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İstanbul, Turkey

Correspondence

Baris EgemenOzkan, Industrial Engineering

Department, Institute forGraduateStudies in

PureandAppliedSciences,MarmaraUniver-

sity, 34722Kadıköy/İstanbul, Turkey.
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Abstract

The purpose of this study is to provide program managers and systems engineers

with a novel algorithm in determining the design refresh time (DRT) of sustainment-

dominated systems due to COTS obsolescence. Most of the research done so far has

focused on cost optimization. The main contribution of the study is two-fold. First,

besides cost optimization, we have introduced efficiency optimization within a bal-

anced approach to determine the DRT, under multiple objectives. Second, we used

a set-based approach over the hypervolume quality values of solutions rather than

population-based Pareto solutions. We proposed a discrete-time simulation model by

usingMulti-Objective Evolutionary Algorithms where the deterioration over the qual-

ity values of Pareto solution sets is used as an indicator for a DRT. We supported the

proposed mathematical model in theory with empirical findings from a case study for

a sustainment-dominated Naval Command and Control System that was designed in

2004 and deployed in 2007.We ran the simulation as for 2007 and conducted an anal-

ysis over the cost and operational efficiency objectives to compare the situation expe-

rienced in real life against the simulation outputs of the proposed model. The results

revealed that not only the total life cycle cost but also efficient operational sustain-

ability of a system would be increased significantly if the system had gone through

design refreshes as proposed by the model. We showed that the deterioration of the

Pareto optimal solutions’ hypervolume quality values over time is an effective marker

to decide the optimal DRT under conflictingmultiple objectives.
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1 INTRODUCTION

The break-neck speed of technological advances within the last

decadesof the20th century, especially due to the inventionof semicon-

ductors, has brought tremendous changes in our lives. In the Post-Cold

War era, the competitive market focus significantly shifted from the

military to consumer products.1 Aggressive market conditions pushed

the product and service providers to shorten their product design and

implementation periods, which eventually lead to shorter product life

cycles. This created the Commercial Off the Shelf (COTS) products as

a new phenomenon, an indispensable choice for system designers and

procurement agencies to use. Following the US Secretary of Defense

William Perry’s notice in 1994 to embrace COTS products in military

systems to the maximum extent, many national defense procurement

strategies aimed to increase the use of COTS products in military sys-

tem designs as well.2–5

COTS products are both hardware and software that are available

in the market with relatively lower cost and more availability as they

are likely produced by multiple vendors. Programmanagers have been

using more COTS parts in sustainment dominated systems such as the

224 ©2022Wiley Periodicals LLC Systems Engineering. 2022;25:224–241.wileyonlinelibrary.com/journal/sys
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military, avionics, nuclear plants, and transportation systems due to

many advantages including cost, availability, and ease of use. Despite

their abundant advantages,6 due to their shorterproduct life cycle (2–5

years), there are also disadvantages of using them in sustainment dom-

inated systems whose product life cycles are 25 years on average.7,8

Such disparity between product life cycles created “the dark side of the

Moore-law.”9,10 Obsolescence affects systems differently during vari-

ous phases of the product life cycle.11 Due to the mismatch between

the product life cycles of those systems and COTS parts used in them;

so, it is imperative to manage maintainability issues of obsolescence.

In certain cases, the COTS parts go obsolete even when the system is

still in the implementation phase.12 Any change in the original design

of the sustainment-dominated systems, owing to operational continu-

ity, usually incurs the high costs of requalification and recertification

requirements. For example, the US Air Force is reported to have spent

$81 million on the F-22 program and another $500 million on F-16

fighters’ radars tomitigate obsolescence; the redesign cost of an obso-

lete electronic part was reported between $26,000 and $2 million by

the Electronic Industries Alliance (EIA) Manufacturing Operations and

Technology Committee.13 The impacts of COTS obsolescence on such

sustainment-dominated systems is excessive and requires a compre-

hensive and holistic obsolescence management plan to minimize the

sustainment costs.

In order to manage the obsolescence costs, Sandborn proposed

three-tiered management framework: reactive, proactive and strate-

gic management.14 Reactive management techniques are adopted to

sustain the system until the Design Refresh Time (DRT) or retirement

once the obsolescence is announced by the vendor and includes reac-

tive responses such as Bridge Buy, Life-Time Buy (LTB), Redesign, Emu-

lation, and Reverse Engineering. The proactive strategy monitors the

system and technology as well as market trends to forecast the obso-

lescence using several parameters such as “Material Risk Index”15 and

proposes proactive responses before theCOTSparts are announced as

obsolete. The third strategy is a strategic management approach that

follows comprehensive methods that can start even before the origi-

nal design of the system16 and includes longer-term forecasts as well

as integrated logistics systems solutions.

While many studies on obsolescence and the deterioration of prod-

ucts have focused on inventory management,17–22 the first studies on

DRT due to COTS obsolescence date back to Porter’s Boeing report

proposing a trade-off decisionmodel to figure out the break-evenpoint

between the amount of Last Time Buy and DRT.23 Within the last

two decades, almost all of the studies conducted about obsolescence

management have focused on minimizing the costs. Researchers have

developed models to forecast the DRT through data mining histori-

cal buys,24 Bayesian networks,15 proactive measures,9,25–27 the rank-

ing and selection method to find the optimal design refresh strategy

among k alternatives28,29 and strategic riskmitigation techniques.30–32

Other research has focused on finding out the most appropriate set of

reactive measures until DRT,33,34 the amount of Bridge Buy and Last

Time Buy,35–37 health indicator for reactive management activities38

and determining the end-of-repair and maintenance period.39 Several

other studies aimed at forecasting part obsolescence based on peak

sales data40 and multiple regression models.41 In addition to that,

uprating obsolete parts42 and piggybacking on an existing product43

were proposed as additional mitigations for COTS obsolescence.

Determining the DRT for a complex system due to obsolescence

is one of the fundamental steps in proactive and strategic obsoles-

cence management strategies. It is a challenging stochastic process

since multiple conflicting decision objectives are using a number of

different probabilistic decision parameters and variables. It requires

a search over time domain for the optimum point as studied in previ-

ous research.33,36,44–47 All those studies have searched for the opti-

mum time only to minimize the product life cycles costs when deter-

mining the DRT; however in practice, this is not a single objective mat-

ter. In addition to the maintainability risks due to increased costs,10

there are also operational efficiency48 and security risks of using obso-

lete parts.49 Particularly for military, avionics and nuclear systems,

operational efficiency is of great concern for system owners. The deci-

sion to retire or refresh the design of such systems depends not only

on the cost parameters but also on the efficiency of system outputs.

In certain cases, it is not rare to see a very old system such as B-52

bombers still operating andmaintained at whatever cost since the out-

puts attained from them outweigh the cost of maintenance. This situa-

tion forces decision-makers tomake a trade-off among different objec-

tives depending on their prioritization schema. Aforementioned con-

cerns call for a multiple-objective decision-making (MODM) method-

ology to decide on the obsolescence management strategies including

the design refresh or retirement time.

The objective of this research is to develop a model to predict the

optimum DRT of sustainment-dominated systems due to COTS obso-

lescence. The contribution of this study has two-fold. First, in addition

to cost minimization, as was the case for majority of previous studies,

we have taken a balanced approach by taking additional objectives into

account when proposing the optimum DRT. This is not the first study

consideringmultiple objectiveswhendeciding technology refreshdeci-

sions. Khanh et al developed aMarkovian Decision Process using a dis-

crete timemodel,50 Adetunji et al. developed a TOPSISmodel to select

the optimum system based on expert judgment51 and Bowlds et al.

developed aMCDMmodel for software obsolescence.52 However, the

main difference of our research is that we have used the quality of the

solution sets rather than fitness values of the objective functions when

proposing the DRT. In other words, we used set based approach by uti-

lizing the quality of Pareto optimal solution sets rather than using the

population-based Pareto sets produced by Multiple-Objective Evolu-

tionary Algorithms (MOEA).

The research is built on the discrete time stochastic simulation

approach presented in Refs.26,44,53, and the concept of deteriora-

tion of objective values over time presented in Ref.50 We have imple-

mented aMOEAmodel inside a discrete time simulationmodel to gen-

erate multiple Pareto optimal solution sets for each consecutive time

interval. However, unlike the aforementioned foundational studies, we

used multiple objectives and we did not use the optimum Pareto solu-

tions set as an input for the decision maker to decide on DRT. Instead

we have developed a set-based approach by using the hypervolume

quality value of the Pareto sets as an input for decisionmakers to use.
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226 OZKAN AND BULKAN

The research demonstrates that the quality of the Pareto solutions

produced by the MOEA can be used as a decisive indicator to fore-

cast the DRT of the sustainment dominated system. We have devel-

oped a novel algorithm that uses the deterioration of quality values of

successive Pareto solutions as a marker to propose the design refresh

date. The originality of this research is that it blends the set-based pref-

erence relation approach of MOEAs into the multi-objective nature

of obsolescence management and provides a flexible way for decision

makers to determine the DRT.

The rest of the paper is organized as follows: In section two, we

explain the theories of MODM, EAs, and the Quality Indicators (QI) of

Pareto Sets. In Section 3, we explain how we applied the mentioned

theories on obsolescence management, specifically on the determina-

tion of DRT time and give the details of the proposed model. In section

four we give our case study, an implementation of the proposed model

on a sustainment dominated naval Command and Control subsystem.

The last sections give the results, discussion, and conclusions.

2 THEORY APPLIED ON DRT FORECASTING

2.1 Multi-Objective Decision Making (MODM)

Definition 2.1. MODM problem is the optimization of k objectives

fi : X → Zwhere Z = ℝk and 1 ≤ i ≤ k, is the feasible solution set in the

decision space andZ is the set of objective values in theobjective space.

Let x be a decision vector x = (x1,… , xn) in X finite decision space such

that x ∈ X and z = f(x) in the objective space.

In theMODMproblems, as perDefinition 2.1, the aim is tominimize

(maximize) k number of objectives by finding the Pareto solution set

where decision variables x⃗ are subject to a set of m constraints to find

the optimum values of x1
∗, x2∗ …… xn

∗ constituting the Pareto opti-

mum solution set.

minxf (x) = (f1 (x) ,… , fk (x)) (1)

s.t.

X =
{
x|gj (x) ≥ 0, j = 1,2,… , m : x ∈ n

}
where x is a vector of variable with n-dimension and f(x) is a vector of

multiple objectives with k-dimension.

2.2 Multi-Objective Evolutionary Algorithms
(MOEA)

Evolutionary Algorithms (EAs) are population-based algorithms based

on natural selection and inspired by Charles Darwin.54 EAs in MODM

problems use the operators of initialization, fitness evaluation, selec-

tion, variation, replacement, elitism, diversity check, and termination

state check. At each iteration, the fitness value for each objective func-

tion is evaluated and used in the selection process for the next genera-

tion. Fundamentals of MODM and EAs can be found in Annotated Bib-

liographic Surveys.55–57

Among those operators in EAs, the initialization and variation are

problem-specific and must be coded accordingly. Fitness evaluation,

diversity check and elitism are objective specific while replacement

and selection are heuristic specific.58 Various implementations of

the problems, objectives, and heuristic specific operators of EAs

create a wide range of different approaches to compare with each

other.

Definition 2.2. Multiple-Objective Evolutionary Algorithms (MOEA):

MOEA’s are used to generatePareto Sets by either populationbasedor

set based approaches.Within population-based approach, MOEA gen-

erates a new population from parent and offspring populations. On the

other hand, the set based approach uses preference relation over the

sets of Pareto solutions instead of individual solutions when generat-

ing the Pareto Sets.59

Definition 2.3. Preference Relation: Given aMOEA as defined in Defi-

tinion 2.2, let a and bbe two solution sets. If a ≼ b, a is said to be as good

as b for all objectives. Preference relation is reflexive such that a ≼ a

and transitive such that if (a ≼ b ∧ b ≼ c)→ a ≼ c.

if (A ≼ B)
↔

iff (∀b ∈ B : (∃a ∈: a ≼ b)) (2)

Definition 2.4. Pareto Optimality: The preference relation (Definition

2.3)
(
X,≼par

)
is a set of all elements of X such that there exists no solu-

tion uwith preference relation of
(
x≼par%u

)
.

Definition 2.5. Pareto Front: Set of objective values of the Pareto solu-

tion set.

2.3 Quality of Pareto solutions

While quality of a solution for a single objective problem is straight-

forward, comparing solutions quantitively for a multi-objective prob-

lems is a little bit trickier. We use QI (Definition 2.6) to compare mul-

tiple solutions sets. There are quite a number of different QIs to com-

pare Pareto sets such as generational distance or C indicator for con-

vergence,maximumspread for spread, spacing for uniformity anderror

ratio for cardinality.

Definition 2.6. The QI: QI of the Pareto Solution sets are used as a

basis of preference relations. A single QI is assigned to each solution

set A in 𝜓. Some of the key performance metrics to evaluate the qual-

ity of MODM algorithms are generational distance, spacing, spread

and, hyper-volume values.60 Some QIs are used to measure multi-

ple metrics such as hypervolume (HV), inverted generational distance

(IGD), ε-indicator, Integrated Preference Functional (IPF) and R Family.
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OZKAN AND BULKAN 227

Intuitively, the larger the indicator values the better.

A ∈ 𝜓 → ℝn : n =

⎧⎪⎪⎨⎪⎪⎩
1 for unary indicatorwhere A ≼ B → I (A) ≥ I (B)

2 for binary indicator where A ≼ B → I (A, B) ≥ I (B, A)

n for n − ary indicator where A ≼ B → I (A1 , A2⋯Am) ≥ I (A2⋯Am, A1)

(3)

QI define the order of Pareto sets by mapping the solutions sets

to a real value. There are multiple uses of QIs such as comparing the

multiple objective optimizers, monitoring the performance metrics of

parameters and stopping criteria used in the search algorithms and

indicating the direction of search algorithm. The quality of a Pareto

solution lies in closeness to thePareto front (convergence), coverageon

the solution space (spread), shapeofdistributionover solutions (unifor-

mity), and the number of solutions (cardinality) in the set. Spread and

uniformity are sometimes collectively called diversity.

AmongQIsmentioned above,HV is the significant one. It represents

the space that the Pareto solution set covers. While there are some

critics for its bias towards extreme points,59 it is one of the most used

metrics in measuring the quality of a Pareto set because it is very prac-

tical and does not need a reference set to represent a Pareto front

making it very desirable for many real-world scenarios. However, HV

requires a reference point where most of the time it is selected as the

maximum likely point for all objectives, in other words the worst-case

solution.

Definition 2.7. Hypervolume Indicator: Let A be a set of decision vec-

tors in the solution space 𝜓, A ∈ 𝜓, and R is the reference vector for

all objectives. 𝜆 stands for Lebesgue measure and it is the extension

of assigning a measure to n-dimensional Euclidean space where it rep-

resents length, area, and volume successively in one, two, and three-

dimensional spaces.

Hypervolume indicator (Definition 2.7) of IH(A, R) is the Lebesgue

measure of objective vectors weakly dominated by A but not necessar-

ily by R. For a Pareto solution P, HV of P is the union of hypercubes of

each solution a in the Pareto set A where the lower left vertex is the

solution a and the upper right vertex is the reference point r.

HV (P) =𝜆

(⋃
a∈A

{x|a ≼ x ≼ r}

)
(4)

≼A (z) =

{
H (A, R) (z) |∃a ∈ A,∃r ∈ R : f (a) ≤ z ≤ r

otherwise0
(5)

Definition2.8. ReferenceVector: Assuming that the feasible region for

eachobjective function is convexpolytypeboundedby linearly inequal-

ity constraints, each of the objective values are a function of the deci-

sion variables (x⃗) on those polytypes. Each of the Pareto solution set is

bounded by the nadir ideal objective vectors where

z⃗nadir ∋ z⃗nadiri = sup {fi (x)} for all i = 1,… , k | x ∈ X

z⃗ideal ∋ z⃗ideali = inf {fi (x)} for all i = 1,… , k | x ∈ X (6)

F IGURE 1 Hypervolume of a pareto solution set

Without loss of generality, let us assume a multi-objective problem

with two conflicting objectives, f1 and f2, both minimization objective

functions.

Note that solution c dominates c′ because the 2D hypervolume of c

contains the c′ , in otherwords c ≼ c′; but it is not true for other solution

points in the Pareto Set since their 2D hypervolumes do not contain c′.

The HV of this Pareto set is the shaded area in Figure 1.

2.4 Application of theory on DRT due to
obsolescence

Postulate 2.1. Determining the DRT for a sustainment dominated sys-

tem is a MODM problem and it at least includes cost minimization and

operational efficiencymaximization.

Postulate 2.2. Determining the DRT for a sustainment dominated

system requires selecting the best timewith the optimum fitness value

for the objectives throughout the product life cycle.

Postulate 2.3. Determining the DRT requires considering all system

partswith a holistic viewby including the system in use, systemparts in

inventory and system parts in maintenance.

Similar to Starling’s research, we used system level approach driven

by each part’s availability, reliability and relevance factors.29,61 How-

ever, we have measured the system’s overall state by aggregating each

part’s state in the BOM and we have taken the criticality of each sys-

tem part in the system configuration into account whenmeasuring the

overall systems’ state.

Lemma 2.1. Obsolete parts increases the cost factors over the product life

cycle due to lack of original vendor support.

Proof 2.1. Given in Appendix A.

Lemma 2.2. Maintaining the obsolete products worsens the operational

efficiency over the product life cycle due to lack of original vendor support.
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228 OZKAN AND BULKAN

F IGURE 2 Notional representation of a system

Proof 2.2. Given in Appendix A.

Lemma 2.3. The quality of consecutive Pareto solutions for multiple con-

flicting objectives (i.e., cost and performance) deteriorates over time for an

obsolescence problem under the auspicious of Lemma 1 and Lemma 2.

Proof 2.3. Given in Appendix A.

Theory 2.4. Within the context of selecting DRT for sustainment-

dominated systems due to COTS obsolescence, following the Lemma 2.1,

Lemma 2.2, and Lemma 2.3, the point where the amount of deterioration

reaches to a lower bound threshold value (theoretically zero) is the latest rec-

ommended time for design refresh. The threshold value is based on the risk

appetite of the decision-maker.

Based on the proofs for Lemmas 2.1–2.3, we can conclude that the

area (volume for n objectives where n > 2) of hypervolume shrinks

as the members of the Pareto solution set approaches the feasibil-

ity boundaries of objectives. The distance between the solutions and

the feasibility boundary reaches notionally zero to push the solutions

towards the feasibility region.

ByDefinitions 2.1 and2.4, this is the timewhen the search algorithm

cannot produce any dominating solution for at least one of the objec-

tives in the following time intervals.When the search algorithm cannot

produce any better solutions, it is best to consider a design refresh at

this time. Empirical observationof the case studygiven in Section4also

supports Theory 2.4.

3 OBSOLESCENCE MODEL

3.1 Modeling the system and its behaviors

Themeta-model of the system representation is given in Figure 2. It is a

conceptual model62 to define concepts, relationships and semantics to

aid in the creation of concrete models. The entities of the system parts

F IGURE 3 System parts flow diagrams

are modeled at the granularity of the least manageable level in the Bill

of Material (BOM).63 The overall system is composed of system parts

used in operation, inventory, andmaintenance.

System behavior, as its flow diagram is given in Figure 3, is modeled

to move the system parts between the system in use, inventory and

maintenance shop depending on the states of each system part. Each

part can be in one of the following states: “functional,” “broken,” “under

maintenance,” or “inventory.” The transition between these states are

stochastically determined by using theMTBF andMTTR values of each

part.

3.2 Modeling the objectives and constraints

The obsolescencemodel developed in this research has two objectives:

minimize the cost andmaximize the operational efficiency.

We used the amount of Last Time Buy at a given time as the deci-

sion variable upon notified obsolescence and it represent the gene of

the chromosome used in MOEA. The model can easily be extended to

include new reactive strategies as additional genes into the chromo-

some. The model constraints are the maximum available budget and

minimum operational efficiency. Those constraints represent the z⃗nadir

point given above. Cost is an aggregate function of acquisition, oper-

ation, and disposal costs. Operational efficiency is the product of the

relevance, reliability, and availability of the system parts in the whole

system.

minCost

maxOperationalEfficiency (7)

s.t.

∑
cost ≤ MaxAvailableBudget∑

efficiency ≥ MinimumAcceptedEfficiencyLevel

Pareto solution (P(t)) at time t is a set of tuples with non-dominated

elements of cost (C(t)) and efficiency (E(t)) values.

S = {P (t) | P (t) = { (C (t) , E (t)) | C (t) = f1
(
x⃗ (t)

)
and E (t) = f2

(
x⃗ (t)

)
}}

(8)
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OZKAN AND BULKAN 229

F IGURE 4 Cost model

3.2.1 Cost model

Cost model is given in Figure 4 and includes acquisition, operation and

disposal costs. Acquisition cost is the purchase cost of the part when

notified as obsolete and a factor of part unit cost and the amount of

Last Time Buy. The operation cost is the sum of the operating cost of

the system (CF(t,i)), holding cost for the inventory (CH(t,i)), and mainte-

nance cost for preventative and corrective activities (CM(t,i)). The oper-

ating cost is the sum of fixed cost to run the system including labor,

rent, electricity, security, and the variable cost that is a function of the

duration and conditions of the operation. The holding cost is a function

of inventory, spoilage, pilferage, labor, and storage costs. To put it sim-

ply, it is measured as a “c” percentage of the initial procurement cost.

The maintenance cost is the sum of fixed costs for maintenance facili-

ties and variable cost for routine preventative activities and corrective

costs for each brokenmaterial that needs to be repaired. Disposal cost

is a one-time cost in the cost model if the system is to be retired.While

the unavailability cost has been used dominantly in the cost factor in

the previous research, we have used this factor in the efficiency model

as a penalty value by decreasing the availability of the system.

Cost =
∑{

CAcq + COpr + CDisp
}

(9)

CAcq =
T∑
t=1

N∑
i=1

XLTB(t,i).POV(t,i) (10)

COpr =
T∑
t=1

N∑
i = 1

COp(t,i) + CManint(t,i) + CHold(t,i) (11)

COp(t,i) = CF_Var(c(t),i) + CF_Fix(t,i) (12)

CMaint(t,i) = CM_R(t,i,c) + CM_Fix (t,M) (13)

CHold(t,i) = p(t,i) .%c (14)

CDisp =
N∑
i=1

Cdisp(i) (15)

3.2.2 Efficiency model

Efficiency is the measurement of the extent of outputs contributed to

the achievement of the system purpose at a given time. The opera-

tional efficiency model given in Figure 5 is based on the model on the

effectiveness of a system proposed by Ashhab et al., however we have

slightly modified the mentionedmodel by replacing the capability with

the relevance of the system. The model is designed to include opera-

tional reliability, availability, and relevance.64

Availability consists of two components: material and operational

availability.65 Material availability represents the readiness of the

inventory of the system to operate when it is needed. Operational

availability is the readiness of operational components to perform an

assignedmission.

There are various models developed tomeasure the availability of a

system66 someofwhich includepoint availability, averageuptimeavail-

ability, steady-state availability, inherent availability, achieved, and

operational availability. Point availability (Equation 17) is the probabil-

ity of a system being up and ready to operate at a given time. Average

uptime availability (Equation 18) is the ratio of a system’s availability

over the period it is assured. Steady-state availability (Equation 19),

also called asymptotic availability, is the limit of the availability function

as time extends to infinite. When only corrective maintenance activ-

ities are considered, steady-state availability becomes inherent avail-

ability and measured by the ratio of MTBF to the sum of MTBF and

MTTR. When preventive maintenance activities are taken into consid-

eration, steady-state availability becomes achieved availability. Oper-

ational availability is measured over a period of time and includes all

types of downtime periods. It is measured by taking the ratio of the

uptime of the system to the total operating cycle.66

In this research, we assumed a constant failure rate, constant repair

rate and series of N subsystems with no redundancy. We used point

availability performance indicators for the expected instantaneous
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230 OZKAN AND BULKAN

F IGURE 5 Efficiencymodel

availability of a system at a given time. System availability (EAvl) is a

function of MTBF and MTTR values and it represents the probability

of the availability for both the system and operator at the time the sys-

tem is needed for operation.67,68

The reliability of a system (ERlb) is a functionofMTBFand represents

the probability that the system will perform over a required period of

time under specific conditions65,69,70 when needed.

Point availability of a system part at a given time t, given in Equa-

tion (20) and driven from Equation (17) , covers both the reliability and

availability of the part from initial time until t. It refers to the system’s

performance at a given time, but not during a duration.69 Hence, Equa-

tion (17) also considers the reliability of a system until t. Reliability, as

given in Equation (21), refers to a duration 𝛿t inwhich the part needs to

operate. Reliability considers the availability as a precondition because

a part’s reliability would be zero during 𝛿t if it is not available at the

beginning of 𝛿t. Hence, Equations (17) and (20) take the reliability of a

part into account whenmeasuring point availability. ERlb factor used in

Equation (16) is the reliability of a given part at time t, that is intended

to be used during an operational period 𝛿t. For example, considering

the case study given in Section 4 where a discrete event simulation is

modeled with monthly time intervals, assume that a part is used every

Monday for 6 h and the monthly operational time is therefore 24 h a

month. Equation (20)measures the availability and reliability of system

part for the whole time since beginning until time t. Equation (21) mea-

sures the reliability of the systemand its parts for the operational dura-

tion of 24 h between time t and t+1 for the duration of 𝛿t operational

time units.

The system’s operational relevance (ERlv) is a function of the signif-

icance of the operational requirement, material, and interoperability

level. The relevance of a system is measured by combining the rele-

vance of the system’s objectives and the relevance of the system with

respect to its objective. In other words, it depends on the relevance of

the business case and the degree of the system’smeeting those defined

business cases.71

Efficiency = EAvl .ERlb .ERlv (16)

A (t) = R (t) +
t
∫
0
R (t − u)m (u) du (17)

TABLE 1 Acquisition cost parameters

t Simulations step

i Subsystem index

T Simulation duration

N Total number of subsystems

CAcq Acquisition Cost

POV(t,i) Original Vendor price for subsystem i at
time t

XLTB(t,i) Last Time Buy amount at time t for
subsystem i

A (t) =
1
t

t
∫
0
A (u) du (18)

A (∞) = lim
t→∞

A (t) (19)

EAvl (t, i) =
N∏
i=1

𝜇i
𝜆i + 𝜇i

+

{
𝜆i

𝜆i + 𝜇i
e−t(𝜆i+𝜇i)

}
(20)

ERlb (𝛿t, i) =
N∏
i=1

e−𝜆i𝛿t (21)

ERlv (t, i) =
N∏
i=1

e−𝛾i t (22)

All parameters and variables used in the Cost and EfficiencyModels

are listed in Tables 1–6 and given in the Appendix B.

3.3 Model implementation

Wehave implemented a stochastic discrete event dynamic system sim-

ulation over a user defined period. At each step, a state is constructed

for each system part in use, in the inventory and at the maintenance

shop in order to build up the system’s overall status. The transition

between those states are based on the MTBF, MTTR values that are

fetched from the data sheets of the system parts. Skill and material
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OZKAN AND BULKAN 231

TABLE 2 Operating cost parameters

t Simulation step

T Simulation duration

i Subsystem index

N Total number of subsystems

c Holding Cost Parameter

p(t,i) Price of subsystem i at time t

COpr Operation cost

CFunc(t,i) Functioning cost for subsystem i at time t

CMaint(t,i) Maintenance cost for subsystem i at time t

CHold(t,i) Holding cost for subsystem i at time t

CF_Var(c(t),i) Variable cost for subsystem t for conditions at

time t

CF_Fix(t,i) Fixed Cost for subsystem i at time t

CM_R(t,i,c) Cost of preventative or corrective activity c for
subsystem i at time t

CM_Fix(t,M) Fixed cost to runmaintenance shopM at time t

TABLE 3 Disposal cost parameters

N Total number of subsystems

i Subsystem index

CDisp Disposal Cost of overall system

Cdisp(i) Disposal cost of subsystem i

TABLE 4 Availability parameters

N Total number of subsystems

i Subsystem index

𝜇i Repair rate for subsystem i

(1/MTTR)

𝜆i Failure rate for subsystem i

(1/MTBF)

EAvl(t, i) Availability efficiency value for

subsystem i at time t; range
[0-1]

TABLE 5 Reliability parameters

N Total number of subsystems

i Subsystem index

𝜆 Failure rate for subsystem i (1/MTBF)

ERlb(t, i) = Reliability efficiency value for subsystem i at time

t; range [0–1]

TABLE 6 Relevance parameters

N Total number of subsystems

i Subsystem index

𝛾i Operational obsolescence rate for subsystem i

ERlv(t, i) = Relevance efficiency value for subsystem i at
time t

F IGURE 6 Implementation Pseudocode

obsolescence depend on the attributes of the system. There are sev-

eral methods proposed to measure skill obsolescence72–74 and mate-

rial obsolescence; they depend on the risk factors and remedies with

regard to the part and its technology.46,75–79

The system’s overall state is measured by aggregating the individ-

ual system parts’ states. If any system part cannot be replenished from

either inventory or the maintenance shop; the overall system status is

lowered as a function of the criticality of the broken part.

At each step of the discrete simulation, anMOEA problem is instan-

tiated by using the input parameters and the states developed in the

previous step. The MOEA model produces the Pareto solution set for

that givenMOEA problem at each discrete step. Decision variables are

encoded within each chromosome as the amount of the LTB. Figure 6

shows the pseudo-code of themodel.

Following the initialization, for each interval (t) where t = 0,. . . ,T,

system states are calculated and parts are moved around based on

the system states, the MOEA problem is generated with selected EA

method (i.e., NSGA-II, PAES or PESA2], Pareto front is generated, the

hypervolume of Pareto solution is measured and added to quality set.

The fitness distribution function is generated based on the quality

set and finally the minimum value of the distribution is proposed

as DRT.

4 CASE STUDY

In order to demonstrate the design refresh planningwith the proposed

approach, the case study was performed on a sub-system to a naval

command and control system. The system was originally designed in

2004 and deployed in 2007. In later years, each subsystemhad become

obsolete as of 2010 and Bridge Buy reactive obsolescence manage-

ment methods were implemented by the maintenance agency for the

obsolete COTS parts as theywere depleted or as informed by the origi-

nal vendor as obsolete. However, in 2019 reactive obsolescencemeth-

ods started failing to meet the operational objectives because of the

difficulty in procuring the parts even fromalternative vendors. The unit

responsible for Integrated Logistics Support (ILS) was obliged to pro-

pose a tech-refresh to replace several COTS parts with the new ones in

the original design. The estimated cost for the proposed solution was

expected to reach roughly twomillionUSD in 2019. Figure 7 shows the

real-life events that actually took place in the life cycle of the system in

use.
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232 OZKAN AND BULKAN

F IGURE 7 Real life events in system life cycle

F IGURE 8 System configuration

The system is composed of the parts given in Figure 8. The lowest

granularity level of the system parts is selected at Line Replaceable

Unit (LRU). Each of these LRU’s is produced by different vendors and all

of them were announced as obsolete by the original vendors by 2010.

While several second vendors have continued to provide those LRU’s

for a certain time, the number of second vendors dropped to only a few

by 2019, someofwhich are offering only refurbished or open-box item.

Hence, the availability and reliability of the system have significantly

decreased because of the scarcity and originality of the parts.

The case study is designed as if the proposed model is run in 2007.

The objective of the case study is to compare the cost and efficiency

values of the system for which the situation experienced in real-life

against the simulation outputs. Since the simulation is run from the

past to today, we had a chance to use the exact known obsolescence

dates instead of forecasted ones. In addition to that, since the simula-

tion length is only 12 years, skill obsolescence and requirement rele-

vance are assumed to have no impact on the system and is omitted.

The simulation was run as of 2007 January (considered as T0) for

144 months (12 years) till 2019. The holding cost rate was assumed to

be5%of theoriginal vendorprocurement cost for theparts per year.All

cost values used in the simulation were adjusted with discount rate (I)

of 1.3%, the average inflation rate for the 12 years. TheWeightedAver-

age Cost of Capital (WACC) is the cost of money. Sandborn showed

that thedifferentWACCvalueshave significant impacton theoptimum

Bridge Buy sizes.34 However, if investors are risk-neutral, the WACC

can be set simply by risk-free interest rate to adjust the inflation. We

assumed the risk-free option and used the inflation rate in place of dis-

count rate. The actual discount rate for WACC reflects the industry

standards. However, for simplicity, we adjusted the cost factors on the

time domain and used Feng’s approach to reflect discount rate.35 The

parameters ofWACC are given in Table 7.

Adjusted Cost (t) =
Cost (t)

(1 + I)

(
t
12

) (23)

TABLE 7 WACC parameters

Adjusted Cost(t) Adjusted cost at time t

Cost(t) Cost at time t

I Annual inflation rate

t Time representingmonth

At each step of the simulation for 144 months, a separate MOEA

problem was instantiated. For each MOEA problem, NSGA-II, PAES,

PESA2 EAs were run 10,000 times with an initial population of 10,000

chromosomes representing the amount of LTB to produce the Pareto

solution sets at each step. The quality value of each Pareto solution set

for each EAwasmeasured and stored at each step of the simulation.

5 RESULTS

As a result of the analysis of the simulation for cost minimization and

efficiency maximization objectives of the case study, Figure 9 shows

the distribution of quality values for the Pareto solutions over 144

months of three EA algorithms. The horizontal axis shows the time

intervals and the vertical axis shows the hypervolume quality values of

Pareto solution sets. The quality of Pareto solutions follows a continu-

ous deterioration over time and after a certain point; we can see that

the hypervolume quality value of Pareto solutions is zero, whichmeans

that MOEA cannot produce a Pareto solution anymore for at least one

of the objectives.

Figure 11 shows the deterioration of Pareto solutions over cost and

efficiency objectives as time progresses. This is an empirical proof of

Theory 2.4. We have normalized the cost objective values between (0

and 1) over themaximum value in the Pareto set in order to graphically

showbothobjectives in coherence.As timeprogresses, the cost and the

efficiency values of the Pareto optimal set worsens. As can be seen in

Figure 11, when the time interval is around 70, the Pareto solution sets

started to have only one solution. Thatmeans one of the objectives has

reached its feasibility boundary and is not represented in the Pareto

solution anymore.

Since the MOEA cannot produce a Pareto solution with a hypervol-

ume value anymore, the system is recommended to go through a tech

refresh not later than the 70thmonth after deployment in 2007, which

is 2013.

While what exactly would go into the design refresh as of 2013

requires a thorough analysis, for simplicity, we intuitively assumed that

maintaining the same functionality is a requirement and similar COTS

parts would be used in the tech refresh in 2013. In order to see if there

will be a need for a second design refresh between 2013 and 2019, the

simulation is run again as of 2013 until 2019. Figure 13 shows the qual-

ity values of Pareto solutions for a second design refresh. The second

design refresh is recommended to take place on 138thmonth, which is

2018.
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OZKAN AND BULKAN 233

F IGURE 9 First design refresh forecast

F IGURE 10 Statistical analysis of three EA algorithms for the first design refresh forecast

In both simulations for the first and second DRTs, we note that

all three EA algorithms have resulted in highly correlated, note the

Anova test results in Figures 10 and 14 with alpha value .05. Since the

p value is bigger than alpha and Fcrit value is bigger than F value in both

analyses, we cannot reject null hypothesis, hence we can conclude

that the means of three hypervolume populations generated by three

EA algorithms are equal. Figure 12 shows the DRTs proposed by the

model.

Thereafter, we recalculated the expected cost of the system if the

system had gone through design refreshes as proposed by themodel in

2013 and 2018, respectively.We then compared the simulation results

with the current and actual costs and efficiency. The comparison of the

cost and efficiency values are given in Figures 15 and 16.

The results have shown that the cost factor would be decreased by

roughly 17% and the efficiency factor would be increased significantly

by 28 times.

6 DISCUSSION

The COTS obsolescence for sustainment-dominated systems has been

mostly seen as a financial issue. Numerous studies have focused on
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234 OZKAN AND BULKAN

F IGURE 11 Deterioration of pareto solutions

F IGURE 12 Proposed DRTs

cost minimization to find either the best set of reactive and proactive

obsolescence mitigation activities or the best time to redesign the sys-

tem. However, cost minimization is not the only objective for decision-

makers. The operational efficiency is the core of any given business

or mission objectives, and therefore maximizing or at least maintain-

ing the operational efficiency must be taken into account as another

objective.

Since thosementioned objectives conflict with each other in nature,

we proposed aMODMmodel to balance the competing needs of finan-

cial and operational communities of interest. While the financial com-

munity or budget holders prioritize theminimumcosts, the operational

community aims at the efficient mission or business outputs. The deci-

sion to refresh the design due to COTS obsolescence weighs the pos-

itive and negative impacts on cost and efficiency objectives. The pro-

posed model in this research enables the different priorities of deci-

sion makers to be included into the decision-making process. It utilizes

MOEAs to generate a series of Pareto solution sets and their qualities

over a discrete-time simulationmodel.We have shown that the quality

of the Pareto sets deteriorates over time and when the deterioration

of the quality values for those Pareto solutions set reaches zero or a

defined minimum threshold value, it means that the solutions do not

fulfill at least one of the objectives anymore. This is assessed to be an

indicator to consider a design refresh or tech refresh time for that sys-

tem since at least one of the objectives is not represented in the solu-

tion space.

We implemented two objectives in themodel, however themodel is

scalable for additional objectives subject to constraints and big-O com-

putational complexity. The computational complexity of the algorithms

we used in the study isO(nongnp2) where no, ng and np are the number

of objectives, generations and population respectively.80 The number

of objectives and generations are linearly proportional, however, num-

ber of populations used in the EA heuristics thatwe coded in themodel

is polynomial proportional to computation time. Hence, the model is

scalable for the number of objectives and generations. However, as the

number of populations increases, computational time increases poly-

nomially.

The model was designed to predict the future states of a system

and each of its parts. We ran the simulation in the use case starting

in 2007 in order to validate the model by comparing the results

against real data. However, the model can also be run as of today

to inform a forward-looking state of obsolescence to predict opti-

mum DRTs in the future. The cost model and efficiency model are

predicting the states of system’s parts by using listed MTBF, MTTR

for efficiency model, the advertised cost values for cost model and

the obsolescence state for each part. The efficiency and the cost

factors for acquisition, operation, maintenance activities in future

states can be estimated based on the existing obsolescence and

cost forecasting models mentioned in Section 1 as well as expert

judgement.

The cost and efficiencymodels given above can be implemented dif-

ferently depending on the nature of the system, organization, the tech-

nology being used and the operational context in which the system is

used. The main contribution of this research is based on the premise

that, regardless of the system and the implementation of the prob-

lem specific objectives,58 the deterioration of the quality values of the

Pareto solutions generated by multi-objective problem can be used as

an indicator to point DRT.
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OZKAN AND BULKAN 235

F IGURE 13 Second design refresh forecast

F IGURE 14 Statistical analysis of three EA algorithms for the second design refresh forecast

7 CONCLUSION

The present research exhibited the application ofMOEA and set based

preference approach over quality values of Pareto Solution sets to

determine optimum time to initiate design refresh activity for sustain-

ment dominated systems.

The objective of this study was achieved by presenting a novel

approach to forecasting the DRT of sustainment-dominated obsolete

systems with a balanced approach among competing multiple objec-

tives under resource-constrained conditions. The proposed model is

scalable and extendible to include other objectives, variables, con-

straints, EA algorithms, and QIs. Based on both theoretical and data-

driven conclusions, we showed that the hypervolume quality values of

the Pareto solutions measured over time for the cost minimization and

efficiency maximization objectives is a simple but decisive and realis-

tic indicator to forecast the DRT of sustainment dominated systems

with significant COTS obsolescence risk factors. Having this approach

in hand, the programmanagers of sustainment dominated systems will
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236 OZKAN AND BULKAN

F IGURE 15 Cost values for current strategy and proposed strategy

F IGURE 16 Efficiency values for current strategy and proposed strategy
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OZKAN AND BULKAN 237

F IGURE 17 Transforming Pareto solution sets onto objectives

be capable of making more informed decisions on DRT by considering

multiple objectives including but not limited to cost minimization and

efficiencymaximization.
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APPENDIX A

Proof of Lemma 2.1. While it is straightforward, we will use proof by

contradiction (reduction ad absurdum). Any obsolete part can be in one

of the three state of the system: in use, maintenance or inventory.

The cost of part i of the system is the sum of the acquisition, opera-

tion, maintenance, and inventory costs over the product life cycle (T) as

denoted below. Let us assume that all costs are adjusted withWACC.

C (i) =
T∑
t=0

Copr (i, t) .nopr (i, t) + Cinv (i, t) .ninv (i, t) + Cmaint (i, t) .nmaint (i, t) + Cacq (i, t) .nacq (i, t)

(24)

The cost of a given part over its life cycle is sum of the cost of the

part before it is called obsolete (t−o ) and after (t
+
o ).

C (i) = C(i)
t−o + C(i)

t+o (25)

The opposite of Lemma 2.1 (P) is that the cost of acquisition, opera-

tion, inventory andmaintenance of the obsolete parts is at most (equal

or less than) the cost incurred before the parts are called obsolete. The

obsolescence of parts only affects the acquisition, maintenance and

inventory costs, but not the operating costs.¬P implies thatC(i)t
+
o is less

than C(i)t
−
o as follows:

C(i)
t−o ≥ C(i)

t+o (26)

1. Inventory cost: An obsolescence problem in sustainment domi-

nated systems is a stochastic continues-reviewmodel where future

demands for parts have considerable uncertainty. Continues-

review models have two critical numbers: R, reorder point and Q,

purchase order quantity. Inventory policy is to place an order for

Q when the part amount is dropped to R. In obsolescence case, the

reorder point is fixed at obsolescence time to order LTB. The main

assumption of the continuous-review model is that the probability

of demand is known or estimated. Purchase order quantity is

Q =

√
2DS
h

.

√
p + h
p

(27)

where D is the average demand per unit time, S is setup cost, h is hold-

ing cost, p is shortage cost. Considering obsolescence for sustainment

dominated systems, such asmilitary, nuclear, major transportation sys-

tems, p is relatively a lot higher than h, hence the Q approaches to Q∗

as in standard EOQmodel.

In obsolescence model, the demand is projected over the expected

life cycle of the system. MTBF is the most appropriate parameter to

estimate the future demands of a part. Hence Q, denoting LTB, is

increased by the square root of the average demand value of the part

until the retirement or DRT of the system. Thus, the LTB becomes

higher than the optimumvalue ofQ∗ andCinv(i)t
+
o and increases accord-

ingly as the total holding cost is increased for obsolete parts. Therefore

Cinv(i)t
+
o cannot be less than Cinv(i)t

−
o .

1. Acquisition cost: Based on Solomon’s postulate that the price of

obsolete parts in the typical characteristics of product life cycle at

obsolescence stage as “not applicable or very high if available from

aftermarket sources,”25 since the demandwill increase in thewear-

out phaseof thepart after it becomesobsoletedue tobathtubprob-

ability, 81Cacq(i)t
+
o cannot be less than Cacq(i)t

−
o .

2. Maintenance cost: Original vendors stop after-sale support once

the product is called obsolete. In that case, some vendors offer spe-

cial service level agreementwith the systemowners to continue the

support only for that customer; however, such support comes with

higher cost than the one before the part is called obsolete. In addi-

tion to that, second market vendors, who sell those obsolete parts

alsoprovide suchafter sale supportwithhigher prices.82 Besides, as

given in the proof of Lemma 2, the reliability of the parts is decreas-

ing with age, especially after being called obsolete and the proba-

bility of an obsolete part be broken becomes higher in than early

stages of the part in its product life cycle. As, the number ofmainte-

nance activities and visit to maintenance shop for an obsolete part

increases, the total maintenance cost of the system also increases

proportionally. Hence, Cmaint(i)t
+
o cannot be less than Cmaint(i)t

−
o .

3. Based on 1., 2., and 3., we can conclude that ¬P is false, hence P is

true and C(i)t
−
o is less than C(i)t

+
o .

Proof of Lemma 2.2. Operational efficiency is a factor of system’s avail-

ability, reliability, andmaintainability. Systemavailability (EAvl) is a func-

tion ofMTBF andMTTR values and represents the probability of avail-

ability for the system and operator at the time the system is needed for

the operation.67,68

EAvl (t, i) =
𝜇i

𝜆i + 𝜇i
+

{
𝜆i

𝜆i + 𝜇i
e−t(𝜆i+𝜇i)

}
(28)

The reliability of a system (ERlb) is a functionofMTBFand represents

the probability that the system will perform over a required period of

time under specific conditions.65,69

ERlb (t, i) = e−𝜆i t (29)

Both the reliability and availability of a system part at a given time

are inverse exponential to the time; thus, as time increases, the avail-

ability and reliability values decreases exponentially. Performance and

accrued profit of any given system will decrease in accordance with

a stochastic distribution function over time and the maintenance cost

will increase accordingly.50

When a part becomes obsolete, the original vendor stops support-

ing the part and the owner of system with obsolete part is left without

after sale support.While there is a degree of support from second ven-

dors, it is either a nominal support or comes with higher cost. There-

fore, it is straightforward to accept that maintainability of an obsolete

part decreases after the part becomes obsolete.82

Since reliability, availability, and maintainability values all decrease

when the part becomes obsolete, the operational efficiency of a part

decreases inversely proportional to the time.
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OZKAN AND BULKAN 241

Proof of Lemma 2.3. As given in Figure 17,we can transform the Pareto

set (P = {a,b,c,d,e}) given above to mapping of f 1 objective values onto

objective values such that:

f2 : f1 ∈ F1 → f2 (f1)

In this transformation, r1 and r2 are the maximum allowable values

for each objective, in other words, the boundary of feasibility region

of each objective. The hypervolume, IH, of the Pareto set is the inte-

gral of shaded area bounded by (r1, r2) and vertices of the Pareto set

{(f1min , f2(f1min )),. . . ..,(f1max , f2(f1max ))}. Let n be the number of points in the

Pareto set, f1n+1 = r1 and f2(f1n+1 ) = r2. Then the hypervolume of the

Pareto set (P) is

IH (P) =
n∑
i=1

f1i+1
∫
f1i

f2
(
f1i+1

)
∫

f2
(
f1i

) df1 df2 ≅
n∑
i=1

(
f1i+1 − f1i

)
.
(
f2 (r1) − f2

(
f1i

))
= Φ

(30)

On a discrete-time stochastic simulation, let Ψ(t) be the set of all

admissible solution sets with finite size at time t and P(t) be the set of

Non-dominated Pareto Solution sets where P(t) ⊆ X, P(t) ∈ Ψ. Then,

the hypervolume of a Pareto Set at time t is

IH (P (t)) = ˘ (t) (31)

In the context of obsolescence management, following Lemmas 2.1

and 2.2, where both cost and efficiency objectives deteriorate over

time,Ψ shrinks, themembers in the Pareto solution set moves towards

to the feasibility region of the decision space. Deterioration of Pareto

Solutions sets over time is given in Figure 18.

lim
t→t′

{f2
(
f1i+1

)
− f2

(
f1i

)
} = 0 (32)

There exist a time (t) such that t’ where (f2(r1(t′)) − f2(f1i (t
′))) ≅ 0.

Putting that in Equation (30), we find

lim
t→t′

(IH (P (t))) = ˘
(
t′
)
= 0 (33)

That proves that, under the auspicious of Lemmas 1 and 2, the

hypervolume of a multi-objective obsolescence problem asymptoti-

cally approaches zero as time progresses and approaches to t′.
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