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ABSTRACT

Shortest Path (SP) problems in which, the determimaof minimal path from source to the destinatiorthe
network GV, E}, have many dimensions in various fields of appiica The algorithms for Shortest Path (SP) prolslem
have been emerging in higher degree. In real tippéiGations, most parameters (distance, bandwidltg etc.,) cannot be
determined or assigned with the real numbers ixirspIShortest Path (SP) problems. It becomes tlvessity for the
introduction of fuzzy numbers which comprises \@$ and edges. Here we consider the generalizpdzoalal fuzzy
numbers, which can be dealt with the uncertaintpgufuzzy set theory. Genetic Algorithm (GA) prog&inew space to
the emerging algorithm in recent trends of resedrckhis paper, we concentrate in upgrading pdmuianitialization of
Genetic Algorithm (GA) using initializing ants rdsng in high convergence with ranking of generatizrapezoidal fuzzy
numbers, which is proposed recently, as a fitnesstion. The proposed model is implemented usingTMAB with the
test network of 30 nodes and the results repoatsttie algorithm converges in a more reasonable itintomparison with

conventional GA.

KEYWORDS: Genetic Algorithm, Ant Colony, Generalized Trapeadi Fuzzy Number, Ranking Function, Shortest
Path Problem
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1. INTRODUCTION & BACKGROUND

The Shortest Path (SP) problem has accustomed abualdsorption in the literature. Many applicatisnsh as
communication, robotics, scheduling, transportaéind routing, in which, Shortest Path (SP) is aghimportantly. While
considering a network, the arc length may repretsew or cost. Therefore, in real life applicatipitsan be advised to be

a fuzzy set. Fuzzy set theory, proposed by Zadeh i2 frequently used to accord with uncertainirea problem.

The fuzzy shortest path problem was first analysgdubois and Prade [8]. They utilized the convemi
shortest path algorithms, to treat the fuzzy slsorigath problem. Klein [14] proposed a dynamic paogming
recursion-based fuzzy algorithm. Lin and Chen [fbéjnd the fuzzy shortest path length in a networkreans of a fuzzy
linear programming approach. Okada and Gen [18, drglsented another algorithm for this problem, gisan
generalization of Djikstra’s algorithm. The algarit considers the weights of the arcs to be theniatenumbers and

defined by a partial order of interval numbers.
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18 V. Anusuya & R. Kavitha

In order to make evolve the design of fuzzy systesaseral metaheuristic learning algorithms argeoted. One
major improvement class uses evolutionary algorthifeBAs) [21]. These algorithms are heuristic anddcan. They
involve populations of individuals with a particulaehavior like a biological development, like cgoger or mutation. The
most well-known biological process FSs are the tieneSs [10],[12],[4].[9],[17], that design FSs mgi Genetic
Algorithms (GAs). Another class for FS style isttiaee Swarm Intelligence (SI) model [15], that abbk a comparatively
new optimization algorithm compared to EAs. Thete&lhnique studies collective behavior in suburbeghigystems. Its
development was supported mimicking the social bielhaf animals or insects in a shot to seek ostdptima in the

problem space. Another well-known Sl is the antogloptimization (ACO) [5].

The ACO technique is impressed by real-ant-coldngeovations. It is a multiagent approach that wasrally
projected to resolve troublesome discrete combifstcoptimization issues, like the traveling sales problem (TSP)
[6], [7]- In some studies, completely different AG@bdels were applied to FS design problems [11}hé&se studies, the
antecedent-part parameters of an FS were manyglgisted ahead. The consequent-part parametersopéireized in
discrete space using ACO. Zainudin Zukhri et. 28] [proposed Genetic Ant Colony Optimization (GAG@)ich hybrids
Genetic Algorithm (GA) and Ant Colony Optimizati¢ACO) uses the random selection of chromosome Yayeheration

and pheromone.

This paper is organized as follows. In sectiond@na basic definitions are reviewed and discussedti@ 3
explains the properties of generalized trapezdulzzy numbers. Section 4 describes the ranking adetif generalized
trapezoidal fuzzy numbers. Section 5 briefs thevost terminology. Section 6 explains the proposgpraach of Genetic
Algorithm (GA). Section 7 describes the Initialigidnts (1A) used in the population initializatiori Genetic Algorithm
(GA). In section 8, numerical example along withe texample calculation is given. Section 9 dealsh viite

implementation and results. And paper ends witlctirelusion and future enhancement in section 10.
2. BASIC DEFINITIONS

The basic definitions of some of the required cpigare reviewed [13] in this section.
2.1 Fuzzy Set

Let X be an universal set of real numbers R, thirzay set is defined as

A={x, na(x)], x e X}

This is characterized by a membership function>X0 1], Whereu;(x) denotes the degree of membership of

the element x to the set A.
2.2 Characteristics of Generalized Trapezoidal FuzzNumber

A fuzzy setd which is defined on the universal of discouRses known to be generalized fuzzy number if its

membership function has the following characterssti

a) uz:R - [0,1]is continuous.
b) wui(x) =0forallx € (—x,a] U [d, ).
c) uz(x) is strictly increasing on [a, bland strictly decreasing on [c, d].

d) wi(x) =w,forallx €[b,c],where0 <w < 1.
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2.3 Membership Function of Generalized TrapezoidaFuzzy Number

A generalized trapezoidal fuzzy numbér= (a, b, ¢, d;w) is known to be a generalizedaraidal fuzzy number,

if its membership function is given by

wx-a) a<x<h
(b—a)
uz(x) =<1 b<x<c

(c=a)

Letd = (a, b, c,d; w) be a generalized trapezoidal fuzzy number then

a)R(A) = w, b) moded = @, c) divergencdA) = w(d — a), d) Left spread 4A) = w(b — a), €)
Right spread4) = w(d — ¢)
2.4 Fitness Function

Let A= (ay,by,cidi;wy) and B= (aby,C,,05w5) be two triangular fuzzy numbers then the addii@mlefined by
ADB-= (at+ap, by +hy, C+Cy, dyi+. Wyitwy)

3. PROPERTIES OF GENERALIZED TRAPEZOIDAL FUZZY NUMB ER [2]

Property 3.1letA=(a,b,c,d;w)andB =(a, b, 6, &; W, ) be two generalized trapezoidal fuzzy

numbers such that
(i) R (4) =R (B), (ii) mode @) = mode B) and (iii) divergenceq) =divergenceR) then

a) Left spread 4) > Left spreadR)iff wib,> w2 by
b) Left spread {) < Left spreadR)iff wib,< w2 by
C) Left spread {) = Left spreadR)iff wib, = w2 b

Property 3.2 LetA =(a , by, ¢ ,d;w)andB = (&, b, 6, d,; w,) be two generalized trapezoidal fuzzy

numbers such that
(i) R (4) =R (B), (ii) mode 4) = mode B) and (iii) divergenceq) = divergenceR) then

a) Left spread{) > Left spreadR) iff Right spread {) > Right spreadX)
b) Left spread{) < Left spreadR) iff Right spread {) < Right spreadR)
c) Left spread ) = Left spreadR) iff Right spread 4) = Right spreadH)

4. RANKING OF GENERALIZED TRAPEZOIDAL FUZZY NUMBERS

LetA=(a,b,c,d;w)andB =(a, b, e, d,; W) be two generalized trapezoidal fuzzy numbera tise
the following steps [2] to compareand B

Step 1:Find R @) and R B)
Case (i) If R A) > R (B) thend > B

Case (i) If R d) <R (B) thend < B
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20 V. Anusuya & R. Kavitha

Case (iii) If R @) = R (B) then go to step 2.
Step 2:Find mode 4) and modeR)
Case (i) If mode4) > mode B) thend > B
Case (i) If mode{) < mode B) thend < B
Case (iii) If mode 4) = mode B) then go to step 3.
Step 3:Find divergenced) and divergence’)
Case (i) If divergenced)) > divergenceR) thend > B
Case (ii) If divergenced) < divergenceR) thend < B
Case (iii) If divergenced) = divergenceR) then go to step 4.
Step 4:Find Left spread4) and Left spreads)
Case (i)If Left spread f) > Left spreadR)
i.e., wib;>w, b, then A>B (from property 3.1)
Case (i) If Left spread 4) < Left spreadR)
i.e., wb<w,b,then  A<B (from property 3.1)
Case (iii) If Left spread 4) = Left spreadR)
i.e., wb; =w, b, then go to step 5 (from property 3.1)
Step 5Find w; and wg
Case (i) If w> w, thend > B
Case (ii) If w<w, thend < B
Case (iii) If w = w, thend ~ B
5. NETWORK TERMINOLOGY

Consider the directed network G (V, E) consistifig dinite set of nodes V={1,2...... n} and a set of inedted
edges EC V x V. Each edge is denoted by an ordered pair (i,j)revlnej € v and # j. In this network, we specify two

nodes namely source node and the destination rzi@ddenotes the generalized trapezoidal fuzzy numesscated with

the edge (i,j). The fuzzy distance along the paihdenoted byl (P) =%, jep d,,.-
6. GENETIC ALGORITHM

Genetic Algorithm (GA) is a type of Evolutionary gdrithm (EA) which is based on the natural selectio

phenomenon. GA usually has an analogy to the randsesin solving a problem.
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6.1 Representation of an Individual (Chromosome)

Each chromosome is represented in binary reprasamtnd it is also important which representsgbkition in
the generations. The representation defines thHe tpaversed and indirectly refers the fuzzy fitheéshe chromosome.
The number of bits used in representing chromosisnegual to the number of vertices in the netwaidph G={V, E}.

The vertex visited is represented by 1 and O repteghat the vertex is not visited.

Here, we take 10 vertices network and the reprafent1101100001 represents that the path traversgdbe
1-2-4-5-10, 1-2-5-4-10, 1-4-2-5-10, 1-4-5-2-10,-4-2-10 and 1-5-2-4-10 depending on the existence.

6.2 Population Initialization

The initial population is generated randomly inalsBA and each chromosome represents the collecfiedges
which are represented by generalized trapezoidayfunumbers explained in previous sections. Thaudepopulation
size 20 is used. Initialization of the foremost gmeation is very important which implicates the cergence rate and
existence of chromosomes in populatidhus we concentrate in upgrading the procedure ofnitializing population

using Initializing Ant (IA) as an agent.
6.3 Selection Operation

Various selection operations involve Roulette wheslection, Random selection, Rank selection, Tament
selection and Boltzmann selection [20].Here we skoRank selection and ranking of generalized tigak fuzzy
numbers explained in previous section. As the fistryrtest path problem is considered, minimum sulivive by ranking
the chromosome values. In parent selection phageparents with minimal paths are selected usinging terminology
in the generations. Mostly the chromosomes in #megations are arranged in ascending (minimal)rastithe rank and

hence first two chromosomes can be selected nogrmall
6.4 Crossover Operation

Crossover operator mates two parent chromosomegiamtices children which comprise the essence of tw
parent chromosome mated. Crossover operation islynaategorised into two, single point and multirgocrossover.
The single point crossover has single crossovergitereas multi point crossover has more than esingdssover site.
There are also some advanced multipoint crossoethads [20] and here we use two painmbssover technique with

crossover rate of 0.3.
6.5 Mutation Operation

The conventional mutation operator performs theutginchanges of the reproduced child randomly urder
certain rate which undo the degradation of the fadjmun due to crossover operation. Here bit fligpis used as mutation
operation that carried out using bit complement. @mplement is nothing but reversing the bits derl0 and 0 for 1
respectively. The mutation operation is carriedaiuhe rate of 0.1

After the mutation, the obtained chromosome isdetid whether the path is continuous and existthén
network. The existed chromosome has sent for theds calculation and when the fitness is betgm tts parents, it will

be replaced with parents and used for further geiogrs. The non-continuous chromosomes are disgarde
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6.6 Termination Condition

Termination condition produces the optimal solutibrough the convergence. Mostly termination caadiwill
be the maximum number of generations. Other canditare the idealness of the chromosomes in therggion. In order
to test the algorithm, maximum number of generatioan be used as termination condition which cjepresents the

convergence of the algorithm.

Here, idealness of the chromosomes is considere@rasnation condition because of the usage rankihg
generalized trapezoidal fuzzy numbers and unceytainreal numbers. When no change in the optirtaé$s (minimal)
and the idealness of the chromosomes in generdtiora least 5 generations, then the algorithnehiea the termination
condition.

Genetic Algorithm
Step 1:Generate the network with vertices and edges geétieralized trapezoidal fuzzy numbers
Step 2:Population is initialized using Initializing AnttA).
Step 3:Apply cross over process with the parent chrom@&soselected using ranking with the rate of 0.3
Step 4:Mutation is carried out with a rate 0.01 randowahyd check for the continuity of the path.

Step 5: If continuity fails, then discard the child, elsealculate the fitness of child chromosome
using definition 2.4

Step 6:When fitness of child is better than parent, chiloves for next generation.
Step 7:Repeat the steps 3 to 6 till reaches the ternainatbndition.
Step 8:Report the chromosome with minimal fithess assthiation after termination condition.

7. ANTS AS AGENTS IN INITIALIZING POPULATION IN GEN ETIC ALGORITHM

Problem Identified in Population Generation

(a) Genetic Algorithm (GA) possesses random selectibohoomosomes in initializing the population, in ialin

chromosomes may uncertain in the existence asi@olspace.

(b) Randomness may also produce discontinuous patheashromosome in initializing population and leads

unhealthy and unfitted generations.

(c) Since initialization of population implicates thenwergence rate, the chromosomes should existincmis and

provide optimal fitness in solution space.
(d) In order to rectify these problems a new algoriieroonstructed with the following assumptions.
Assumptions

» As described in network terminology, n represeimsrtumber of vertices in the network and it is es=dithat the
total possible directed edges in the network waldround2™/2. Hence2™? edges are assumed as optimized

number and2™/? Initializing Ants (IA) are considered.
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« Since we choose the default population size 20v2ft€? becomes less than 20 (say n=8), it should be assum
as 20 ants as Initializing Ants (1A).

» The property of each IA is assumed to be uniqueemdy IA chooses only the valid vertex for its neisit.

Valid vertex is the vertex in which there existgadh between both vertices.

 Here we propose a hybrid ant based algorithm foregging initial population on a network whose exigee

assigned by generalized trapezoidal fuzzy numbdéhstihie above mentioned assumptions.
Algorithm for Generating Population

Step 1:Generate the network with vertices and edges gétieralized trapezoidal fuzzy numbers

Step 2:2™/2 ants are placed in the source vertex.

Step 3:Apply uniqueness for every ant, in selecting tagtmpossible vertex.

Step 4:Continue the traversal till the ant reaches thaidation vertex.

Step 5:Calculate the fithess of each path of selecteddifg definition 2.4

Step 6: Compare the path address that possess rankingnefalezed trapezoidal fuzzy numbers based on rank,

mode, divergence, left spread and right spreacefipition (Sec 4)
Step 7:Choose 20 continuous existing optimal solutionasoending (minimal) fithess values.

8. NUMERICAL EXAMPLE

Figure 8.1

We Consider the network G= {V, E} of co vertices{i0)). According to the assumption, we takR¢2%? IA to
serve for the finding of shortest path as initializ population of Genetic Algorithm (GA). Every exl represented by
the generalized trapezoidal fuzzy number. The $éneanking and properties of generalized trapekditzzy number

which are described in previous sections, are tsedlculate the fuzzy shortest path in a network.
8.1Selection of IA

Initializing Ant (IA) that has to be used in thegatithm is based on the number of vertices andiplesaumber

22 n > 8

. . / . . . . _
of edges that is given by'2 The range of the size of IA is given by size = { 20 otherwise

Where n represents the number of vertices

Here for the given network, n=10 and number oftakén = 2ants = 32 ants
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8.2 Random Traversal of IA

IAs are assumed to have unique characteristicsttadelect of path is based on natural selectitwe. flizzy
distance between the paths is explained in thed#riunction of generalized trapezoidal fuzzy numltés also assumed

that the paths travelled by the ants are valid.

Table 7.1: Example Calculation of Fitness for IA (8y &)

Present Path | Selection Fitness
1 6 (0.3,0.6,0.5,0.9;0.26)
1-6 8 (0.97,0.94,0.7,1.6;0.82
1-6-8 10 (1.53,1.24,1.3,0.86;1.27)
1-6-8-10 - (1.53,1.24,1.3,0.86;1.27)

During the calculation of fitness, it is necess@aryalidate the continuity and existence of thehp&onsider a IA
1-6-8-10 having chromosomes 1000010101 may repieske6-8-10 and 1-8-6-10. While validating, 1-8®-5 non
continuous and not existed in network and henceadiked. The path 1-6-8-10 is valid under the vélitaand hence the
representation of chromosome 1000010101 is coregidier be 1-6-8-10 with the fitness value of (1.524, 1.3, 0.86;

1.27).Some of the random paths taken by the act#sfitness are given below.
8.3 Ranking of Paths Selected By IA

The ranking of generalized trapezoidal fuzzy nurshisrused as the selection operation in proposeatetige
Algorithm (GA).Here we demonstrate the calculatafrselection operation between two paths usingirenknethod of

generalized trapezoidal fuzzy numbers.
Example
LetA = (0.2, 0.4, 0.6, 0.8; 0.35) atl= (0.1, 0.2, 0.3, 0.4; 0.7)
Step 1
A =0.175 and® = 0.175. Sincel =B, so go to step 2
Step 2
Mode () =0.175 and mode3) = 0.175. Since modelj =modef), so go to step 3
Step 3
Divergence 4) = 0.21 and divergenc&) = 0.21. Since divergencd) = divergenceR), so to step 4.
Step 4
Left spread 4) = 0.7 and Left spread} = 0.7. Since Left spread) = Left spread&), so go to step 5
Step 5
wl=0.35w2 =0.7 sincewl <w2> A<B
8.4 Population Initialization

Once the behavioural paths of IA are noted, thee$is of the paths is compared using rank seleofi@nation.

The best (minimal) 20 paths (population size of G#¢ considered as the initial population. Thaahpopulation thus
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produces in the proposed method has the chromosaitiesontinuous paths and existed in the network.
9. IMPLEMENTATION & RESULTS

The implementation is carried out in Matlab 8.3¢(R) 32 bit student version. The assumptions explabefdre
are implemented and the selection of valid pattorgrolled using adjacency matrix. The network §/~E} of 30 nodes
with the edges of generalized trapezoidal fuzzy lpemms initialized. The algorithm is implemented @er the given
description and demonstrated numerical calculaB@y768 IA is separately generated and individzéhpf IA obtained
is measured. The random function with time constrigi used to implement the 1A with unique behaviorhe outcome
of IA path is comprised and the rank, mode, diveoge left spread and right spread of shortest {gattompared using
ranking method. The best (minimal) 20 IA (populatisize of GA) paths are initialized to the GA paidns. GA is

carried out as per the description.

14 — T T T T
T — — — Rank
RS \ Mode i
10k \ ------- Divergence
\ —<=— Left Spread
3 \ —#— Right Spread H

Ranking
[=J L I O = <

5 I I I I
0 5 10 15 20 25

Iterations

Figure 9.1: Comparison on Ranking Components alonGenerations

From the figure 9.1it is clear that the ranking metha#pends on the rankjode, divergence, left spread and
right spread. The path at which all the componexitain equilibrium is considered to be the shoriesth. Here,
generations around7-21 in which chromosomes possess constant fithess @ealniess in the generations for all

components of ranking and the path obtained hererisidered to be the shortest path.

10. CONCLUSIONS

The Shortest Path (SP) problem in many applicatisnsicertain in parameters (Distance, Range,. ddehce,
there occurs the necessity of fuzzy numbers foretam parameters. We propose a hybrid ant basédiaption
algorithm along with the generalized trapezoidaizijunumbers and ranking method. The result cldasthe proposed
Genetic Algorithm (GA) comprises the shortest paiith optimal generations using swarm intelligencel all the
chromosomes in every generations is continuousextigted in the network. The shortest path obtaifeedthe given

network in which all the components attain equilibr is 1-6-8-10.
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