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The business of supporting legacy electronic systésnchallenging due to
mismatches between the system support life andptieeurement lives of the
systems’ constituent components. Legacy electreggtems are threatened with
Diminishing Manufacturing Sources and Material Sages (DMSMS)-type
obsolescence, and the extent of their system supp@s based on existing
replenishable and non-replenishable resources neayurtknown. This thesis
describes the development of the End of Repair/@nMaintenance (EOR/EOM)
model, which is a stochastic discrete-event sinanahat follows the life history of a
population of parts and cards and operates frome-tovfailure distributions that are
either user-defined, or synthesized from obsenatures to date. The model
determines the support life (and support coststhef system based on existing
inventories of spare parts and cards, and optipraivesting parts from existing

cards to further extend the life of the system.e Thodel includes: part inventory



segregation, modeling of part inventory degradatiand periodic inventory
inspections, and design refresh planning.

A case study using a real legacy system compri$edl 6,000 instances of 70
unique cards and 4.5 million unique parts is presken The case study was used to
evaluate the system support life (and support fdbrough a series of different
scenarios: obsolete parts with no failure histargl aever failing, obsolete parts with
no failure history but immediately incurring théirst failures with and without the
use of part harvesting. The case study also iesludnalyses for recording
subsequent EOM and EOR dates, sensitivity analfggeselected design refreshes
that maximize system sustainment, and design tefpd@nning to ensure system
sustainment to an end of support date.

Lifetime buys refer to buying enough parts from d¢higinal manufacturer prior to
the part's discontinuance in order to support alledasted future part needs
throughout the system's required support life. sThesis describes the development
of the Lifetime Buy (LTB) model, a reverse-applicat of the EOR/EOM model, that
follows the life history of an electronic systemdasetermines the number of spares
required to ensure system sustainment. The LTBemcdn generate optimum
lifetime buy quantities of parts that minimizes tbé&al life-cycle cost associated with

the estimated lifetime buy quantity.



AN EVALUATION OF END OF MAINTENANCE DATES AND LIFETME BUY
ESTIMATIONS FOR ELECTRONIC SYSTEMS FACING OBSOLESREE

By

Anthony Joseph Konoza

Thesis submitted to the Faculty of the Graduateo8lobif the
University of Maryland, College Park, in partialffiment
of the requirements for the degree of
Master of Science
2012

Advisory Committee:

Professor Peter Sandborn, Chair
Professor Abhijit Dasgupta
Professor Patrick McCluskey



© Copyright by
Anthony Joseph Konoza
2012



Dedication

This thesis is dedicated to my mother, my frienald &amily, and my officemates

in graduate school.



Acknowledgements

| would like to thank my advisor, Professor Petan@orn, for his continued
support and guidance throughout my graduate caréelso wish to thank Harris
Corporation for providing data and feedback inte firactical applications of the
methodology presented in this thesis. | would dils® to thank the more than 100
companies and organizations that support resedrttreaCenter for Advanced Life

Cycle Engineering (CALCE) at the University of Miyd annually.



Table of Contents

D =To [ o3 14 o] o TSRS il
ACKNOWIEAGEMENTS ...t ii ettt e e e e e e e e e e e e e e eeeeeesrennnneeeeennnnes ii
Table Of CONTENIS ..ot Y
LISt Of TADIES .ot e bbb vii
LISt OFf FIQUIES ..ttt Vil
NOMENCIATUIE ...ttt e e e e e et e e e e e e e e s e e e naees Xi
Chapter 1 : INtrOAUCTION ........coiiiiiiiiiitmmmmmm e aa e e e e e e e e eeeas 1
1.1 Commercial Off-The-Shelf (COTS) ObS0leSCENCE an...cvvvvrieiiiiiiieeeeeeeeeee, 2
1.2 Demand FOreCaStiNg .........cuuuuuuuumiiiiaiaee e ee e e eee ettt enaa e e 6
1.3 Discrete Event Simulation Modeling.......cccceuvvviiiiiiiiiiiieee e 9
1.4 INventory DePIetion .......ccoooo i 10
1.5 Introduction to End of Repair and End of Mamance................ccccceeeeeeeennn. 11
1.6 Research Scope and ODJECLIVES ....... .o eerrrrimniiiiieaeeeeeeeeeeeeeeeseiseneen 1D
Chapter 2 : Model DeVelOPMENL...........oi e e e e e e ettt e e e e e eeeaeeas 18
2.1 Creation Of DISCrete EVENLS ..........ooi oo 19
2.1.1 Generating Time-to-Failure Distributions FrBwart Failure Histories ........ 21
2.1.2 Parts Containing Significant Failure Histeneith Right Censored Data.... 26
2.1.3 Obsolete Parts With No Previous Failure HYsto............cooovvvvvvviiiciinnnnnn. 32
2.1.4 Concurrent Discrete Event Evaluation...............cccccooviinniiiiiiiiiiieiiiiiinnns 23
2.1.5 Modeling of Part Degradation ...........cccccccceeeeriinieeeeeeeeeeeeeeecveain s 34
2.1.5.1 Modeling Periodic Inspections of the INGEI@S ..............ccooeeeiieiiieiiinnnnnns 36
2.1.6 Card Clumping APProXimMation .............eeee«eeeeeeeeeeeeeeereeerereemnnnnn 37.
2.2 Discrete Event Modeling PrOCESS ........uuuieeemiiiiiiiiiiiiiai e eeeeeeeeeeieeiiiiee s 40
2.3 System Operational Profile............oieeeeeeiiiiiiiiii s 42
2.4 Evaluation of Subsequent EOR and EOM Dates...............cooovvvvuieciinnennnn. 42
2.4.1 System Support Loss and Support LOSS Rate..............ooevvvvvvvvvniiienneennn. 43
2.5 Determining EOR and EOM Information.........ccc.oooovvviiiiiiiiiiiiiiinneeeeeeee 44
2.5.1 Card-Specific EOM INfOrmation ...........ceeeereiieiiiiieeeeeeeieeeeeeeivnd 46
2.6 Inventory of Spare Cards and TNrOWAWAY .. cevvrverniireeeeeeeeeeeeeeeeeeeennen. 46
2.6.1 Part HarvesSting........uuuuuuiiiii e e e e e e e e e e e e s s 47
2.7UNUSADLIE Card SPareS.......ccooi ittt 49
2.8 Design Refresh To Increase System Sustainment ............cccccceeeeviieeeeeennnn. 49
2.9 Implementation of System SUupPPOrt COSES. e ceeeeeeeeeeeeriiiriiiiiiisaeeeeeaenane. D0
Chapter 3 : EOM Case StUY.........ccoeiiiiiiiieiiiiiiiiiises e e e e e e e e e eeevevasammmenenees 53
3.1 Simple Example Case Drawing from the Same lorgn..............ccccceeeennn. 53
3.1.1 Simple Example Case Results Without Spard<G&ame Inventory)........ 54
3.1.2 Simple Example Case Results Including Spards(Same Inventory)...... 55
3.1.3 Simple Example Case Results Including Spard<Cand Part Harvesting
(SAME INVENTOTY) .. e e e e e et s s 56
3.2 Simple Example Case Drawing from Separate Hovess..............ceeeeeeeeene. 57
3.2.1 Simple Test Case Results Without Spare J&ejsarate Inventories)........ 58
3.2.2 Simple Test Case Results Including Sparesd&@eparate Inventories)...... 59



3.2.3 Simple Test Case Results Including SparesCand Part Harvesting

(Separate INVENTOTIES) .....uuuuuueeiees s e sttt s s e e e e e eeeeseeeeeesessnsssnnnnnsesnnnns 60
3.3 Case Study DeSCrPION........coi it eeeeeee ettt e e eeeee e ennaneees 61
3.3.1 SOlUtioN CONVEIGENCE ... .uuiiiii e e ettt e e e e e e e e e e e e eeeeaeennnees 63
3.4 EOR and EOM TeSt CASES. ...uuuuuuuiiiiic ettt ee e 65

3.4.1 No Failure of Non-Failed Parts and No Halngs{Test Case 1) Results ... 66
3.4.2 Immediate First Failure of Non-Failed Pars No Harvesting (Test Case 2)

RESUILS ... e e e 69
3.4.3 No Failure of Non-Failed Parts and Harves{irgst Case 3) Results ......... 70
3.4.4 Immediate First Failure of Non-Failed Partd &lo Harvesting (Test Case 4)
RESUIES e e e e e ettt ——————— 72
3.4.5 Immediate First Failure of Non-Failed Partd &larvesting (Test Case 5)
RESUIS e e e e ettt ———————— 74
3.5 Selective Design Refreshes To Maximize Systastaéhment....................... 75
3.6 Design Refresh Planning For System Sustaintodfnd of Support............. 79
3.7 Summary of Case Study RESUIS..........ceeeeeeeiiiiiiiiiiee e 82
Chapter 4 : Evaluation of Lifetime Buy Estimatidogviinimize Life-Cycle Cost .. 86
4.1 Development of a Discrete Event Simulation tinfie Buy (LTB) Model...... 89
4.1.1 Scheduled Manufacturing Demands......cccccceeeiiieiimiiininnee e eeeeeeeeiieneens 91
4.1.2 Retirement SChedules............ooo e 91
4.1.3 Lifetime Buy Problem Formulation........ccccc..ooooooiiiiiiiiiiiiiiiiiie e 19
4.2 Inputs and Outputs of the LTB Model......c.cccoooeeiiiiiiiiieieiieee e 4.9
4.3 Implementation of Total Life-Cycle Costs Assded with the Lifetime Buy
(@ 11 = 011125 95
4.4 Lifetime Buy Case StUY ........cuuuuuiiiiiiiieeiiiiiiiieiiii e eeeeeea 99
4.4.1 Lifetime Buy Quantity of 2,000 PartS. .o ioevrvieeeiiiiiiiiiiiieieeeeeeeeeeeennd L0
4.4.2 Lifetime Buy Quantity of 3,000 PartS. .o 110
4.5 Finding the Optimum Lifetime Buy Quantity ...........ccccccvvvviiiiiiiieeeeeeeenn, 102
Chapter 5 : Summary and Contributions ... 104
5.1 CONTIDULIONS. ...ttt st e et e e e e e e e e e e e s seneeeeeees 105
5.2 FULUIE WOTK ..ttt e+ttt e e e e e e e e e e e eneeaeeaeeeeas 106
5.2.1 NON-Standard PartS ..........ccccouuurimmmmeeeeeeeee e e e e e 106
5.2.2 Part DEPENUENCIES. .....uuuiiiieee e oottt e e e e e e e e e e e e eeeeaeeeas 106
5.2.3 Replenishment of Inventories via AftermarBetirces..............ccccveeennnnn. 107
5.2.4 Managing Parts with Forecasted ObsolescentesD...............ccccceeeeeeees 107
5.2.5 End of Support Uncertainty concerning LifeiBuys ..............ccccevvvvvnnnns 108
Appendix — EOR/EOM Software User's Manual.........cc.ccccoooiiiiiiiiiiiiiiiiiiiiiiiinns 109
A.1  Introduction to the EOR/EOM and LTB Analysisf®are Tool ............... 109
A2  EOR/EOM TULOKAL......uuuiiiiiiiiiiiiiiiisccm e e e s ee e 110
A.2.1 Running the EOR/EOM Application .........cccceeeeeeeieieeiieeeeeceeee e 110
A.2.2 Saving an EOR/EOM File.......cooo oo 116
A.2.3 Loading an EOR/EOM Fl ..............uummmmmereasieeeeeeeeeeeeeeeeeirsnnnnnnenens 161
A.3 EOR/EOM Input File, Field and Button Reference..........ccccccuvvvvvnnnnnnnn. 117
A.3.1 Bill of Materials (BOM) File Field References.........ccccccceeeeeeiiiiviviennnnns 117
A.3.2 Inventory File Field References...........oooovvviiiiiiiiiiiiieeee e 119
A.3.3 System File Field References.........ccceeeeviiiiiiiiiii e 119



A.3.4 EOR/EOM Field REefEIENCES..... ..o e 201

A.3.5 EOR/EOM Cost Model Field References....cccuuvveiieeeiiiiiiiiiiiiis 128
A4 EOR/EOM Simulation OULPULS ........cooie e e e e e e eeeeeeeieennins 129
A.4.1 Cumulative SYStem MEtICS ......uuuuuiieeeeeeiieeeeiiiiiese e e e e e e e e e e eeeaaaanees 130
A.4.2 Individual Card MEtriCS ......cooeeeeieii e eieeee 130
A.4.3 TIMe-hiStOry PIOtS .......uuuueeiiiiiie e e e e 132
A.4.4 System SUPPOrt COSt MELIICS..... .. et e e e eeeeeieeees 132
A.4.5 Design Refresh Plan MEetriCS........... ouwmmmeeerrrnniininieeeeeeeeereeeeeessnnnnnnnns 133
A.4.6 Output Data FilesS .......cooo oo 134

A5 LTB TULOKIAl ... e e e e e 134
A.5.1 Running the LTB ApPliCatioN..........uuimmmm e 134
A.5.2SaVviNg @ LTB Fl€..ccuveiiiiiiiiee e 139
A5.3Loading @ LTB File....ccooeiiiiiiiimeee e 139

A.6  LTB Field and Button Reference..........cooeeeieeiiiiiiiiiiiiiiiiieieeeeeeeeeee aL4
A.6.1 LTB Field ReferenCes .........ooooiiiiiieeeeeiiieeeeeeie e 140
A.6.2 LTB Manufacturing and Retirement Schedule FHbrmats...................... 141

A7 LTB SImulation OQUEPULS......uiiiiiee e e 142

RETEIEINCES ...ttt ettt ettt e e e e e e e e e e e e e e e et nneee e e e e e e e e e 143

Vi



List of Tables

Table 3.1 Part Time-to-Failures for Simple EXampéses ...........cccovvveevvvvvnviinenennn. 54
Table 3.2 Number of Part Spares for Simple Exar@alge 1..............cceevvvvivvinnnnnnn. 54
Table 3.3 Number of Part Spares for Simple Exar@alge 2..............ccoevvvvvvvvnnnnnnnn. 58
Table 3.4 Cost Analysis Inputs for Case Study. ococ....uvveeiiiiiiiiieieeeeeeeeeeeeeiiiead 62

Table 3.5 Completion Dates for Implemented Indiaid@ard Refreshes................. 77
Table 4.1 Cost Analysis Inputs for Lifetime Buy E&tudy............cccooevvivivvriiinnnnnns 99
Table 4.2 Cost Analysis Outputs for Lifetime Buys€&tudy (2,000 Parts).......... 100
Table 4.3 Cost Analysis Outputs for Lifetime Buys€&tudy (3,000 Parts).......... 102

Vii



List of Figures

Fig. 2.1 EOR/EOM part failure process flow ...cccceeeeceiiiieiiieiiiiiiicceees 20
Fig. 2.2 Generated uniform distribution from paitdre histories .................co.oe. 23
Fig. 2.3 Common electronic part failure behaviomveu...............ccccoevvvvvviiiiiccinnennn. 24
Fig. 2.4 Probability density functions comparing EHit and generated uniform
distributions to failure data for part number 3TB-..........veieiiiiiieeeeeeeieeeeeeeianns 28
Fig. 2.5 Probability density functions comparing EHit and generated uniform
distributions to failure data for part number 5Q2-...........ccccceeviiieeeeeeiiiiiieeeeenns 29
Fig. 2.6 Part number 3798-05 failure distributiddoth data sets are equal, one shows
10% unreliable, the other 100% unreliable (censosdincensored). ..................... 30
Fig. 2.7 Part number 5004-02 failure distributiddoth data sets are equal, one shows
10% unreliable, the other 100% unreliable (censosdincensored). ..................... 31
Fig. 2.8 Discrete-event simulation flow for mulgpdvents ............ccooeeeiiiiiiiiiininnnn, 33
Fig. 2.9 Part degradation process floW............ceeeiiiiiiiiiiiiiiieeee s 36
Fig. 2.10 Convergence of mean EOM date for caséHhoard clumping................ 39
Fig. 2.11 Inputs and outputs of the EOR/EOM model.............coovvvvvvviiiiiininnnnnn. 41
Fig. 2.12 Throwaway and part harvesting proCess...........ccoeevvvvveviiiiiiiviiiiiiinneenn. 47
Fig. 3.1 Part spares depletion for example in 8B@L1.1..........coovviiiiiiiiieieeeeeeee, 55
Fig. 3.2 Part spares depletion for example in 8BALL.2..........oovvviiiiiiiiiniieeeee, 56
Fig. 3.3 Part spares depletion for example in 8B@AL1.3...........ovviiiiiiiiiieieeeeeeee, 57
Fig. 3.4 Part spares depletion for example in 8B@AL2.1..........oovvviiiiiiiiiniiieeee, 59
Fig. 3.5 Part spares depletion for example in 8B@L2.2...........oovviiiiiiiiiiiieeeeeee, 60
Fig. 3.6 Part spares depletion for example in 88@I2.3..........cooiiiiii. 61
Fig. 3.7 Convergence of average EOM date for case.l.........cccccceeeeiiiiieeeeeennnnnn, 64
Fig. 3.8 Legacy SYStemM tESt CASES .......ccieereiieeiiiieeeeiiiiiier e eeeee e 66
Fig. 3.9 System-level EOM distribution (left), EOfdsults (top right), and EOR
results (bottom right) for Case 1.........ooo i 67
Fig. 3.10 System support cost distribution (left)mulative total cost (top right), and
inventory holding costs (bottom right) for case.l........ccccvviiiiiiiiiiiniieeee, 68
Fig. 3.11 System-level EOM distribution (left), EOfglsults (top right), and EOR
results (bottom right) fOr Case 2. 69

Fig. 3.12 System support cost distribution (left)mulative total cost (top right), and
inventory holding costs (bottom right) for case.2.............ouviiiiiiiiiiieeee, 70

viii



Fig. 3.13 System-level EOM distribution (left), EQfelsults (top right), and EOR

results (bottom right) for Case 3.........ooov oo 71
Fig. 3.14 System support cost distribution (left)mulative total cost (top right), and
inventory holding costs (bottom right) for case.3...........oovvviiiiiiiiieeeeeeeee, 12
Fig. 3.15 Card-level support tracking and l0SS............cuuuvruiiiiiiniiieeeeeiieeeeeiiieens 73
Fig. 3.16 Card-level EOM distributions (left) an@® results for case 4 (right)..... 74
Fig. 3.17 Card-level EOM distributions (left) an@® results for case 5 (right)..... 75
Fig. 3.18 System support life gained from indivibcard refresh, case 1................. 78
Fig. 3.19 System support life gained from indivibcard refresh, case 2................. 78
Fig. 3.20 System support life gained from indivibcard refresh, case 3................. 79
Fig. 3.21 Design refresh plan (left) and completfidesh date distribution (right),

(072 1 PP PPPP 80
Fig. 3.22 Design refresh plan, Case 2. 81
Fig. 3.23 Design refresh plan (left) and completfdesh date distributions (right),
(072 1Y TG PP PP 82
Fig. 4.1 Penalty costs for underbuy and OVerbUyu.......ccceevivivvireeriiiiiiiinnnnns 87
Fig. 4.2 Count up (lifetime buy) versus count do@nd of maintenance) of spares 90
Fig. 4.3 Inputs and outputs of the lifetime buy B)Tmodel.............cccceeevieiiereennnn... 95
Fig. 4.4 Total quantity needed and total cost ifetime buy of 2,000 parts........... 101
Fig. 4.5 Total quantity needed and total cost ifetime buy of 3,000 parts........... 102
Fig. 4.6 Finding optimum lifetime buy quantity tiwgh minimal total life-cycle cost
......................................................................................................................... 103
Fig. A.2.1 Initial startup of EOR/EOM 10O .....cccciiiviiiiiiiiiiiiiieee e 111
Fig. A.2.2 Sample Card 1 loaded into the EOR/EOML.10.............ccovvvvvverriiinnnnnn 112
Fig. A.2.3 Inventory 1 loaded into the EOR/EOM tOOL..........ccovviiiiiiiiiiniiiinneenn. 113
Fig. A.2.4 Sample System 1 loaded into the EOR/BOAL.............ccccceeevveeeeeennnn. 113
Fig. A.2.5 Solution Control Inputs for the EOR/EOMalySIS .........cccoovveeiieeennnnnn. 114
Fig. A.2.6 The EOR/EOM ANAIYSIS .......cccee i i e e e e e e eeeeeeaeaennanes 115
Fig. A.2.7 Cumulative System EOR and EOM MEetriCS . .....ccovrrireriiiirininnnnnnnn. 116
Fig. A.3.1 Sample Card CSV file format.......cooeerrriviiiiiiiiiiieeeeeeeeeeiies 117
Fig. A.3.2 Sample Inventory CSV file format.......cccccooovieiiiiiiiiii, 191
Fig. A.3.3 Sample System CSV file format.............cccccovrrrrrriiiiiiiiiiii e, 120
Fig. A.3.4 BOM Panel Field References ..o eiiiiiiiiiiiiiieeeeeeeeeeeeeeiiiiies 121
Fig. A.3.5 EOR/EOM outputs panels ...........occeeeeveeiiiiiiiiee e ee e 125



Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.

A.3.6 COoSt ANAIYSIS INPULS .......ooeieit oo ettt e e e e eeeee s 128
A.4.1 Cumulative System MEtrICS........vueeeeeriieeieiiiiiiiiieee e e e e e e e e eeeeeeenaieees 130
A.4.2 Individual Card MEetriCS...........iceemmreiiiiiieee e 131
A.4.3 Time history plot (4 card SYStE€M) .o ooiiiiiieeccre e, 132
N @0 ] 1Y [ 1 [0S O 133
A.5.1 Initial startup of LTB t0O0l.........commrvviiiiiiiiiiei e 135
A.5.2 Solution Control INPULS........ueeeeiiee e 136
A.5.3 Lifetime BUY INPULS .........uuun e e eeeeeeeee e eeeeee s 137
A.5.4 Cost ANAIYSIS INPULS .......cooiiit e e ettt e e e eeeeeee s 138
A.5.5 Cumulative LTB Tutorial MetriCS ......ccccvviviiiieeiiiiiiieiiciiiiiiiiiees 39
A.6.1 Manufacturing Demand File.........coo i, 141
A.6.2 Retirement Schedule File........ e 141



Nomenclature

, population standard deviation

, population mean

bR, POpulation mean for a selected design refresh

Tc, population mean for the associated test casddnign refresh).
DSL, support loss rate
a, lower bound of generated uniform distribution

AFD,

im?

adjusted forecasted demand of itthepart from themth card
b, upper bound of generated uniform distribution

C,,. specified calendar dates for a given card wi@reC,

C,, administrative costs

C., card inventory costs

C, , disposal costs

Cyr COst per refresh

C,,, harvested part inventory costs

Ci, recurring cost of holding a part in inventory te tth maintenance event

C, , inspection costs

C,, , inventory holding costs

C,, » infrastructure costs

C,, , cost of maintenance activities

C\re» NONrecurring costs

Xi



Cog, Overbuy penalty cost
C,c . packaging costs

C,, , part inventory costs
C,y » penalty costs

Cpq» part qualification costs

Cpr, procurement cost
C,, replacement costs
C..., system support cost

sys?

Cso. Supplier qualification costs

C,.c, total life-cycle cost
C,s, test/screening costs
C_g » underbuy penalty cost

CF, card clumping factom{to-1, wheren is an integer of the number of cards being
approximated as 1)

Cl,, fielded number ofth cards

CPI., clumping approximation for a total number of pdetmands for thigh part on

ij
thejth card
D,, calendar year of the start of analysis in the @hod

D, , calendar year of the first observed failure

D; ,Di.1, difference in years between title and previous maintenance event date

Ds, calendar year the part was fielded

Xii



DD,

j » ith part forecasted degradation date fromjthenventory
€, standard error of the mean
Fp,number of fielded parts

FD,, ith part forecasted demand date

FD,

im?

ith part forecasted demand date fromrtitle card

FDD,

j » forecasted degradation date for ittepart from thgth inventory

Ho, null hypothesis

Hi, alternate hypothesis

H,, preserved life fraction ath part incurred from the physical action of hatires
(0-1)

li,, infrastructure costs associated with itthemaintenance event

IN; , date of theth inspection event for thjéh inventory

IP;, period of time elapsed between each inspectientefor thejth inventory
ISD; , calendar date at which inspections will begintfajth inventory

k, index used to identify a particular constraint

K, number of constraints

L., remaining fraction of useful life for théh harvested part from thth card

ij 1
L, quantity of parts purchased at the lifetime buy
LTB , lifetime buy quantity of parts stored in invent@atytheith maintenance event

M; maintenance activity costs associated withitlhenaintenance event

M, , ith-ordered mean EOM time

M , ith-ordered EOM time in thgh life history

Xiii



n, number of maintenance events

N, , number of inspections that occurred prior to &vent for thgth inventory

N. , number of occurrences asi#imordered EOM in thgh life history - either 1

ij?

(occurs) or 0 (does not occur)

N, , number of failures observed to date

N, total number of fielded parts within the entiystem
NRE, ith non recurring cost

Op, operational hours per year

p, sample size

P, procurement cost per part

P, ith-ordered EOM probability

PN , penalty costs associated with fkie maintenance event

PQ, , part quantity of theth part from thgth card

Qi , quantity of parts stored in inventory at ittlemaintenance event

Qs , lifetime buy quantity
Qron» total quantity needed
Qron, » Cumulative total quantity at thth maintenance event

r, number of non recurring costs
R, after tax discount rate on money
s, number of life histories simulated

t , current simulation time

Xiv



t,, , Simulation time when harvesting action occurs

t,, simulation time wheith part was introduced into system

U,,, cumulative unsupportability fraction for a giveard evaluated at simulation
time C,, respectively

Yo, base year for money

XV



Chapter 1 Introduction

The long-term sustainment of electronic systens d¢ballenging task for system
supporters. Sustainment becomes even more of lemp@ when the electronic
system is part of a mission/safety critical syst@m., a sub-system whose failure
results in the failure of system operations, eagrospace or military systems). The
sustainment problem varies from system to systethesmtompasses a large number
of factors including part reliability, electronicagpp obsolescence, required system
availability, and supply chain and inventory mamagat, all while trying to
minimize system life-cycle costs. Legacy systempporters have three fundamental
concerns:

1. How long can my system be sustained based on thmunees that |
currently have (i.e., how much time do | have befdrhave to do
something)?

2. What will be the cause of the eventual loss ineyst operations (i.e., why
is my system functionality going to be hindered)?

3. How much will supporting (e.g., operations, mairiece) my system
cost?

If the supported system is comprised of availaldgs(i.e., parts that are still
commercially procurable from their original manutaers), then the supporter can
readily purchase more parts and the system canncento be supported and

operational (allowing for logistics delays). Howey many legacy systems are

! In this thesis, legacy systems are defined addibbnd operational systems for which no new system
production is planned.



comprised of obsolete parts that are no longer laMai from their original
manufacturers, and therefore, other strategies misinplemented after the spares
for obsolete parts are depleted in order to resggtem functionality.

Electronic part obsolescerfogeferred to as Diminishing Manufacturing Sources
and Material Shortages [DMSMS]-type obsolescenddismthesis) can occur at any
moment during the system life cycle—many parts bexmbsolete even before the
system is placed into service. Supporters of mmssritical systems facing
obsolescence muéind alternative methods to ensure system susemras failures
of these systems could lead to catastrophic damagbss thesis proposes a model
that addresses the fundamental concerns faced fiyodars of legacy electronic
systems (i.e., how long before, and what causeslas® of systems operations)
regarding electronic part obsolescence, and aid$ersy supporters in strategic

management of their electronic systems.

1.1 Commercial Off-The-Shelf (COTS) Obsolescence

In an effort to reduce system support and developneests, mission-critical
systems designers shifted towards the use of coomheff-the-shelf (COTS) parts
as a substitute for "government unique" parts. iftreduction of COTS parts led to
less expensive volume production, elimination af tonfinement to single source
purchasing, and increased application flexibilliyt it had a negative side that also

brought about its own set of problems [1].

2 Electronic part obsolescence occurs when a panufaaturer discontinues a part, making it no
longer procurable from the original source. Ndb® part may remain procurable from aftermarket
suppliers or may be superseded by a newer versithe gart.



COTS parts created difficulties for many applicatiothat include stringent
system requirements (i.e., functionality or supgloitity) and specific environmental
operating conditions. Additionally, the use of C®jparts can lead to a loss of supply
chain control (i.e., it binds users to volatile ker trends where technology
continuously evolves) [2]. The key difference be&n mission-critical and
commercial systems is that mission-critical systeaften have requirements of 25-
year or longer support lives (which are commonlyeeged), but the commercial
parts that comprise these systems have limitedupeotent and support lives.
Furthermore, commercial suppliers have no obligatidor providing continued
support or sales to mission-critical systems, legngupporters of these systems at an
ongoing risk of obsolescence. The truth of thetenas that the defense industry
(often supporters of mission-critical systems) nsalge a very small percentage of the
total market share for commercial electronic pats] therefore, has no control over
the behavior of the commercial electronics markat they depend on.

In response to the evolution of electronic techg@s, commercial suppliers must
periodically introduce new or upgraded parts arstalid or discontinue the support
of older parts—it may be impractical for them tdisfg every customer. Eventually
the supplier will discontinue the production of gsathat some customers still need
(i.e., the supplier's profit margin begins to dee), thereby, leaving system
supporters at an impasse in dealing with DMSMS-typsolescence [3]. Inventory
or sudden obsolescence [4] refers to the oppositblgm of DMSMS-type
obsolescence. Inventory obsolescence occurs wésigrdor system specifications

change such that specific spare parts are no lomggrired or useful. This thesis



considers the problem of system sustainment wheedfawith DMSMS-type
obsolescence, and not inventory obsolescence.

DMSMS-type obsolescence is an unavoidable problam tb mismatches
between system support life requirements and tbheupement lives of the systems'
constituent parts. The problem associated witlolelssence is that mission-critical
systems have high qualification and certificati@guirements, meaning that even
minor design changes to the system prove to bedialy burdensome. The result
of COTS obsolescence inevitably leads to highetesydife-cycle costs, therefore
becoming a major cost driver in systems that fratjyeexperience long support lives
(e.g., military and aerospace systems). The estiingosts for the U.S. Navy due to
obsolescence are approximately $750 million angya]l

The obsolescence problem is typically associateth wglystems considered
"sustainment-dominated"”; i.e., systems whose lengrt sustainment (life-cycle)
costs exceed their original procurement costs [BExamples of sustainment-
dominated systems include avionics, naval systemsear power plants, air traffic
control systems, and medical equipment. Sustaitw@minated systems are low-
volume and have long field lives (often 20 yeargrmre). Sustainment-dominated
systems frequently become legacy systems becaegeb#tome too expensive to
replace. Long-term support of these legacy systelimgnates potential redesign or
replacement risks and is often less expensive.e$tgad or replacement risks include
requalification or recertification of the systemgrf Fit and Function equivalencies,
additional reliability assessments , and possiblysequential changes that might be

needed. The focus for system supporters becom@mining system life-cycle cost



while maximizing system support—this problem isit@lly resolved through a
variety of reactive obsolescence mitigation appneac

Reactive obsolescence mitigation approaches, athawt a solution to the
DMSMS-type obsolescence problem, provide the supparith ways to manage the
problem tactically. Reactive management approaciabsde: alternate or substitute
parts, aftermarket sources, lifetime bijythermal uprating of parts, and emulated
parts [7]. The model described in this thesis $@suon strategies that use existing
stocks (often the result of part lifetime buys—aveleped model focused on
estimating lifetime buy quantities is presentecCimapter 4) of parts and reclamation
to extend system support life based on currentlyemlvexcess parts and fielded
legacy systems. Both of these strategies mititte@eobsolescence problem through
the use of existing resources (fielded parts amtigpeares) in hopes of extending the
system support life. Having addressed the systatasmiment challenges when faced
with DMSMS-type obsolescence, we can then beguheteelop the electronic system
sustainment problem that this thesis addresses.

Electronic systems are commonly composed of systemgprinted circuit
assemblies, hereafter referred to as cards, whiehceicuit boards that contain
electronic parts. As time elapses, obsolete pamtghese cards fail and must be
replaced using inventories of non-replenishableesparts. As the non-replenishable
inventories become depleted, system supportershasklong can the system(s) last
based on the current number of spares and howuggod costs of the system be

guantified?

3 Lifetime buy refers to buying enough parts frone tbriginal manufacturer prior to the part's
discontinuance in order to support all forecastgré part needs throughout the system's required
support life.



These questions become difficult to answer when siags to consider system

capabilities, uncertainties, and complexities. réfwe, the goal of this thesis to

develop a model that accurately describes the alobnagacteristics of a legacy
electronic system faced with DMSMS-type obsolesee(including unique parts,
cards, inventories, reliabilities, etc.) and quigntine system support life and support
costs as a function of the capabilities, uncer@sntand complexities of the system.
The following section discusses demand forecastutggh is an important factor

in capturing the characteristics of legacy eledtr@ystems operations and support.

1.2 Demand Forecasting

Demand forecasting is a crucial issue in inventorgnagement and plays a
significant role in electronic systems sustainmmoideling. The ability to forecast
future part demands allows system supporters tdigirevhen parts fail (or when
spares become depleted) and implement risk manaesneanitigation plans (e.g.,
logistics management). For legacy systems, theaddniorecasting challenge is
developing a methodology that accurately forecpats demands based on historical
failure data.

Demand forecasting of parts to support a systemdst commonly performed
using renewal functions [8,9]. Renewal functionsdict the number of renewal (part
failure) events in a specific period of time aneg & common method used to
determine warranty reserve funds for products. eél@w, renewal functions only
calculate the expected number of events in a tiem®g@, not the respective dates that
they would actually take place (the function onhpypdes an expected number of

events). This approach is not suited to charasdhe support for a legacy electronic



system, as there may be some periods where ndatdares occur and other periods
where an extensive number of part failures occAidditionally, renewal functions
and other basic sparing and warranty models arerghy confined to calculating
renewals for populations of parts represented bygle probability distribution. In
order to effectively model an electronic systemt tisacomposed of populations of
unique parts and cards, one would have to evakexth unique population of parts
individually (assuming these populations of parts mbt draw from the same
inventories) and then determine the system sugperby finding the earliest time
one of the evaluated population sets could noubearted.

Croston's method and variants thereof [10-13] areommmon approach for
intermittent demand forecasting involving exponainsmoothing forecasts based on
the size of a demand and time period between desna@doston's method estimates
the mean demand per period by applying exponestraothing separately to the
intervals between nonzero demands and their sizdewever, these intermittent
demand forecasting methods only provide point fasescand cannot produce forecast
distributions and demand prediction intervals (dateistic forecasting versus
stochastic forecasting). In deterministic modeksiable states are determined by
parameters in the model or by sets of previougstat these variables. Stochastic
modeling is the representation of variable statesugh probability distributions
rather than unique values, allowing for randomrtesbe present. Randomness is
necessary for electronic system sustainment maglblcause electronic parts do not
always fail at the exact same time; one part maafeer 50 operational hours of use

compared to an identical part that fails after 6pérational hours of use. The goal of



this model is to incorporate the random naturecfsstic process) characteristic of
part reliability with spare parts demand for miss@itical systems.

Stochastic processes are capable of gatheringt#udel of probable and possible
solutions based on associated input uncertainfidgese processes allow for system
complexities to be fully and accurately explorede.(i representation of part
reliabilities as probability distributions). Stadtic demand forecasting models [14-
18] incorporate the inherent randomness associatigll spare parts demands,
meaning that demand for a part arises only whemp#re actually fails. The most
common models for stochastic forecasting includekigha chain models [19-21],
Petri nets (PNs) [22-24], and discrete event sitrara [25, 26].

Markov chain models are defined by a random prottessincorporates a state of
"memorylessness”, where the next event state depamigt on the current state and
not on the sequence of events that preceded itis Mieans that the probability
distribution for the next event is only dependenttbe current state and not by
previous states. In electronic system sustainmetdeling, unique parts should be
characterized by unique probability distributiongls that every part is modeled
independently by its own part demand. The coltetiof part demands should be
organized chronologically based on when they areclisted to take place; the next
event is not necessarily dependent on the currenttdi.e., demands are not ordered
consecutively, but chronologically). These projsrtare not suitable for Markov
models as the next step may or may not be modsletthéb current step (includes
multiple quantities of a single part or multiplerggsagoverned by different probability

distributions).



PNs offer a formal and graphical technique for @spnting concurrent, discrete
event dynamic systems. PNs are bipartite graphsg@ vertices can be divided into
two disjoint sets) such that any connection alwegsnects vertices from different
subsets. PNs are useful in describing the proftessand behavior of a system,;
however, it becomes challenging to graphically espnt the process flow for systems
containing multiple stochastic parallel processdgene the generation of the PNs
reachability set (set containing all possible nragki [scenarios] that can occur within
the system state space) can be costly in termmefdnd space [27]. Discrete event
simulations account for these uncertainties angiptespathways in fast consecutive
simulation executions based on provided systenrnmdtion.

The problem that this thesis hopes to addressribedcat the end of Section 1.1,
requires an approach that involves stochastic ddnfi@recasting unique for every
instance of every part. This stochastic model Ehoarry out the events based on the
chronological ordering of all previous forecasteziménds concerning each type of
possible event. The following section addressesstiution for reaching the goal of

the thesighrough the introduction and use of discrete egentlation modeling.

1.3 Discrete Event Simulation Modeling

A discrete event simulation represents a set abrafipgical events where each
event occurs at an instant in time and marks agiahstate in the system. The two
primary discrete event simulation models includmetibased and event-based
simulations. Time-based models follow a chronatafiprocess flow of events as
they occur at discrete points in simulation time.(ia timeline). At each discrete

time, the process state is observed precisely; hWervéhe progress between any two



consecutive time steps is assumed to be negligiihels, time-based modeling
techniqgues assume that important changes to thensygevents) only occur at
discrete times, and progression of the model iedas the chronological succession
of events as they occur within the simulation tinogizon. In event-based modeling,
the occurrence of the events drives the modeleckegso(i.e., the model progresses by
sequences of events rather than discrete time)steps
Discrete event simulation is often a preferred apph to modeling the

maintenance of real systems in order to accountdonplexities and uncertainties
(e.g., part reliabilities, quantities, and invemds) that must be included within the
model. The system complexities (model inputs)stoehastically monitored to arrive
at a unique solution (model output) using the satiah. In order to quantify the
model outputs, it is necessary to consider a lamgmber of simulation histories
(histories of sustaining the system) in order tmeyate model output probability
distributions that incorporate the stochastic reguwf the inputs to the model. The
following section briefly discusses the realm ofentory depletion models and how

they pertain to system sustainment faced with DMSff& obsolescence.

1.4 Inventory Depletion

There are many inventory depletion models in therdiure that incorporate
stochastic demand forecasts [28-30]; however, th@nity of these are not concerned
with the problem of obsolete parts that comprise ifiventories. The focus of
inventory modeling appearing in the literature is the management aspect in
response to different scenarios (e.g., order quesitirepairable or multiple items,

suppliers) and is concerned with optimal inventmnagement for units that are still
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currently available from suppliers. The models ao¢ focused on predicting how
long the inventory is able to last, but ratherlthgastics and inventory management in
order to accurately account for lead times, demaatts The implicit assumption
included in most inventory management models i te units in the inventory are
always replenishable (i.e., available for orderfog the foreseeable future). Some
attention has been given to inventory managemeimteimyg with the occurrence of
sudden obsolescence [31-33], but not to the magledininventories for systems
currently facing DMSMS-type obsolescence.

Discrete event simulations have also been usedntontenance and operations
activities [34,35]. SIMAIR [34] is used to simutataily operations of airlines,
modeling the plane's operation as a sequence otsev@he Ultra Reliable Aircraft
Model (URAM) [35] is designed for investigating Méenance Free Operating
Periods (MFOPSs) for maintenance activities in desys URAM applies an MFOP
window on either side of the forecasted point ofufa. Rather than have a
maintenance window, the model should accomplishm#antenance action in the
same discrete time step where the failure was itksht

The following section defines a system's End of &egEOR) and End of
Maintenance (EOM) and introduces the EOR/EOM medabosed in this thesis that
is used to evaluate system sustainment based stingxresources when faced with

DMSMS-type obsolescence.

1.5 Introduction to End of Repair and End of Maimance

The Federal Aviation Administration (FAA) defin&nhd of MaintenancéEOM)

as "the moment a site requisition cannot be rephmd. This stage change begins
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with the depletion of limited depot and site spagesntities, followed by service
degradation (i.e., loss of redundancy) and ultitgdtess of system operations." [36].
The last portion of the FAA's definition (loss gfssem operations) is what the model
proposed in this thesis defines as the EOM datahiersystem. In the model, the
EOM date is defined as "the earliest date thaawadilable inventories fail to support

the demand for one or more specific parts resultirthe loss of system operation.”

Additionally, the FAA [36] define€End of Repair(EOR) as "when hardware
product support is no longer available by any meanis cost-prohibitive.” In this
thesis, the EOR date is defined as "the date thatldst repair or manufacturing
action associated with a part can be successfalfppned.”

The EOR/EOM model proposed in this thesis is ahststic discrete event
simulation that follows the life history of a poptibn of parts and cards, and
determines how long the system can be sustaineslb@s existing inventories of
spare parts and cards, and optionally harvestingasts from existing cards to
increase system support life. The model definessystem hierarchy in terms of
parts and cards. A “part” refers to the lowestelepossible for the system being
analyzed, whereas a "card" is the highest levekiptess Cards are composed of
multiple parts and the same part may appear oerdift cards (referred to as type of
part).

The EOM problem (and support costs) can be forradlais shown in equations
(2.1) and (1.2):

fl(B) = D, - D, (1.1)

i=1
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" (Di B Di-l)Qi-lci-l + " M, (1.2)

subject t&: 9.(p)2 0; k=1,...K

where,

Di. | Difference in years between ttia
D1 | and previous maintenance event date

Quantity of parts stored in inventory gt
theith maintenance event

Qi

Recurring cost of holding a part in

G inventory to theth maintenance event

n Number of maintenance events

Maintenance activity costs associated
with theith maintenance event

R | After tax discount rate on money

M;

Yo | Base year for money

Index used to identify a particular
constraint

K Number of constraints

The objective function,fl(f)) calculates the EOM date for the system being

modeled. The EOM objective function is dependentpo=[p,, ,p,,], which is the

set of system parameters that describe the sysfdra.parameters used in the EOM

objective function include part reliabilities andiamtities, fielded card instances,

* The formulated problem assumes that EOM occutisesfirst instance where a parametric constraint
is violated—this is useful for finding the first BQ but the model can also be extended (see Chapter
2) to track consecutive EOM and EOR dates withsmaulated system life history.
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inventories of spare parts and cards, and the bpeaé profile of the system. Some
of these parameters are uncertain; however, evegyth known about the behavior
and range of variation for each parameter. Th&esydegins at a specific start date

(Do) and progresses upon arriving @, where prior to the event, the considered
constraingk(f)) equaled 0, and by the end of the time stg,;:(,f)) will have been

violated (drawing from an inventory that consistsi0 parts). The EOM date occurs
at some maintenance event when a part demand daamoét by any of the available
inventories from which it can be drawn. The EOMeahve function can also be

applied to calculating the EOR dates for the systd#ms can occur during any;
when the last replacement for a part can be suitdysgerformed (gk(f)) becomes
equal to 0).

The objective function,fz(Ta) calculates the support costs for the system being

modeled, where the first expression accumulatesnitory holding costsand the

second accumulates maintenance activity costs gthesy with each discrete
event)—this function incorporates the same parameds equation (1.1). Both
objective functions are constrained in the same maanwhereby the system is
assumed to be "operating successfully" as londha@® tare spare parts available for

forecasted parts demands (spare parts or cards).

® Inventory costs are accumulated considering alessible inventories and their associated holding
costs (i.e., spare card inventories may cost nmuaia tnventories of spare parts), the expression has
been generalized for the problem formulation.
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1.6 Research Scope and Objectives

The first objective of this thesis is to developadel that determines how long
legacy electronic systems drawing from existing -ngpienishable inventories of
parts and cards, can be sustained, to develop hodwobgy for calculating the
effective EOR and EOM dates for systems composetuifiple cards where each
card has multiple parts and parts may appear witture than one card, and to assess
the support costs of the system (e.g., ownershipvaintories). The second objective
of this thesis is to develop a model that calcsldtee number of spares required to
sustain an electronic system to a specific date gemerate the optimum lifetime buy
guantity that minimizes the total life-cycle cossaciated with the estimated lifetime
buy quantity.

The EOR/EOM and LTB models developed in this thesisk everyobsoletepart
on every card in the entire system independenilhis means that each time-to-
failure distribution of each part is sampled, amgtkin sorted lists for determining
successive chronological events towards model pesgn. Parts that are
commercially available from their original vendaealeemed as "available" and are
not included in EOR/EOM analysis. Every part oergvcard is characterized by its
own time-to-failure distribution to account for theiqueness of common parts across
different cards—parts can either be assigned torfeiture distributions or have their
time-to-failure distributions generated based o fadlure histories.

The following five research tasks are associatett ilfilling the objectives of

this thesis:
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Task 1 Develop a general methodology that follows tlie history of a population
of parts and cards and determine how long the systn be sustained based
on existing inventories of spare parts and cardibe general methodology
should track and calculate the effective EOR and/lEfates (and consecutive
EOR and EOM dates) for systems composed of multpkels where each
card has multiple parts (parts may appear on ni@e dne card).

Task 2 Develop a method for predicting the impact on E®@R EOM dates of using
harvested parts from existing cards, perform modedf part degradation and
periodic inspection of the inventories, and deteena design refresh pfan
that ensures sustainment of the system to a spelcife.

Task 3 Implement detailed cost models capable of calmgathe system support
costs, allowing for the cost of ownership of invares to be assessed.

Task 4: Apply developed methodologies (Tasks 1-3) toecHd case study.

Task 5. Develop a reverse application of the EOR/EOM nha@eeloped for lifetime
buy planning to sustain fielded systems to a smeddte. Implement detailed
cost models capable of calculating the total liyele cost associated with the
lifetime buy quantity. Develop a method for findithe optimum lifetime buy
guantity that minimizes the total life-cycle costsaciated with the lifetime
buy.

Chapter 2 discusses the development of the EOR/B@ddel. Chapter 2

includes the creation of discrete events within nhedel (e.g., part demands, part

® A design refresh means the replacement of oneare mbsolete parts with non-obsolete parts in
order to retain the functionality of the system.désign refresh refers to system changes that “brist
done” in order for the system functionality to remaiable. A redesign refers to system changes that
“are desired”, which include both the new techn@ego accommodate system functional growth and
new technologies to replace and upgrade the egifinctionality of the system [37].
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degradation, and periodic inventory inspection$le generation of part failure
distributions from collected historical failure datevaluation of concurrent discrete
events, and the discrete event modeling procesklitidnally, Chapter 2 includes the
calculations for EOR/EOM information, system supposs, part harvesting, and
system support costs. Chapter 3 presents sevsrplesexample cases, and a case
study involving an actual legacy electronic systduafetime buy quantity forecasting

and costing is discussed in Chapter 4.
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Chapter 2 Model Development

The End of Repair/End of Maintenance (EOR/EOM) nhalgtermines the length
of time a system is able to support itself wherethwith DMSMS-type obsolescence.
The model describes the process of inventory depletf obsolete parts through
system operation and tracks the EOR and EOM d#itescritical parts associated
with each EOR and EOM event, and the likelihood thase EOR and EOM events
will occur. As previously mentioned&nd of RepaifEOR) is defined as "the date
that the last repair or manufacturing action asgedi with a part can be successfully
performed.” EOR dates are part-specific and may bé card-specific if a particular
card can only draw from a subset of the availablemtories. Similarlyend of
MaintenanceEOM) is defined as "the earliest date that allilabée inventories fail
to support the demand for one or more specificspasulting in the loss of system
operation." EOM events are caused by a specifit ga a specific card. For
example, multiple EOM events would be recordedaf@pecific part that appears on
different cards and draws from the same inventagsming there are no existing
inventories to draw from).

The model is implemented as a discrete event stronlavhere system operation
is represented as a chronological sequence of ®denven by input parameters. In
order to account for the inherent uncertaintiespesanput parameters are defined by
probability distributions, and the simulation isirior many simulated life histories to
generate probability distributions of the outpudbmmation. The following sections
describe the development and methodology of the [EORI model as it relates to

the sustainment problem associated with DMSMS-tplpsolescence.
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2.1 Creation of Discrete Events

The events included in this analysis are eithereged from the sampling of
probability distributions of input parameters (eJart reliabilities, part degradation
in inventory) or entered in a deterministic manngrg., periodic inventory
inspections or design refreshes), and chronoldgioaidered (in relation to the
simulation time) from earliest to latest. The iamlitgeneration and ordering of the
discrete events is completed before the simulatiock is initiated.

Each obsolete part in the system is tracked indig@ty throughout the system
support life, and therefore, receives its own samgplfrom the time-to-failure
distribution of the part (note, the same part offecent cards may have different
time-to-failure distributions). For example, iktte a five instances of a single part on
a card and there are five cards in the system,ttieme are 25 discrete events sampled
from the time-to-failure distribution of the pad tepresent each of the instancés
the part that appear within the system. The moddels not generate demands for
parts that are consideregtailable(i.e., procurable from the original manufacturas)
we are not interested in modeling these parts—tbdeinfocuses only on obsolete
parts.

The input model parameters (e.g., part reliabdjtican be represented by
different distributions (e.g., Uniform, Exponentideibull, and Triangular). The
sampling of the part demands is performed usingt®@arlo, a sampling technique
used for obtaining random values from probabilitytributions in order to account

for uncertainties or risk in quantitative analyaigl decision-making processes[38].
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The model described in this thesis has the abiityrack information regarding
individual parts from the moment they are introciite the field, through failure and
replacement, and possibly subsequent failures eplhaements through the system
support life until EOM (or end of support) occus.process flow of a part within the

electronic system is depicted in Fig. 2.1.

4) Replacement of fielded cards

with spare cards follow for specific
1) Time-to-failure parts that have depleted spare part 6) Once harvested part
distributions from all parts inventories(option of part inventories fail to Support

harvesting from existing cards subsequent part demanésd
on all cards sampled 9 9 ) of Maintenance occurs

Subsequent part demands follow
until spare part inventories become
depleted

N

~
Time

2) First part demand arrives, part 3) Once sparpart inventories 5) Once spareard inventories falil
replacement, part distribution resampling, fail to support subsequent part  to support subsequent part
and resorting of part demands occurs demands, spare card inventories demands, harvested part

are drawn upomtherwiseEnd inventories are drawn upon;

of Maintenanceoccurs otherwiseEnd of Maintenance

occurs

Fig. 2.1 EOR/EOM part failure process flow

The model starts by sampling the time-to-failurstrdbutions of individual parts
(referred to as forecasted demand dates for parisad demand dates) that are
located on cards within the system. After all loé ppart demand dates are sampled
within the system, the demand dates are sorted éanirest to latest on a part-by-part
basis’ The model then determines the earliest part ddndate that occurs in the
system, jumps ahead to its date, and performs ageht the system (this type of

change is dependent on the type of event that sccukfter the change has been

" A part is defined as an item that is specific foaaticular card that retains its own unique prtiper
(e.g., time-to-failure distribution, quantity). &minstance of a part on a card is treated indemwthd
(represented by unique part demand dates sampledits time-to-failure distribution).

20



applied at the earliest part demand date, the mup&t demand date is removed and
a "new" part demand date is independently samptedh fthe time-to-failure
distribution of the part and chronologically ordérento its list. After the part
demand date at the first event has been removeahetkt earliest part demand date is
found (representing the second event to chronaddlgioccur), the model jumps to
its date, and the process continues. The modeinc@s until the request at a part
demand date cannot be fulfilled by spare invensotieat previously sustained the
demands for that part (i.e., when requests are naadkcannot be met due to a state
of inventory stock-out).

The simulation begins at a specified calendar (faferred to as the start date of
analysis or the analysis date) and the simulatioe progresses until an EOM event
occurs (where the request at a part demand datethe fulfilled)—this constitutes
a single simulated life history of the entire syste In order to obtain an accurate
representation of the system support life considemherent system uncertainties,
multiple system life histories are tracked (typligal,000) in order to produce
probability distributions of EOM dates (i.e., systsupport lives) and to identify the
possible part and card combinations (and their sl likelihoods)that caused
system support loss.

The next subsection details the methodology of geimg time-to-failure

distributions for parts from gathered failure hregs.

2.1.1 Generating Time-to-Failure Distributions Frd®art Failure Histories

Sometimes organizations that support legacy systemsncertain or unaware of

the failure characteristics associated with théspartheir systems, but they may have
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maintenance records containing part failure hissri The historical failure data for
an individual part (observed failures to date ahd tecorded date of the first
observed failure) and its total fielded part qugntian be used to generate the time-
to-failure distribution for the part. In cases whenly a few observed failures have
occurred and there is no other existing informatffsom the part vendor or other
sources), uniform time-to-failure distributions cae generated. The generated

uniform distribution with lower bound and upper boun® for a particular part is

given by,
a=(Dg - Ds)Op (2.1)
_(Da- Ds)0C- a
b= +a (2.2)
Nf
NT
where,

D.- = calendar year of the first observed failure

Dg =calendar year the part was fielded

D, =calendar year of the start of analysis in the model
Op = operational hours per year

N, = number of failures observed to date

N; = total number of fielded parts within the entigstem.

The upper boundary of the distributidn,is dependent on the ratio of failures to date

(between the date the part was fielded and the¢ stahe analysis) divided by the

8 The methodology does not require the charactévizaif the failure histories for parts as uniform
distributions where each value in the range is kyglilely to occur. A uniform distribution is oglan
example treatment that can be used if no othernmdtion is known.
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N
total number of fielded parts. When the raﬁ&, equals 1 (all failures observed
T

prior to the start of the analysis, see Fig. 2I%),upper bound becomes the difference
: . . . N
between the start of analysis and the date thes paete fielded. Likewise, asN—
N
approaches 0 (no failures observed), the uppet bfrthe distribution approaches

N
When Wfapproaches (a large number of failures relative to the popata of
T

fielded parts), the upper limit of the distributi@pproachesa. It is implicitly

assumed that these part sites can exhibit more dhanfailure, thereby leading to

N
ratios of—- greater than 1.
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Fig. 2.2 Generated uniform distribution from paitdre histories

As previously stated, this generated distributmseful for parts with unknown

failure characteristics. In this manner, one mapraximate the time-to-failure
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distribution for an entire population of parts ldsm previously observed failure
data.

The next question to address becomes, "What isthemed frequency of these
observed part failures?". In reliability enginegri a common failure behavior that
parts exhibit occurs in three separate regions,atmumulation of these regions

comprise the commonly named "bathtub curve" (sgeZEB).

Infant : Wear Out
Mortality : :
: Useful Life

Failure Rate

Time or Cycles
Fig. 2.3 Common electronic part failure behaviorveu

Stage 1: Infant Mortality

"Infant mortality” is the period of time from whehe part is introduced until its
failure rate becomes relatively constant. Durinig period of elapsed time (i.e., the
early life of the part), the failure rate is hightlvapidly decreases as defective parts
are identified and removed from service. In ortteweed out the defective parts,
part manufacturers may use a series of stress desisg production to identify
defects caused by materials or machinery in arteffoiweed out the root causes for

the defective parts.
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Another approach (commonly referred to as burnsnjp use stress tests as an
ongoing screening to weed out defects when the gcaoses may not be eliminated.
Burn-in is a useful approach in lowering the tatamulative failure percentage of
parts, but the major trade-off is the cost of periog the test. The question of
"When to implement burn-in?" is dependent on the paing manufactured, the
projected reliability improvement that will be mafilem performing burn-in, and the
estimated cost and time associated with the burnAlthough burn-in practices are
not usually a practical economic method of reduanignt mortality failures, burn-in
has proven effective for state-of-the-art semicatohs where root cause defects
cannot be eliminated [39].

Stage 2: Useful Life

The "useful life" period of the part is the periofitime where the failure rate of
the part remains relatively constant. This ishe tid-life of the part, hopefully
when it is received by customers, where the failtate is generally low and
approximately constant.

Stage 3: Wear Out

The third and final stage of the part behaviorharacterized when the part comes
to the end of its useful life period, the "wear "ostage. Towards the end of the
useful life of the part, the failure rate beginsingrease as different factors (i.e.,
mechanical stress, environmental conditions, &&g their toll on the part.

Failure Behavior Prior to Simulation Analysis

How is frequency of observed failures perceivedhe EOR/EOM model when

time-to-failure distributions are generated fronmtgailure histories? There are two
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assumptions in the model regarding the observéarési The first assumption is that
the analysis datd),, is after the start of the "useful life" periodtbe bathtub curve.
The second assumption is that all observed failthes are used to create the
generated time-to-failure distributions are frore thiseful life" period of the bathtub
curve. The following section details how obsolg@ts with significant failure

histories are represented in the EOR/EOM model.

2.1.2 Parts Containing Significant Failure Histosigvith Right Censored Data

The general approach to obsolete parts within yiséem involves generating the
time-to-failure distribution of the part based dre texisting (and limited) failure
history. In some cases, there may be an exteffisige history that exists where
there are a large number of observed failures (ted®) recorded for a given part
within the system. These parts may also have hkge number of fielded units
(i.e., instances of the part) that had not failesfefred to as right censored dta
The right censoring also needs to be accountedhfestimating the time-to-failure
distributions of the part. The time-to-failure tdilsutions for parts with extensive
failure histories were determined using Maximumdlikood Estimation (MLE) to
find the best fit to the failure data using 2-paed@n Weibull distributions (i.e., the
location parameter is equal to 0) while accounfmrgthe surviving parts using life
data analysis software (Weibull®t The Weibull distribution can be used to model
devices with decreasing, constant, or increasifgréarates—this versatility is one

reason why it is widely used in reliability.

° The failure data is right censored because nahalfielded parts have failed to date. Right oeing
occurs in reliability testing when some of the anit the population survive a test time period with
failing.
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MLE is a technique that is used to estimate tharpaters of a statistical model.
The derivations of the MLE for the Weibull distriibans are provided for complete
and censored data sets [40-42]. For Type | cedstaéa, leff(t) be the probability
density function (PDF) ané(t) the cumulative distribution function (CDF) foreth
chosen life distribution model. Note that these fanctions oft and the unknown
parameters of the model. The likelihood functidn,for Type | (right censored)

data[43] is given by,

L=c(O Tt )a- Fm)" )

where,

C = an arbitrary constant

n = number of non-repairable units that undergartgst

r = number of observed failures during testing

T= fixed time of the period of testing
The general mathematical technique for solving MuEs involves setting partial
derivatives of the log-likelihood function, Inf, equal to zero and solving the
resulting (usually non-linear) equations. Howetbe MLE technique is only useful
considering certain conditions are met. MLE shoulot be used to estimate
parameters for statistical models where there amall number of observed failures
(assumed less than 100 for this thesis). MLE'skmaheavily biased, and the large
sample optimality properties do not apply [43]. oftmer (technical) drawback is that
MLE requires specialized software for solving coexphon-linear equations.

The use of MLE in estimating part failure distrilons is more appropriate

concerning parts with significant failure data witght censoring than the generated
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uniform distribution. However, in cases with Httlhistorical data, it is more
appropriate to generate the failure distributi@nfrthe available data than to estimate
the parameters.

In the investigated case study of this thesis (Gea@pter 3), there were two parts
(3798-05 and 5004-02) with significant failure alatith right censoring. MLE was
used to best fit the failure data of these part@-fmaramter Weibull distributions,
while accounting for their right censored data.(igarts that had not failed). The
comparisons between the MLE-fitted Weibull disttibns and the generated uniform
distributions for the two parts with significaniltae histories can be seen in Figs. 2.4
and 2.5. The generated uniform distributions fahtparts were sampled 1,000 times
to develop the PDFs seen in Figs. 2.4 and 2.5. Nh&-fitted distributions

represented the failure data more accurately theugeénerated uniform distributions.

Probability Density Function

4.000E-6

3.200E6 A
MLE
Failure Data
2.400E-6
R = Uniform
1.600E-6
7/
’/ A

8.000E-7

0.000 [
0.000 400000.000 800000.000 1.200E+6 1.600E+6 2.000E+6
Time, (t)

Fig. 2.4 Probability density functions comparing EHit and generated uniform
distributions to failure data for part number 371¥8-
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Fig. 2.5 Probability density functions comparing EHit and generated uniform
distributions to failure data for part number 50-

400000.000

The resulting failure distributions for these pa(898-05 and 5004-02) are
shown in Figs. 2.6 and 2.7. The two lines on eg@ph represent the MLE-fitted

failure distributions that were created with andnwut the consideration of the right-

censored data for both parts.
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ReliaSoft's Weibull++ 6.0 - www.Weibull.com

Probability - Weibull
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b1=4.9440, h1=2.1119E+5, r=0.9785
b2=6.1546, h2=1.1947E+5, r=0.9970

Fig. 2.6Part number 3798-05 failure distribution. Bothadséts are equal, one shows
10% unreliable, the other 100% unreliable (censwsedincensored).
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ReliaSoft's Weibull++ 6.0 - www.Weibull.com
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b2=5.6687, h2=1.2088E+5, r=0.9974

Fig. 2.7Part number 5004-02 failure distribution. Bothadséts are equal, one shows
10% unreliable, the other 100% unreliable (censwsedincensored).

Other obsolete parts included in the system from ¢hse study had too few
recorded failures to make MLE fitting practical,datheir failure distributions were
therefore, treated as uniform distributions createun historical failure data as

described in equations (2.1) and (2.2).
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2.1.3 Obsolete Parts With No Previous Failure Higto

The model can also account for parts that haverioo pbserved failure history.
Obsolete parts that have no observed failuresratbe best case, implicitly assumed
to never fail during analysis. These parts are tha& included within the analysis in
terms of the creation of forecasted part demanidse question then is, “If the parts
that have never failed before suddenly become sutgeailures, how will this affect
my system support life?” The model answers thisstjon through the assumption of
a 'worst-case' scenario, where parts with no pusviobserved failures incur
immediate first failures just prior to the start ahalysis. The uniform failure
distributions for these parts are then generatsgdan the immediate single failure

in conjunction with their additional historical dat

2.1.4 Concurrent Discrete Event Evaluation

Discrete event simulations operate on the prinagybla chronological ordering of
a sequence of events. Therefore, the additionfferent types of events can easily
be implemented without disrupting the existing gex flow of the simulation (an
advantage of using discrete event simulation owberostochastic models). The
addition of multiple event types is evaluated ia #ame manner as single event-type
driven discrete event simulations. The only ddéfee being that there must be
chronological ordering not only within single evgnbut across all events (i.e.,
finding the earliest date out of all the events amdnt types within the simulation,
see Fig. 2.8). This occurs in the EOR/EOM modegnvhonsidering additional part
degradation and inspection events (see SectionS arfd 2.1.5.1) that may or may

not happen to the stored parts within inventorfesughout the system support life.
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The next paragraph describes how concurrent evardsevaluated within the

EOR/EOM model.

Chronological
Order
Demands

for Event 1

Generate Chronological Find Earliest Event,
Simulation [ Initial Order | | ,| Progress and Change State,
Start Demands Remove Event

Demands for Event 2 and Resample Distribution

Chronological
Order
Demands
for Event n

If simulation continues..

Fig. 2.8 Discrete-event simulation flow for muleptvents

First, the model generates the initial number ahaeds associated with each
type of event included in the analysis. Next, thedel cycles through the possible
types of events that can occur and finds the esartlate associated with each event
type. Some events may not occur during every aisathat is executed (i.e., no part
degradation) in which case those events are igriwadg the evaluation. The model
determines the earliest date among all event tygmes jumps ahead to that date,
implements the appropriate changes to the systempe(alent on the type of event),
removes the date and event that just occureedl resamples the distribution
corresponding to the part (or inventory) that cdutfee current event. Afterwards,

the concurrent event evaluation continues until E@kéached.
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2.1.5 Modeling of Part Degradation

Due to the nature of discrete-event simulation, g degradation event can be
emulated through assignments of probability distidns representing the likelihood
of a part degrading while it is in inventory in aven time period. The forecasted

degradation date for théh part from thgth inventory, FDD; is given by,
FDD, =DD; +t (2.4)
where,

DD, = ith part forecasted degradation date fromjthenventory

t = current simulation time (starting at0).

The model treats inventory degradation as a reuyrevent that identifieghe
degradation of a part from inventory once the fasted degradation date of the part
has been reached, assuming there are remaining jspds left in the inventory. The
degradation distribution of the part is then reslmehpand the next forecasted
degradation date is calculated (where subsequeythdied parts are identified) and
the process continues until either the inventorgpres runs out or the EOM date is
reached.

This approach identifies the moment that a partdeggaded, not discardéem

inventory. The degraded parts are discarded e#ihethe next inspection event
associated with the inventory or after the attewhpige of the degraded part towards
replacement (probability of pulling a degraded partgood’ part from inventory).
For example, the probability at any given time thakegraded part is chosen from the
inventory is represented by the fraction of degdaplarts over the total quantity and

is given by,
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S (2.5)
NP '

where,

G, = number ofth parts considered degraded from jtteinventory

NP = number ofth parts remaining from thigh inventory.

G.
If —— equals 0, then none of titl parts from thgth inventory are considered to be
i

G.
degraded. Conversely, when';— equals 1, then all of thigh parts from thejth
i
inventory are considered to be degraded. Randpuailyng a part from inventory can
be represented by randomly choosing a number bat@emd 1, calle®Ry. If there

are degraded parts located in the inventory argpkacement part needs to be pulled,

G.
then a good part is pulled from inventoRg > ———
i

G.
or a degraded part is pulled from inventdRy,< ﬁ

i
The respective quantitie$s{, NR ) are updated after the part is drawn (whether good

or degraded) and the simulation continues. Theadiagion process flow can be seen

in Fig. 2.9.
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degraded, part degradation
distribution resampled
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occurs 1f system support
life and inventory permits

First degradation demand date
arrives, part identified as
degraded, part degradation
distribution resampled

-

Degraded parts removed via subsequent inventory
nspections or after attempted use towards replacement

Fig. 2.9Part degradation process flow

The process flow in Fig. 2.9 demonstrates the dkgi@n for a single part within
a single inventory. In the event that additionalrtp are assigned degradation
distributions, additional process flows are addegharallel and are associated with
each part involved (each process flow is associatigll a single part located in a
specific inventory). The EOR/EOM model allows foart degradation probability
distributions to be included for each part appeammspecific part inventories within

the system.

2.1.5.1 Modeling Periodic Inspections of the Inoeias

Periodic inspections are required in order to idgnthe condition and
functionality of stored parts within inventorie§.he storage of electronic parts is a
delicate process that may involve storage faddlitihat are environmentally

controlled. In terms of inspection activities, @amber of stored parts from inventory
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are removed for testing. These parts removedekiimy may or may not be replaced
after testing.

The EOR/EOM model represents inventory inspectisnagperiodic recurring
event that may result in the removal (and permadamosal) of a number of parts
from inventory as a result of testing. Additionalthe inventory inspections locate
and remove degraded parts within the inventory tgaleg inspection. The date of

theith inspection event for théh inventoryN. , is given by,

ij o
IN, =ISD; +N, P, (2.6)

where,

ISD; =the calendar date at which inspections will begintfiejth inventory

N, = the number of inspections that occurred prior His tevent for theth
inventory

IP, =the period of time elapsed between each inspectieent for thejth
inventory.

The periodic inventory inspection begins with thestfinspection,ISD,, whenN

equals 0 and consecutively occurs I periods until either the inventory is

exhausted of parts (assuming the inspection withslizarts from inventory) or EOM

is reached for the system.

2.1.6 Card Clumping Approximation

At some level of system complexity the simulatioraleation and execution
process becomes arduous. The simulation timerectty affected by the input
system complexity. The system complexity is dependn the total number of

forecasted demands for obsolete parts in the systdiime model is based on a
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chronological ordering of events, and increasirg timber of events increases the
simulation time. In order to decrease the numblerwents, a procedure that
effectively ‘clumps’ together instances of cardshiwi the system to limit the total
number of demands has been used.

This card clumping approximation allows for ari ratio to be executed for all
cards in the system and trims all part demand (&ilections of forecasted demand
dates) by a factor af. For example, if there are 50 instances of a @a card and
five cards in the system, then there are 250 partashd dates. If a 5:1 card clump
ratio is chosen, then this reduces the part dem&n88 part demand dates, a fifth of
its original amount. The trade-off is that everagrtpis not effectively modeled
independently—as a result of the grouping of demsatite model may lose some of
its accuracy (including calculations of EOR and EQ#es, their causations, and the
likelihoods). The clumping approximation for agbhumber of part demands for the

ith part on thgth card (once enable@Pl; is given by,

Cl,
CPl; =PQ (2.7)

where,

PQ, =part quantity of théth part from thgth card
Cl; = fielded number ofth cards

CF =the card clumping facton(l, wheren is an integer of the number of cards
being approximated as 1).

As the number of part demands is effectively redunga factor oh andwhenever a
forecasted demand occurs, the resulting quantkgntdrom inventory for a part is

equal to the card clumping fact@f;, rather than one (in order to account for the
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aggregated cards). Fig. 2.10 demonstrates the chmhping approximation

considering the case 1 from the case study pres@mt€hapter 3. The graph shows
the error that some of the other (simpler) modéuitsans have compared to the
solution provided by the discrete-event simulatieodel. Simpler models are unable
to incorporate the complexity offered by the diserevent simulation, and therefore,
must "clump" part demands together in order to &abeularger or more complex
systems. This inability to effectively model systeomplexities (i.e., modeling each

instance of each part independently) leads to uracy in the solution.
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Mean EOM Date in Years
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Card Clumping Ratio
Fig. 2.10 Convergence of mean EOM date for caséHhlcard clumping

Each data point represents the average EOM da&tela@i00 system life histories.
At a card clumping ratio of 10:1, the first EOM datccurs 28.47 calendar years after
the analysis date. As the card clumping ratio ekses, the mean EOM date
monotonically decreases and converges to 19.3'hdaleyears. Additionally, the
part/card combinations that cause the first EOMI (Boeir likelihoods) vary with the

card clumping ratio. At a card clumping ratio dJ:1, there are three recorded
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part/card combinations that cause the first EOMt aAcard clumping ratio of 1:1
(where all parts modeled independently), there &we recorded part/card
combinations that cause the first EOM. One ofght/card combinations that causes
the first EOM at the 10:1 card clumping ratio does even cause the first EOM at

the 1:1 card clumping ratio.

2.2 Discrete Event Modeling Process

The discrete event simulation model process is shiowFig. 2.11. The model
starts with information regarding the electronisteyn to be evaluated. These inputs
are in the form of Bills of Materials (BOMSs) thatr@ain various properties of unique
card types that comprise the system. Each BOMaamhtunique parts (and part
guantities) that appear on the card, the obsolescstatus of the part, the inventories
the card is allowed to access spare parts from,thedailure of the part and/or
reliability information. The second piece of infmation that must be input into the
model is the inventory information associated witie system. This includes
segregated inventories and the parts and quanditiparts the respective inventories
contain. The third required input is the fieldemrct information for the electronic
system. The other pieces of information that ningsincluded are simulation inputs

and cost inputs.
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End of Repair (EOR) and End of Maintenance (EOM) Dates
and Associated System Support Cost of the System

Fig. 2.11 Inputs and outputs of the EOR/EOM model

After all input information has been, the simulatiouns a set of system life
histories to capture system uncertainties and #salting outputs can then be
expressed in terms of probability distributionsheToutput information contains the

parts and cards and ordering of the EOR and EOMtsweithin the life histories that

can be used later for statistical analysis.
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2.3 System Operational Profile

The operational profile of the system affects thére simulation and how it is
analyzed. The system operational profile is exggésn terms obperational hours
per yearwhere 8,760 operational hours per year meandhbatystem is operational
24 hours a day, 7 days a week, 365 days a yeae. oparational profile affects the
frequency at which discrete events occur in sinmfatime as events occur based on

operational hours, calendar hours, or in cyclesoperational year.

2.4 Evaluation of Subsequent EOR and EOM Dates

Oftentimes for mission-critical systems, the prignatoncern of the system
supporter is tracking the system until the firstNE@vent occurs. However, system
supporters are also interested in how the systdhfumiction or behave aftehe first
EOM event has occurred (i.e., supporters want towkihe rate at which system
instances become unsupported). The addition tduthetionality of the model can
easily be implemented by altering the constrairstsduin equations (1.1) and (1.2).
Therefore, the model can be extended to identifysiide consecutive subsequent
EOMs that may occur during system operation.

It is venturing past the first EOM event where w&aoduce a new characteristic
of the system known assupportability The first moment of unsupportability in the
system is when the first EOM event takes place &lhea request to replace a failed
part cannot be fulfilled. When this type of evéaites place, the card containing the

failed part is deemed unsupportable and is reméead service. Unsupportability is
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a property for each type of card in the system tju@intitatively measures how many
instances of a given card type are fully functiofoalremain supportable) over time.

The model evaluates consecutive EOR and EOM eumdsed on two separate
points of termination:

1) Run simulation to the first fully unsupportabbed

2) Run simulation to a specific End of Support (EQSe

The first evaluation tracks consecutive EOR and E€&¥gnts until the first instant
whereby the total population (all instances) ofizeg card type has been removed
(and deemed unsupportable) from the system. Tloende evaluation tracks
consecutive EOR and EOM events until a specifidenckar date. If the event arises
where a card becomes fully unsupportable (totalufaiin of cards taken out of
service), that simply means there are no forecgsaeiddemands left for that type of

card, and it is removed from the analysis untilEH@S date is reached.

2.4.1 System Support Loss and Support Loss Rate

In the previous section we defined the tarmsupportabilityand explained how
the model evaluates consecutive EOR and EOM evdtitg a simulated life history
of the system. Therefore, the system support (csswulative unsupportability for
cards in the system) can be quantified (as welthasrate of support loss) and
observed as a function of time. System suppo# iw€alculated by card type and is
accumulated based on subsequent failed requesteed part demands on cards in
the system. The unsupportability (for a given tygecard at any given time) is
measured as the ratio of unsupportable cards beemimber of cards introduced into

the field at the beginning of the analysis given by

43



u=-y (2.8)

where,

C, = number of cards deemed unsupportable

C, = number of cards introduced into the field at bigginning of the analysis.
The support loss rate (for a given type of cardh) &lao be linearly estimated between
any two fractions of unsupportabilitySL and is given by,

Uz'Ul
Cz'Cl

DSL= (2.9)

where,

C,,= Specific calendar dates for a given card wheye C,

U,,= The cumulative unsupportability fraction evalwhte simulation timeC,,
respectively.

Measures of unsupportability and system suppod &e useful metrics for system
supporters because they provide a representatibowfthe system will behave as a
result of consecutive EOM events. Additionally,steyn supporters can also
extrapolate the unsupportability of cards based poeviously observed system

support loss rates.

2.5 Determining EOR and EOM Information

EOR and EOM events are chronologically recordedhiwievery simulated life
history of the system. The information associatéth each of these events is also
recorded for analysis after the simulation has éndehe EOR and EOM events are

referred to as "ordered" events based on their nchogical occurrences. For
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example, the first-ordered EOM event is synonymwitk the first EOM event (in a
given simulated life history) and so on. The chEtad EOR/EOM information that is
analyzed across the simulated life histories igtham their chronological “order” of
occurrences.

The ith-ordered mean EOM time (organized by order ofuo@nce within a

single life history) for a given part-card combioatis given by,

. S

M,
M = —L+D, (2.10)

[
= T

where,

M. =ith-ordered mean EOM time

M, =ith-ordered EOM time in thgh life history

N; = number of occurrences asiéimordered EOM in thgh life history - either

1 (occurs) or 0 (does not occur)
s = number of life histories simulated.

The corresponding probability for the given pantcaombinationcausing thath-

ordered EOM is given by,

p=2 (2.11)

where,
P =ith-ordered EOM probability.
The mean EOR times for given part-card combinatiamsl their associated

probabilities are analyzed in the same manner (chogical ordering based on the

last available repair action).
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2.5.1 Card-Specific EOM Information

The EOM event information can also be organizedhat card-level (by card)
rather than the system-level (order of occurrenc@)he associated means and
probabilities can be generated to provide probghilistributions of EOM dates on a
card-basis rather than an ordering basis. The-lesed EOM information tracked
was organized for first-ordered events associaiddeach card. Therefore, the mean

EOM time and corresponding probability for a givemart-card combination

concerning its first EOM event is given by equasig2.10) and (2.11) with=1,
respectively.
The system-level analysis partitions events by roodeheir occurrences, while

the card-level analysis partitions first-ordereér&g by particular cards.

2.6 Inventory of Spare Cards and Throwaway

The model draws from inventories of spare partfoescasted part demands are
requested, but what happens when these inventofiepare parts are depleted?
Typically when a failed part cannot be replacedrfrits inventories of spare parts, a
spare card is used to replace the existing catdhbeafailed part is located on (along
with all the non-failed parts on the existing cardjo further extend system support
life capabilities, the model includes inventoridsspare cards that can be accessed
once the part inventories are depleted. In thentetreat a part demand cannot be
satisfied for a particular card that has availadpare cards to draw from (see Fig.
2.12) the existing card is thrown away and replacsétl one of its available spare
cards. The actions of throwaway and replacemernogxisting card means the

existing card must be discarded and replaced— ateddor by the removal and re-
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sampling of its part demands from their correspogdailure distributions—spare

cards are assumed to be "new".

Throwaway the existing card and replace with spare

-

Demand for part No
cannot be fulfilled

by its inventory

Introduce new
spare card to >
replace existing
[ Y

Allow harvesting
of parts?

Yes

Harvest existing parts
with remaining life

Fig. 2.12 Throwaway and part harvesting process

2.6.1 Part Harvesting

Another viable option is the harvesting or salvggni parts off of the discarded
cards (i.e., the obsolescence mitigation strategyinconly known as reclamation).
The action of part harvesting removes parts offdisearded card that have not failed
and places them in a separate inventory of hardgstds. When inventories of spare
parts and spare cards are depleted, this thirchtowe (of harvested parts) is then
accessed and drawn from until there are no moreespavailable— a process that
extends the EOM date (i.e., system support life)thef system. Generally, the
physical activity of harvesting or salvaging pas#l damage (reduce life) from the
part. The remaining fraction of useful life for thie harvested part from thé card,

L; , is given by,

FD, - t
Ly =H (2.12)
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where,

H, = life fraction ofith part preserved from the physical action of hsting (0-1)
FD, = ith part forecasted demand date

t,, = simulation time when the harvesting activity ascu

t, =simulation time when thigh part was introduced into the system

The numerator in the fraction of equation (2.12his remaining part life represented
as the difference between the forecasted demardadidhe part and the simulation
time when the harvesting activity occured. Theatemmator represents the forecasted
part life when the part was first introduced.

The remaining part life must be preserved as aifraaather than a time-to-
failure because the harvested part may be usesptirra different type of card (not
the same type of card the part was harvested fnwh®re the part may have a
different time-to-failure distribution. The remag fraction of useful life is then
used to adjust future forecasted part demands gipant replacements when all other
existing inventories are depleted.

The adjusted forecasted demand ofithgart from themth card (n may equaj),

AFD,,, is then given by,
AFD,, = L,FD,, (2.13)
where,

FD,, = ith part forecasted demand date fromrtitle card

The following section discusses the modeling of satle card spares (i.e.,

degradation of spare cards).
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2.7 Unusable Card Spares

The next topic of discussion concerns the degradaif the inventories of spare
cards. The model accounts for this effect by assgya fraction of degraded spare
cards per year. As the event occurs on a yeasisbthe degradation occurs on the
first discrete event of each progressed year duhegsimulation. Each progressed
year in the simulation can be found by evaluatimg ¢turrent simulation time and
dividing by the operational profile of the systerRor example, when the system is
fully operational (8,760 operational hours per Yyetre first progressed year would
occur at the next event that occurs either onter & 760 operational hours (one year
of elapsed time for system operation). The nunadfespare cards in stock are then
removed by a fraction of the existing stock (0-4)atcount for a fraction of spare
cards that have degraded and become inaccessiljedsible maintenance activities.
This degradation occurs periodically on the firser@ of every progressed year
during simulation until spare card inventories h#deen depleted or the simulation

has been terminated.

2.8 Design Refresh To Increase System Sustainment

Technology or design refreshes are used in theacepient of one or more
obsolete parts with non-obsolete parts in ordéetep the system sustainable. In the
EOR/EOM model, a completed design refresh for iquaar type of card means that
all obsolete parts from the entire population aflsgof the refreshed card type) have
been replaced (and potentially harvested) with oloselete parts (i.e., all the part

demands associated with a card type are removed).
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The model treats design refreshes in two sepanaiyses:

1) Selective design refreshes of cards and théiesa completion dates prior to
analysis to EOM

2) Construction of a design refresh plan to ensygtem sustainment to a
specific date

The first type of analysis, assuming the simulatmogresses to the selected
refresh completion date, implements design refre$étieselected cards until EOM is
reached. The second analysis constructs a desfgesh plan to ensure that the
system is able to be sustained until a specifie.ddthe assumption associated with
design refresh planning (the second analysis)asttie planned design refreshes are
completed on the dates when they are neededtlieedate the first EOM would have
occurred for a given card). The analysis usedesigh refresh planning tracks and
records the planned design refreshes and thein@thoompletion dates. The results
of design refresh planning are a list of the plahnefreshes and their probability

distributions of planned completion dates.

2.9 Implementation of System Support Costs

Not only are we interested in the event-driven raéthogy for calculating EOR
and EOM events for electronic systems, but we aisb to assess the system support

costs associated with system sustainment. Themystupport costG. ) at any

sys

given time during the life history of the systemth® total cost of the maintenance

activity costs C,, ), inventory holding costsQ,, ), and infrastructure costE(, ).
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The system support cost can be calculated at amgy {ior a given base year of
moneyy, and discount ratB) using,
Cos(¥or R =Cy (¥, R) + Cy (5, RN +C (v, R) - (2.14)
Prior to accumulation of the system support casthesub-cost is converted to its
net present valueNPV) based on the current simulation time, base yéananey,
and discount rate. TH¢PV of a cost C,) at timet (in years) is given by,

CX

C,(NPV) =

The system support cost is then accumulated dfeeNtPV of each sub-cost is
calculated.

The maintenance activity costsC() include the costs associated with
administrative actions( ,), replacement@;), disposal C, ), inspection C, ), and
cost per design refresiC(;) as shown,

Cy =C,+C+C,+C +C (2.16)

Maintenance activity costs are accumulated basedhe type of event that
occurs. Administrative costs are accrued from gme of event that occurs in the
simulated life history (e.g., part failures, degton, inspection, design refresh).
Replacement costs are accrued from corrective sraance activities (replacing
failed parts). Disposal costs are accrued whenaveart is disposed (e.g, part
failures, card throwaway). Inspection costs ardeddfor parts that are inspected
within inventory. The non-recurring cost assodaveth a selected design refresh

occurs on the date the design refresh is complatetl implemented within the
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system. It is assumed that all design refreshealfccards in the system cost the
same amount.

The inventory holding costs include the cost ofistpspare parts and cards over
periods of time, these holding costs can be segduiato part inventory cost<C(, ),
harvested part inventory costS,(), and spare card inventory cos.(),

C, =C, +C, +C, (2.17)

The inventory holding costs are accumulated assaltref time periods between
discrete events and account for the time a certmiantity of items is held in
inventory. The infrastructure cost is a periodezurring cost that occurs every
simulated calendar year.

Additionally, the system support cost can be acdated and displayed as a
cumulative total support cost over the simulatdd history of the system. The
resulting output cost information are probabilitistdbutions of the total system
support costs and the computation of the averagecssts (maintenance, inventory
holding, and infrastructure) comprising the syssimpport cost.

Chapter 3 describes simple test cases used to dtnawenthe capabilities of the
EOR/EOM model followed by a case study including antual legacy electronic

system.
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Chapter 3 EOM Case Study

In order to demonstrate the model and exerciseambilities, several simple
example cases (drawing from same and separate tomes) were developed,
followed by a case study using an actual legacgt®eic system. The system used
in the case study is comprised of unique cardd) eard containing unique parts and
historical part failure histories. The objectivé the case study is twofold: 1) to
demonstrate the capabilities of the EOR/EOM modhel a) to observe the legacy
system sustainment and support cost ramificatioreugh a composition of different
scenarios (i.e., "what if" situations including pdrarvesting or immediate first
failures for no-failure obsolete parts). The twm@e example cases demonstrating

the capability of the EOR/EOM are first presente&®ections 3.1 and 3.2.

3.1 Simple Example Case Drawing from the Same tamen

The following example case is comprised of two gafat appear on two
different cards. There is only one instance ohegaart located on each card and one
instance of each card within the system (i.e., eéhare four unique parts in the
system). Both cards draw their part spares from shme inventories. The
reliabilities for each unique part that comprise gystem are shown in Table 3.1
(fixed values are assumed for the simple exampé&es)a The number of spares
associated with both types of parts are shown elra.2. The electronic system is
assumed to always be operational (8,760 hoursema),yand it is assumed there is no

degradation or inspection of the inventory.
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Table 3.1 Part Time-to-Failures for Simple Exampéses
Sample Card 1 Sample Card 2

Part 1 | 350 operational houpd00 operational hours
Part 2 | 100 operational hour275 operational hours

Table 3.2 Number of Part Spares for Sample Exa@pke 1

Inventory 1
Part 1 10
Part 2 9

The simple test case is divided into three sepaantdyses (see Sections 3.1.1
through 3.1.3). The simulation of each analysieisinated with the occurrence of
the first EOM event for the system. The first gs& examines the simple case using
the inventory of part spares from Table 3.2. Tkeoad analysis introduces an

inventory of spare cardbat are used when part spares have been deplétedthird

analysis introduces the implementation of part ésting with the previous analysis

(described in Section 3.1.2).

3.1.1 Simple Example Case Results Without SpardsG&ame Inventory)

The part spares depletion for this example cas@asvn in Fig. 3.1. The results
from the case show that the system is capableinflsipported for 800 operational
hours. The first EOM event occurs for Part 2 fr&ample Card 1 (based on the
observed forecasted demands), and first EOR ewsnir® for Part 2 from Inventory

1 at 700 operational hours.
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Fig. 3.1 Part spares depletion for example in $ac3il.1

3.1.2 Simple Example Case Results Including SpardsgSame Inventory)

The second analysis introduces an inventory ofespards for each card within
the system. There are six spare cards for reglasample Card 1 and three spare
cards for replacing Sample Card 2; these spares capdace the existing card when a
spare part cannot be located to replace its fadednterpart. The part spares
depletion for this example case is shown in Fig. 3 he results from the sample case
show that the system is capable of being suppdaiedl25 operational hours. The
first EOM event occurs for Part 1 from Sample Cardbased on the observed
forecasted demands). The two EOR events that @zeupy Part 2 from Inventory 1
and by Part 1 from a spare card inventory at 700 &025 operational hours,

respectively.
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3.1.3 Simple Example Case Results Including Spards€Cand Part Harvesting
(Same Inventory)

The third analysis introduces the action of haingstparts during card
replacements. The remaining life of the harvepid is preserved, and the harvested
part is used towards replacements after the invenbd spare cards have been
depleted. The part spares depletion for this examgse is shown in Fig. 3.3. The
results from the sample case show that the systerapable of being supported for
1463 operational hours. The first EOM event ocdardPart 2 from Sample Card 1.
The EOR event that occurs is by Part 2 from itsvésted inventory at 1400
operational hours. The analysis is the same atio8e8.1.2; however, parts are

harvested from cards that are replaced insteaurofvh away.
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Fig. 3.3 Part spares depletion for example in $ac3i1.3

3.2 Simple Example Case Drawing from Separate hovies

The following example case is comprised of two gafat appear on two
different cards. There is only one instance ohegaart located on each card and one
instance of each card within the system (i.e., eéhare four unique parts in the
system). Sample Card 1 draws its part spares &onmventory labeled "Inventory
1" and Sample Card 2 draws its part spares fronmantory labeled "Inventory 2".
The reliabilities for each unique part are showTable 3.1. The number of spares
associated with both types of parts are shown elra.3. The electronic system is
assumed to always be operational (8760 hours ) ged it is assumed there is no

degradation or inspection of the inventory.
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Table 3.3 Number of Part Spares for Simple Exaralse 2

Inventory 1| Inventory 2
Partl | 6 4
Part2 | 4 5

The simple test case is divided into three sepaantdyses (see Sections 3.2.1
through 3.2.3). The simulation of each analysierisinated with the occurrence of
the first EOM event for the system. The first gs& examines the simple case using
the inventory of part spares from Table 3.3. Tkeoad analysis introduces an
inventory of spare cards that are used when paresphave been depleted. The third
analysis introduces the implementation of part éstimg with the previous analysis

(described in Section 3.2.2).

3.2.1 Simple Test Case Results Without Spare {8ejsrate Inventories)

The part spares depletion for this example caséasvn in Fig. 3.4. The results
from the sample case show that the system is ocapabbeing supported for 500
operational hours. The first EOM event occursHart 2 from Sample Card 1 and the
two EOR events (Part 2 from Inventory 1 and Pdrbin Inventory 2) that occur at
400 operational hours. The part spares depletorhis example case is shown in
Fig. 3.4. It is also observed that Part 1 from SlanCard 2 has an EOM event at the

same time as Part 2 from Sample Card 1.
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Fig. 3.4 Part spares depletion for example in $ac3i2.1

3.2.2 Simple Test Case Results Including Sparesd&eparate Inventories)

The second analysis introduces an inventory ofespards for each card within
the system. There are six spare cards for reglasample Card 1 and three spare
cards for replacing Sample Card 2; these spares capdace the existing card when a
spare part cannot be located to replace its falednterpart. The part spares
depletion for this example case is shown in Fi§. 3 he results from the sample case
show that the system is capable of being suppdaie800 operational hours. The
first EOM event occurs for Part 1 from Sample Card The two EOR events that
occur are by Part 2 from Inventory 1 and by Pdrbfn a spare card inventory at 400

and 800 operational hours, respectively.
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3.2.3 Simple Test Case Results Including Spare<Camnd Part Harvesting (Separate
Inventories)

The third analysis introduces the action of halngstparts during card
replacements. The remaining life of the harvegtad is preserved and the harvested
part is used towards replacement after the invgntidr spare cards have been
depleted. The part spares depletion for this exammgse is shown in Fig. 3.6. The
results from the sample case show that the systerapable of being supported for
1,214 operational hours. The first EOM event osdar Part 1 from Sample Card 2.
The two EOR events that occur are by Part 1 frenhérvested inventory and Part 2
from its harvested inventory at 1,142 and 1,182atpmenal hours, respectively. The
analysis is the same as Section 3.2.2; howeves pee harvested from cards that are

replaced instead of thrown away.
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3.3 Case Study Description

The previous section presented a very simple t&st ¢o demonstrate the basic
operation of the model. This section presentssa study for a real system.

The legacy system under investigation contains@l¥ jnstances of 70 different
cards totaling 4.5 million unique obsolete pariach card has a unique number of
fielded units and a number of available spare cémddraw from. The provided
legacy system was introduced in 1993 and the stedil@nalysis begins on January 1,
2011. The legacy system is tracked for 1,000 satedl system life histories for each
test-case scenario in order to construct probgigtributions of the EOM dates and

observed support costs.
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The case study assumes that all obsolete !pdrsm each card are modeled
independently from their part failure distributioasd are based on the observed
historical failure data of the part. Furthermdtes entire system is assumed to have
been fielded on the same date, and no additiorstamees of the system are
manufactured or fielded at later dates. This malyaiways be the case as certain
instances of the system may be requested or fieddelier than others or system
requirements or specifications may change resultingequested alterations to the
system. It is also possible that some instanceth@fsystem could be retired at
specific dates before the EOM is reached. Theesyst assumed to remain fully
operational throughout each year (8,760 hours mar)yand is included in the
analysis.

This case study assumes that there are no periodentory inspections, no
degradation, and no infrastructure costs. Theiogsits for the case study (discussed
in Sections 3.4.1 through 3.4.3) can be seen neTa 4.

Table 3.4 Cost Analysis Inputs for Case Study

Administrative cost of a draviGa ($ per draw) 1.5
Replacement cost of a dra@g ($ per draw) 5

Part inventory cosCp ($ per part per year) 5
Harvest inventory costCy ($ per harvested pajt

per year) 25

Card inventory cosCc ($ per card per year) 20
Unusable part disposal co§p ($ per part) 0.5

Cost per refrestCpr ($) 1,500,000
Discount rateR 3%

Base year for money, 2011

19 This statement excludes obsolete parts with nerwksd failure history and obsolete parts that have
significant (hundreds or more) observed failurethwight censoring (i.e., some part failures hawge n
occurred and are unknown).

62



It is assumed that these "per-action" support caststhe discount rate and base
year are treated as constants (no uncertainty)tlaeyl do not change values with

respect to time or any other parameter.

3.3.1 Solution Convergence

How many life histories need to be considered ideorfor the solution for the
population to be accurately represented? Typicdhg EOR/EOM model tracks
EOR and EOM dates for electronic systems for 1,0@Ohistories. Is 1000 life
histories enough? Alternatively, due to the comipyeof the case study system (4.5
million unique parts modeled), the analysis takemasiderable amount of time to
perform, we do not wish to run more life historibsan necessary. Therefore, we
wish to find the number of simulations where thalgsis converges to an EOM
result that is accurate enough.

Figure 3.7 shows the average predicted EOM datefaaction of the number of
life histories included. The case study systeneappto converge to an approximate
steady-state solution around 250 simulations as se€ig. 3.7 (and retain all of its

possible EOR and EOM part-card combinations).
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Fig. 3.7 Convergence of average EOM date for case 1

Additionally, there are well-define stopping criteffor Monte Carlo analyses
based on the allowed standard error for the md&8dre standard error of the mean is

given by,
p= (%)2 (3.1)

where,
s = population standard deviation

n = population mean
p = sample size
z,,,= z-statistic for two-tailed level of confidence

e= standard error of the mean.
If we allow for the stopping criterion for analyssbe when the standard error of the

mean is less than 1% (e equals 0)0a 95% level of confidence £0.05), and using

64



our test case 1 results (see Section 3.4.1), thaireel sample size is only 181 life
histories. Therefore, we can conclude that tragkime case study system for 500 life
histories is acceptable for the allowed level offadence and standard error of the

mean for EOR and EOM analysis.

3.4 EOR and EOM Test Cases

The legacy system was examined using five differeahagement assumptions
representing "worst-case" and "best-case" scenaioke incorporating the use of
part harvesting towards system sustainment. Tést-tase' scenario assumes that
parts with no previous observed failure historyhiitthe system never fail, and are
not considered during EOR/EOM analysis. This aggion may be valid depending
on the nature of the system and when the legadgmywas introduced (i.e., elapsed
time without observed failures). The "worst-case&nario assumes that parts with
no previous failure history experience their fiigture immediately at the beginning
of the analysis, and then their failure distribotcare synthesized according to the
single observed failure. Each test case was tdaéde 500 system life histories
(based on the converged solution presented in@e8tB.1) to construct probability
distributions of EOM dates. The analysis ignoretdtg that were deemed non-
obsolete, and inventories of spare cards were dieduin all test cases and used

before inventories of accumulated harvested pagte wonsidered.
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Fig. 3.8 Legacy system test cases

The first three test cases were analyzed to sutaisystem until the first EOM
date for the entire system (first instance thaa gemand could not be fulfilled from
available inventories) was reached. Test caseslbaustain the system until one of
two conditions was either met: 1) Run the simutatimtil every card type within the
system has observed its first EOM date or 2) Rensimulation until the year 2050
has been reached. In both test cases 4 and firstheondition was never met so the
simulation ran to 2050 and recorded the EOM eventi that time. Test cases 4 and
5 were also ordered to organize EOM events anduledéc associated means and
probabilities on a card-level rather than systewelle This means that probability
distributions of EOM dates were analyzed by indinad cards rather than as a

representation of the entire legacy system (byravfleccurrence).

3.4.1 No Failure of Non-Failed Parts and No Harwegt(Test Case 1) Results

The results for the first test case can be seé&igs 3.9 and 3.10. The mean time
to the first EOM date for the system was approxatyat7.5 years (2028.5). The left
side of Fig. 3.9 shows a distribution of the fiEXDM dates for the legacy system. On
the basis of running 500 system life histories,ftll®wing statement conclusions can

be drawn:
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50% probability that at least one instance of thstesn will be
unsupportable by 2028

95.4% probability of all instances of the systermfgesupportable to 2028
100% probability that at least one instance of #ystem will be

unsupportable by 2029

The right side of Fig. 3.9 shows the most probalaleses of EOR/EOM events.
The part that is most likely to result in the fimtdered EOM is part 6763-24 from
Card 63 (81.6%) with a mean EOM time of 17.5 cadéengears. This probability
demonstrates that 408 out of 500 life histories,@i63-24 parts from Card 63 caused

the first EOM in the system. The system suppostsare shown in Fig. 3.10.

[ Bar chat = [
Probablity Distribution
Part ID Card ID Mean EOM Time Probability
Mean = 17.49 6763-24 Card 63 2028.528 81.6%
Standard Deviation=0.19
Confidence  EOM Date Less Than 5004-02 Card 61 2028.496 11.6%
I (Tadvears 4000-44 Card 30 2027.82 3.6%
30 % 17.47 Years
£ 40% 175 Years 6006-51 Card 41 202812 3.2%
& 50 % 17.52 Years
E 60 % 17.53 Years
0% 1755 Years
80 % 17.58 Years
90°% 1762 ears Part ID Repair Action Mean EOR Time Probability
4000-44 RPB Inventory 2025.311 66.4%
mmmmmmmmmmmmm 6763-24 RPB Inventory 2020.11 16.0%
CECEEEEEREEREREEEEES 6006-51 RPB Inventory 2025.719 8.4%
Calenuar fears to EOM 1788-63 RPB Inventory 2024.618 4.8%
4000-44 Card Stock 2027.799 2.8%
OK Print Help 6006-51 Card Stock 2027.744 1.2%

Fig. 3.9System-level EOM distribution (left), EOM resultsf right), and EOR
results (bottom right) for case 1
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0% $9,700,503
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a0 % $8,728,213 Close | [Caicuiaie}] Print | Calendar Date: 20220 | Mean Total Cost: 7,136,613

Total Cost

Invertary Holding Cost Statistics
PartInventory Costs (Red)= 8,896,165 (92 %)
Spare Card Inventory Costs (Orange) = §731,704 (8%)

Fig. 3.10 System support cost distribution (left)mulative total cost (top right), and
inventory holding costs (bottom right) for case 1

The system support costs totaled, on average, ®dlion for supporting the
117,000 instances of 70 different cards for 17 &ye The system support cost could
cost as little as $9.4 million, or as much as $8iBion. The cumulative total costs
(top right) for each life history are shown in FB10, where the highest total cost
observed was approximately $9.8 million. The irteey of spare parts accounts for
92 percent of the inventory holding costs, while thventories of spare cards only

account for the remaining 8 percent.
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3.4.2 Immediate First Failure of Non-Failed Paaisd No Harvesting (Test Case 2)
Results

The results for the second test case can be sddgdan3.11 and 3.12. The mean
time to the first EOM date for the system was apinately 17.5 years (2028.5).
The left figure shows a distribution of the firdDM dates for the legacy system. The
right side of Fig. 3.11 shows the tabulated resoiltthe six most probable causes of

EOR/EOM events in the system.

[ &flEarChart =2 Part ID Card ID Mean EOM Time Probability
Probablity Distribution
6763-24 Card 63 2028.539 82.8%
Mean= 1751 5004-02 Card 61 2028522 12.4%
Standard Deviation = 0.21
4000-44 Card 30 2027.61 2.4%
Confidence EOM Date Less Than
10% 17.42Ys
el 15 45 oo 6006-51 Card 41 2028.171 2.0%
. 30% 17.48 Years
z W 1751 Years 4000-44 Card 57 2028.408 0.4%
g 50 % 17.54 Years
2 60 % 17.56 Years
o« 70% 17.58 Years
80 % 17.6 Years Part ID Repair Action Mean EOR Time Probability
90 % 17.62 Years
4000-44 RPB Inventory 2025.208 63.2%
6763-24 RPB Inventory 2020.06 16.0%
mmmmmmmmmmmmmmmmmm 6006-51 RPEB Inventory 2025.79 1.2%
e N N 1788-63 RPE Inventory 2025.018 4.4%
Calendarvears to EOM 4000-44 Card Stock 2027.957 3.2%
6006-51 Card Stock 2028.117 2.0%
OK )\ Print | Help |

Fig. 3.11 System-level EOM distribution (left), EOfgsults (top right), and EOR
results (bottom right) for case 2

The first EOM date does not decrease due to thestvoase” assumption for
obsolete parts with no failure histories. The sgrag-card combinations cause the

EOM date to be reached.
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Invertary Holding Cost Statistics
PartInventory Costs (Red)= 8,896,165 (92 %)
Spare Card Inventory Costs (Orange) = §731,704 (8%)

Fig. 3.12 System support cost distribution (left)mulative total cost (top right), and
inventory holding costs (bottom right) for case 2

The system support costs totaled, on average, $@l®n for supporting the
117,000 instances of 70 different cards for 17 &ye The system support cost could

cost as little as $9.4 million, or as much as $8ilion.

3.4.3 No Failure of Non-Failed Parts and Harvest{ig@st Case 3) Results

The results for the third test case can be sedfigs 3.13 and 3.14. The mean
time to the first EOM date for the system was appnately 17.8 years (2028.7)—
resulting in a quarter-year gain, on average, stesy sustainment due to the action of

harvesting of parts.
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Sonfience EOM Date Less Than 5004-02 Card 61 2028.795 78.8%
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Cal s 1o Harvest EOM 1788-63 RPB Inventory 2025.062 4.8%
4000-44 Card Stock 2027.654 1.6%
6006-51 Card Stock 2028.115 1.2%
[ OK Print Help |

Fig. 3.13 System-level EOM distribution (left), EQfglsults (top right), and EOR
results (bottom right) for case 3

The same parts cause the first EOM event, even wiah harvesting is
implemented. One of the part-card combinations ¢hased the first EOM event in

the previous cases is now delayed.
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Fig. 3.14 System support cost distribution (left)mulative total cost (top right), and
inventory holding costs (bottom right) for case 3

The system support costs totaled, on average, $hblidn for supporting the
117,000 instances of 70 different cards for 17 &ye The system support cost could
cost as little as $13.6 million, or as much as $fillion. The inventory of spare
parts accounts for 59 percent, the inventoriepafescards account for 5 percent, and
the inventory of harvested parts accounts for teeaining 36 percent of the

inventory holding costs.

3.4.4 Immediate First Failure of Non-Failed PartscaBNo Harvesting (Test Case 4)
Results

The fourth test case initiates the change in apalysThe analysis ran until the
year 2050, tracking all EOM events observed. TEREREOM model also can track

specific cards through the system support life shgvhow the fielded number of
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cards is removed over time due to EOM events. hiB&t¢he tracked cards shown in
Fig. 3.15 become fully unsupportable (all fieldeatds are removed due to the failure
of meeting part demands) by specific calendar datdé® card-level EOM results for
the fourth test case can be seen in Fig. 3.16. stibport loss rate of different cards
can also be obtained based on the information ayspl in Fig. 3.16. The support
loss rate for Card 4 from its first EOM date to ew@ing fully unsupportable is 6.3

calendar years, an average of 15.7% unsupportablegtendar year.

| %) Card Population Chart RIS X

Card Population Chart

o
o

Simulation ended
at 2050.0

@
o

@
o

40
In 2050 (end of simulation)

Percentage of Unsupportable Cards

Date assembly reaches 100%
20 First EOM Assembly unsupportable

Card 4 20323

5 4
Yorto 20260 20410 Zosen | oud LS 20366
Time (calendar years) Card 24 2044.9
Card 16 20459

Close

Fig. 3.15 Card-level support tracking and loss

The left figures in Fig. 3.16 show the card-lev@M probability distributions for
specific cards in the legacy system. The tabléhenright side of Fig. 3.15 shows a
list of the cards within the legacy system thatesbed at least one EOM event up
until the calendar date (2050) when the simulati@s terminated for a number of
simulated life histories. It was shown that 41heff 70 cards in the legacy system (22
shown in Fig. 3.16) exhibited first EOM dates pritr 2050, and probability

distributions for each card that experienced EONIlwa provided.
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Fig. 3.16 Card-level EOM distributions (left) an®@® results for case 4 (right)

3.4.5 Immediate First Failure of Non-Failed PartschHarvesting (Test Case 5)

Part ID Card ID Mean EOM Time Probability

3002-89 | Card1 2038.93 100.0%
2000-04 | Card 2 2033.677 100.0%
8971-33 | Card 3 2040.943 100.0%
3834-35 | Card4 2029.941 100.0%
1313-88 | Card 5 2033.624 100.0%
0048-02 | Card 6 2034.917 100.0%
5025-07 | Card7 2037.781 48.8%
7979-66 | Card8 2035.702 100.0%
3985-00 | Card9 2039.394 100.0%
8282-04 | Card 10 2035.365 100.0%
5362-13 | Card 11 2029.686 40.8%
9398-55 | Card 12 2048.817 86.4%
1723-00 | Card 13 2034.625 100.0%
6347-27 | Card 14 2048.333 78.4%
6763-24 | Card 15 2033.515 100.0%
5004-02 | Card 16 2032.438 100.0%
5322-78 | Card 17 2033.583 100.0%
5890-74 | Card 18 2030.658 100.0%
6006-51 Card 22 2034.376 100.0%
3118-66 | Card 23 2035.823 100.0%
4000-44 | Card 24 2028.473 100.0%
4000-60 | Card 25 2037.753 100.0%

Results

The results for the last test case can be seengin3FEL7, the only difference
between cases 4 and 5 being the inclusion of pavelsting. The case 5 results differ
from case 4 in that 22 of the 70 cards in the lggystem exhibited first EOM dates

prior to 2050. The implementation of part harvegtielayed the EOM dates for 19

cards past the year 2050.

The common result is that part harvesting allowschrd-level EOM dates to be
delayed for significant periods of time. This résuay not always be the case and

depends on many different factors including thetgyafailure distributions and
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whether critical parts that cause card-level EOMmes appear on multiple cards
within the legacy system. In addition, the actioh harvesting parts may not
significantly delay card-level EOM dates when faed@th high-failure parts (due to

excessive number of demands at a given time akdlesupply).

e ===

I™ Provabiyypistribuion | Part ID Card ID Mean EOM Time Probability
) 3687-32 | Card 1 2040.258 100.0%
i 2000-04 | Card2 2034572 100.0%
5362-13 | Card 3 2042.956 100.0%
£ 6006-51 | Card4 2041.642 95.0%
2 1628-68 | Card5 2035.631 100.0%
1438-85 | Card 6 2039.244 100.0%
|I| 4022-14 | Card7 2042.208 95.0%
5503-89 | Card8 2038.164 100.0%
3985-00 | Card 9 2042.335 95.0%
1% 9074-13 | card 10 2039.843 100.0%
6262-95 | Card 11 2043.962 100.0%
imtars Devaton =0 3035 9398-55 | Card 12 2049.859 43.7%
1723-00 | Card 13 2031.952 18.0%
: 6347-27 | Card 14 2048.018 100.0%
g 3798-05 | Card 15 2034.301 100.0%
5004-02 | Card 16 2032.5587 100.0%
1818-11 | Card 17 2034437 100.0%
- = 2008-84 | Card 18 2038.71 83.0%
PEMPOER CoA 6006-51 | Card 22 2036.528 100.0%
8897-53 | Card 23 2034.627 40.3%
4000-44 | Card 24 2028.78 98.7%
4000-60 | Card 25 2047.68 52.6%

Fig. 3.17 Card-level EOM distributions (left) an@® results for case 5 (right)

3.5 Selective Design Refreshes To Maximize SysistairBnent

As previously mentioned in Chapter 1, a designesgfrrefers to the replacement
of one or more obsolete parts with non-obsoletéspan order to keep the system
sustainable. In this section, a sensitivity analys conducted for the previous test

cases 1-3 (see Sections 3.4.1 through 3.4.3) terrdete the additional system
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support life gained from design refreshing indiatiicards in the system. The

completion dates for the individual card refrestogeach case were determined from
their respective EOM date probability distributigisee Section 3.4.1 through 3.4.3).
The completion dates for the selective card refresdre implemented to occur prior
to the earliest EOM date observed for the respedtst case (i.e., the earliest EOM
date observed for case 1 was 2027.9, and the iselelgsign refreshes for case 1 are
assumed to be complete in 2027). This assumptigrlements design refreshes at
the latest possible time—resulting in cheaper (obshoney) design refreshes, and
the possibility of refreshing additional obsoletatp that may become obsolete over
the support life of the system (see Section 5.2.4he completion dates for the

individual card refreshes for cases 1-3 are showfable 3.5.

The individual cards chosen for design refreshes dach test case were
determined first by the identified cards that ptiedly caused the first EOM date for
the system (for test cases 1 and 2). Additionadlsavere also chosen and tested
individually when they were identified to cause tinst EOM date for the system as a
result of implemented individual card refreshegle&tive design refreshes for case 3
included testing all cards within the legacy systasiharvested parts can potentially
be used to support other cards in the system. r@$dts for each test case and their
selected cards are seen in Figs. 3.18 through 3.ZBe results shown include
individual refreshes for which there was a statadtidifference among the means
between the individual card refresh first EOM dated the first EOM date from each

test case from Sections 3.4.1 through 3.4.3.
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The two-sided hypothesis testing is given by,

where,

Ho = null hypothesis

H, = alternate hypothesis

Ho: br= Tc

Hi: br T1cC

pr = population mean for a selected design refresh

(3.2)

(3.3)

tc = population mean for the associated test casd€nign refresh).

The EOM date probability distributions were assuntedapproximate normal

distributions based on the Central Limit Theorenhmioh states as the sample size

becomes larger, the population frequency distrdvutiapproximates a normal

distribution. A confidence level of 95% £0.05) was used for each investigated

case, and the selected refreshes that were shola s$tatistically different (able to

reject H) are shown in Figs. 3.18 through 3.20.

Table 3.5 Completion Dates for Implemented Indigid0ard Refreshes

Case # Card Refresh Completion Date
1 2027
2 2027
3 2028
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Fig. 3.18 System support life gained from indivibcard refresh, case 1

The results from case 1 show that there were fodividual cards that had a
statistically different mean system support lifa diesign refresh compared to case 1.
The best candidate for design refresh was Cardréftigg, on average, a system

extended life of 0.22 years.

0.18

0.16 1
0.14 4
0.12 q

0.1
0.08 1
0.06
0.04 1

E— —

Card 63 Card 41 Card 30
Selected Card Refreshes

Average Years Gained from Refresh

Fig. 3.19 System support life gained from indivibcard refresh, case 2

The results from case 2 show that there were timdigidual cards that had a

statistically different mean system support lifa diesign refresh compared to case 2.
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The best candidate for design refresh was CardréBtigg, on average, a system

extended life of 0.16 years.

0.2

0.18 A
0.16 -
0.14
0.12

Average Years Gained from Refresh

0.02 - ’—‘
0 T

Card 61 Card 41 Card 57

Selected Card Refreshes

Fig. 3.20 System support life gained from indiviblcard refresh, case 3

The results from case 3 show that there were tim@igidual cards that had a
statistically different mean system support lifa diesign refresh compared to case 3.
The best candidate for design refresh was Cardrédtigg, on average, a system

extended life of 0.19 years.

3.6 Design Refresh Planning For System Sustaintodfind of Support

Another capability that may be concluded from th@REEOM model is the
generation of a design refresh plan of selectedsctar ensure system sustainment to a
specific date. In this context, the EOR/EOM maasdumes that a design refresh is
completed for an individual card on the date thas necessary(i.e., the first EOM
date for that particular card) and records the detad date of the refresh and the
identity of refreshed card. The following analysssume a maximum of one design
refresh per type of card—all the obsolete partsh@npopulations of the refreshed

card are removed and excluded from the analysisalfotimes after the refresh is
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completed. The EOR/EOM model was used to deterrdesgn refresh plans to
ensure system sustainment until the year 2050 Herfirst three test cases. The
refreshes during design refresh planning are assumée completedjust-in-time"
on the earliest EOM date associated with each typeasfl. This assumption
implements design refreshes at the latest possibke—resulting in cheaper (cost of
money) design refreshes, and allows for desigreséfiplanning (design refresh as
needed) rather than selectively entering designesbés at specified dates (see
Section 3.5)

The results from case 1 show that there were, @mage, 10 individual cards
generated in the design refresh plan to ensuremyststainment to the year 2050.

The design refresh plan and a probability distidoutof completion dates for

individual refreshed cards are shown in Fig. 3.21.
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Fig. 3.21 Design refresh plan (left) and completfidesh date distribution (right),

case 1l

The results from case 2 show that there were, @nage, 39 individual cards
generated in the design refresh plan to ensuremyststainment to the year 2050.

The design refresh plan is seen in Fig. 3.22The introduction of the immediate
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failure of obsolete parts with no failure historied to the increase in the failure of
the additional cards prior to 2050, requiring thienbe design refreshed. The number

of EOMs (generated design refreshes)

Mean Refresh Mean Refresh

Card ID Time Probability Card ID Time Probability

Card 4 2038.912 100.0 | Card 64 2048.25 814
Card 59 2033.677 100.0 | Card 63 2033.489 100.0
Card 14 2040.466 100.0 | Card 61 2032.457 100.0
Card 18 2033.599 100.0 | Card 39 2030.75 100.0
Card 50 2040.971 100.0 | Card 31 2030.381 100.0
Card 12 2032.647 100.0 | Card 32 2030.402 100.0
Card 41 2029.366 100.0 | Card 54 2033.627 100.0
Card 22 2033.541 100.0 | Card 15 2037.023 100.0
Card 21 2037.006 100.0 | Card 57 2030.038 100.0
Card 42 2029.573 100.0 | Card 29 2030.146 100.0
Card 48 2043.173 100.0 | Card 30 2029.469 100.0
Card 3 2035.692 100.0 | Card 40 2030.255 100.0
Card 25 2032.863 100.0 | Card 20 2048.438 72.6
Card 24 2035.141 100.0 | Card 1 2042.682 100.0
Card 49 2035.341 100.0 | Card 19 2033.759 100.0
Card 13 2029.627 100.0 | Card 17 2034.596 100.0
Card 55 2037.562 100.0 | Card 16 2034 .445 100.0
Card 62 2034.602 100.0 | Card 21 2039.545 100.0

Fig. 3.22 Design refresh plan, case 2
The results from case 3 show that there were, @nage, 22 individual cards
generated in the design refresh plan to ensuremystistainment to the year 2050.
The design refresh plan and a probability distidoutof completion dates for
individual refreshed cards are shown in Fig. 3.2Bhe implementation of part

harvesting reduced the required design refreshfplacase 2 by 17 cards.
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Fig. 3.23 Design refresh plan (left) and completfdesh date distributions (right),
case 3

3.7 Summary of Case Study Results

Case study scenarios were presented to demonstratemethodology and
capabilities of the EOR/EOM model. The test cemenarios included results for an
actual legacy electronic system using the harvgsiinparts, immediate first failure
assumption for no-failure obsolete parts, and systestainment to a specified End of
Support date to track subsequent EOM events. Aersament of system support

costs for each of the five presented test casealsagperformed.
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The model predicted that the electronic system usdte case study would be
able to last, on average:
17.5 calendar years (best-case)
17.5 calendar years (worst-case)
17.8 calendar years (worst-case including partdsimg)

The immediate first failure assumption for no-felwbsolete parts did not reduce
the system support life capabilities, and the im@etation of part harvesting
extendedhe system support life by approximately 0.33 gearherefore, the activity
of part harvesting for the case study system regduh an extension of the overall
support life of the system by approximately 2 patce

The EOR/EOM model was then used to track subsedu@M events in order to
sustain the electronic system to the year of 209Me model predicted that the
system used for the case study would incur firsME€Yents, on average (appeared at
least 50% of the time), for:

41 individual cards within the system (worst-case)
22 individual cards within the system (worst-casluding part
harvesting)

In this test case, the implementation of harvestedyto an avoidance of 19
additional cards incurring EOM events by the ye@$®—showing that there is part
similarities among the cards within the electrasystem, and that part harvesting is a
viable tactic for delaying additional EOM events fystems whose cards have part

similarities.
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The EOR/EOM model was also used to observe thetsftd individual selected
card refreshes on system sustainment. The moedeicped that the system used for
the case study could extend its average first EQié Oy:

0.22 calendar years through refreshing Card 63-{tees®)

0.16 calendar years through refreshing Card 63qtacase)

0.19 calendar years through refreshing Card 61gtacase including part
harvesting)

The extension of the system support life is mosemked through the individual
card refresh of the Card 63 when part harvestingotsconsidered. However, the
system support life is most extended through thkévidual card refresh of Card 61
when part harvesting is used.

The EOR/EOM model was also used to produce desifyash plans, in order to
ensure system sustainment to a specified end gfosupgate. The model predicted
that design refresh plans to ensure system sustainumtil the year 2050 for the case
study system would include, on average (appearkhst 50% of the time):

10 individual card refreshes (best-case)
39 individual card refreshes (worst-case)
22 individual card refreshes (worst-case inclugag harvesting)

The implementation of harvesting led to an avoigaot 19 additional cards
incurring EOM events by the year 2050—showing ttiere is part similarities
among the cards within the electronic system, dnad part harvesting is a viable
tactic for delaying additional EOM events for syste whose cards have part

similarities. Design refresh planning (worst-cagelayed 2 EOM events (compared
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to worst-case of tracking subsequent EOMs to 209k to eliminating the
additional part demands via design refreshing.

In this chapter, the EOR/EOM model was used to meséhe legacy system
sustainment and support cost ramifications throagltomposition of different
scenarios (immediate first failures and part hamgs The results of the case study
showed that the support life of the system wasa\v@rage, 20 years. The assumption
of immediate failures lowered the average systeppan life by 2 years, while the
implementation of part harvesting extended theesgstupport life by approximately
2 years.

The EOR/EOM model was also used in conjunction with design refresh
concept to conduct a sensitivity analysis on thetesy to determine the individual
selected card refresh that would result in maxinaystem sustainment, and design
refresh planning to ensure system sustainmensfeaific date. The implementation
of design refresh planning delayed additional EOWtres that were observed in

similar test cases where no design refreshes vee u
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Chapter 4 Evaluation of Lifetime Buy Estimations to
Minimize Life-Cycle Cost

Lifetime buy is an obsolescence mitigation stratdwt refers to buying enough
parts from the original manufacturer prior to thgcdntinuance of the part in order to
support all forecasted future part needs throughmitsystem support life. This can
be challenging for system supporters as they meisthtle to predict how many part
spares will be needed to support their system Herremainder of its support life
(referred to as theotal quantity needeth this thesis) at the moment they make the
lifetime buy purchase. THgetime buy quantityr initial buy quantityis the quantity
of spares purchased at the time of the lifetime. buiietotal quantity needed the
guantity of spares required to support the futuaget meeds through the system
support life. Spares purchased at the lifetime d@m@yplaced in inventory for storage
until they are requested; however, the total gixangeded may be affected by spares
that may be removed from inventory for reasons rothan replacing failed parts
within the field (i.e., part degradation, schedulednufacturing demands, periodic
inspections, and testing as discussed in Sectijn 4.

The main questions that system supporters thinkloén considering lifetime
buys are, "What is the correct lifetime buy quantitat will meet my systems’
needs?* and "What is the total life-cycle cost associateith the lifetime buy
guantity that | purchase?". The procurement ofespearts is only the first step in
evaluating the total life-cycle cost associatedhwihe purchased spares; these

(purchased) parts must also be stored and heftventory and used.

' Note, the “correct lifetime buy quantity” is noemerally the same as the total part demand (even
with the extra parts needed to accommodate testiagradation, etc.). The correct lifetime buy
guantity is the quantity that minimizes the lifecteycost of the system.
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After the lifetime buy quantity purchase is receivehe parts are stored in
inventory until they are needed. Consequentlyetineay also be penalties for buying
more (overbuy) or less (underbuy) spares at tleéirtie buy than what is required to
support the system (see Fig. 4.1), resulting intextal costs to system supporters. If
the supporter should overbuy, the additional paudy simply be disposed. However,
if the supporter does not buy enough partthatlifetime buy (underbuy), the system
supporter will need to purchase the parts elsewaeeelater date (i.e., buying from

aftermarket sources) for a higher price.

Procure from aftermarket
source for higher price

e
L
) ’
S
Z Underbuy
_B\ ....................... Initial Buy Quantity
=
< Overbuy \
~
o '
= Dispose of surplus
N
@
= :
|
I
Lifetime Buy End of Support
Purchased

Time

Fig. 4.1 Penalty costs for underbuy and overbuy

The asymmetry of the penalties define a “newsvéndptimization problem.
The "newsvendor” problem [44] is a one-time bussnéscision that is applicable in
many different business contexts and has been drfuurover 100 years [45]. The
problem concerns a newsvendor who must order ngespdor the day. If the

vendor_orders too mamewspapers, some of the papers will have to lmavihaway
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or may even be sold as scrap paper. If the vedoes not order enougirewspapers,

some of the customers will be disappointed andssatel profit will be lost. The
problem is to find the optimal number of newspagerbuy that will maximize the
expected (average) profit given that the demanttilligion and cost parameters are
known. In the classically defined newsvendor peahl the penalties are symmetric
because papers that are purchased by the newsvdndonot sold cost the
newsvendor a different amount than demand for gajbeit the newsvendor could not
fulfill.

The application of classical newsvendor solutiamdifetime buys of electronic
parts has been discussed in [50]. There has &sn previous work done on the
lifetime buy problem which includes addressing t®blem from the buyer's
perspective [46] and the seller's perspective [48ng, et. al [48] extended the final
order model [47] and applied it to electronic palisolescence; however, these
models operate under a set of assumptions. Tmaiplg horizon for the final order
model [47] is divided into intervals of equal lehgvhere demand and supply are
allotted at the end of each interval. Additionalbpenalty costs are allocated at the
end of the intervals and inventory holding costs a@tocated at the beginning of the
intervals. The lifetime buy model proposed in thiesis is developed using a
discrete event simulation model where parts denaedndependently requested and
individual costs are allocated. Additional effoltave been made to investigate a
similar problem (referred to as the 'last buy peofs) to provide continuous-time
solutions for various cases involving no replenishim batch replenishment, and

incremental replenishment of spare parts [49]. Tlewing section discusses the
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development of a discrete-event simulation lifetitmey model for finding the
optimum lifetime buy quantity that minimizes thedllife-cycle cost associated with
the lifetime buy quantity given that the demandrdisition and cost parameters are

known.

4.1 Development of a Discrete Event Simulationtibifie Buy (LTB) Model

The development of the Lifetime Buy (LTB) model rate from the reverse
application of the EOR/EOM model and is also impated as a stochastic discrete-
event simulation. The LTB model tracks a fieldeghplation of a single part in order
to support its forecasted demands to a speckied of SupporDate defined as the
date when systems' operations are either discadion no longer required. In the
EOM problem, the model was developed to deterntieestipport life of the system
based on non-replenishable inventories of spares jgad cards. Instead of starting
with inventories full of parts and counting downztero, the LTB model starts with an
inventory containing zero parts and counts up basethe forecasted demands (see

Fig. 4.2) obtained from sampling the failure distition of the part.
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Fig. 4.2 Count up (lifetime buy) versus count dawnd of maintenance) of spares

The simulation adds a spare part to the inventdrgnwforecasted demand dates
are reached and terminates when all fielded systeave been sustained to the
specified End of Support date representing thd tpiantity needed for the system.
As previously mentioned, there are additional axtizvhere spares may be requested
outside of replacing failed parts within the fieldhe LTB model contains the same
events that prompt demands for parts as the EOR/E@ddel (see Chapter 2)
including:

Spares due to part failures
Part degradation in inventory (i.e., shelf life)
Periodic inspection and testing

Manufacturing demands (from a provided schedule)
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4.1.1 Scheduled Manufacturing Demands

The continuation of manufacturing new and additi@yatems can affect the total
guantity needed if the discontinued part in quest®included on the newly added
systems. These additional parts must be availablethe date the scheduled
manufactured systems are fielded. Additionallyesth fielded parts must be
represented with subsequent forecasted part demamisustained to the End of

Support date for determining the total quantitydeze

4.1.2 Retirement Schedules

The continuation of manufacturing new and additi@yatems can affect the total
guantity needed if the discontinued part in questgincluded on the newly added
systems. These additional parts must be availablethe date the scheduled
manufactured systems are fielded. Additionallyesth fielded parts must be
represented with subsequent forecasted part denammtisustained to the End of

Support date for determining the total quantitydeze

4.1.3 Lifetime Buy Problem Formulation

The total quantity needed (and total life-cycletsagssociated with the lifetime
buy quantity) for the lifetime buy problem can betetmined using the formulae
shown in equations (4.1) and (4.2):

n

fs(B) = - Q 4.1)
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where,

P | Procurement cost per part

Quantity of parts purchased at the
L; | lifetime buy

NRE | Cost of thath non-recurring cost

r Number of non-recurring costs

D;. | Difference in years betweeth and
Di.1 | previous maintenance event date

Quantity of parts added to inventory af
Qi | theith maintenance event

Lifetime buy quantity of parts stored in
LTB | inventory at theth maintenance event

Recurring cost of holding a part in
Ci | inventory to thath maintenance event

Number of maintenance events needegd
to support all fielded parts to end of
n | support date

Maintenance activity costs associated
M; | with theith maintenance event

Infrastructure costs associated with th
i ith maintenance event

11%
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Penalty costs associated with ttre
PN | maintenance event

R | After tax discount rate on money

Yo | Base year for money

Index used to identify a particular
k | constraint

K Number of constraints

Fp, | Number of fielded parts

The objective function,f3(f)) calculates the total quantity needed to sustan th

fielded systems to the End of Support date. Theable function is dependent on
E :[pl, : pm], which is the set of system parameters that desd¢hie system. The

parameters used in the total quantity objectivection include part reliabilities and

guantities, system support life duration and openat profile, and additional events
that request demands for parts (e.g., manufacturimgpections). Some of these
parameters are uncertain; however, everything esvknabout the behavior and range
of variation for each parameter. The system begirs specific start dat®§) and

progresses upon arriving &b, where prior to the event, the considered
constraingk(f)) equaledr, minus one, and by the end of the time stgp(f)) will
have been violated (equalifig at someDy,).

In equation (4.2) the objective functiorf,4(Ta) calculates the total life-cycle

costs associated with the lifetime buy quantitychased aD,. The expressions in
the equation represent the procurement cost, @mting costs, inventory holding

costs, maintenance costs, infrastructure costspandlty costs, respectively. This
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function, f4(f)), incorporates the same parameters as equationBbfh objective

functions are constrained in the same manner, \Blgetfee simulation is terminated
after all fielded parts of the system have beerased beyond the End of Support

date.

4.2 Inputs and Outputs of the LTB Model

The LTB model tracks a single population of fieldesits and accumulates the
number of spares needed to meet the systems’ desnuatitithe End of Support date
is reached representing the total quantity needdxd inputs of the model include the
systems’ characteristics (part reliability, fieldgdantity, estimated initial buy or
lifetime buy), the simulation inputs (analysis daend of support date, and
operational profile), and the cost inputs discussedletail in Section 4.3. The
outputs from the LTB model (see Fig. 4.3) inclute total quantity needed and the
total life-cycle cost associated with the lifetitmgy quantity. The model accounts for
other activities (i.e., periodic inspection andtitey that may or may not demand
additional spares to be accumulated towards tla¢ qoiantity needed. However, this
guantity is not exactly the same each time the kitimn is conducted for a given set
of parameters—the output is represented as a piipalistribution of total needed
guantities(and probability distributions of the total liferade costs associated with
the lifetime buy quantitidsto account for inherent system uncertainties., (part

reliabilities).
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Associated with Lifetime Buy Quantity

Fig. 4.3 Inputs and outputs of the lifetime buy B)Tmodel

4.3 Implementation of Total Life-Cycle Costs Assecl with the Lifetime Buy
Quantity

The total life-cycle cost objective functionf4(f)), assesses life-cycle cost
associated with the spare parts purchased atf¢tienie buy. The total life-cycle cost

(C;.c) at any given time during the life history of tlsgstem is the sum of the
procurement cost,;), nonrecurring costsQ,xc), cost of maintenance activities
(Cy ), inventory holding costsQ,, ), infrastructure costsQ,, ), and penalty costs

(Coy)- The total life-cycle cost associated with tlifetime buy quantity can be
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calculated at any simulation time using (for a giMease year of money, and

discount ratdr),

Cric (Yo R) =Cor(Yy, R) + Cyre(Vy, R) +Cy, (V1, R) (4.3)
+ c:IH (yb’ R) + c:Inf (yb’ R) + c:PN (yb’ R)
Prior to accumulation, each cost is convertedsmét present valu&PV) based
on the current simulation time, the base year, diadount rate. Th&lPV of a cost
(Cy) at timet is given by,

_C
C, (NPV) g (4.4)

The total life-cycle costs associated with thetiifee buy quantity are then
accumulated after the net present value of eacitasiois calculated.

The procurement cost includes the costs associatidthe purchasing of the
parts. This cost is treated as a non-recurring gpBont at the analysis start date

(date the lifetime buy purchase is made). The efithe procurement cos€.;, is
calculated by multiplying the procurement cost part, ), and the lifetime buy
guantity, {;) as shown:
Cer = PL, (4.5)
The non-recurring cost€;, ., are costs that are charged at the same timéhiat
lifetime buy is purchased. These non-recurring toare sub-divided into
test/screening G;s), packaging C.;), part qualification C.,), and supplier

qualification (Cg,) as shown:

CNRE = CTS + CPG + CPQ + CSQ (46)
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The maintenance activity costsC,,, include the costs associated with

administrative actionsG,), replacement¢y), disposal C, ), and inspection, )
as shown:
Cy =C,+C;+C,+C, 4.7)

Maintenance costs are accumulated as a resudt dikcrete event occurring.
Administrative costs are accrued from any typevang that occurs in the simulated
life history (part replacement, degradation, insijpe). Replacement costs are
accrued from corrective maintenance activities lgapg failed parts). Disposal
costs are accrued per part and occur with replaceraad removal of parts.
Inspection costs are added per part and are depeodeéhe number of parts that are
inspected within a specific inventory (additionalthe inspected parts may also be
disposed).

The inventory holding costs include the cost ofriap spare parts over time,
which is described in equation (4.2). The inventoolding costs are accumulated as
a result of time periods betweeliscrete events and account for the time a certain
guantity of items is held in inventory. The infragture cost, also described in
equation (4.2), is a recurring cost that represd@sasic organizational and physical
structures needed for systems' operations.

The penalty costsC.,, are recurring costs that incorporate the lifetibney

guantity initially purchased and the cumulativeatajuantity of parts throughout the
system field life. As previously mentioned, pepatbsts are sub-divided into two

types (both are $ per part): an underbuy penddfy Y and an overbuy penaltyC(;).

97



The overbuy penalty is charged at the end of theulsition if the lifetime buy

guantity is greater than the total quantity needElde penalty cost is as shown:
CPN = COB (QLTB - QTQN) (4-8)

where,

Q. = lifetime buy quantity
Qron = total quantity needed.

In the case of underbuy, the penalty cost is theatéd as a recurring cost that is

charged at thgh maintenance event and is shown as,
Cen, = (P+Cyg)(Qran; - Qura) (4.9)

where,

Qron, = cumulative total quantity at theh maintenance event.

The underbuy penalty is charged in addition to dhiginal procurement part price

and accumulates for each additional event wheregmegarts were not purchased at

the lifetime buy until all fielded parts are sustd through the&,, .

In this manner, the LTB model can use the totatdijcle cost associated with the
estimated lifetime buy quantity (assuming constatties for underbuy and overbuy
penalties) to find the optimun®, ;; that results in the minimal total life-cycle cost
associated with the lifetime buy quantity. Thisidae performed by choosing an
estimated lifetime buy quantity, running the sintiola to observe the total life-cycle
cost, and increasing or decreasing the estimatetirie buy quantity based on the

assumed penalties for overbuying and underbuyiagesparts.
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4.4 Lifetime Buy Case Study

The following case study demonstrates the capglufithe LTB model and how
it can be used to generate the optimum averagendgebuy quantity that results in a
minimal total life-cycle cost associated with trstimated lifetime buy quantity. The
system is composed of 1,000 fielded parts wheré eact is characterized by a 2-
parameter Weibull failure distribution (equals 2 and equals 35,000 operational
hours). The system receives their lifetime buychase on January 1, 2011, and the
system must be supported until January 1, 201% sSkstem is assumed to be fully
operational (8,760 hours per year). There is pagradation in the inventory—
assumed to degrade one part every 4,000 operattonals. Periodic inventory
inspections occur every six months and pull fivegp&om the inventory that are not
replaced. The cost inputs for the case study @sden in Table 4.1. The part
purchase price is for the date the lifetime buychase is made and assumed to be

received (January 1, 2011).

Table 4.1 Cost Analysis Inputs for Lifetime Buy €&tudy

Test/screen NRE cosErs ($) 7,000
Packaging NRE cos€pg ($) 15,000
Part purchase pric®, ($ per part) 25
Underbuy penaltyCyg ($ per part) 10(
Overbuy penaltyCog ($ per part) 2
Administrative cost of a dravGa ($) 2.5
Replacement cost of a dra@, ($) 13
Part inventory costi ($ per part per year) 1|5
Part inspection cosg, ($ per part) 8
Unusable part disposal co€lp ($ per part) 0.5
Discount rateR 5%
Base year for money, 2011
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It is assumed that these "per-action" costs (inolydiscount rate and base year)
are treated as constants and that they do not ehaalges with respect to time or any

other parameter.

4.4.1 Lifetime Buy Quantity of 2,000 Parts

The estimated lifetime buy quantity chosen at thalysis start date was 2,000
parts. The total quantity needed and total lifeleycost results can be seen in Table
4.2. The values in Table 4.2 represent averageesabf each cost over the total
number of simulated life histories (typically 1,086 conducted). The probability
distributions of the total quantity needed andltotest for the lifetime buy quantity of
2,000 parts are shown in Fig. 4.4. The total gtankeeded is independent of the
costs. The generation of the output probabilitytridbutions allows for statistical
interpretation of the collected results from eachutated life history of the system.
The total quantity required could range from aflelins 2,912 parts to as many as
3,066 parts and, on average, requires 2,993 parssigport the 1,000 fielded parts

within the system through January 2019.

Table 4.2 Cost Analysis Outputs for Lifetime Buys€&tudy (2,000 Parts)

Total quantity neederon 2,993
NRE costCnre ($) 22,000
Procurement cosCpr ($) 50,000
Inventory holding cosCi ($) 12,105
Administrative cost, Ca ($) 3,887
Replacement cost,Cr ($) 19,862
Disposal cost, Cp ($) 803
Inspection cost, C, ($) 512
Penalty costCpy ($) 83,795
Total costCric ($) 192,963
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Fig. 4.4 Total quantity needed and total cost ifetime buy of 2,000 parts

The levels of confidence associated with the outlad can also be extrapolated.
Based on the results, one could say they are 50%fdent that the total quantity

needed is less than 2,993 parts and will costthess$193,072.

4.4.2 Lifetime Buy Quantity of 3,000 Parts

The estimated lifetime buy quantity chosen at tha&lysis start date was changed
to 3,000 parts (to better reflect the average tpaaintity needed of 2,993 parts). The
total quantity needed and total life-cycle cosutsscan be seen in Table 4.3. The
values in Table 4.3 represent average values df east over the total number of
simulated life histories (typically 1,000 are conthd). The probability distributions
of the total quantity needed and total cost forlife®ime buy quantity of 3,000 parts
are shown in Fig. 4.5. The total quantity needethdependent of the costs. The
generation of the output probability distributicadbows for statistical interpretation of
the collected results from each simulation lifetdng. The total quantity required
does not change between the two test cases—the pambmeter that has been

changed is the lifetime buy quantity. All of thests (except for the penalty) increase
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due to the increase in the lifetime buy quantitprgf 2,000 to 3,000). The penalty
cost is much lower ($600 compared to $83,000) a@uéhé accurate lifetime buy
guantity chosen for supporting the system. Theagee total life-cycle cost was
reduced from $193,000 to $155,000. The accurétéinie buy quantity led to a
$38,000 cost avoidance in considering the lifetbog.

Table 4.3 Cost Analysis Outputs for Lifetime Buys€&tudy (3,000 Parts)

20 % 2,971
30 % 2,980
40 % 2,987
50 % 2,993
60 % 3,000
70 % 3,007
80 % 3,016
90 % 3,030

Probability
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Total quantity neede®@ron 2,993
NRE costCnre ($) 22,000
Procurement cos€eg ($) 75,000
Inventory holding cosiCi ($) 22,039
Administrative cost, Ca (3$) 5,552
Replacement cost,Cr ($) 28,517
Disposal cost, Cp ($) 1137
Inspection cost, C, ($) 523
Penalty costCpy ($) 626
Total costCric (%) 155,394
(&) Bar Chart Ll EU S (2] Bar Chan Tl ]

§154,697
$154,752
§154,808
$154,855
§154,927
§155,412
156,100
§157,256

Fig. 4.5 Total quantity needed and total costifetime buy of 3,000 parts

4.5 Finding the Optimum Lifetime Buy Quantity

As previously mentioned, the LTB model can be usegknerate lifetime buy

guantities that result in a minimal total life-cgaost associated with the lifetime buy
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quantity. Therefore, the LTB model can find theimpim lifetime buy quantity
(based on assumed constant underbuy/overbuy peEs)ahiat minimizes the total life-

cycle cost associated with the lifetime buy (see &i6).

When the underbuy penalty
is large, you do not want to
underbuy

510,000,000

—&—550/part penalty

|\\+55000/pa rt penalty
51,000,000

/ Minimum cost ~3100 parts

Total Cost ($)

I

°

$100,000 1‘
3059

2000 2500 3500

Buy Size

Minimum cost ~2995 parts

Mean demand = 2993
Fig. 4.6 Finding optimum lifetime buy quantity tlugh minimal total life-cycle cost
As the underbuy penalty increases, the minimuml tbte-cycle cost (and
optimum lifetime buy quantity) deviates away frorhettotal quantity needed.
Furthermore, if the underbuy penalty is small coragato other costs, then the
minimum total life-cycle cost (optimum lifetime bwguantity) approaches the total

guantity needed.
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Chapter 5 Summary and Contributions

End of RepaifEOR) is defined in this thesis as "the date thatlast repair or
manufacturing action associated with a part carsumeessfully performed.” EOR
dates are part-specific and may also be card-spéfca particular card can only draw
from a subset of the available inventories. SiryilaEnd of MaintenancéEOM) is
defined in this thesis as "the earliest date tHad\ailable inventories fail to support
the demand for one or more specific parts resultingpe loss of system operation.”
EOM events are caused by a specific part on afspeard.

This thesis described the development of a stoichdsicrete event simulation
EOR/EOM model, that follows the life history of agulation of parts and cards, and
determines how long the system can be sustainethi@w much it costs to sustain)
based on existing inventories of spare parts andscand optionally harvesting of
parts from existing cards to increase system supger The EOR/EOM model
describes the process of inventory depletion oftspaubject to DMSMS-type
obsolescence through system operation and trackE@R and EOM dates, the
critical parts associated with each EOR/EOM event the likelihood that these
EOR/EOM events will occur for the system.

Reversing the EOR/EOM modeling process, which drparss from inventories
until the inventories are exhausted, a lifetime lguyantity model that filled empty
inventories to support a system to a specified @nsupport date was formed form

the same simulation.
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5.1 Contributions

The research work presented in this thesis malkeftlowing contributions:

1)

2)

3)

4)

5)

Developed detailed definitions of End of Repair @Oand End of
Maintenance (EOM). Although general notions of E@RI EOM previously
existed, this thesis articulated detailed defimgidhat can be applied to actual
guantitative analysis.

Created a methodology for performing support lifad asupport cost
assessments for legacy systems composed of patteamds based on the
systems' existing inventories. This methodologythe first model to
specifically target the forecasting and analysissgétem-level EOR and
EOM.

Developed method for harvesting parts to furthagemed system support life
capabilities. This thesis is the first known wadkquantitatively model and
implement part harvesting (reclamation) activiteémed at electronic system
sustainment modeling.

Developed a methodology for design refresh plannimgensure system
sustainment to a specific end of support date. siBeity analyses using
individual card refreshes can also be performe@xamine effects on the
system support life.

Created a methodology for generating optimum hfietibuy quantities of

parts that minimizes the total life-cycle cost asat@d with the lifetime buy.
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5.2 Future Work

There are many directions that the current work lwarextended. These future
extensions for the EOR/EOM model (and LTB modetjude the treatment of non-
standard parts, part dependencies, inventory resplerent, planned obsolescence,

and End of Support uncertainty.

5.2.1 Non-Standard Parts

A major portion of the DMSMS-type obsolescence peob occurs for non-
standard parts within mission-critical systems. nitandard parts are parts that can
be used towards multiple applications—this makasking the use of these parts
difficult.  Non-standard parts include Applicatio8pecific Integrated Circuits
(ASICs) and altered or programmable parts. Nonested parts create two issues in
the analysis of End of Repair and End of Mainteeanc

1) The definition of obsolescence for non-standardsparunclear due to its
ability to be used towards multiple applicationd/hen do the inventories
of these parts become obsolete?

2) There may not be a one-to-one correspondence hetwer-standard
parts and the inventories from which they draw. Ithdle non-standard
parts may draw from a single inventory item, oireyle non-standard part

may need to draw multiple items from multiple intanes.

5.2.2 Part Dependencies

Part failures are presently replaced under thenaggaon that the system supporter

has perfect knowledge of the part that causeddleré. In some cases, the reason
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for the failure may be unknown, and groups of pansy need to be replaced to
eliminate the problem. Part dependencies may amargng parts (i.e., one part failure
might depend on four parts while another might depen two) and among cards
(i.e., the same part located on different cards heaxe different part dependencies)

but may not be linked to every failure that ocdorsa part.

5.2.3 Replenishment of Inventories via Afterma8airces

The EOR/EOM model follows the life history of a pdgtion of parts and cards
and determines how long the system can be sustdimasdd on existing non-
replenishable inventories of spare parts and cakiswever, parts facing DMSMS-
type obsolescence can be procured from aftermaikatces (for a higher price) to
replenish inventories of parts and further extemel support life capabilities of the
system. Multiple procurements for multiple partaynoccur at any time throughout

system sustainment.

5.2.4 Managing Parts with Forecasted Obsolescerme®

The EOR/EOM model simulates electronic system sustant when faced with
DMSMS-type obsolescence. The current model sttresobsolescence status of
unique parts as input parameters prior to analyiss-means that the forecasted
system support life and cost assessments are basad analysis of the parts that are
already obsolete at the start of the simulatioart Bbsolescence after the beginning
of the simulation could occur and could be modeledlectronic piece-part

obsolescence date forecasts are readily availaflbe challenge is in assuming
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(modeling) what inventories of those parts would fae¢ into place when their

obsolescence occurs.

5.2.5 End of Support Uncertainty concerning LifetiBuys

Lifetime buys are performed to ensure system susiant to a specified end of
support date. However, the end of support dateeidom known with complete
certainty and could incorporate a range of posgilslees—thereby have a dramatic
effect on the total quantity needed and affectimg aptimum lifetime buy quantity.
Currently, the LTB model treats the end of supmate parameter as a constant
value. The LTB model should represent the endupipert date as a probability

distribution of possible dates.
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Appendix — EOR/EOM Software User’s Manual

A.1 Introduction to the EOR/EOM and LTB Analysis Softed ool

This document is the user’s guide for the CALCE HOBM and LTB analysis
software tool. The EOR/EOM tool is a stochastsrtkte-event simulation that
follows the life history of a population of partscacards determines how long the
system can be sustained based upon existing imesitaf replacement of parts and
cards, and harvesting of parts off of existing sarth discrete-event simulation, the
operation of a system is represented as a chroealagequence of events. Each
event occurs at an instant in time and marks agdhahstate in the system.

The EOR/EOM simulator follows individual parts thigh their fielded lifetimes.
When a part fails, a maintenance event occursg(eithreplace the part or the card
that the failed part is located on). The simulagmds when the maintenance events
can no longer be performed based upon existingreplenishable inventories of
spare parts and cards. In order to capture unicgesin the characteristics of part
failures and in the uncertainties in the charasties of when the various maintenance
events take place, the simulator follows a popaiatf electronic systems through
several life histories and determines probabilisgributions of system the resulting
end of maintenance times.

The tool defines EOR and EOM as the following:

End of Repair(EOR): The date that the last repair or manufactuaction associated
with a part can be successfully performed.

End of Maintenance(EOM): The earliest date that all available inveigse fail to
support the demand for one or more specific padslting in the loss of system
operation

The user provides electronic system(s) informaitotie forms of unique part and
card characteristics as inputs to the tool. Foispaith failure history and where no
failure distribution is assigned to a unique pe, tool synthesizes part failure
distributions based upon past failure data andigesvthe user with probability
distributions for how long the systems can be sosthbased upon existing
inventories and the identification of particularfséards that are the root cause of
loss of system operations, as well as their frequeh occurrences (likelihoods).

The Lifetime Buy (LTB) simulator is the reverse-&pgtion of the EOR/EOM tool,
and is a stochastic discrete-event simulationdb&grmines the total lifetime buy
guantity needed to sustain fielded systems to eifspdate. The LTB tool can be
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used to find the optimum lifetime buy quantity tianhimizes the total life-cycle cost
associated with the quantity purchased at thariebuy.

The tool defines lifetime buy quantity and the tafaantity needed as the following:

Lifetime Buy Quantity(e.g., Initial Buy Quantity): The quantity of pagsarchased at
the lifetime buy.

Total Quantity Needed The quantity of parts required to support thefetpart
needs through the system support life.

The user provides demand distributions and lifetimg and cost inputs to simulate

the requirement for parts demand over the systgpastlife. The tool provides the

user with probability distributions of the totalaqpity needed and the total life-cycle
cost associated with the lifetime buy quantity.

IMPORTANT: The EOR/EOM and LTB functionality of the tool are separate,
i.e., you must choose to either run the tool in EOR/EOM mode or LTB mode
(but not both). Sections A.2-A.4 of this manual describe the EOR/EOM
operation of the tool, and Sections A.5-A.7 describe the LTB operation of the
tool. The mode (analysis type) in which the tool is run is selected by the
users when they startup the tool (e.g., see Figures A.2.1 and A.5.1).

A.2 EOR/EOM Tutorial

This tutorial includes loading system files inte tSOR/EOM tool, running the
EOR/EOM analysis, saving an EOR/EOM file, and logdain EOR/EOM file. This
tutorial assumes that the user is running an agipdic version of the tool and that the
user has the minimum JRE (Java Runtime Environmestialled on their machine.
This tutorial also assumes the user is runningCtheCE EOR/EOM software on a
PC running a Windows operating system, no atteraptideen made to adapt the
tool’s functionality for performance on other ptatins.

All fields and file formats are described in detnilSection A.3 of this manual.

A.2.1 Running the EOR/EOM Application

1) Start the EOR/EOM and LTB application by doublekiing on the
executable. At the "Choose Analysis Type" dialog,lchoose "EOR/EOM"
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and Select "OK". You should obtain an interfage lihe one shown in Fig.

| £/ End of Repair/End of Maintenance (EOR/EOM) Simulator = S
System Load & View rAnaIysis |/ Outputs |/ Solution Control
Welcome r BOM Load & View r Parts Inventory Load & View |
' |
| £| Choose Analysis Type @

Choose the analysis you want to perform EQR/EOM -

| OK H Cancel H Help | \

calce Center for Advanced Life Cycle Engineering
CALCE Proprietary and Confidential

Fig. A.2.1 Initial startup of EOR/EOM tool

2) Select the “BOM Load & View” tab and click the buttlabeled “Load New
Card BOM”. Select the CSV file labeled “tutoriard_1" located in the
same directory as the executable. The resultitregface is shown in Fig.
A.2.2. All of the part-specific information assatgd with “Sample Card 1”
in the CSV file is now on display and saved wittiie EOR/EOM simulator.
The user can also click on the “Reliability” fieldssociated with each loaded
part and a dialog box will appear detailing theestdd part’s time-to-failure
distribution type and its associated parametersesé time-to-failure
distributions can be edited within the interfacd ane automatically saved
when "OK" is clicked in the dialog box. All of thelds and buttons for all
tabs within the EOR/EOM tool are detailed in Set#o3 of this manual.
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|2 End of Repair/End of Maintenance (EOR/EOM) Simulator = | B ||

System Load & View rAnaIysis r Outputs r Solution Control
Welcome BOM Load & View I Parts Inventory Load & View |

Bill of Materials Loading and Viewing

Choose card: |Sample Card1 |+

Part 1D Obs Stat..| Allowable Inve...| Failures to Date|First Failure Da..] Quantity| Reliability| Harvestabil..| Cost
Part A Obsolete |Inventory 1 0 0.0 1 Weibull (1000 50.0 -
Part B Obsolete |Inventory 1 0 0.0 1 ng 100.0 1000 |=
7
~
~
//
~
~
| 2| Distribution Details P =
Sample Card 1 -PartB DELETE PART CLEAR BOM
Distribution Units Operational Hours = (Selected Row) (All Cells)

yelesn PerOp Year bad New Card BOM
Distribution Type Weibull -
d Multiple BOM Files

able Spare Card Stock

i

pairable Spare Cards Per Year

o__|
Location Parameter 0.0
Scale Parameter 7500.0 T L e T
Shape Parameter 2.895 u

Use failures to date? []yes?

[ox|[cancer_|[_vow |

Fig. A.2.2 Sample Card 1 loaded into the EOR/EOM to

3) Select the “Parts Inventory Load & View” tab anatklthe button labeled

4)

“Load New Inventory”. Select the CSV file label&dventory 1" located in
the same directory as the executable. The integhould now look like Fig.
A.2.3. The table displays the quantity of partthw the loaded inventory.
The user can select the column header labeledfitowe 1” to popup a
separate dialog box that describes periodic ingpeetvents associated with
the selected inventory. In the same fashion, ffee can select the different
part quantity fields and dialog boxes will popupttdescribe the degradation
details of the selected part (how often a particpéat degrades in inventory).
For now, we will leave both of these boxes blank.

Select the “System Load & View” tab and click thétbn labeled “Load New
System”. Select the CSV file labeled “system_The interface should now
look like Fig. A.2.4. The table displays the quignof cards that are occupied
by the loaded system.

112



,,
| £/ Inventory 1 Storage and Inspection Details

nd of Maintenance (EOR/EOM) Simulator

iew | Analysis | Outputs | Solution Control | |
| [

BOM Load & View

Inventory 1
Inventory 1 Holding Cost ($/part/year) 0.0
ion Start Date (calendar years) 0.0
Period Belween Inspections (calendar years) 0.0
Quantity Inspected 0

Replace Parts After Inspection? []Yes?

V\

Parts Inventory Load 8 View ||

Parts Inventory Loading and Viewing

Maximum Allowable Inventories: 10

Part1D Inventory 1 Total
Part A |4 n =
PartB 257 25 =
Part C 7 7
r
Inventory 1 - PartB
Distribution Units Operational Hours  + |
CyclesiUnit Il ‘ |
Distribution Type FixedValue ~ ADD COLUMN DELETE CLEAR
ST (To Right of Selected) (Selected Column) (Al Cells)
Most likely value (Mode)
Low Value Load New Inventory
High Value
Standard Deviation ‘ Load Multiple Inventory Files |
Location Parameter
Scale Parameter
Shape Parameter
Fixed Value 0.0
E

Fig. A.2.3 Inventory 1 loaded into the EOR/EOM tool

-
| £ End of Repair/End of Maintenance (EOR/EOM) Simulator oo =0
System Load & View | Analysis | Outputs | Solution Control | |
Welcome i BOM Load & View Parts Inventory Load & View |
Systems Loading and Viewing
Maximum Allowable Systems: 10
Card ID Sample System 1 Total
Sample Card1 |1 1 -
q I I
ADD COLUMN DELETE CLEAR
(To Right of Selected) (Selected Column) (All Cells)

i_.(_)ad New System

| Load Multiple System Files |

Fig. A.2.4 Sample System 1 loaded into the EOR/BEOM
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5) Once all the CSV files that characterize the sydteme been loaded into the
EOR/EOM tool, the user must then define analygsiisiand solution control
options. Select the “Solution Control” tab andeyp “2011.0” for the
Analysis start date and “8760.0” for the operatldraurs per year (24/7
operation). The interface should now look like.FAgR.5. Next select the
“Solution Control” button at the bottom-left cornafrthe simulator interface.
A dialog box will appear that allows the user tottol how the EOR/EOM
tool will analyze the inputted system(s). The défaalues are sufficient for
this tutorial, click "OK", and close the dialog box

(ls;x/ End of Repair/End of Maintenance (EOR/EOM) Simulator

=

=1 [ |

| ) Solution Centrol Details

st 5 | Outputs | Solution Control
[

BOM Load & View

Solution Control

Monte Carlo? Yes
Number of Monte Carlo Samples 1000
Pause Belween Time Steps (milliseconds) 0

Turn On Inventory Update During Analysis? []Yes?
Assume Immediate First Failure for Parts with no Failure History? [_] Yes?
Synthesize ALL failure distributions from times to failure? []Yes?
Allow Harvesting? []Yes?
Allow Sacrificing of Selected Cards for Refresh? []Yes?
Include Costs? []Yes?
Model Costs using Distributions? []Yes?
Enable Card Clumping? []Yes?
How many cards will be clumped into 12 1

Plot First EOM Distributions for individual cards? [ Yes?

Plot time histories of system support loss versus time? [ Yes?

Parts Inventory Load & View

Analysis Inputs
Starting date for failure data
Analysis start date 2010
Operational hours peryear 8760.0

H

‘ Sumt\onbntro\ H Save Field States H Load ‘

Fig. A.2.5 Solution Control Inputs for the EOR/EOMalysis

6) Select the “Analysis” tab. The interface shouldviook like Fig. A.2.6. The
user can select the “Card Index” button; this bsing a dialog box that
displays all the cards that are loaded in the E@RAEoo0l. The user can then
select the cards that they wish to include withim @analysis (all cards loaded
into the EOR/EOM tool are included in the EOR/EOMgsis by default).
Click "OK" to close the Card Index dialog box. €Xi“Run”.

The application is now running; you can click oe tlPause" button to pause the
simulation analysis. Pressing the "Stop and Réxzétbon will terminate the analysis.

There is also a progress bar (shown in Fig. A@é)dicate how many samples have
been completed (this feature is only shown whenrthet number of samples is
greater than or equal to 100, by default, the swaulwill run 1,000 Monte Carlo

samples).
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After the simulation has completed, the interfadoeusd look similar to Fig. A.2.7.
The simulator has run through its 1,000 simulatiofhe electronic system and the
results show that Part A caused the first systeriviE®occur at 2030.31 calendar
years 53.5% of the time, and that Part B cause@irdtesystem EOM to occur at
2031.25 calendar years 46.5% of the time (thesgegalill vary slightly based on
inherent random sampling of the parts' time-todf@ldistributions, so they may be
different for your analysis. Click on the "PlotdDi button and Click "OK" to accept
the default plotting options. This enables the tseiew the probability
distributions associated with the electronic sysdirst EOM date (with and without
the use of available spare cards)--the resultsigeedne user with a statistical
interpretation of the electronic systems' EOM esamith regards to its existing
inventories of spare parts and cards.

| £| End of Repair/End of Maintenance (EOR/EOM) Simulator (s

system Load & View | Analysis | Outputs | Solution Control | |
Welcome r BOM Load & View r Parts Inventory Load & View |

|£| Card Index Details Ié

Select the card(s) to include in the analysis
Sample Card 1 Yes?

| OK H Select All || Desel ‘/AII H Cancel || Help ‘

TRUTT PITary 313

Card Index,

@ Run to first EOM ) Run to first fully unsupportable card (' Run to specific calendar date

Stop and Reset

Specific Calendar Date

Fig. A.2.6 The EOR/EOM Analysis
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Mean= 1976
Standard Deviation = 1 62

Calendar Years to EOM

(12 Bar Crart o |
Probablity Distribution
Mean=12.9
Standard Deviation=1.74
Confidence  EOM Date Less Than
10 % 106 Years
20% 1148 Years
30 % 120 Years
- £ 0% 1242 Years
| £:| End of Repair/End of Maintenance (EOR/EOM) Simulator l =Ha g :E: E i?::i
&~ 0% 13.87 Vi
System Load & View rAnaIysis IT Outputs r Solution Control 0% 14 45\(2:2
Welcome r BOM Load & View r Parts Inventory Load & View 0% 1515 vears
- - ol
Cumulative System Metrics /
First End of Maintenance (EOM with no spare cards) Date 2023.9 Plot Dist 1 §;E§§;§;;E§;;§§g;§;;
First End of Maintenance (EOM wio part harvesting) Date ~ 2030.75 Plot Dist Cal ¥rs 1o EOM (na spares)
N\
First End of Maintenance (EOM including harvesting) Date |
End of Maintenance (EOM) Dates and Associated Probabilities
EOM No. PaitID Card ID Mean EOM Time |Probability (.. (FIEElEL) BT
1 Part A Sample Card 1 2030.31 hin -
1 Part B Sample Card 1 2031.25 46.5 =|

Confidence  EQM Date Less Than
10 % 17.63 Years
T 20 % 18.4 Years
30% 18.99 Years
% 40% 19.49 Years
End of Repair (EOR) Dates and Associated Probabilities g o 1909 fears
& 0% 2066 Years
EOR No. PartID Last Repair Action| Mean EOR Time  Probability (.. b 200 fears
1 Part A Card Stock 2028.371 75.0 -
1 Part A Inventory 1 2022773 171 =
1 Fart B Inventory 1 2029.851 7.9
2 Part B Inventory 1 2030.991 3397,
2 PartB Card Stock 2030.264 171 ZEEEENREANON3828Y
2 Part A Card Stock 2030.271 7.9 % TEEEECCEEIIRARAARARA

Fig. A.2.7 Cumulative System EOR and EOM Metrics

When the simulation completed, an output file comte all the recorded EOR and
EOM information (name format contains "Metrics@Daime") for each simulated
life history is created and saved in the same thrgas the CALCE EOR/EOM and
LTB application.

A.2.2 Saving an EOR/EOM File

An EOR/EOM system file may be saved. Select tr@uttn Control” tab and then
click on “Save Field States”. Name the file “tuédr1”, choose a desired saved
location, and click “Save”. The EOR/EOM file hasmbeen successfully saved with
all the loaded system characteristics to the deésoeation on your machine.

A.2.3 Loading an EOR/EOM File

After your EOR/EOM file has been saved, exit tha toy selecting the red "X" in the
top-right corner of the interface. Once the toad bbeen closed, re-open the CALCE
EOR/EOM application. After selecting "EOR/EOM",iyshould see a screen that
looks like Fig. A.2.1. Select the “Solution Cortrab and click on the “Load”
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button. Locate and select the file labeled “twtbrl” and click “Open”. After the
file is done loading, the loaded application shchddn a state that is identical to the
last save state.

A.3 EOR/EOM Input File, Field and Button Reference
This section documents all of the fields within lra@@SV file that must be
loaded into the EOR/EOM tool, and all the buttond &elds located in the
EOR/EOM tool.

A.3.1 Bill of Materials (BOM) File Field References

The Bill of Materials file format is shown in Fig..3.1.
The first cell reference (Al) is the name of theded card.

Cell A2 is the total number of unique parts (rovegated on the card.

A B | ¢ [ D | E | F | 6 | H [P ]u]k[L][MmM]|] N O] P | @ | R | s | T |ul

1 |Sample Card 1

2 2 Obs status Inventory  Failures Quantity  Reliability |Mode Shape Range Low High Stddev Location Scale Fixed First Failur CardStock harvestabil card field date unrepair percent |Cost
3 |Part A Obsolete  Inventory 1 0 1 Weibull 0 3.687 0 0 0 0 0 25000 0 0 3 100 0 0 &0
4 |PatB Obsolete  Inventory 1 0 1 Weibull 0 2895 0 0 0 0 0 7500 0 0 100 0 0 100

Fig. A.3.1 Sample Card CSV file format
Column B describes the obsolescence status ofattie Allowed inputs are:

Available: This means that the corresponding sastill considered actively
procurable from part manufacturers; currently, e parts are not included in
EOR/EOM analysis.

Obsolete: This means that the corresponding pard longer sold or supported by
the original equipment manufacturer (OEM) and caly be replaced if necessary by
spares that are currently in the inventory—onlytpdeemed "Obsolete" are included
in EOR/EOM analysis.

Column C defines the part's accessible inventditye name of this inventory should
correspond to one of the names of the loadabletovies that will be used in
EOR/EOM analysis.

Column D defines the "failures to date" for thetparhis is the number of failures
observed between the part’s original fielded ddes¢ribed by either the starting date
for failure analysis seen in Fig. A.2.5 or thediedl date of the loaded card) and the
beginning of the EOR/EOM analysis (referred tolesdnalysis start date). This
characteristic is only used when the part's tim&tioire distribution is derived from
past failure history occurrences rather than assignspecific time-to-failure
distribution.

117



Column E is the total quantity (number of instanadghe part that appear on the
loaded card.

Columns F-O are only used if a predefined timeattitfe distribution is to be entered
for the parts. If the failure history to date @g to be used, columns F-O can be
ignored.

Column F is the name of the time-to-failure digitibn that is associated with the
part. There are a number of user-defined distobst(Fixed Value, Uniform,
Triangular, 2-and 3-parameter Weibull, Normal, Lognal, Exponential) to choose
from.

Column G is the mode (most likely value) for thiduiiee distribution (only applicable
for Uniform, Triangular, Normal, and Lognormal dibtutions). With the exception

of Column H, Columns G-O have distribution unitdenms of operational hours (by
default) in the EOR/EOM tool. The distribution tencan be changed by selecting the
cell under the "Reliability" tab after the card Heeen loaded into the EOR/EOM tool.

Column H is the shape parameter, a specific paemsed in the 2 and
3-parameter Weibull distributions.

Columns J and K are the low and high values ofditere distribution (Triangular
distribution only).

Column L is the standard deviation of the distribt{Normal and Lognormal
distributions only).

Column M is the location parameter, a specific pai@r used in the 2 and 3-
parameter Weibull distributions in addition to theponential distribution.

Column N is the scale parameter, a specific paramested in the 2 and 3-parameter
Weibull distributions in addition to the Exponeniistribution (corresponding to the
MTBF of the Exponential distribution).

Column O is the fixed value of the time-to-failutistribution (only applicable if
“None” is chosen for the distribution type).

Column P is théirst Failure Date the first failure date is the first calendar date
where a part failure was observed. This is ongdugthe time-to-failure distribution
is generated from times to failure (see Fig. A.2.Bhe format for the date is
represented as a "####.##". For example, May 2@iidd be represented by 2011.4.

Column Q is the available card spares that are raadiéable to the particular card

for EOR/EOM analysis. This is a card-specific euderistic and as such, only needs
to appear in the third row of the spreadsheet.
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Column R is "harvestability" of the part. Thigmslicative of any damage that the
part may receive due to the physical action of parvesting. This value ranges from
0 to 100, where a value of 100 means that therpegives no additional damage due
to harvesting and a value of 0 means that theipaxn-recoverable (cannot be
harvested). It is important to note that this Vestability" damage has no relation to
the remaining relative part life on the part assutt of being fieldedThis is only

used if the "Allow Harvesting" option is selected in the Solution Control dialog
box.

Column S is the field date for the loaded cardisThused if the user loads multiple
cards into the tool and some or all loaded carde felded on different dates. This
is a card-specific characteristic and as such, negds to appear in the third row of
the spreadsheet. The format for the date is repted as a "####.##". For example,
May 2011 would be represented by 2011.4.

Column T is the unrepairable percentage of spasqaer year for the loaded card.
This value ranges from 0 to 100, where a valueDffheans that all spare cards
become unusable after the first year and a val@ernéans that none of the spare
cards for the loaded card become degraded over time

Column U is the part procurement cost (per pataimse) for the loaded card, and is
used in system support cost modeling.

A.3.2 Inventory File Field References

This file defines the existing inventory of pamgjich is shown in Fig. A.3.2.

A | B | c |
1 |Inventory 1
2] 3
3 |Part A 4
4 |Part B 25
5 |Part C 7

Fig. A.3.2 Sample Inventory CSV file format
The first cell reference (Al) is the name of theded inventory.
Cell A2 is the total number of unique parts (rovegated within the inventory.

Starting with the third row, each unique part tisatientified in the inventory and the
total quantity of that part (corresponding ColumiaiBe defined.

A.3.3 System File Field References

This file defines the fielded quantity of cardshe system, which is shown in Fig.
A.3.3.
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A | B |
1 |Sample System 1

2 1

3 |Sample Card 1 1

Fig. A.3.3 Sample System CSV file format

The first cell reference (Al) is the name of theded system.

Cell A2 is the total fielded quantity of unique dar(rows) located within the system.
The third row and on describe each unique cardishdentified in the system and the
total fielded quantity of that card (correspond®@gjumn B) that is located within the
system.

A.3.4 EOR/EOM Field References

Upon startup and active use, recall Fig. A.2.1.otJptartup of the tool, the user can
select from a number of active tabs that guideues to the respective panel
containing the listed information.

BOM Load & View

Fig. A.3.4 displays the different properties thatka up the "BOM Load & View"
panel. The drop-down lists (Columns 2 and 3 intéide and the "Choose card”
option) allow the user choose from a selectionitééent attributes. Choosing a
different card will refresh the entire panel anglpiiay the chosen card's specific
characteristics. The BOM table is a representaifdrow the card is modeled in the
EOR/EOM analysis. The user can also select ssp&#liability” cell and change its
time-to-failure characteristics which are then shieebe used in the analysis.
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r N
| %] End of Repair/End of Maintenance (EOR/EOM) Simulator [E=SREER

System Load & View | Analysis | Outputs | Solution Control | |
Welcome i BOM Load & View i Parts Inventory Load & View |

Drop-down lists Bill of Materials Loading and Viewing

Choose card: Msample Card 1 |+

Part 1D %bs Shaf_| Allowable Inve...| Failures to Date|First Failure Da..| Quantity| Reliability) Harvestabil..] Cost
Part A ODsolete ventory 1 \] 0.0 1 Weibull  |100.0 50.0
PartB Obsolete  |Inventory 1 0 0.0 1 Weibull  [100.0 100.0

[ »

4 -
ADD NEW PART DELETE PART CLEAR BOM
(Under Selected) (Selected Row) (All Cells)
B M table | Load New Card BOM B
| Load Multiple BOM Files Uttons
Available SECEI[G Stock

Percent Unrepairable Spare Cards Per Year

0 & A
Fielded cmW Text-fields
0

Fig. A.3.4 BOM Panel Field References

The panel also contains the following buttons:

Add New Part (Under Selecteddicates that a part (row) will be added to B@M
table under the currently selected part (row) anttible.

Delete Part (Selected Rovidicates that the currently selected part (rbe/deleted
from the BOM table.

Clear BOM (All Cells) Clears the contents of the BOM table.

Load New Card BOM Allows the user to load a pre-made BOM CSV ifilo the
current BOM panel (see Fig. A.3.1).

Load Multiple BOM Files Allows the user to load an entire directory of4made
BOM CSV files. Users should organize all of t@®M, Inventory, and System
files into separate individual labeled folders. e@phe folder containing ONLY
BOM files and select the first file that appears withinfiider. All BOM files
should fit the layout of the current BOM panel (&g A.3.1).
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The panel contains the following text-fields wh#re user can edit current card
properties and they will be saved upon entry:

Available Spare Card StocHefines the number of available spare cardsef th
currently displayed card.

Percent Unrepairable Spare Cards Per Yedefines the percentage of spare cards
for the currently selected card that cannot be t@edrds repair, per year.

Fielded Card Datedefines the calendar date that the displayedwasdfielded (this
text-field only requires information when part ta# distributions are derived from
past failure history and if there are card-spediétd dates--otherwise, the "Starting
date for failure data" text-field from the SolutiQontrol tab can be used). The
format for the date is represented as a "####.Fot.example, May 2011 would be
represented by 2011.4.

Parts Inventory Load & View

This panel (appearing in Fig. A.3.3) contains dddbat displays the currently loaded
inventories of parts and their quantities of parthin each inventory. Currently, the
maximum number of loadable inventories is five, bwar one can load hundreds of
parts within a given inventory. This panel alsatains the following buttons:

Add Column (To Right of Selectentidicates that a column will be added to thetrigh
of the currently selected column in the table.

Delete (Selected Columnidicates that the currently selected column éldeleted
from the table.

Clear (All Cells) Clears the contents of the table.

Load New Inventory Allows the user to load a pre-made inventory GiB/that fits
the layout of the current inventory panel (see Ri§.2).

Load Multiple Inventory Files Allows the user to load an entire directory cé-p
made inventory CSV files. Users should organitefaheir BOM, Inventory, and
System files into separate individual labeled fosddeOpen the folder containing
ONLY Inventory filesand select the first file that appears withinfibider. All
Inventory files should fit the layout of the curtenventory panel (Fig. A.3.2).

The user can also select a particular cell thatlays a part's quantity and a dialog
box will appear that enables the user to definegratiation distribution for the
selected part.
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The user can also select the name of the loadeshiory (in this case "Inventory 1"),
and a different dialog box will open, showing pbssiperiodic inspection events that
the user can define for the inventory. Here, therean also load additional
inventory manufacturing demands as time progredsesg the simulation.

System Load & View

The System Load & View panel is shown in Figure.A.2This panel has the
following buttons:

Add Column (To Right of Selectentdicates that a column will be added to thetrigh
of the currently selected column in the table.

Delete (Selected Columnipdicates that the currently selected column baldeleted
from the table.

Clear (All Cells) Clears the contents of the table.

Load New SystemAllows the user to load a pre-made system C&wdi be loaded
into the current system panel (see Fig. A.3.3).

Load Multiple System FilesAllows the user to load an entire directory of4made
system CSV files. Users should organize all oirtBOM, Inventory, and System
files into separate individual labeled folders. e@phe folder containing ONLY

System filesand select the first file that appears withinfiblder. All System files
should fit the layout of the current system pasek(Fig. A.3.3).

Analysis

The Analysis panel is shown in Figure A.2.6. Tésel has the following buttons:
Run Begins EOR/EOM simulation analysis of electrasystem.

Pause Pause the computation of the analysis.

Card Index Select the card(s) to be included in the analysysdefault, all loaded
cards into the tool are included in the analysis).

Stop and ReseEnds and resets the simulation analysis.

The user can also select a number of simulationitetion settings for EOR/EOM
analysis prior to clicking "Run”, and is locatedthe "Analysis" tab.
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Run to first EOMThe default termination setting of the EOR/EOMIt0A single
simulated life history of the electronic systemlw# terminated after the occurrence
of the first EOM event.

Run to first fully unsupportable card single simulated life history of the electronic
system will be terminated after all instances tdaaled card have been deemed
"unsupportable" (the number of failed requestsuthlifa part demand regarding a
specific card are equal to its total fielded quiginti

Run to specific calendar datA single simulated life history of the electromsigstem
will be terminated after the specified calendaed#s been reached; all EOR and
EOM events are recorded until the date of termamati

Outputs

The Outputs panel will appear in different formad¢pending on conditions that are
selected in the Solution Control dialog box. Byeddt, the EOR/EOM tool analysis
will track EOR and EOM dates as they occur witla system and display the
results in the panel shown in the top of Fig. A.3iBthe "Individual Card EOM
distributions" checkbox in the Solution Controlld@is selected, the results will
displayed in the panel shown in the bottom of R.5 and the EOR/EOM tool will
track the first EOM dates to occur on each indiaidzard and plot EOM probability
distributions specific to loaded cards rather ttrenorder of occurrence within the
system. If the "Sacrificing of Selected CardsRa&fresh” checkbox in the Solution
Control dialog is selected, the simulation termorasetting is set to "Run to specific
calendar date", and the "Generate refresh plaesdmf support date" checkbox is
selected, the EOR/EOM tool will track the "justtime” completion dates for
selected card refreshes required to ensure sustatrwhthe electronic system to the
specific calendar date (see Fig. A.3.5).
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|£:| End of Repair/End of Maintenance (EOR/EOM) Simulator =1 *J | £/ End of Repair/End of Maintenance (EOR/EOM) Simulator == éj
System Load & View | Analysis | Outputs | Solution Control | | System Load & View | Analysis | Outputs | Solution Control |
Welcome [ BOM Load & View K Parts Inventory Load & View | Welcome BOM Load & View I Parts Inventory Load & View |
Cumulative System Metrics
First End of Maintenance (EOM with no spare cards) Date Cumulative Card Metrics
First End of Maintenance (EOM wio part harvesting) Date | Dist (e o et (i (e G L i e (B ) s
First End of Maintenance (EOM including harvesting) Date PartID CardID Mean EOM Time|_Probability (%)
End of Maintenance (EOM) Dates and Associated Probabilities =
EOM No. PartiD CardID Mean EOM Time |Probability (.
End of Repair (EOR) Dates and Associated Probabilities
EOR No. PaitlD |LastRepair Acion| Mean EOR Time |Probabilty {
Syste m EO M m etn CcS | ) End of Repair/End of Maintenance (EOR/EOM) Simulator o ) [ Card E O M n Ietrl Ccs
System Load & View | Analysis | Outputs | Solution Control | |
Welcome I BOM Load & View I Parts Inventory Load & View |
Cumulative Refresh Plan Metrics
Selected and Ci ion Dates
CardiD Mean Refresh Time Probabilily (%)
Sample Card 1 2030.33 877

\Refresh Plan metrics

Plot Selected Refresh Distribution

Fig. A.3.5 EOR/EOM outputs panels

Solution Control

There are three text-fields that the user can imgatmation into the Solution
Control panel (Fig. A.2.5).

Starting date for failure dataOnly used for when part failure distributiondiveie
derived from past part failure history. This fiekhuires the user to enter the
calendar date when part failures began to be obederVhis field should be
overridden for specific cards that were not fieldadthe same calendar date as other
cards (se€ard Field Datefrom "BOM Load & View" reference page). The forima
for the date is represented as a "####.##". Famgke, May 2011 would be
represented by 2011.4.

Analysis Start Date The beginning calendar date of the EOR/EOM sathom. It is
assumed that all part failure observances have te@ended up until this date (unless
otherwise specified by specific “Card Fielded DateBhe format for the date is
represented as a "#### . ##". For example, May 2@iidd be represented by 2011.4.
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Operational hours per yeaiflhis field is used only if part failure distribahs are in
terms of operational hours. This also assumesatheards and parts are on the same
operational schedule (assumes all cards and partgparational for the same amount
of time each year).

Solution Contral Opens up the Solution Control dialog box whengotes settings
may be selected for EOR/EOM analysis.

Save Field StatesSaves the current EOR/EOM file state.

Load Loads a previously saved EOR/EOM file.

Restore InventoriesThis option is only available if the user hasvioasly run the
simulation with the "Inventory Update" checkboxes#éd under the solution control

dialog box; this refreshes the inventory table tedaunder the "Parts Inventory Load
& View" tab.

Solution Control dialog box

The Solution Control dialog box is shown on the $&dle of Fig. A.2.5. This dialog
box contains the following fields:

Monte Carlo? Run repeated random samplings of the analyssshould always be
selected as "Yes".

Number of Monte Carlo Sampl€khe user can input the number of monte carlo
samples run for analysis. As with any repeatedoamsampling algorithm, as the
number of samples increase, the more accurateysiens and card metrics will be
based upon system inputs and random sampling tfglre distributions, but the
run time will also increase.

Pause Between Time Stepiser can define the pause between time stepgwveth
given life history run, this should be "0", unldsgentory Update is selected and a
single simulation is being conducted.

Turn On Inventory Update During Analysi#f selected, this option turns on
inventory update on the "Parts Inventory Load &Wiganel which highlights
important actions taking place during the systdif@distory including:

Replacement of failed parts with new parts fromemory
Harvesting existing cards and placing them inteasate harvested
inventory

Degradation of parts in inventory
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Replacement of failed parts with harvested padasitharvested
inventory

Assume Immediate First Failure for Parts with nal&iee History. If selected, the
analysis assumes the worst case for loaded patiswifailures to date (assumes the
fail right before the analysis date) and synthestheir part failure distributions off
the single failure.

Synthesize ALL failure distributions from timesaiture: If selected, the analysis
synthesizes all part failure distributions fromtgfadure histories (failures to date,
fielded start date, and first failure date) and ifito a Uniform distribution.

Allow Harvesting If selected, the analysis incorporates the aaticharvesting
existing parts that have not failed off an existiagd that is swapped out and
replaced with an available spare (occurs when aadédrfor a part on a particular card
cannot replaced with a new part and there areablaikpare cards). After part and
card spares have been exhausted for fielded fakmts, the harvested inventory of
parts is accessed to increase the time until emdadritenance occurs.

Allow Sacrificing of Selected Cards for Refreshselected, the analysis incorporates
the action of sacrificing selected cards for agiesefresh. Technology or design
refreshes are used in the replacement of one o pfisolete parts with non-obsolete
parts in order to keep the system sustainableis dption can be used towards:
1) Selective design refreshes of cards and théiesa completion dates prior to
analysis to EOM
2) Construction of a design refresh plan to engsygtem sustainment to a
specific date (if the specified termination settingre-selected).

Include CostsEnables system support cost modeling of the rleict system. An
additional tab will be generated if this checkbsselected.

Model Costs using Distribution&nables input costs to be entered as user-defined
distributions rather than as fixed values.

Enable Card Clumping/How many cards will be clumpe#d 1. Used for complex
and large systems in an aim to effectively 'clupgpulations of specific fielded
guantities of cards together for dynamic memorgaation and tool computation
efficiency.

Plot First EOM Distributions for individual cardsChanges the "Outputs” panel and
how the EOR/EOM results are displayed and categdriprobability EOM
distributions for individual cards are calculatather than system EOM
distributions).
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Plot time histories of system support loss versng tAllows the user to plot time
histories of selected cards in the loaded systeotserve their corresponding
measures of unsupportability over time.

A.3.5 EOR/EOM Cost Model Field References

The following field references are for the cost misdused in the EOR/EOM tool.
The one cost metric that is not included on thé analysis inputs tab (see Fig.
A.3.6) is the inventory holding cost associatechveidch loaded inventory. The
inventory holding costs ($ per part per year) carctianged by selecting the name of
the loaded inventory column (see Fig. A.2.3).

Administrative cost of a dray$ per draw): A cost that is accumulated for gver
maintenance or inspection event that occurs dlE@&/EOM analysis.

Value added cost of a dra@® per draw): A cost that is accumulated for gver
replacement event that occurs during EOR/EOM arsa(ye., replacing parts from
inventory, using spare cards or harvested parts).

-

| 45| End of Repair/End of Maintenance (EQR/EOM) Simulator =aan X

Analysis r Outputs r Solution Control IT Cost Analysis Inputs r—l
Welcome | BOMload&View | PartsInventory Load & View | SystemLoad & View |

Cost Analysis Inputs

Draw Costs:
Adminstrative cost of a draw 0.0
Value added cost of a draw 0.0

Harvest inventory cost ($ per harvested part per year) 0.0

Card inventory cost (% per card per year) 0.0
Part inspection cost ($ per part) 0.0
Unusable part disposal cost ($ per part) 0.0
Cost per Refresh ($) 0.0
Financial Costs:
Discount rate (fraction) 0.0
Base year for money 0.0
Infrastructure cost per year 0.0

Fig. A.3.6 Cost Analysis Inputs
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Harvest inventory cog® per harvested part per year): A cost thatézimulated for
holding a harvested part during EOR/EOM analysis.

Card inventory cost$ per card per year): A cost that is accumul&edholding a
spare card during EOR/EOM analysis.

Part inspection cogt$ per part): A cost that is accumulated for easpected part
during periodic inspections during EOR/EOM analysis

Unusable part disposal coé® per part): A cost that is accumulated for epatt
disposed of during EOR/EOM analysis.

Cost per refresii$ per refresh): A cost that is accumulated fahezompleted
refresh of a selected card during EOR/EOM analysis.

Discount rate(fraction): Discount rate on money per year. Agpaeter used in
determining the net present value (NPV) of costaiawlated during EOR/EOM
analysis.

Base year for moneyA parameter used in determining the net pregaioe (NPV)
of costs accumulated during EOR/EOM analysis. fohmat for the date is
represented as a "#### . ##". For example, May 2@idd be represented by 2011.4.

Infrastructure cost per yearA cost that is accumulated for each calendar gaang
EOR/EOM analysis.

A.4 EOR/EOM Simulation Outputs

The EOR/EOM tool provides three kinds of outputs:

Cumulative System Metrics
Individual Card Metrics
Time-history plots

Cost Metrics

Design Refresh Metrics
Output Data Files

ok wnE
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A.4.1 Cumulative System Metrics

Fig. A.4.1 shows the results for a particular systecumulative metrics. The first
mean EOM date that occurs for the system seergind=4.1 is in the year 2018.22,
not including the available spare card inventotiessystem can draw from. If the
system draws from available spare card inventotinesfirst mean system EOM date
occurs approximately 11 years later, in other wotttks system is able to be sustained
for an additional 11 years. The first system EQdfleccan occur in a variety of
different situations (seen in the EOM table frorg.FA.4.1) and the identification of

the parts that caused a loss of systems operati@htheir corresponding likelihoods
are also presented.

[ (= C ] )
r a5} -
Gwom - e e e =
Probablity Distribution System Load & Vlew Analysis | Outputs | Solution Control ]
’ Welcome BOM Load & View Parts Inventory Load & View
Mean=18.23 Cumulative System Metrics
Standard Deviation = 037738 First End of Maintenance (EOM with no spare cards) Date P01822 | piot Dist ]
First End of Maintenance (EOM wio part harvesting) Date 202923 Plot Dist
First End of Mai e (EOM i i ing) Date
& End of Maintenance (EOM) Dates and Associated Probabilities
s : : :
2 EOMMo.|  PaniD |  CardiD | Mean EOMTi..| Probability ( % )
@ 344010-01 Card 4 2029.303 342
1492153-01 |Card 24 12029.309 25.7
344010-01 Card 11 |2029.401 11.7
[324010-01 [Card 22 |2020374 104
197001-01 Card 4 2028.509 6.0
[192604-01 |Carg24 |2028.441 56
End of Repair (EOR) Dates and Associated Probabilities
£2855282220aR880%:056 EORMo.  PartiD |Las(RepeirAdionMeaqEORTlmeProbablllw(J
e L 34401001 |Card Stock 2020319
492153-01 Card Stock 2029.301
Calendar Years to EOM |186147-3001 |RPDB On-Hand ... 2028.402
197001-01 RPDB On-Hand|..|2027.763
|186131-2006 |RPDB On-Hand ... 2029.309
197001-01 Card Stock 2028.48
OK J Print ‘ ‘ Help |

Fig. A.4.1 Cumulative System Metrics

A.4.2 Individual Card Metrics

The EOR/EOM tool also can display its results i of individual card metrics (as
seen in Fig. A.4.2) depending on the pre-seleabedliitions from the Solution
Control dialog box (Fig. A.2.5).
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[ Bar Chent PSR )

Probablity Distribution

Mean=18.94
Standard Deviation = 1.72213

BETDTET e =

System Load & View :' Analysis Outputs | Solution Control —'—‘
z Welcome § BOM Load & View Y Parts Inventory Load & View |
DE' - -
Cumulative Card Metrics
Individual Card End of Maintenance (EOM) Dates
PartID CardID | Mean EOM Time | _Probaility (%)
183425-001 Card 1 2038.93 100.0 -
g 186131-2006 Card 2 2033677 100.0 =
= 179854-005 Card 3 2040.943 100.0
344010-01 Card 4 2029.941 100.0
Card 4 113000-01 Card 5 2033.624 100.0
| 090101-01 Card 6 2034.917 100.0
e 270050-01 Card7 2037.781 48.8
Probablity Distribution 179766-001 Card 8 2035.702 100.0
985173-01 Card 9 2039.394 100.0
wean 21 48 182832-01 Card 10 2035.365 100.0
A 135583-01 Card 11 2029.686 40.8
182939-001 Card 12 |2048.817 86.4
186137-2300 Card 13 |2034.624 100.0
186130-1102 Card 14 12048.333 784
186137-2405 Card 15 12033.515 100.0
= 186147-3004 Card 16 12032.438 100.0
H 182593-002 Card 17 |2033.583 100.0
g 181427-02 Card 18 2030.658 100.0 =
179809-02 Card 19 2034.376 100.0 =
‘ | Plot Card 1st EOM Distribution
Il

Card 16

Fig. A.4.2 Individual Card Metrics

Here a list of different loaded cards found to hiket EOM dates when running the
EOR/EOM tool to a specified calendar date (2050T0)e part identifications that
caused the particular card to cause an EOM ardéagliesgh in addition to the

likelihoods that the corresponding card encountarécst EOM throughout the total
number of system life histories that were analyz€drd-specific first EOM
probability distributions can also be constructetisplayed and provide the user with
statistical interpretations of end of maintenanaenés at a card-specific level.
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A.4.3 Time-history plots

The third simulation output are time history plttat provide the user with a
graphical interpretation of system loss over tirkgg. A.4.3 displays a system where
four cards becamensupportablgan instance of End of Maintenance--where a
particular part demand could not be met for a paldr card) and how the total
percentage of those fielded cards became unsuppodaer time.

Fig. A.4.3 Time history plot (4 card system)

This provides the user with an understanding of'lines rate of system operations” at
the card-level due to End of Maintenance eventsmitg and how that rate
increases with time. This loss rate will increaser time due to an increase in
different parts on the cards causing EOM evenfsassparing becomes
extinguished.

A.4.4 System Support Cost Metrics

The system support cost metrics of the electroystesn are provided (seen in Fig.
A.4.4) once the simulation has concluded. The dative cost metrics (top left)
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display the total support cost over the system supipetime. The inventory holding
costs (top right) detail how the holding costs sub-divided between the three
possible inventories: spare parts, spare cardshamnested parts. The cumulative
cost metrics (bottom left) show the average sultscaxsd total cost over the total
number of simulations. A probability distributiof the total costs (bottom right) can
also be produced for statistical interpretation.

W

Fig. A.4.4 Cost Metrics

A.4.5 Design Refresh Plan Metrics

The EOR/EOM tool also can display its results mmig of a design refresh plan(as
seen in Fig. A.3.5). This assumes necessary desiggshes are completed "just-in-
time", on the date which they are required (EOMejlaiThe design refresh metrics
are ordered by selected cards that require "jusitrie" refresh and the user can
construct probability distributions of the comphktefresh dates for selected cards.
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A.4.6 Output Data Files

The EOR/EOM tool automatically outputs data filest@ining the information
gathered from the simulated analysis (dependinthenype of simulation). The
output data file contains consecutive EOR and E@fdrimation, Design Refresh
Completion Date information (exclusively for DRPa#ysis), and Total cost
information across all simulated life historiesttoé system. This output data file is
named “Metrics@Date Time” and is located in the sammectory as the EOR/EOM
and LTB application.

A.5 LTB Tutorial

This tutorial demonstration includes running throwd B analysis, saving an LTB
file, and loading a LTB file. This tutorial assusnat the user is running an
application version of the tool and that the uses the minimum JRE (Java Runtime
Environment) installed on their machine. This tiglbalso assumes the user is
running the CALCE LTB software on a PC, no atteimget been made to adapt the
tool’s functionality for performance on other ptatins.

A.5.1 Running the LTB Application
1) Start the EOR/EOM and LTB application. At the "©ke Analysis Type"

dialog box, choose "Lifetime Buy" and Select "OKY¥ou should obtain an
interface like the one shown in Fig. A.5.1.
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Fig. A.5.1 Initial startup of LTB tool

2) Select the "Solution Control" tab and enter in "2@1 for the End of support
date, "2011.0" for the Analysis start date, and6@®" for the Operational
hours per year. You should obtain an interface fiie one shown in Fig.
A.5.2.
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Fig. A.5.2 Solution Control Inputs

3) Click on the "Lifetime Buy Inputs" tab and enteetimformation shown in
Fig. A.5.3. Then click on the "Cost Analysis Inglutab and enter the
information shown in Fig. A.5.4. The user can add manufacturing
demand or retirement schedules to the electrosiesy.
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Fig. A.5.3 Lifetime Buy Inputs
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Fig. A.5.4 Cost Analysis Inputs

4) Click on the "Analysis" tab and click the "Run” lant. The tool is now
conducting 1,000 simulated life histories of theteyn to determine the total
number of demands and associated life-cycle costhé lifetime buy
guantity (referred to as the initial buy quantisglected in Fig. A.5.3.

5) After the analysis is completed, your screen shapjoear similar to that of
Fig. A.5.5.
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Fig. A.5.5 Cumulative LTB Tutorial Metrics

A.5.2 Saving a LTB File

After the user has input all lifetime buy and co$brmation, the LTB system
file may be saved. Select the “Solution Contrald and then click on “Save Field
States”. Name the file “lifetime_1", choose a dedisaved location, and click
“Save”. The LTB file has now been successfullyezshwith all the loaded system
characteristics to the desired location on yourhiree

A.5.3 Loading a LTB File

After your LTB file has been saved to a desirezhtmn, exit the tool by
selecting the red "X" in the top-right corner oétimterface. Once the tool has been
closed, re-open the CALCE EOR/EOM application. eAfielecting "Lifetime Buy",
you should see a screen that looks like Fig. A.%élect the “Solution Control” tab
and click on the “Load” button. Locate and setéetfile labeled “lifetime _1" and
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click “Open”. After the tool is done loading, theaded application should represent
the saved application prior to the last save state.

A.6 LTB Field and Button Reference

This section documents the buttons and fields withe LTB tool. A majority of the
fields and buttons within the LTB tool are presetthin the EOR/EOM tool—this
section will only cover those fields and buttonsque to the LTB simulator (see
Section 3 for other references).

A.6.1 LTB Field References

The first two references are from the "Solution ol and "Cost Analysis Inputs”
tabs.

End of support daterhe specified date through which all fielded srat the
electronic system must be sustained.

Test/screen, Packaging, Part qualification, suppdjealification (NRE) costs
Specific non-recurring costs charged on the analtsirt date.

The remaining references are from the "Lifetime Byyts" tab.

Part Reliability. User can select the time-to-failure distributtgpe and distribution
parameters for the fielded parts.

Part Cost ($/part) The procurement price of a single part at theefpurchase of the
lifetime buy quantity.

Quantity per Unit The quantity of parts per unit (referred to dsad" in the
EOR/EOM tool).

Number of UnitsThe quantity of units that comprise the system.

Initial Buy Quantity Also referred to as the lifetime buy quantitye tuantity of
spares purchased at the lifetime buy.

Underbuy Penalty ($/part)fhe penalty when there are not enough sparesét the
demands (this penalty is included to the procurdrmgce).

Overbuy Penalty ($/part)rhe penalty when there are a surplus of spahes (t
procurement price is not recovered).
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A.6.2 LTB Manufacturing and Retirement Schedule Fdrmats

The user can also import manufacturing demandtweneent schedules into the LTB
simulator for additional events.

The next file defines a schedule of additional nfacturing demands for the
electronic system, which is shown in Fig. A.6.1.

Fig. A.6.1 Manufacturing Demand File
The first cell reference (Al) is the name of theded inventory.

Cell A2 is the total number of individual manufatg demand events that will be
loaded into the tool (note, in this example theeefeve separate demands; however,
only the first one will be loaded into the tooNIOTE: It is assumed that
manufacturing demands are chronologically ordei@é€ll B2 represents the calendar
date (in terms of calendar years) the manufactutergand will be produced. Cell
C2 represents the quantity that will be manufactatethe manufacturing date (B2).
Starting with the third row, each manufacturing éewhis identified by its
corresponding date (Column B) and correspondingtifyg Column C) to be
manufactured.

The next file defines a retirement schedule foreleetronic system, which is shown
in Fig. A.6.2.

Fig. A.6.2 Retirement Schedule File

The first cell reference (Al) is the name of theded inventory.
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Cell A2 is the total number of individual retirenteschedule events that will be
loaded into the tool (note, in this example theeefeve separate demands; however,
only the first one will be loaded into the tooNOTE: It is assumed that retirement
demands are chronologically ordered. Cell B2 regmés the calendar date (in terms
of calendar years) the retirement demand will Imeoveed. Cell C2 represents the
guantity that will be retired at the retirementad@82). Starting with the third row,
each retirement demand is identified by its comesing date (Column B) and
corresponding quantity (Column C) to be retired.

A.7 LTB Simulation Outputs

The LTB simulation outputs generated probabilitytdbutions of the total quantity
needed and total life-cycle cost associated wighlifetime buy quantity (see Fig.
A.5.5). The user can then perform subsequent aimounk with varying estimations
of the lifetime buy quantity in order to determite optimum lifetime buy quantity
that minimizes the total life-cycle cost associatgith the lifetime buy quantity.
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