A Case Study of a Multiobjective Elitist Recombinative Genetic Algorithm with Coevolutionary Sharing

Martijn Neef 1 , Dirk Thierens 2 and Henryk Arciszewski 3

1 Cognitive Artificial Intelligence, Dept. Of Philosophy, Utrecht University,

PoBox 80089, 3508 TB, Utrecht, The Netherlands ( neef@phil.uu.nl ) *

2 Dept. Of Computer Science, Utrecht University,

PoBox 80089, 3508 TB, Utrecht, The Netherlands ( dirk.thierens@cs.uu.nl )

3 Command, Control and Simulation, TNO Physics and Electronics Laboratory,

PoBox 96864, 2509 JG Den Haag ( arciszewski@fel.tno.nl )

Abstract: We present a multiobjective genetic algorithmthat incorporates various genetic algorithmtechniques that have been proven to be efficient and robust in their problemdomain. More specifically, we integrate rank based selection, adaptive niching through coevolutionarysharing, elitist recombination, and non-dominated sorting into a multiobjective genetic algorithmcalled ERMOCS. As a proofofconcept we test the algorithmon a softkill scheduling problem.

Keywords: genetic algorithms, multiobjective optimisation, coevolutionary sharing, softkill scheduling

1. Introduction

Characteristic to most engineering problems is that theyare multiobjective . A problemis said to be multiobjective or multicriteria ifit involves optimising multiple goals at once. It is clear that it is not always possible to find a solution which is optimalwith respect to all objectives. A solution maybe optimalregarding one objective, but at the same time be inferior regarding another objective. For instance, the cost and qualityofa product are typicallytwo objectives one cannot adequatelyoptimise independently, nor can theybe easilycombined into a single objective function. In other words, usuallythe design goals are competing and many trade-offs are possible. Therefore the decision which design or solution is best is often taken byan external(human) decision maker . More recently evolutionarytechniques have been applied to multiobjective problems as well. Because oftheir massive parallel search these techniques are especiallysuitable for multiobjective optimisation. These multiobjective evolutionary techniques have nevertheless scarcelybeen applied to real-world problems. In this paper we present a multiobjective genetic algorithm that is applied and tested on a practical optimisation case.

The next section contains a briefintroduction on multiobjective problems and the evolutionaryapproaches that have been developed previously. In Section 3 a new multiobjective GA called ERMOCS is proposed and which is battle-tested against a real-world problem, softkillscheduling, in section 4. Finally, in section 5 a conclusion is posed and remaining issues are discussed.

2. M ultiobjective Genetic Algorithms

2.1 Pareto-optimalit y

Multiobjective problems are special in the sense that theydo not have a unique solution. Usuallythere is no single solution for which allobjectives are optimal. The solution to a multiobjective problemtherefore comprises a set of solutions for which holds that there are no other solutions that are superior considering all objectives. These

* please send all correspondence to the second author solutions are called Pareto-optimal . Hence, optimising a multiobjective problem is comprised of finding Paretooptimal solutions.

The notion ofPareto-optimality is defined in terms of dominance . Let’s assume that a multiobjective problem has k objectives. Assuming that this is a minimisation problem, then a solution x = ( x 1 , x 2 , � , x k ) is said to dominate another solution y = ( y 1 , y 2 , � , y k ) if " i x i

£ y i and $ i x i < y i . Solution x is a member ofthe Pareto-set, or

said to be non-dominated , ifthere is no other solution y such that y dominates x . The multiobjective problemcan

now be defined as finding solutions which are non-dominated.

Over the years, severalevolutionaryapproaches to multiobjective problems have been introduced. The most

commonlyused approach is to combine the objective function into a single objective function using weighting

coefficients and penaltyfunctions. This problem-transformation enables the use ofa simple single-objective genetic

algorithmto find a single solution, which maybe feasible, so requiring no further searches. Weights and penalty

functions are generallyhard to set accuratelythough, whereas both are veryproblemdependent ( Richardson et al.,

1989). As a result, the solution a GA comes up with, maynot fulfilallthe designer´s needs. The solution maynot

even be non-dominated. Setting the weights correctlyrequires a certain amount ofsearch space knowledge, which is

often not available in advance. This wayofdealing with multiobjective optimisation is therefore not always

applicable or efficient.

Another, and perhaps more effective approach, is to use genetic algorithms to locate Pareto-optimal

solutions. These solutions are, bydefinition, located on a boundary, known as the Pareto-front . We would like the

solutions to cover the Pareto-front as wellas possible, as to obtain a good representation ofthis front. This

approach requires an extensive exploration ofthe search space and it is this requirement that makes evolutionary

algorithms extremelyapplicable in this case. Their massive parallelexploration ofsearch spaces is an invaluable

advantage over other more conventionaltechniques in locating Pareto-optimalsolutions. This Pareto-based

approach has additionalbenefits as well. This approach offers multiple solutions fromwhich a decision maker can

select the solution that is best suited according to additionalcriteria, without requiring additionalsearches. Pareto-

based optimisation is hence a more transparent and efficient way of dealing with multiobjective problem.

2.2 Previous efforts

The first algorithmto exploit the parallelproperties ofgenetic algorithms on multiobjective problems was

the Vector Evaluated Genetic Algorithm(VEGA), designed by Schaffer ( Schaffer, 1985). His algorithmalso was

the first to treat objectives separatelyin order to find multiple non-dominated solutions in a single run ofthe

algorithm. In VEGA, each generation subpopulations are formed in turn fromthe existing population byusing

proportionalselection according to each ofthe objectives. These subpopulations are then shuffled together again,

forming a new population on which ordinarycrossover and mutation can take place. This wayoffspring, which is

created byparents fromdifferent subpopulations, is expected to performwellon both the objectives ofthe parents,

and the population is expected to evolve towards the Pareto-optimalfront. However, byindependentlyselecting

individuals that score wellon a single objective there is consequentlya bias against solutions that do not have high

fitness values for allofthe objectives, but are stillnon-dominated. VEGA hence performs well in locating the

extreme parts ofthe Pareto-set, but has problems finding middling points. In short, allnon-dominated points should

have equal reproduction probabilities.

This notion was first recognised byGoldberg (Goldberg, 1989), giving rise to a alternative kind of

multiobjective genetic algorithms, known as Pareto-based approaches. Goldberg suggested using a ranking

procedure, in which all individuals obtain a rank, relating to the number ofindividuals that dominate them. After

population domination sort, allnon-dominated solution are set aside temporarily, giving rise to a new group ofnon-

dominated solutions, which are assigned rank 2, after which this group is temporarilyremoved and so on. This

procedure continues untilall individuals have obtained a rank. This rank can function as a fitness-measure. A

another wayto assign a rank-based fitness to an individual(Fonseca & Fleming, 1993) is bycarrying out a single

fullpopulation domination sort, applyranking and use a linear or non-linear scaling like 1/rank i to obtain a fitness measure. Hereafter the fitness values ofthe individuals with the same rank are averaged, as to ensure allequal

individual will be sampled at the same rate.

Fonseca and Fleming used this ranking method in their Multi-Objective Genetic Algorithm(MOGA)

(Fonseca & Fleming, 1993). Furthermore, theyintroduced a niching scheme that calculates distances in the criteria

space (in contrast to distance measurements in decision variable space). The fitness sharing niche counts of

individuals is in their scheme calculated within the various ranks. Horn and Nafpliotis (Horn & Nafpliotis, 1993) did

not use explicit ranking, but focused on local domination tournaments. Their Niched Pareto Genetic Algorithm

(NPGA) uses a tournament selection scheme that compares two individuals on their dominance status. Using a

comparison set ofrandomlyselected individuals each ofthe two candidates is classified as locallydominated or non-

dominated with respect to the comparison set. In the case that one is non-dominated whereas the other is

dominated, the non-dominated individual is selected for reproduction. Ifboth or neither ofthe two candidates is

non-dominated, the tournament is decided using a fitness sharing scheme. In this case the candidate with the lowest

niche count wins. The size ofthe comparison set ( t dom ) is used to controlselection pressure. As Horn (Horn 1996)

recognises, the main difference between the dominance tournament as used in NPGA and the ranking procedure as

used in MOGA is that the former is locallycalculated, whereas the latter is much more globallydefined. Srinivas and

Deb followed Goldberg’s originalranking method more preciselyin their Non-dominated Sorting Genetic Algorithm

(NSGA) ( Srinivas & Deb, 1993). The sharing procedures are performed within categories ofindividuals with the

same ranking. After a non-dominance sort ofthe entire population, allnon-dominated individuals are shared with a

dummyfitness value, which is based on the number ofindividuals in the current population. After this procedure,

the first class ofnon-dominated individuals is removed fromcontention and a next class ofnon-dominated

individuals is determined and shared with a smaller dummyvalue and removed as well. In this waythe entire

population is classified and shared fitness-wise. This procedure gives a large reproduction chance to non-dominated

solutions, and allows for quick convergence to non-dominated regions.

More recently, the focus has been on implementing multiobjective genetic algorithms in real-world

situations. On the whole, these algorithms are based on either ofthe mentioned established algorithms with

problem-specific enhancements. Examples can be found in (Todd & Sen, 1997), ( Obayashi, Tsukahara, &

Nakamura, 1997), ( Cunha, Oliviera & Covas, 1997) and ( Loughlin & Rajithan, 1997). Recently Shigura ( Obayashi,

Takahashi& Takeguchi, 1998) compared severalsharing schemes in multiobjective evolutionaryoptimisation,

including CoevolutionaryShared Niching, which is implemented in the algorithmthat willbe described in the next

section. A comprehensive overview ofevolutionaryapproaches to multiobjective optimisation can be found in

(Fonseca & Fleming, 1995), and ( Coello, 1998).

3. Elitist Recombinative M ultiobjective GA with coevolutionary Sharing (ERM OCS)

The primarygoalofthe ERMOCS algorithm is an efficient and robust optimisation ofmultiobjective problems. To

achieve this aimwe have set out to integrate well-known evolutionarytechniques, which have proven to be effective

within their specific domain. Furthermore, we have adapted the techniques to cope with multiobjective problems.

Allthese approached are integrated into a Pareto-based genetic algorithm. In this section we willdiscuss the several

techniques that are used in the ERMOCS algorithmand clarifywhytheyare, in our opinion, indispensable for our

aims.

3.1 Conventional techniques

First, since a Pareto-optimalset is defined in terms ofits non-dominance, selecting a selection scheme that respects

this notion is inevitable. A sensible choice therefore is a rank-based selection scheme instead ofthe established

proportionate selection, which ifoften used in basic genetic algorithms. An additionalground for this decision is that

multiobjective optimisation should be devoid ofanycriteria preference. Pareto optimisation depends on non-

dominance instead of rawfitness values . Rank-based selection consequentlyseems to be the onlyvalid choice in this

matter. To this end in ERMOCS all individuals are given a rank, based on the number ofother individuals that dominate them. Individuals are given rank 1 + n , where n is the number ofindividuals that dominate them. Non-

dominated individuals consequentlyobtain rank 1, others obtain a rank 1 + p i , where p i is the number ofindividuals

that dominate them. A fitness conversion is made by a simple linear transformation.

Regarding the selection scheme, we have chosen to use an elitist recombinative scheme instead ofthe usual

tournament selection scheme. Elitist schemes have several interesting advantages ( Thierens & Goldberg, 1994).

First ofall, byusing an elitist scheme there is no need for specifying a crossover probability, since elitist schemes use

crossover unconditionally. This reduces the overallnumber ofparameters that have to be set, and consequently

making it easier to applythe algorithm. Secondly, elitist schemes are less sensitive to undersized populations than

tournament selection, also enhancing the overallperformance in case ofpoorlyset parameters. Finally, and also the

most importantly, using elitist recombination ensures that good solutions are never lost during the search process.

This is especiallyuseful in time-constrained problemareas, since it allows the algorithmto come up with its best

solutions at any given time.

To preserve diversityin the population, a niching scheme seems unavoidable as well. We need to maintain

multiple optimalsolutions, since we are looking for an optimal set ofsolutions. Almost allestablished multiobjective

genetic algorithms have applied some formofniching technique, and niching has proven to be a efficient wayto

promote and maintain genetic diversityand to prevent genetic drift in multimodalfunction optimisation. Goldberg

(Goldberg, 1989) was the first to propose a niching scheme in conjunction with the rank-based selection technique

when optimising multiobjective problems. A niching technique promotes the development ofstable niches along the

Pareto-optimalfront. The most commonplace and successfulniche formation scheme is fitness sharing (Goldberg &

Richardson, 1987). Fonseca and Fleming implemented fitness sharing in their MOGA, with distances being

calculated in the objective domain. Theyalso recognised the difficulties in setting niche size s share correctly, which is

hard to do without prior knowledge ofthe fitness landscape. To this end, theyprovided a theoreticalbasis for

estimating s share

, which, although accurate, is not practicallyapplicable, since it requires extensive knowledge ofthe

search space.

The conjunction oftournament selection and sharing schemes causes chaotic behaviour in the dynamics of

the algorithmand limits the number ofstable niches that can be maintained ( Oei, Goldberg & Shang, 1991). Since

elitist recombination is in essence a tournament selection scheme, our algorithmwillsuffer fromthe conjunction as

well. In Pareto-based optimisation it is essentialthat we can maintain a sufficient number ofstable niches. The

straightforward solution Oeioffers is continuously updated sharing. The sharing information in the target

population is constantlyupdated as new individuals are entered. During a tournament, the shared fitness ofa

competing individual is based on the number ofniche-members it willhave in the population that is being created.

This simple modification ofthe standard fitness sharing scheme produces stable dynamics and thus allows for

preservation ofmanyniches. It is easyto use the elitist recombinative scheme with continuouslyupdated sharing.

After reproduction ofthe two competing parent individuals, the shared fitnesses ofboth the parents and the

offspring should be calculated on the basis ofthe target population. Fromthese four competitors the two top

solutions can enter the target population. Since we employan quasi-steady-state algorithm, we use a slightly

modified kind ofcontinuouslyupdated sharing, in which the relevant sharing information within the population is

constantly updated. This approach will be described more clearly later on.

3.2 Coevolutionary Shared Nic hing

As noted, one ofthe drawbacks of fitness sharing is setting the sharing radius s share properly. This parameter has a

significant effect on the performance ofthe algorithmand should be set as accurate as possible. Ideally s share should

be set adaptively, allowing the algorithmto optimallycapture the characteristics ofthe fitness-landscape. There is a

specific need for this in real-world problems, since in these cases fitness-landscapes are non-uniformand thus

require non-uniformniche sizes. To this end, Goldberg and Wang (Goldberg & Wang, 1997) devised a sharing

scheme, Coevolutionary Shared Niching (CSN), that eliminates this parameter and nevertheless allows the

algorithmto adaptivelyfind optimalniche locations. Their technique is inspired bythe economic modelof monopolistic competition , which describes the geographical interaction between customers and businessmen.

Businessmen willdistribute themselves among the customers so as to maximise their profit, while at the same time

customers willgo to the shop that minimises their costs. Both populations, customers and businessmen, therefore

have separate interests, which leads to the placement of shops where customers benefit the most.

This economic modelhas some interesting properties which can be applied to an evolutionaryoptimisation

scheme. The coevolutionaryshared niching scheme is designed to formstable subpopulation ofbest solutions

regardless ofthe solution spacing, extent and modality. The customer population maybe viewed as the common

population ofsolution candidates, searching for areas with a high fitness values through selection and

recombination. The businessmen population has as primaryaimto locate niches at optimalplaces. The businessmen

population is a population ofsolution candidates as well, though the businessmen interact with the customer

population to find those locations which yields themthe highest payoff. Their fitness function enables themto place

niches at highlyfit regions ofthe search space. The interaction between the populations is accomplished through the

separate fitness function for both populations. Keeping the originaleconomic model in mind, we recallthat

customers willgo to the store that is closest to them. This shop is defined bya businessman. Since an overcrowded

shop is not desirable, customers willwant to move towards other shops. This is actuallya plain standard fitness

sharing concept. The fitness function ofthe customers therefore is a modification ofthe standard fitness sharing

scheme. Assuming that at generation t an individual c is served bybusinessman b, who has a totalof m b,t customers,

the fitness of an individual in the customer population is calculated as follows:

f c f c

m b t c C b

’ ( )

( )

,

=

Î

where C b denotes the customer-set ofbusinessman b. In short, a customer shares its fitness with the number of

other customers that use its shop as well.

The businessmen determine the location and extent ofthe niches. Theyshould therefore be located at peaks

in the landscape with a certain minimaldistance between them. This distance, denoted a d min , is important to ensure

a good distribution ofthe niches. A businessman´s fitness is simplythe sumofthe raw fitness values ofits customers

and it is calculated as follows:

f ( ) ( )

, b f c

c C b t

=

Î å

Goldberg and Wang suggested two schemes to accommodate evolution within the businessmen population, simple

CSN and the imprint operator. In the simple CSN scheme, each businessman is chosen in turn, and a mutation on a

randomlychosen site on the businessman string is performed. Ifthe resulting businessman is an improvement over

the originalbusinessman, than the new individualreplaces the original. Improvement is judged on two issues: a) the

resulting individualhave a higher fitness than the originaland b) the resulting individuals should be at least d min away

from all other existing businessmen. This procedure is done up to a certain number oftimes. Ifnone ofthe

mutations prove to be an improvement, then the businessman is retained in the population in its originalform. This

scheme is effective on easyproblems, but proves to be inadequate on hard and deceptive problems. An i mprint

operator is suggested byGoldberg and Wang to enhance the performance. This operator simplychooses candidate

businessmen fromthe customer population. Ifa customer proves to be an improvement over its competing

businessman, the businessman is replaced bythe customer, and the businessman is retained ifnone ofthe randomly

chosen customer outperforms the businessman. This procedure is, again, performed up to a certain number oftimes

for each businessman. This approach was more effective than the simple scheme and willtherefore used in the

ERMOCS algorithmas well. The ERMOCS algorithmthough uses a slightlymodified version ofthe imprint

operator, which we be described later on.

In (Goldberg & Wang, 1997) CSN has been tested and analysed on massive multimodaldeceptive function

( Deb, Horn & Goldberg, 1992). CSN (with imprint operator) proved to be a effective technique for optimisation on

this complex landscape. In their paper, Goldberg & Wang proposed additionaltesting on other families ofproblems,

notablymultiobjective and real-world problems. When applied to multiobjective optimisation several issues have to

be addressed. The originalscheme uses the actualfitness values to calculate customer and businessman fitness. Of

course, since solutions to multiobjective problems have severalobjective values, raw fitness values are not directly

applicable. Consistent to the ranked-based selection we favoured earlier, a logicalsolution is to use ranks as fitness

values. Bydoing so customer fitness is defined as the (transformed) rank divided bythe niche count ofthe shop it

attends. Consequently a businessman´s fitness is the sum of the (transformed) ranks of all its customers.

A little less obvious is the measurements ofdistances in the multiobjective case. In this case it makes more

sense to use phenotypic measurements in stead ofgenotypic measurements, like Goldberg & Wang used in their

experiments. Pareto-optimalityand dominance are defined in terms ofobjective fitness values. Therefore it is more

logicalto use phenotypic distance measurements. There is a slight issue here though. We have noticed that in our

case simple Euclidean distance measurements suffice. This willonlywork, however, ifboth objectives are scaled to

approximatelythe same domain size. Ifone objective is scaled to a much larger domain than the other objectives

then consequentlythe movements in the direction ofthe larger-scaled domain willhave less effect, and can disrupt

the optimisation process.

The ERMOCS algorithmcan be decomposed in four segments, population creation, fitness calculations,

recombinative schemes and imprint operations. We willshortlydescribe these segments as to clarifythe procedures

within the algorithm.

a) create populations.

The algorithm uses integer strings for both populations. The genes correspond directly to the decision variables.

b) fitness calculation.

The algorithmuses ranked-based fitness assignment. The population is ranked in a single run, assigning a rank to

each individual iaccording to 1 + pi, where pi is the number ofindividuals that dominate individual i. This rank is

transformed into a fitness value bya simple linear transformation. Next for each individual in customer population a

nearest businessman in population is determined. Ifallcustomers have been assigned a businessman, the shared

fitness ofeach customer is calculated bydividing its rank-based fitness bythe size ofthe customer-set ofits

businessman. The fitness ofthe businessmen is calculated bytaking the sumofthe rank-based fitness values ofall

the customer each businessman serves.

c) recombinative scheme

Pairs ofindividuals in the customer population are randomlyselected to produce two offspring bycrossover. During

crossover mutation mayoccur at a rate of p mut . The offspring are assigned a rank, based on the current customer

population. This rank is transformed into a fitness value. Subsequently, for each offspring it is determined which

businessman is nearest. The fitness values ofthe offspring is then divided bythe number ofcustomers the selected

businessmen serve. The fitness values ofthe parents and offspring are compared to each other, and the two

individuals with the highest fitness values are selected. This mayimplyreplacement ofparents byoffspring. If

however both offspring are inferior to the parents, both parents remain in the customer population. Ifan offspring

enters the customer population, then the businessman to whomthe parent belonged loses a customer and its fitness

is consequentlydegraded. The businessman to who the offspring belongs gets one extra customer and consequently

receives a higher fitness value. This procedure is done to keep the sharing information within the businessman

population as accurate as possible.

d) imprint operation

Ifallcustomers have participated in an elitist tournament, an imprint operation is performed. For each customer in

turn, randomcustomers are chosen up to n times, and checked iftheyare an improvement over the competing

businessman. Improvement is decided on the basis ofdominance. Ifthe selected customer dominates the

businessman and is at least d min awayfromallother existing businessmen, it is considered an improvement and

replaces the originalbusinessman. Unlike the previous segments, the fitness values ofthe businessmen and

customers are not continuouslyupdated. This is unnecessary, since in the next segment ( b ) allvalues are

recalculated again.

After segment d the algorithmstarts again at segment b untiltermination. The pseudo-code in figure 1 is a simple

representation of the basic functions within the algorithm we described above.

ERMOCS algorithm

a . create customer population C

create businessmen population B

b . rank population C

find a businessman b Î B for each customer c Î C

calculate fitness of each customer in population C

calculate fitness of each businessmen in population B

c . do for all individuals in customer population C :

select two individuals p1 and p2

perform crossover, producing o1 and o2

rank o1 and o2 on current customer population C

locate nearest businessman in population B for o1 and o2

calculate shared fitness for o1 and o2

perform elitist recombination between p1, p2, o1 and o2

if offspring is fitter than parents:

replace parent by offspring in population C

adjust fitness of affected businessmen in population B

d . perform imprint operation between customer population C and businessman population B

go to section b

Note that the fitness sharing scheme is imbedded in the fitness calculations of both populations. Furthermore, the

selection scheme (section c) uses continuously updated sharing information. Each offspring that is created is

assigned a rank and a shared fitness on the basis of the existing population, without actually entering the population.

If an offspring is selected to be included in the population its rank and fitness are already up to date. The only

adjustment that has to be made is a niche count correction: since one individual is replaced by another, a business

loses one of its customers, while another gains a customer. On close inspection one can argue that the fitness

information is not accurate at all times. This is essentially true, since during the selection procedure fitness values of

existing, non-replaced individuals in the customer population are not fitness-wise corrected upon insertion of a new

individual. This correction would require a complete re-ranking of the customer population and consequently a

recalculation of all fitness values. and as an additional result recalculation of the fitness values of the businessmen

population. To put in another way, procedure b in the algorithm should then be performed after every insertion of a

new individual, which is computationally unacceptably expensive. Experimental investigation has proven that this is not an extremely significant issue, since after each N/2 tournaments the fitness values of both population are

recalculated by section b in the algorithm. Consequently the errors are reasonably limited.

The main focus ofour algorithm is a robust and efficient optimisation ofmultiobjective real-world problems,

which involves dealing with complex landscapes, hard constraints and specific requests regarding solutions. To this

extend coevolutionarysharing and elitist recombination have been implemented in ERMOCS, and have empirically

proven to be competent in practical multiobjective situations. In the next section we describe such an application,

and look whether the algorithm lives up to our expectations.

4. Case Study: Scheduling of IR decoys

4.1 Problem description

The ERMOCS algorithm, as described above, has initiallybeen designed to cope with the resource scheduling on

board ofnavalships, a time-limited and complex issue. The resource scheduling ofa navalship involves the

resource management ofweapons, both lethaland non-lethal, ofthe ship during one or more engagements. Its

primaryaim is such a deployment ofthe weapons that the threats are engaged as efficient as possible, i.e. with a

maximised likelihood of`killing´ the threats (possiblydistracting or deflecting thembymeans of`electronic

warfare´) and a minimised expenditure of(scarce) resources. As the number and types ofthreats and the number of

possible combinations and deployment times ofweapons (and their possible positive and negative interactions)

increases, the scheduling problem incurs a combinatorial explosion.

In this case studywe focus on the optimisation ofthe deployment of infrared decoys ( flares ). This particular

softkillscheduling problem is wellunderstood in terms ofgoals and constraints, and the optimisation criteria are

clearlydefined. Decoys are intended to either minimise the target a ship presents to an enemyplatformor to lure

enemyweapons awayfromthe ship. Flares present alternative targets to missiles guided byan infrared seeker. Since

flares have quite a short lifetime, theymust be positioned carefullyand in sequence. An additionalconstraint is

imposed bythe smallfield ofview ofmost infrared seekers, forcing a good alignment on the flare sequence with

respect to the seeker´s view.

Because electronic warfare is mainlya game of`hide and seek´, geometryand visibilityplaya fairlylarge

part in it. So, the proper deployment of flares is an optimisation problemconcerning the deployment times and

angles ofa sequence of flares, with the optimaldeployment depending on the geometry ofthe current engagement

(i.e. the bearing and velocityofthe incoming missile, the heading and speed ofthe ship and the wind velocity).

Because at least four to five flares must be launched in order to get a sufficient distance between the last flare and

the ship, the number ofdimensions ofthe search space is at least this large (it is quadrupled because there are four

launchers available at four different angles). It can be further enlarged ifwe take manoeuvrable or trainable

launchers in account. An exhaustive search ofthis search space (although it is bounded bymaximum intervaltimes

between the flares) has proven to take too long so we are looking for ways ofspeeding up this search and genetic

algorithms seemworthwhile to investigate for this speed-up. It goes without saying that with an on-line algorithm, a

solution must be found before the missile hits the ship (and preferably a long time before that).

In an on-line scenario, the amount ofsearch time that is available to anyalgorithm is at most a few seconds. The

(sequential) ERMOCS genetic algorithm is in itselfproficient to performwithin such smallamounts oftime. Ifthe

problemdomain is extended however, with for example manoeuvrable launchers, it maybe necessaryto employa

parallelversion ofthe algorithm. Since genetic algorithms are bynature verysuitable to be made parallel, this can be

done relativelyeasy. This propertyofgenetic algorithms is a major advantage over other non-evolutionary

approaches.

4.2 Objectives and representation issues

A possible solution, a deployment sequence , consist of five variables, denoted as < d 1 , ... ,d 5 >, which range from0 to

20 seconds. These variables define the intervals between the deployments of flares, starting at the moment a deployment is initiated. These intervals are our decision variables. The algorithm makes use ofa simulation to

calculate the effectiveness ofa deployment. A deployment is judged on two objectives, a) the distance at which the

missile passes the ship (known as Closest Point ofApproach (CPA)) and b) a measure P ofthe actualdeception of

the missile.

A problem instance is defined bythe bearing and velocityofthe incoming missile, the heading and speed of

the ship and the wind velocity. Each instance consequentlyhas a different search space, each with different

properties and location ofthe Pareto-optimalsolutions. Additionally, each navalfrigate has four possible launch-

sites fromwhich flares can be deployed. This adds up to a problemdomain, in which exhaustive search is not an

option. This search space has proven to be too large to be enumerated, especiallysince the scheduling has to be

completed within a reasonably small amount of time.

The ERMOCS-algorithmhas a few parameters which must be set correctly, notablypopulation sizes, d min

and mutation rate. As for (customer) population sizing, Pareto-based multiobjective algorithms must have

sufficientlylarge populations to be able to obtain a good sampling ofthe Pareto-optimalset. In our trials, a

(customer) population size of250 to 500 gave good results. Smaller populations maynot be able to fillup all

niches, which leads to incorrect representation ofthe Pareto-optimalfront. On the other hand, large populations

take up too much computationaltime due to the ranking procedures and since we are dealing with a time-

constrained problemin this case, care has been taken not too use an extremelyoversized population. With respect to

the mutation rate, a value ofapproximately0.005 proved to be efficient. Nevertheless, these values are educated

guesses and maynot be ideal in allsituations. Further analysis should be done to find better ways to optimise the

values. The d min parameter, the minimalniche radius, is directlyrelated to the size ofthe businessman population.

For example, ifwe think ofthe Pareto-optimalset as solutions located an imaginaryfront ofa certain length s , the

maximalnumber ofbusinessmen that can be placed alongside this front is ofcourse s / d min + 1. Ifthe number of

businessmen exceeds this number, some businessmen willbe located at suboptimalplaces, and consequentlymultiple

customers willbe badlyplaced as well. Ifthe number ofbusinessmen too small, the Pareto-front willnot be

completelycovered bysolutions. Parts ofthe front willthen be neglected, due to a too smallnumber ofallocated

niches.

4.3 Experiments and Results

The algorithmhas been tested on numerous instances ofthe softkillscheduling problem. As described earlier, a

problem instance consist ofvalues describing the bearing and velocityofthe incoming missile, the heading and

speed ofthe ship and the wind velocity. As a proofofconcept we willapplythe ERMOCS algorithmto a typical

problem instance 1 .

This particular, randomlychosen, instance is interesting, because it has some deceptive properties. We use

an customer population of250 and a business population size of10 and the d min is set at 10. The mutation is set at

0.005. We are onlyusing one launcher this time, thus generating onlya single problem instance. Figure 1 2 and figure

2 show respectivelythe customer and businessman population on generation 0 and generation 50. The number of

times that possible candidates are selected fromthe customer population for imprint is set at 2. This proved to a

reasonable value. A higher value slows down the algorithm.

1 the problem instance variables are as follows: frigate speed: 5 m/s, frigate bearing: 0 0 , wind speed: 10 m/s, wind bearing: -90 0 , where

a bearing of 0 o conforms to a eastbound direction; the missile bearing is -90 0 and is aimed directly at the frigate

2 the area below the dashed line indicates areas where solutions are located; these areas have been determined by an exhaustive search figure 1 - customer population at generation 0 (left) and at generation 50 (right)

figure 2 - businessmen population at generation 0 (left) and at generation 50 (right)

Note, as one can see in the finalpopulation in figure 1, that the customer population has converged to the locations

close to the centres ofthe optimalniches, as defined bythe businessmen. This is caused bythe elitist recombinative

scheme, which results in a clean representation ofthe actualPareto-set. The solution set the ERMOCS algorithm

has found is an accurate representation ofthe actualPareto-optimalset. The businessman population has, as

expected, found the optimalniches which are located on top ofthe peaks. This has as a result that the customer

population is optimally distributed over this area as well. The subpopulations are stable as well.

We have applied the ERMOCS algorithmon numerous instances ofthe problem. Other problem instances

cause verydifferent solution spaces, each having its own characteristics in terms ofnumber ofoptimalniche

locations and distribution. The ERMOCS algorithmhas invariablyshown to come up with, at least, a reasonable

coverage of the Pareto-optimal front.

The d min parameter is ofgreat effect on the performance. In this experiment, severalpeaks are still

uninhabited. Ifwe increase d min beyond the number ofpeaks, we have noticed increasinglymore customers located

at suboptimalniches. A d min which is too smallresults in a less uniformdistribution along the Pareto-optimalfrontier

and less coverage ofthis frontier. The setting ofthis parameter in conjunction with optimalnumber ofbusinessmen,

is where more research has to be done. These two parameters should be made more adaptive. For example, the

amount ofconvergence ofthe customer population could be used as a measure in this matter. Ifafter an amount of

time stilla lot ofindividuals are located at verymuch dominated regions, the number ofbusinessmen mayhave to be

reduced, for this mayimplythat there are some businessmen located suboptimally. It mayinteresting to use a

combined d min /business population size measure, since these two parameters are directlyrelated to each other. A

�

�

�

� �

�

�

�

�

�

�

� � �