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Statement of Scope and Purpose

This paper presents aovel hybrid intelligent system whiclises a genetic
algorithm with a neurahetwork tooptimize a combinatorial engineering design
problem considering a system reliability constraint. The genetic algorithm searches
among candidate designstbk system configuration talentify optimal levels of
component redundancy. The neuratwork provides thebjective function value

of each candidate design by estimatingsystem reliability. The resultinghybrid
approach noonly finds optimalsolutions, but does swith fewer computational

resources devoted to evaluation of the objective function.
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Abstract

This paperoptimizes a welknown NP-hard combinatorial problem - redundancy
allocation - using a combined neuraktwork and genetialgorithm (GA)
approach. The GA searches for tmnimum cost solution by selecting the
appropriate components for series-parallel system, given minimum system
reliability constraint. A neurahetwork is used to estimate tegstemreliability
value during search. Thapproach is aexample of a computationally efficient
method toapply GA optimization to problem®r which repeatedcalculation of

the objective function is impractical.
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1. Introduction

This paper presents an optimization approasimg a genetic algorithfGA) to identify
the choice of components addsign configuration in a series-parallel system whicist meet a
lower bound on systemeliability. This redundancy allocation problem is a combinatorial
optimization problem wherghe reliability goal is achieved by discrete choices mdiaen
available parts. Since GA (andother forms of evolutionary optimization) require numerous
objective function evaluations to calculate fitness during evolution, a problem where the
evaluation ofthe objective function is computationally time consumin@y seem ill-fitted.
Complicated reliability design problems are such cases where the determinatiorelidltiigy of
a given solutior(i.e., system configuration) can require considerable algorithmic calculations or
even Monte Carlo simulations. The approach in this paper to this barrier to effective GA search is

to develop a neural network approximation of system reliability.

Neural networkdave rarely been used as a function evaluator to facilitate GA search. In
fact, research by Pipe, Fogarty awdnfield [1] represents thenly other knowninstance of

neural networks being used for thispurpose. The authorapplied the temporaldifferences
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learning algorithm to a radial basis function neagtlwork tolearn movementthrough asimple
maze. Learningakesplace in a critic mode, artie resultingnetwork outputs thealue of each
position in themaze relative to escapirige maze. This isused by their GA to select the next
move through the maze. The approadescribe below is considerably differehbth in

motivation and in procedure.

1.1 The Reliability Design Problem

Design of a hardware systemvolves numerous discrete choices amoagailable
component types based oost, reliability, performance, weighgtc. If thedesign objective is to
minimize cost for a certain reliability requirement then a strategy is required to identify the optimal
combination of components and/or design configurationheMthere aremany functionally
similar components to choose from, it becomdifficult to identify the optimal solution,
particularly when redundancy can be used to impreirability. For the purposes dhis paper,
redundancy is defined #ise use ofunctionally similar(but notnecessarily identical) components
together in adesign such that ibne componentails, the redundant partilvbe available to

perform the required function without the system experiencing a failure.

Two particular reliability design problems where it is difficultdomputesystenreliability
are networksystems optimization and optimization of systesngploying multiplek-out-of-n
redundancies with dissimilar components in parallel. For all-termetatorkreliability problems,
determination of systemeliability requires the consideration all possiblepaths(which are not
necessarily independent) whicbnnect each pair daérminals(network nodes). For evesmall
networks,this proves to be computationalijmpractical. For systems with multipl&k-out-of-n
redundancies, which the case consideredtims paper, computation aubsystem reliability also
becomes a difficult combinatorial problemlalsecomes large. Optimization of these systems has

been proven to be NP-hard by Chern [2].

k-out-of-n redundancy is defined as a series pharallelcomponents wheranyk of then

are required to be operatiigood) for thesystem to avoid a failure. Thetal number of



components in parallely, for eachsubsystem is a variable which can assamgintegervalue
greater than oequal tok; (wherei is thesubsystem number)-or this paper, it isassumed thd¢
has been specified whitg remains a variable to be determined as part of the optimization process.

Figure 1 shows a typical series-parallel system.
INSERT FIGURE 1 HERE

The problem for a series-parallel system can be stated formally as below:

min > G(x)
=
S

subjectto [T R(Xi | K) > R
i=1
m
inj >k Oi
=1

where C cost ofi" subsystem

R = reliability ofi" subsystem
R = reliability constraint

m
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If no limits or upper bounds arestablishedor n, then the totahumber of possible design
configurations is unbounded. However, it is practicagéstablish arupper bound om (Nmay).
Once upper lints have been established, then it becomes possilclenpute the totahumber of
possibilities bytreating the selection gfarts foreach function as an occupancy problem [3].
the number of functionally similacomponents for eacsubsystem is denotedn, the number of

unigue system representations is given by the following equation.
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For amoderately sized problem with= 6,m =10 (J i) andnmax= 8, there are greater than &.9

10°" possible design configurations. Clearly, a non-enumerative optimizdtategy is required



to identify the optimal solution.

Many previous optimization studies concerned witiproving the reliability of system
designs, summarized in [4 aid, usetechniques such as nonlinear programmingdemntify
optimalreliability levels atthe component osubsystem level. These studies const@nponent
reliability to be acontinuousvariable (implying an infinitenumber of component choices).
However, there exists anothelass of problems where systesaiiability must meet apecified
requirement, but componectioices ardimited to a finite number which haveown reliabilities
andcosts. In these cases, ttlesign problem becomes a combinatorial optimization problem.
This approach habeen accomplished past researchsing integer odynamic programming [6-
12] which require somsimplifying assumptions. When formulated adysamic programming or
integer programming problem, it is necessaryréstrict the search space to solutions of a
particular form by either requiring=1 and/or prohibitingnixing of different componentwithin a
given subsysterfil3]. As a result, the truglobal optimum solution isften not found by these

techniques.

GAs offer many advantages compared to alternative methods used to solve the
redundancy allocation problefi3]. The mathent&cal programmingapproaches arenly
applicable to a limited problem domaand requiresimplifying assumptions which liits the
search to arartificially restricted search space. Complgistification for using a GAfor this
problem is provided inCoit and Smith [14]. Other published uses of GAor reliability
optimization are Painton ar@ampbell[15] andlda, etal. [16]. These workdreated thesystem
reliability determination directly during GA search by either algoritfitds 16] or bysimulation
[15].

1.2 Reliability Determination

There is achallenge whichmust be resolved to solve a complex and/or laedjability

optimization problem.For each design configuration under consideration, an estimatgstaim

reliability is required as a function dhe componenteliabilities and the particulaseries-parallel



configuration. For complex system designs, such as all-termmedlvorks orsystems employing
multiple k-out-of-n redundancies with non-identical components in parallel, determination of exact

analytical solutions is computationally complex.

For series-parallel configurations, systemliability can be determined exactlysing
probability theory or estimated usinglonte Carlosimulation. The below equation calculates
system reliabilityfor a series-parallel system whengixing of functionally similarcomponents

within the same subsystem is allowed.
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Once a design configuration has been establidfledie Carlosimulation isoften used in
lieu of exactanalyticalsolutions to provide an accurate method to computsysiemreliability
of very complex system designgVhile simulation is arexcellent tool to estimateliability of a
static design configuration, it st efficient for use in a heuristic optimization search because of
the need to recompusystem reliabilityfor each solution encountered during the search. (Each

recomputation would require multiple simulation runs.)

For large problems where determination of exaotlytical solubns is difficult and
simulation is computationally inefficient @grt of thesearch strategy, an alternative is the use of
neural networks. Neural networks are r@onlinear robust nodeling technique which are

developed, or trained, based on eithealytical or simulatedesults of a subset gjossible



solutions. The resulting model is then used to estimate sysiehility as afunction of the
componentreliabilities and thedesign configuration. In this way, ftiple estimates of system
reliability are availablewithout solving a new probability modébr each new candidate solution,
or performingthe mudtiple iterations required with simulation. A disadvantage of using neural
networks as a reliability evaluator is that the reliability prediction is only an estimate méyche
subject to bias and/or variance dependinghenadequacy of theeuralnetwork. Figure 2 shows

how the neural network works with GA search.

INSERT FIGURE 2 HERE

2. Formulation of Genetic Algorithm

A genetic algorithm is a stochastic heuristic optimization search techpadgiezned after
the natural selection process taking place during biological evolutionbalie GA methodology
consists of(a) encoding of solutions as wector string, (b) randonselection of aninitial
population of solutions, (®alculation of fithess (objective function valde) each solution, (d)
selection of parent®) breeding of parents (recombination)d@ate new solutionghildren), ()
mutation of existing solutions toreate new solutions (mutants), afg) culling of inferior
solutions. Thigroceeds in an iterative mannealled generations, untihe search converges or
some other termination criterion is met. GAs have proven to dféective for problems

characterized by non-convex search areas.

2.1 Encoding and Schema

For the redundancgllocation problem, a particular solution is encoded ascor of
dimensions x nna The chromosome is partitioned into different genetic pieces corresponding to
each subsystemFor each subsystenthe totalnumber of selected components) (are ordered
and indexed fronmostreliable toleastreliable and followed by inax - ni) of them + 1 index
corresponding to no further use of redundancy, i.e., a blank gene. For example, caysigen a

with s =3,m =6 (J1) andnna =5 for each subsystem. The following vector,



v=(116773777722777)

represents @ossible solutiorfor a system withthree subsystems.For this systemjwo of the
mostreliableand one of the 6th mostliable parts are irparallel inthe first subsystemthe 3rd
most reliable part (for thatparticular function) provides the secosdbsystem antivo of the
second mosteliablepartprovides the thirdubsystem. OEourse nmax can bendividualized for

each subsystem creatingax

A “pblank” gene isused as part of ahromosome whenever there dess thannmax
componentsvithin a particular subsystenilhe optimization procesavolvesthe selection ofy
components for each sfsubsystems wheke < n; < nnax The chromosome is partitioned irgo
genetic pieces, each corresponding to a particular subsystem. A chromosome is &rsanged
with then; components for thérst subsystenordered according to theieliability followed by
Nmax - M1 blank genes with an index af+1, and therfollowed bythe analogous genetmiece
corresponding to the secosdbsystem and so on urdll s subsystemsare encodedUsing this
encoding assures thathild vector will have a quantity of components‘( bounded by those of

the parents, i.en™ < n° < n®? for each subsystem.

It is important to design a GA where the chromosomes pass meamfgiiation to the
child solutions. The encoding used wsgecifically designed toproduce meangful schema.
This was accomplished bthe pre-processing stewhich arranges the gene@svhich each
correspond to a particular component) in accordance with tleeability value for each
subsystem. This arrangemenields chromosomes where each position has a unique and
meaningful interpretationwhich is then passed to subsequent generatioasthe associated
schema.For example, a particular scherfa a single subsystem, ([400[1[1), corresponds to a
subsystem design where at lease of the fourth moseliablecomponent is used, but the three

mostreliablecomponents araot used anywhereiithin the subsystem. Alternatively, a schema,



(O0Om+100), wherem + 1 is the index for a blank gene, represents a subsystem where no more

than two components, of any type, are used.

2.2 Evolution Parameters and Operators

The GA search is started lbgndomly selecting amitial population. Foreach of the
subsystemshe requirechumber ofparts k) for the system tooperatehas been specified. For
each subsystem a random number, sapetweerk andnma is selected, and tham of them
different alternatives (with replacemeaterandomlyselected. This ieepeated for each of ttse
subsystems, and then for each rhemofthe population. Finally all partswithin any subsystem

are ordered from most to least reliable and the indices are added for blanks.

Solutions were selected to breed in thanmer of[17] by taking a uniform random
number between 1 arile squareoot of the population size, and theelectingthe parentwith
an objective function rank closest toe square of the selected randaomber. There were
different crossover operatorsonsidered for the GA.Two possible methodsicluding (1) the
transfer ofindividual components fronparent tochild solution, and(2) the transfer of whole
subsystemgpgetherwith the associated componefitsm parent tochild. However, transfer of
entire subsystems wouldot introduce sufficient diversity tothe population. A preferred
crossover operator involves the transfemdividual componentswhich prodweeschildren which
sharemany characteristics with théwvo parents bustill allows for new, althoughsimilar and

potentially better, subsystem designs.

The breeding operation was uniform crossover: retaining identictbp® of the parents,
and then randomly selecting, with equal probability, fittiatwo parents for those partghich
differ. Becausdhe components were orderéddm most to leasteliable for eachsubsystem,
matches werdairly common. Thechild isthen orderedrom most to leasteliable within each
subsystem.For example, considethe two following parent vectorsw, v;) and resultingchild

vector (),

10



vi= (1167737777)
V, = (2366722777)

Ve = (XX6X7TXXT777) - identical indices
Ve = (2167732777) - random selection of non-matching indices
Ve = (1267723777) - final arrangement

The mutation operatiotook place after breeding anculling so thateach mutated
solution remained ithe population for at least one generatidiis allowed amutant witheven
an inferior fithess to hauvhe possibility of breeding deast once. The populationembers to be
mutated wereuniformly selected and controlledia a preselected number of mutants per
generation and a mutatiomte. The mutated mdrar replacedhe original member in the
population, except if the pre-mutated solution was the best solution in the population. The
mutationrate was set at 0.10, so thath a 10% probability, each element in a selected solution
vector was exposed to mutation. If selected to be mutated, there was eéh&féeé that the
element is assigned an indexwf+ 1, corresponding tolaank, and &0% chance that a random
componenindex fromthe m alternatives was selectedVithin each subsystem of each mutant

the genes were then reordered from most to least reliable before insertion to the population.

GA parameter selection was basedboef exploration. Mutation selectioprobabilities
were varied andifferent population sizesere attempted to test tihebustness of the GA and to
identify “good” parameter settingalues to use on subsequent problems afnalar nature.
However, GAshave repeatedly been demonstrated toobest regarding parameter settings and

detailed exploratory investigations were not warranted to identify the “ideal” parameter set.

2.3 Objective Function

The problem formulationnvolves aconstraint on systemeliability. However, the
crossover operator does noecessarilyproduce feasiblechild solutions even ifboth parent
solutions ardeasible. Additionallythe mutatioroperatormayalter a fasiblesolution and result
in an infeasible solutionTherefore, different strategi@sere considered so that the Gads to a

final feasiblesolution. Thewo primaryapproaches are the use of repagchanismand penalty

11



functions.

In general, the use gdenalty functions in lieu of repamechanismshould be avoided
because theenalty disturbshe process ofdentifying promising buildingplocks. However, for
this particular problem, penalty functiomsere selected fotwo fundamentakreasons. Thdirst
reason is thatall conceivable repaimechanismsintroduce some form of systematic, and
undesirable, biasFor example, if random deviceme chosen and “upgraded” to the next most
reliable alternative untithe constraint isatisfied, this wouldias the search to solutionsith
fewer, but moreeliablecomponents. Alternatively, a repamechanism which continuallgdds
the cheapest component until the constraint is satisfiediasthe search to solutions with more,
but lessreliablecomponents. The second reason is that Hmate intention is to extend these
techniques to actual design problems wh#rere aremultiple, and sometimes conflicting,
constraints. For example, it would be common to have weight and volume constraints, in addition

to reliability. For these problems, there would generally be no conceivable repair mechanism.

The objective function is therefothe sum ofthe total cost for theetected partplus a
quadratic penalty function. The penalty function is applied vhemeliability estimation does
not nmeet thereliability requirement, and thus tlieesigndoes not represent a feasisigution.

The penalty functionR) is similar to that devised in [18] and is given by

P =3 (500 R - Res))’ (3)
where & = 0,R=R

0 = 1,R«<R

Rest = estimated relidlity

R system reliability requirement
500 =empirically determined constant.

After new solutions were generated, the associegtability was estimated using the
neural network model as described ithe next section and thabjective function value was
determined. @ly the best among the parents ahddrenwere kept for the next generation, i.e.,
inferior solutionswereculled to maintairconstant populatiosize from generation to generation.

The GA was terminated after 500 generations for populations of 100 and after 1000 generations

12



for populations of 50, resulting in’510" (non-unique) solutions generated.

3. Subsystem Reliability Estimation Using Neural Network

For this research, a straightforward backpropagation newg®bork was developed to
estimate thereliability of single k-out-of-n subsystems based d&n n and n independenpart
reliability values. The systemeliability was then computed as tipeoduct of thesubsystem
reliability estimates. Alternatively, a neuna¢twork couldhave beercreated to estimate total
system reliabilitydirectly, but it wouldhave been applicable onlgr the specified series-parallel
configuration. Instead, the developed neural network is capable to predicting subsliat@iity

for any problem which involve&-out-of-n subsystems.

Neural networks represenhly one possible function approximator. From a theoretical
perspective, thaeural network offers distinct advantages over techniques such as regression
models for this particular problem. Neuraletworks areparticularly effective in modeling
relationships with nonlinearities ansignificant interactions. The estimation cfubsystem
reliability includesboth nonlinearaspects and@¢omplex interaction effects\While the nonlinear
aspects could psibly beaccommodated bintelligent data transformationand a regression
model, the componemgliability interactions coulshot behandled by anyegression modelnless
a prohibitively large number ahteraction terms werexplicitly added. For these reasons, the

neural network approach was pursued.

3.1 Training Sets and Strategies

The data set used teain andtest theneuralnetwork was choseusing a full-factorial
design ofthe critical parameterk, n and threeunderlying distributions (uniformguadratic
skewed-left and quadratic skewed-right) in equalportions for componentliabilities, where
reliability ranged from O to 1. The skewed distributiomsre necessary to exposhe neural
network to testases wittrelatively highand low subsysteneliability for design configurations

where these outcomes are rare yet triscal that anaccurate prediction can be madmitial

13



attempts to train aeuralnetworkusing only a uniformlygenerated traininget resulted ipoor

estimations for very high and very low values of subsystem reliability.

Using 8 as an upper bound for b&tandn, there are 198ifferent combinations ¢8x3).
Analytical calculations ok-out-of-n reliability (using Equation 2) werenade for 50randomly
chosen instances for each cellthe factorial designiesulting in atotal of 9,600 data vectors.
90% of these data vectors were usedrieuralnetworktraining whilethe remaindemwere used

for neural network validation, forming the test set.

Three separateclasses of network architectures were evaluated f@ossible
implementation athe subsystem reliabilitjunction evaluator. The thretassesvere (1) aseries
of independenhetworks, each p&ining to a specific value df with ny.« partreliability inputs
and a single output for subsystem reliability, (2) a single network ksasgan input in addition to
the nmax partreliabilities and outputting a singlsubsystem reliabilityand (3) a single network
using Nmax part reliability inputs and outputtindtmax subsystem reliabilities, each pertaining to a
predetermined specific value kf The firsttwo strategies had a single netwarktputwhile the
last had miltiple outputs, one foeach possible value &f up to a predetermindd,., which was

set equal t@mayx

When considering performance aefficiency within a GAsearch, the beshodel was
found to be of formulation 2 above, and consisted of inputskfand eachindividual part
reliability (up to nmay, onehidden layer with 15 hiddeneurons and a singleutput. Network
formulation 1 providedhe most accurateeliability predictions, but wasefficient becausek
neuralnetworks had to be trainedalidated and interfaced withe GA optimization. Network
formulation 3 wasefficient, but waslessaccurate due to thdifficulty of learning multiple Knay)
estimations for a single given input vector. The resulting trained neeabrk fromformulation
2 had a meaabsoluteerror of 0.00484and aroot meansquare error of 0.00816 fesstimating
reliability over the test setConsidering thateliability ranges from 0 to 1, this wasgaodfit to
theanalyticaldata. Howevebiaswas exhibited by overestimation tfe highest reliabilities and

underestimation of the lowestliabilities. This is an atypical neuraktwork problem and is
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called overshoot, where th@eural approximation exceediBe extremes of theelationship
modeled. The authorbelieve thatthe skewed data sets overcompensated for pibher
performance of the uniform training set, causowgrshoot at the extremes of tiediability range.
Tempering the mix of skewed anduniform distributionsfor training should correct this

phenomenon.

3.2 Using a Psuedo Constraint

Although theneural netwrk provided agoodfit to the test set, there sill always some
error associated with even an unbiased prediction and some conditions should be introduced on
the use of the@euralnetwork as dunction evaluator. This approach can best lagplied if the
constraint is somewhat “soft” anemall deviations can be allowed. Alternatively,paeudo-
constraint Rysuead Can be determined by making a small, conservative adjustment to the constraint
to assure that theriginal constraint is met even there is asmall violation of the pseudo-
constraint. Foreliability, aminimummust be met, so the pseudo-constraint shoukkbagher
than the actual constraint as shown below:
Rosuedo= R+Y (4)
wherey O f(s)
Another consideration to be made when considdhiegpseudo-constraint is necessitated
by the structure of theeuralnetwork model. The neurahetwork was used to estimate the
reliability of a singlesubsystem, thereforerrors weremultiplied across theseries system,
compounding the underestimation problem. Asrthmber of subsystems, in series increases,
the compounding oérrorsgeometrically increases. Therefdre conservatism of the pseudo-
constraint depends on tmeimber of subsystems in series, where fewer subsystems requires a

smallery and more subsystems requires a layger

4. Examples And Results

A large system witls = 6 and areliability requirementset at 0.80 waérst considered.

Recall that thisapproach works beswith a slightly inflated reliability requirement sathat
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estimationerrorsfrom the neuralnetwork wil not adversely affecthe final system design. For
each subsystem there wene= 10 different part choices amgl.«= 8. There are therefore greater
than 6.9x 10°’ different possible design configuratiomghile the GA searclexaminedabout 5x
10" (non-unique)solutions. Table 1 preseritse reliability valuesandcosts associatedith each
component alternative. The system hasignificant need for k-out-of-n redundancies, as

indicated by the values &fin the table.

INSERT TABLE 1 HERE

By varying the size of the population and theelative percentage of breeding and
mutation, different results (Table Jere obtained. Foeach algorithm, 8 different random
number seedwere used, and thinimum cost,meancostand standard deviaticare shown. It
is evident thathe GA was robust across the parameter alterations tested. Becaussizd tie
the problem, th@ptimum solution coulshot beenumerated, however when generatingitlion
random solutions, the best solution of 1308 found by the GA was 4.84 staed&tins lower
than themean feasible random solution 2682.77 and 1.72 standagdéviations lower than the
best feasible random solution 762. The percent feasible f@ndomlygenerated solutions was
5%, indicating a fairly constrained problem. The solution to the large problem with cost = 1308 is

shown in Figure 3.

INSERT TABLE 2 AND FIGURE 3 HERE

To more stringently evaluatihe results of the GA approach, the besibination of
evolution parameters (population size of 50 &086/50%split between breeding and mutation)
was selected andsmallertestproblem whichwas a subset of the largeroblem was developed.
The larger problem wapared down to thdirst two subsystems listed in Table 1All other
problem specifics remained the same. The search space sshtiier problenwas 1.9x 10° and
the optimal solution was found by enumeration, as shown in Figuwehith had areliability
predicted by th@euralnetwork of 0.8022 and eost of 475. The GA was run with 1d@ifferent

seeds, angix converged to th@ptimal design configuration withitO0O0 generations. Of the
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other foursolutions found, three werdightly infeasible ashown in Table 3. Theostsshown
are the truncategdenalizedcost(where penalty = @or feasible solutions). However, the results

indicate that as few as two runs will be likely to find the optimal solution for this problem.

INSERT FIGURE 4 AND TABLE 3 HERE

To examine the effects of neuratwork estimation orthe reliability calculated for the
final solution of eachiestproblem, Table 4 showthe reliability of each subsystem calculated by
analytic means versuke reliability of that same subsystem adicted by theneuralnetwork.
The error in the neural network predictions compound as the subsystmdgitiplied to find the
final system reliability. Errors largely ione direction, forexample biasedpwards as is found
here, provide the worse caseeimor compounding. Future research should addrepsovement
of neuralnetwork estimation forsystem reliability by either removingll bias orforcing uni-
directional bias. For theseproblems, biasdownwards (i.e., underestimation eftibsystem
reliability) would always ensure a feasible solution because the configuration choserhaxrild
an actuateliability higherthan that predicted by theeeural model. Thisnaylead to conservative

or overly safe designs which are feasible, but not necessarily optimal.

INSERT TABLE 4 HERE

One interesting way to evaluatke efficiency of the combined neurahetwork / GA
approach is to consider timember of function evaluations required to trtie neuralnetwork
compared to thaumber of function evaluations saved by ustheheuralnetwork. For thdirst
problem, 9600 function evaluations were required to train and vatitateuralnetwork,which
then saved approximateB0,000function evaluations during one GA run. If a single run for a
single problem washe extent of the search, then ih®licit savings of approximately 5 times
fewer function evaluations is intriguingut hardly dramatic considering thalhe saving was

obtained at the expense of precision in the reliability prediction.

However, as the secontest problem is considered and additional problems are
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contemplated, thbenefits of thisapproach become increasingly clear. The second problem used
the same neurahetwork so noadditional function evaluationswere required yet 50,000 more
function evaluations are saved for each single run. Collectively, the netwadrk approach now
leads to approximately arder ofmagnitude fewer function evaluations. The benefit continues
to increase as more problerae analyzed (becauste neural network wasdesigned to be a
universalapproximator). Ultimately, the “cost” of thenitial trainingsetbecomes inconsequential

if the neural network is used repeatedly to analyze additional problems.

5. Conclusions

A unique approach tthe optimization of ageneral form ofthe redundancyllocation
problem using a GA and a neuredtwork approach wa®rmulated andested. The results are
very promising withproven optimal convergence onsanall, but complex, test problem and
probable near-optimal convergence on a very large problem. The method redéersts to
parameter settings and random nunmdeed. The neuraletwork estimator was constructed so
that it will serveany series-paralletonfiguration, and thus could be reused fioany design
problems. Although thestimation of subsystemliability was very computationallgfficient and
quite precise, one has tmlapt the constraints toitigate thepossibility ofincorrect estimates.
Imprecision is compounded #t number of subsystems in sergg®ws due to thenultiplicative
calculation of system reliability. Cleanhgore research is needed on éffectiveness and relative
efficiency of this combined neurahetwork/GA approach. Specifically, the use of alocal
optimization post-processor tanprove efficiency and a more thorougbomparison of the GA
with the neuralnetwork and a GAwith the original objective functionwould be particularly

enlightening.

A hybrid objective function evaluatiompproach, where theeuralnetwork estimation is
usedearly inthe search, and a more exact method (eiligorithms or simulation) is used
directly in later phases of the searcHibe tune thefinal solution identified as optimal lihe GA,
might be just as effective andore computationallyefficient. This is a practicahpproach,

because for reatlesign problemshe exactreliability (only estimated by theneural network)
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would always be verified with algorithms or simulation®thersimplersurrogates t@accomplish
this verification would be toverify the reliability of the top few solutions identified from GA

optimization, or utilize the pseudo-constraint method discussed earlier.

This approach vl be especiallyapplicable to problemsvhere an exact calculation of
objective function isot possible and must be estimatibdough Monte Carlsimulation. This
situation is found irreliability design in complex and/darge systems and imetwork systems.
The computational expense of Itiple simulation replicationdor each solution encountered

during GA search makes a computationally efficient estimator imperative.

19



References

[1] A. G. Pipe, T. C. Fogarty, AVinfield, Balancingexploration with exploitation - $ang
mazes with real numbered search spaPesceedings of the FirdtEEE Conference on
Evolutionary Computatior85-489 (1994).

[2] M. S. Chern, On the computatiorcmplexity of reliability relundancy allocation in a series
systemQOperations Research Letterkl, 309-315 (1992).

[3] W. Feller,An Introduction to Probability Theoryohn Wiley & Sons (1968).

[4] F. A. Tillman, C. L.Hwang, W. Kuo,Optimization of System Reliabilitiarcel Dekker
(1980).

[5] F. A. Tillman, C. L.Hwang, W. Kuo,Optimization techniques fasystem reliability with
redundancy - a revieWEEE Transactions on ReliabilityR-26, 148-155 (1977).

[6] D. E. Fyffe, W. W. Hines, N. KLee, Systenreliability allocation and a computational
algorithm,|IEEE Transactions on ReliabilityR-17, 64-69 (1968).

[71 Y. Nakagawa, SMiyazaki, Surrogate constraintalgorithm for reliability optimization
problems with two constraintlEEE Transactions on ReliabilitiR-30, 175-180 (1981).

[8] P. M. Ghare, R. E. TayloQptimal redundancyor reliability in series systenQperations
Researchl7, 838-847 (1969).

[91 R.L.Bulfin, C. Y. Liu, Optimal allocation of redundant components for large syslEHE,
Transactions on Reliabilityr-34, 241-247 (1985).

[10] K. B. Misra, U. Sharma, Arefficient algorithm to solventeger programming problems
arising in system reliability desigiEEE Transactions on Reliability0, 81-91 (1991).

[11] M. Gen, K. Ida, Y.Tsujimura, C. E. Kim, Large-sca® 1 fuzzy goal programming and its
application toreliability optimization problemComputers and Industrial Engineering4,
539-549 (1993).

[12] M. Gen, K. Ida, J. U. Lee, A computatioreljorithm forsolving 0-1 goalprogramming
with GUB structures and itapplication for optimization problems system reliability,
Electronics and Communications in Japan, Parf3 88-96 (1990).

[13] D. W. Coit, A. E.Smith, Optimization approaches tite redundancy allocatigeroblem for

series-parallel systemBroceedings of the 4th Industrial Engineering Research Conference

20



[14]

[15]

[16]

[17]

[18]

in print (1995).

D. W. Coit, A. E.Smith, Reliability optimization of series-parallel systems using a genetic
algorithm,IEEE Transactions on Reliabilityn print.

L. Painton, JCampbell, Identification oEomponents to optimize improvementssiystem
reliability, Proceedings of th&€RA PSAM-II Conference on System-based Methods for the
Design and Operation of Technological Systems and Procdssds - 10-20 (1994).

K. Ida, M. Gen, T.Yokota, Systemreliability optimization with several failure modes by
genetic algorithm,Proceedings of 16th International Conference on Computers and
Industrial Engineering349-352 (1994).

D. M. Tateand A. E. Smith, A genetic approach ttee quadraticassignment problem,
Computers and Operations Researz 73-83 (1995).

A. E. Smith, D. M.Tate,Genetic optimization using a penalty functiétrpceedings of the
5th International Conference on Genetic Algorith@@9-505 (1993).

21



Table 1. Reliability Values and Costs for Each Component for Test Problems.

Part Alternatives - Unit Reliability

subsystem k 1 2 3 4 5 6 7 8 9 10
1 4 098 093 073 072 071 070 066 062 060 0.35
2 2 093 092 089 08 084 081 061 043 039 034
3 [ 1 [ 094 08 08 076 073 062 060 059 034 0.31
4 1 093 067 063 062 062 048 041 041 039 0.32
5 2 095 095 090 086 067 066 064 054 038 0.38
6 3 09 085 084 076 075 066 065 061 050 048

Part Alternatives - Unit Cost

subsystem k 1 2 3 4 5 6 7 8 9 10
1 4 95 86 80 75 61 45 40 36 31 26
2 2 137 132 127 122 100 59 54 41 36 30
3 [ 1 [ 118 113 108 59 54 49 45 35 30 25
4 1 149 84 74 69 64 58 38 31 26 21
5 2 131 120 103 93 60 43 36 31 26 21
6 3 149 104 96 79 45 40 35 30 25 20
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Table 2. Summary of Results to the Larger Test Problem.

Generations [Population | Breed %/Mut. % Min. Cost Avg. Cost Std. Dev. |Coef. Variation
500 100 50/50 1318 1348.63 25.46 0.0189
1000 50 50/50 1308 1337.50 21.76 0.0163
1000 50 75125 1308 1375.75 40.72 0.0296
1000 50 25/75 1318 1374.34 32.22 0.0234
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Table 3. Summary of Non-Optimal Results for Smaller Test Problem.

Non-Optimal Solution Reliability (R = 0.80) Cost
1 0.7986* 478
2 0.7953* 480
3 0.8005 480
4 0.7995* 479
* Infeasible Solution
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Table 4. Comparison of Predicted versus Actual Reliability by Subsystem for Each Problem.

Problem Source s;=1 =2 =3 |s=4]| 5=5 | s5=6
Large Calculated 0.92 0.98 0.96 | 0.96 0.94 0.92
Predicted 0.96 0.97 0.96 | 0.97 0.96 0.96
Small Calculated 0.81 0.94 - - - -
Predicted 0.87 0.92 - - - -
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Figure 1. Typical Series-Parallel System.
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Figure 2. Schematic of Combined Neural Network / GA Approach for Redundancy Allocation.
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Figure 3. Layout of Best Solution Found for Large Test Problem.
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Figure 4. Optimal Solution to Smaller Test Problem.
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