portion Rank Contribution Portion Rank
tmf 155586 03045 [ 1 1 776793 06772 1 1
Tf1 0.87943 01721 [ 11 i 2 0.1059  0.0009 ool 9
T2 030031 00588 [} i i i 6 0.1334  0.0012 S 6
Tf3 0.06379 00125 @ : 10 0.1514  0.0013 5
Tp1 068888 0.1348 [ ] | i 3 0.1142  0.0010 8
Tp2 051548 0.1009 [ 1: 5 0.1181  0.0010 : 7
Tp3 063112 01235 [ ] | i 4 0.0976  0.0009 Lo 10
alphat 0.16469  0.0322 [7] : P 8 248882 02170 [ 2
alpha2 0.11776  0.0230 [] 9 10.0203 00874 [ 3
alpha3 0.19289  0.0377 ] : 7 13976  0.0122 | 4

Figure85: Contritutionofa3P ar t  SDQesign&/anébs on Responses

The most significant factor is the MFOP duratioti, because it impacts all
components in the system. The top replacement costs belong to Part 1 because it is the
weakest link and has its greatest number of expected failures at given replacement interval,
tp,.. The system is relatively insensitive to Parwithin the design space because the
component has the greatest inherent reliability of all components. dcdkesved

downtime system reliability is most sensitive to the MFOP duratibtultipliers for Part
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1 and 2 account for almost all the remagmiribution and are a function of component

inherent reliability. As expected, systenelrability is independent of replacement times.
The number ofvariablesis a manageable ten for this system; however, a complex

system may quicklgrow large For kample, an 1&omponent system has a singhe

36 replacement times, and 18 multipliers for a total of 55 factors. ®cleanables

remove their smalkontribution to the responsdsit provide the benefit of anore

manageablenodel

5.6.3.4 Fit of theModel

System reliabilityfor serial architecturevas readily calculated as a function of design
variables howeverachieved downtimesas more difficult to measur&hedowntime has
bothadiscrete naturand anonlinear shape The noAlinear $iape is due to the expected

number of failuresH(tp), first introduced in sectioB.1.1.1(pagel47). Models with linear
coefficients such as a least squares fit do not perform well in capturing the behavior at
smallert,0 s . A wokk withaat least ¢eh nodes in the first and second layer
performedwell in capturing the nofinear behavior oDasys The hidden layered approach

of a neur al net makes i1t difficult to desc
[66]. Instead, prediction profilers addreslsesponse relationshipater in the sectianThe

neural network used 75% of the 10,000 data points to train the model. The rerB&%ing

of data points supported the validation of the fit.

5.6.3.5 Goodness of Fit

The fitted neural net had a training datesduare viue of 0.9934, which indicated the

model was accounting fanost of thevariation. The validation Bquare valuef 0.9928
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suggestethe fitwasa candidate fotontinuedconsideration Figure86 provides he actual
by predicted plot$or the training and validation dat&oth data sets show good adherence
of predicted to actual through the entire response range, especially at the troublesome early

tp values that have greater nlmear effects.

Training Validation
0.34 0.34
0.32 0.32
0.3 03 o
0.28 0.28
0.26 0.26
0.24 0.24
0.22 0.22
0.2 02
£ 018 £ 018
o 016 o 016
0.14 0.14
0.12 0.12
0.1 0.1
0.08 0.08
0.06 0.06
0.04 0.04
0.02 0.02
0 0
0002 006 01 014 018 022 026 03 034 0002 006 01 014 018 022 026 03 034
Dsys Predicted Dsys Predicted

Figure86. DasysActual by Predicted Plots of aRBart System Fit

Figure87 plots of the residual error by predictBdsys The sparsity of points above a
predictedDasysof 0.22 are an artifact of the selected design space. The explored space
focused more orcandidate designwith lower downtimes. There is no discernable
clustering and the fit has good symmetry. The validation plot has similar attributes as the
training plot. The fit has a larger than residual span to minimum predicted than desired

The fit is good but not great.
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Figure87: DasysResidual by Predicted Plots of &art System Fit

The Model Fit Error (MFE) and Model Response Error (MRIEEpsure the distribution
of the errowith respect t@actualvalues The histograms take the desired bell curve shape
with 5.4% of the datgreater than @ 1normalizederror. There was no discernable pattern
of conditions to the errorBoth training and validation data meet the best practice of means
close to zero andatdard deviations less than oféis indicates the model hiesge error
for a small minority $.4%) of the dataThe remaining 94% of data points had a small error.
Overall, the fit is sufficient to determine trends and the sensitivity of the respagsto

the design variables.
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Figure88. DasysMFE and MRE of a 3art System Fit

5.6.3.6 Observedirends

A tool to identify trends in responses is a scatterplot matigure89 is a scatterplot of
the ninedesign variableboxed by theygstemachieved downtimand reliabilityresponses.
Linear trend lines are in red.he trend linesissisin reading the scattemqt however, they
can be misleading if the true trend is not line8ystem reliabilitytrends shown in the
bottom row ofFigure89, are straightforard. Increasing thisor U multipliers increases
the component 6s Loagerlreplacenmert mtervabperatescompanesnt
longer before reneal, thusthe component accumulates a greater chance of faihae

results inlower reliability andmore downtime Horizontal trend linegeflect that

replacement times have no impact on system reliability.
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Figure89: Response Scatter Plot of dart System Fit

T h e s yashiegeoh dosvntimeespondsas expected with replacement costie
span of downtime increases as replacement times grow. Greater replacemeiit antes
Tp, magnify the effect of the replacement interval angband therange ofachieved
downtime Since the system cannot occupylowntime less than zero but can increase
toward onethe higher downtimes take an upward trefithe trend line fok} multipliers
is misleading the top ends ofthe scatterplat have a concaveshapewith moderate
multipliers yielding lower peaks. This suggest there may be multipliers that are better than
others. Finally, the MFOP duration shows very interesting results. The clear downward
trend suggests that awmyr increases, the range of downtirslerinks This speaks to the
convergence of the system towards its limitdoes not mean that increasing the MFOP
duration will necessarily lower downtime. In fact, the prediction profiler illustrdies

effect of longer MFOP durations depends onvilegghting dictated by replacement times.
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The prediction profiler oFigure90 draws the systems responses, achieved downtime
and reliability, for a tyen setting of design variables. The black lines indicate soone
response of the system. It measures the response sensitivity to one variable while fixing
all others. The case shown in the profiler hiag@f 1 and multiplies of 13-3. Preventie
replacements are favored over failure replacements with repair time costs of 0.01 and 0.1
respectively. This design is similar to the baseline setting used in séetiofhe model
predicts a achieved downtimef 0.0221 and a reliability of 0.9304. Actuathieved

downtimeis 0.0213 and reliability is 0.9304.
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Figure90: Prediction Profiler

Theprofiler conveys increasing the MFOP duratits) (results in a dramatic decrease
in reliability and a doubling of downtime. The moild downt i me i s most
increase in the preventive repair tinig {) of Part lbecauséart 1has the loweshherent
reliability andmultiplier. The lowest multipliecreates more preventive replacements than
the other componenteading to more downtimeThe multiplier(k has a concave curve
with 3 being the optimal multiplier. This @kes aeplacemeninterval of 3 units of time

which coincides with théheoreticalprediction. Settindk to amultiplier of 4 puts the
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componenttits optimal intervalandyields a system downtime of 0.0221; however, this
multiplier pushes reliabilityo 0.61. This is down from the reliability of 0.93 achieved at
Us = 3. The behavior of the sensitivity curves matches the behavior of downtime versus
replacement interval plots. Part 1 is on the upslope of the global minimum. Part 2 is close
to itsminimum. Part 3 is on the downslope of its minimum.

Reliability decreases as components operate over longer preventive replacement

intervals,tp. Recall Equatiorf 66) reshown below.
Op | O (66)
An increase in eithed or tmfraisesty,, reduces component reliability, and reduces system

reliability. tmshas a more powerful impact on the system than any one multiplier because

tmf raisestpr for all components in the system. Consequently, extendingntige more

chall enging of a design feat t hakguredcr eas:i
al so assists the policy author toslsent t he
thesystem reliabilityds negative sl opfa. Thi

downtime ortmt. It also points to the fact that the rangetr@fwas set too high to full
capture the design space where Pargdliability is high. Multipliers U and (s are fully
explored and showetiat they lie on the precipitous of the niagaslope. This is an ideal
multiplier to minimize downtime while retaining high reliability.
Figure91 measures the sensitivity of the system to the MFOP durationT he first,
second, and thirdrowhate® s of one, t hr ee, twancréasds,thee , re
importance ofTs grows whileTp diminishes. This is a natural consequence ofgaédni
resultingt,. The longer a component operates without renewal, the greater the chance of

failure and the lower the number of preventive replacements. The conseglisenceurs
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with U. Downti meds sensit itheiresuftigt, appraachéstthep | i er

limit of Dasys
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Figure9l. Effect of MFOP Duration

A rise inareplacement time always increases the downtime of the systeneasing
the ratio ofT to Tp drives the optimal downtime solutidowards sshortertyr., because the
penalty for failure replacementsnsore Increasing the failure replacement tinie) (of
componenthas a compounding effect on the syste
Greatelfaf f ect s downt i meubigierd. dnFiguredZbelowTiyvarte® t h e
from 0.01 to 0.1 to 0.2 wunit b shifs totsmaties . Th
valueswith moreT:o. This is the optimization attempting to avoid the failure penalty by

favoring shorter replacement intervals.
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