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ABSTRACT

The research to system optimal design problems plays an important role in both the theoretical and practical signi-
ficance. In this paper, an artificial fish swarm algorithm is proposed to the system optimal design problem. Experi-
mental results suggest that this approach outperforms other existing approaches.
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INTRODUCTION

Recently, various systems become more and more legngnd the corresponding influence factors alsoyen
great increase. Therefore, it becomes a very diffjob to make an overall system optimal desigor. &ample, the
design of weapon system is the feedback and ibergiiocess of technical information between the levisystem
and equipment. Usually many conflicts exist amoifeint performances of the weapon system andhenpter-
formance between the whole system and equipmesmrty $hould be coordinated constantly to improvepor-
mance of the whole system [1-3]. Therefore, moshefcountries in the world have shifted their bl the integr-
ity of combat ability, survival ability, rapiditynaneuverability and compatibility when designingapen systems
[4-6] during recent years.

PROBLEM DESCRIPTION

The problem to be studied in this paper can beladed as: employing simulation optimization appteeto study
system optimal design problems and attempting thentiae system to be studied output satisfactomltethrough
fewer times of system simulation. The correspondimget function is described as

I max{P1 P, ,><><><,PS}
min{T .Q,.Q, »Q }

Here,P,, P,,xP_denote some indicators that need to be maximizatiersystem to be studie@,,Q.,,>Q, de-

note ones that need to be minimized, Briknotes the total time cost by the system simulatiering the optimiza-
tion process. Constraint conditions of the probéemdescribed as:
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In the first constraint condition and the second,dake simulation outputs of all the subsystemhasnput of the

whole system and then make simulations to obtarotitput value of all the indicators of the systerbe studied.

S(1£ i £ n)denotes the simulation output of {hesubsystem, either a single value or a vector. i ton-
I

straint condition denotes the total time cost bywdations during the optimization proce[?i1£ i £ n)denotes

the average time spent by {lresubsystem on a single simulatipn. denotes the average time spent by the system
n+1

on the overall simulatiogi. (1£ i £ r])denotes the number of simulations implemented byttsubsystem during

the optimization process, apd denotes the total number of overall simulationse Téurth constraint condition
n+1

denotes that simulation outputs of subsystems can obtained solely through subsystem simulations.
Kk (1£ i £ r])denotes the number of input variables of;theubsystem. The fifth constraint condition definies t

feasible region of input variables of the systerbecstudied.

ARTIFICIAL FISH SWARM ALGORITHM

Fishes can always find out places with high foodcemtration by following other fishes. Therefoitee place with
the largest number of fishes is always the pladé thie most sufficient foods in water. In the &iél fish swarm
algorithm, fish schools in the natural world aresetyed for a long time to structure artificial #shto imitate forag-
ing, swarming, rear-end and random behavior ofefisimaking local optimum to highlight in groupsaiingh local
optimization of individual fish in the fish schoalp as to reach global optimum and realize thevop#tion process.

(1) Foraging behavior: fishes select tendency thinouisual or olfactory perception of concentratminfoods in
water.

(2) Swarming behavior: a kind of survival mode ish&s; considerable or a small quantity of fishes gather into
swarms for collective foraging and damage avoidance

(3) Rear-end behavior: when a certain fish or sevishes find foods, fishes around them will t&fter them and
rapidly come, thus leading fishes in the furthestalice to come.

(4) Random behavior: fishes move about freely aigltely in water. Basically, it is random. In faittey are aimed
at foraging or finding companions in a larger range

DEFINATION OF PARAMETERS
When the artificial fish swarm algorithm is usedttain BP neural network, each artificial fish repents a neural
network. The concentratiad of foods at the current position of artificialHiss

1

' E

WhereinE stands for the error between actual output andaggeoutput of neural network. With three layers (i
put layer, hidden layer and output layer) of BPraknetwork as an example, suppose the numberrgérezlls in
the input layer as , that of the hidden layer hsand that of the output layer ms. Two artificial fishes are defined

ast anqu respectively. The su(ﬂp + Fq)of two artificial fish individuals or the differea(Fp - Fq)of two artifi-

cial fish individuals still represents a neuralvmatk. The distancépq between two artificial fish individuals is

m h

d,, =2 3w, (p)-w (D] +2 > [v,(p) = v (T

i=l =1 k=1 i=1

+ 3 W (P) =W, (@] + D[V, (P) = v, ()]

i=1 k=1

Wherein,vv”. stands for the connection weight between inputrlared hidden layey, stands for the connection

weight between hidden layer and output layeystands for the threshold value of nerve cell irdeiulayer ang, |
stands for the threshold value of nerve cell ipautayer.
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BEHAVIOR DESCRIPTION
(1) Foraging behavior and random behavior. Theeturstate of artificial fish iEp. Within its sight range, another

statqu is randomly selected. If the food concentraﬁ&armf Fq is higher than the food concentratmpof Fp (i.e.

Cq >Cp), then make a step forward in the directioﬁqqfon the contrary, execute random behavior. Inrotferds,

randomly select a state in the sight range, andl ti@ve towards this direction. The change procésstidicial fish
trainingw, (p)is shown in the following Formula. Changes;p{(p).w, (p)andv,, (p)are similar to it.

w, (@)~ w,(p)

} ‘I-VU(p +1) = wﬁ_(p) + Rand(7) - Cq > Cp
] P.q
{ w, (p+1)= wU(p) + Rand(7T) Cq < CF

Wherein] stands for the maximum value of artificial fish neovent step length afband (I' )stands for a random

number betweeg),T E Foraging behavior and random behavior of fishethé natural world are uniformly summa-
rized as foraging behavior in the algorithm andefsult behavior of swarming behavior and reareeigavior.

(2) Swarming behavior. In the sight of artificia’séHFp , Suppose

Y :{F d gV}

p q pP.q

Wherein,Yp stands for the collection formed by other artifidiah individuals an¥ stands for the sight range of

artificial fisth. Ipr t f, search its central positiGhaccording to the following Formula.

fu‘g (c) =w,(c) +w,;(q)
V(€)= () + v, (g)

w(c)=w,(c)+w,(q)

Vio(€) = Vo (€) + v (q)
Wherein,wij (q) Vi (q),wio (q) andv, (q) are parameters of artificial fisﬂa .

After scanning all artificial fish individuals imé sight range, parameters of central posKjaf artificial fish part-

ners in the sigH’fp should be calculated according to the followingriola.
(w”. (c)=w,(c)/ f

vi.(e)=v. (e)/ f

‘1 i

| wo(c)=w,(c)/ f

Veo(€) = vio(©) 1 f

Whereinf stands for the number of other artificial fish pars in the sigH’fp . Suppose€_ as the food concentration
at the central position; if it meets the followiRgrmula, it indicates that the central positiomakatively optimal
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and not too crowded, then the change process ifitiaitfish parameters/, (p)is shown as follows, or artificial
fish will execute foraging behavior.

C. .
f>oC
S

P2

Whereins stands for the crowding degree factor.

w.(c)— 1-1'?}.(;7)

Y

w, (p+1)= u-u(p) + Rand(7T")

.

Ipr = f , artificial fish will execute foraging behavior.h@nge processes \f (p),wio (p)andvko (p)are similar
tow; (p)-

REAR-END BEHAVIOR

Suppose artificial fish with the maximum foods ihgartners in the artificial fish sight &s,__ ; if its food concen-

trationC__ meets the following Formula, then it indicates ttie food concentration of artificial figh,  is high

and it is not too crowded around. The change pmooésrtificial fish parametav, (p)is shown as the following
Formula; or artificial fish will execute foraginghavior.

w.(max)—w, (p)

w,(p+ 3= w,( p)+ Rand(T)
p,max

Wherein,wij (max)stands for the parameter of artificial fish . Ipr = f , artificial fish will execute foraging

behavior. Change processesq(p(p),wio (p)andvko (p)are similar taw; (p)

RESULTS

XX system exerts its damage on the target throagdet search, target identification and targetchttahe system
owns multiple factors and its exertion processoimplicated, so we can make full use of its hight-edfectiveness
only by optimizing structure parameters and perforoe parameters and coordinating their relatiossherfor-
mance factors selected in this paper for the systainly include: the fall velocilyy, rotating speed, scanning

anglegs, operating distandd , position error of sensors and dispersion errovafhead= , ambient wind veloci-
ty F . The hit probability is selected as the targetfiam.

According to the practical simulation model of X¥}sgem, the obtained simulation hit probability esponding to
the above-mentioned optimization parameters isD.8bmpare the optimal hit probability with the siation hit

probability and we can find that the simulation rabldased on the performance factors of neural métisdeasible
and accurate. The author has made a comparatilgsenbetween the result obtained in this papertaatiin lite-

ratures. It shows that the two are in close prain@ each other, which further indicates thasitatally feasible to
employ genetic neural networks for optimal design.

CONCLUSION
The contribution of this paper can be summarizetbbews: an artificial fish swarm algorithm is grosed to the

system optimal design problem. Experimental ressitggest that this approach outperforms other iegisip-
proaches.
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