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ABSTRACT:

In the design of communicationetworks, one of th&undamental
considerations is theeliability and availability of communication
paths betweerall terminals. Together, thesdorm the network
system reliability. The other important aspect is tagout of paths
to minimizecostwhile meeting a reliabilitgriterion. In thispaper,

a new heuristic search algorithm based on Genetic Algorithms (GA)
is presented to optimizeéhe design of large scalenetwork
topologies subject to a reliability constraint. The search weitks
an improvedMonte Carlo simulation technique to estimate the
system reliability of a network topology.

INTRODUCTION

An important part of network design is to find the best way to layout the components
(nodes and arcs) tminimize cost while meeting aperformance criterion such as
transmission delaythroughput orreliability. This desigrstage iscalled “Network
Topological Optimization”. In a topologicahetwork design problem, amain
concern is to designetworkswhich operateeffectively and without interruption in
the presence of componefailures. Reliability isconcerned with thebility of a
network to carry out desired network operations.

Generally, a large scaleetwork has a multilevel, hierarchicadtructure
consisting of a backbormeetwork andseveral local accessetworks (Boorstyn et al,
1977). Thereforegdesigningthe topology of a largecalenetwork can bedivided
into two problems, the backbomeetworkdesign andhe local networkdesign. This
study ismainly interested in large scale backbametwork design. For backbone
networkdesign, an important connectivity measureeigbility. In a communication
network,all terminal networkreliability can be defined ae probability that every
pair of nodes can communicate with each other (Jan et al, 1993; Colbourn, 1987).

Many studies have considered topological optimization witmeswork
reliability criterion. Forexample, Jan et 4[1993) used a decomposition method
based on branch and boundneimizetotal network costinder a systerreliability
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constraint. Their method camly solvesmall networks because as thamber of
arcs increases, theumber of possible layoutgrows faster tharexponentially.
Because of this complexitgtherexisting methodsire notcomputationallyfeasible
for designing large scal@etwork topologieswith very confining assumptions.
Therefore, a heuristic search algorithm based on Gendgiarithms (GAS) is
developed tdind a network topologywhich hasminimum cost, subject to a system
reliability constraint.

A computercommunicatiometworkcan be modeled by a probabilistic graph
G = (N, L, p), inwhich N and L are trst of nodesind arcs that corresponds to the
computer sites andommunication links, respectivelyThe networks considered in
this paper areassumed to have bi-directioniatks and therefore arenodeled by
graphs with non-oriented edges. We further assumehbajraph undediscussion
has no redundant arcany graph G = (N, L) isaid to be connectedtifiere is at
least one path betweeavery pair ofnodes. A sub-graph,&f G is a graph, of
which all nodes and arcs are contained in G. i.e5 ;, L;) where N O N and Ly
O L. If Ny =N, the sub-graph ds called a “spanningub-graph”. In a connected
graph G of arcs andh nodes, a tree T isspanningreeconsisting oin-1 arcs. The
deletion ofany edge from atree results in a disconnected graph. Therefore a
connected graph should be at least a spanning treeAligtdges. Acommunication
network topologyshould be at least a spannitryge and communicatiometwork
reliability must be greater than the required system reliability vajue, p

In addition to a siple network ©nnectivity check (i.e.does aminimum
spanningtree exist in the network), Robertand Wesslel(1970) proposed a “2-
connectivity” measure irthe design of communicatiometwork topologies. “2-
connectivity” means thathere are at leastvo paths between each pair of nodes,
rather than one. In the literatum®any studies considered this measure to be a
reasonable constraint of reliability in the desigmetiwork topology. In oustudy, it
is used toestablishthe initial population and to constrain subsequent populations.
Therefore, thdinal network design vill meet thesystem reliabilityconstraint and
contain at least two different paths between all pairs of nodes.

Under thefollowing assumptions: (1he location of eacmetwork node is
fixed and given,(2) each ¢ and the p aréixed and known, where;ds the cost of
link in the network between nodes i and j, gng are linkreliability andunreliability
(p + g = 1), (3)each link is bi-directional(4) there are no redundalitks in the
network, and5) theprobability of failure of a link is independent thie states of the
other links, the main problem can be stated mathematically as follows:

Minimize z= % ¢ X
Subject to : f(X)= po

xij {0,3 are thedecision variables and f(x) iee networkreliability. The all
terminal system reliability of aetwork isdefined to behe probability that every pair
of nodes can communicate with each other. At any instant of dmhesome arcs of
G may beoperational. A state of G is a sub-graph (Nwith L'CIL, where L is the
set of operational arcs. An operational statgeaeerally called gathset, and a
minimal operational state is min-path. A failedstate L is called L \ L (a cutset)
and when Lis a maximal failecstate, L \ L is a min-cut (Colbourn et al,991).
The reliability of G, Rek(G), is thek-terminal reliability: 1f K=N, this is the all



terminal reliability,Rel(G). It is easy to formulatereetwork in state LI L, with
reliability as follows:

N e N o« where Lis the set of operational arcs.

edv dI( L)

Summing this state occurrence probability over all operational sfiatssthe
network system reliability. There arebasicallytwo approaches to networkystem
reliability calculation; simulatiorand analytic. All known analytic methodésave
worstcase computation timeghich grow exponentially withthe size ofthe network
(Aggarwal et al, 1982; Nakazawa, 1981; Cavers, 1975; Rai, 1982; Aggarwal and Rai,
1981). Monte Carlsimulationmethods, forwhich computationtime grows only
slightly faster than linear with network size, have benmethod of choice for more
than trivial sized networks. Inthis research, we usedMonte Carlosimulation
technique to predict theetwork reliability which substantiallyeduces thevariance
of the estimatowhen compared to “crudeMonte Carlo (Yeh etal, 1994). This
reducedvarianceMonte Carlo is based on tao tiered hierarchical approach to
sampling which makes use of how many arcs fail during a given simulation.

SOLUTION APPROACH BASED ON GENETIC ALGORITHMS

A GA is developed as a solution methodology for network topologis#hnization

with a reliability constraint. GAs were pioneered Hylland (1975) and Goldberg
(1989) for continuousion-linear optimization, and later extend@ohoon et al,
1991; Biegel et al, 199@viuhlenbein et al1988) for combinatorial problems. In

GA, the search space is composedpotsible solutions tdhe problem,each
represented as some convengsiia structure, referred to as the chromosoieh
chromosome has an associated objective function vedliedthe fitness value. A
goodchromosome is the one thiaas a high fitness value. #et ofchromosomes
together with their associated fitness values is called the population. This population,
at a given stage of the GA, is referred to as a generation.

In a conventional GA, candidate solutioagse represented by strings of
numbers using a binary or non-binary alphabet. Aresent algorithm useshiary
coding structure for representingandidate solutions. A binarget is used to
represent arcs, where theeximumnumber of non-redundant, undirectaats for a
network ofn nodes igjiven by (-1)n/2. Forexample, a simplaetwork whoséase
graph consists of 5 nodes and 10 possible links can be represented by:

[1 101 1 0 1 1 0 1]

[ X12, %13, X14, X15, X23, Xo4 , Xo5, X34, X35, X45 ]
where x represents a link connectibgo nodes i and j. If xis equal to 1, there is a
connection between these two nodes.; iSxequal to 0, then there is no connection.

The initial population which consists of aset of feasiblesolutions (2-
connected networks) is generated in a random fashi@r.determining thignitial
population, a number of experiments were carried out. A candidate nevmikts
of some randomly selectesfcs between nodes. The selection of ghebability
values whichare used imleciding whether aarc exists ornotwas an important step
to generate thanitial population. In an experimental design witB, 20and 30
nodes, the following characteristics were systematically controlled.

i) Arc probabilities betweefi0,1], which determineghe existence of an arc
between nodes, are selected,



i) The systenreliability value ofeach connectedetwork is estimatedising
Monte Carlo simulation,

i) The probability values ofthe existence of arcs anthe corresponding
network reliability values are compiled.

The aimwas to determinéhe intervals ofthe probability values whichesult
highly reliable networks. Any initial population can then be generated usmng
probabilities withinthese intervals. Table 1 showe resulting probability intervals
from the experiments described above which were used for the initial populations.

Table 1. Probability values used to generate the initial population.

Number of Nodesn) Probability of an Arc
10 (0.15-0.60)
20 (0.15-0.50)
30 (0.10-0.30)

The choice of parameters for GAs cdmave a significant effect on
performance of the algorithm. Parametatueswere investigated byunning the
GA with different population size€l0, 20, 30), crossover rates (0.55, 0.65, 0.75,
0.85, 0.95)and mutation rate.01, 0.05, 0.09, 0.10). It wadsund that the best
results were: population size = 20, crossover rate = 0.95 and mutation rate = 0.05.

The objective function ithe sum ofthe total cost foall arcs in the network
plus a quadratic penalty functiomhich is applied wherthe networkreliability
prediction doesiot meet the networkeliability requirement (i.e.infeasible). The
objective ofthe penalty function is to leathe optimizationalgorithm to feasible
solutions. It was important to allowfeasiblesolutions into the populatiorebause
good solutions are often the result dreeding between feasible amifeasible
solution (Coit and Smith, 1994; Smith and Tate, 1993). The objective function is,

Z=3 5 cix +8€RelG)-P))  i=1..n-1 :j=i+l.n
I

where ¢ ,x; and g werepreviously defined, Rel(G) equals f()etworkreliability),
¢ is themaximumvalue of g andd = 0 if Rel(G) is> p, andd = 1 if Rel(G) < p. The
fitness is chosen to be {& - Z) where Zax is a constantwhich is the largest
penalizedcost ofall networks in the current populationlhis subtraction translates
the minimization problem to a maximization problem.
The reducedarianceMonte Carloestimation of systemeliability (Yeh et al,
1994) is used taminimize computational effort. To further speed up the search,
Jan’supper boundormulation (Jan,1993) of networkreliability is used. Ifthis
upper boundeliability valueexceeds the requiresl/stem reliabilityvalue, then the
Monte Carlosimulation isused as a subroutine. Otherwise, the candidate network is
considered to banfeasible. While it iossible that someetworkswhich aretruly
feasible are discarded at this point, the probability of this occurring is very small. Use
of the upper bound considerably reduces the number of network requiring simulation.
Roulettewheel selection issed for each generation @dir algorithm. In this
mechanism, aandidate network is selectedth probability equal to its relative



fitness with respect to the whole populationClassic crossover and mutation
operators (Goldberg, 1989) are useddhbtain the new candidate networks for the
next population. After crossover and mutation, new candidate networks are checked
for connectivityusingthe “SetMerging Algorithm” (Hopcroft andUliman, 1973).

Then all new candidate networks replace their parengdditionally, an elitist
strategy appends the begmrforming candidateetwork of the previous generation

to the current populationThis strategy ensures that the candidate netwottk the

best objective function value always survives to the next generation.

A GA continues until a pre-determinstbpping criterion has been met. The
criterion is often based on thmtal number of generations.Our termination
generation is determined according to the size of the network under study.

A summary of the GA is as follows,

1: Generate the initial population randomly using nababilities based othe number ohodes
n. Ensure thatach network satisfigbe 2-connectivityrule. Calculate the fithesalue of each
feasible network in the population.

2: Select two networks from current population using selection mechanism.

3: To obtaintwo children candidate networkapplythe genetic operators to tiselected network
from Step 2.

4: Control theconnectivity of each new candidate network.thié network is notonnectedhen
discardand go toStep 2, else calculatbe upperbound ofthe network reliability using Jan's
procedure. Ithis upperbound is greatethan orequal to the requiredystem reliability value,
thenestimate the network reliabilityalue (Rel(G)) using Monte Carlo. Compulke objective
function value by summing arc cost and any penalty applied.

5: Use the replacement strategy to create the new population.

6: Check the number afew networks.If this number idessthan thepopulation size go to Step|2,
else go to Step 7.

7: Calculate the fitness value of each network in the new population.
8: If the termination condition is satisfied then stop, else go to Step 2.

n

NUMERICAL EXAMPLES

The performance of thalgorithm is illustrated usinthreedifferent problems. The
first and the third problemswere solved (Jan et al, 1998%ing a decomposition
method based on branch and bounthat study was thenly one that used an
analyticalmethod to calculateeliability. There are n@nalyticalresultsavailable for
fully connected networks with more than 12 nodes. As a sdesh@roblem, a
networkwith 7 nodes and 21 arcs was solusingthe GA toidentify the optimal
network topology. The resul{3able 2) indicate that the Gifads optimal nearly all
the time, typified by the low coefficient of variation over 10 runs of each problem.

Table 2. Comparison Table Between Analytical and GAs Results

Results of GA
# Nodes| # Arcs p ® | Optimal Best Average Coeff. of
Cost Cost Cost Variation
Prob.1 5 10 0.80 0.9 255 255 255 0
Prob. 2 7 21 0.90 0.9 720 720 720 0
Prob. 3 20 30 0.95 0.9 596 596 598.7 0.0052




CONCLUSIONS

In this study,a heuristic search algorithm based on GAs was developsdive
network topology design with minimum cost subject telability constraint. Based
on the results obtaineidom the three tesproblems, it is concluded that complex
design problems can be solved with high accuracy.
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