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ABSTARCT

Now-a-days finding a path from source to destimafar practical multimedia applications by satisfyithe
QoS requirement is a big challenge. Achieving duadf service in a mobile adhoc network is an NP
complete problem due to its dynamic nature of thevark and limited resource availability. In thisidy,

we propose a new QoS module which uses geneticithigobased approach to find an optimal path from
the source to the destination. An optimal patheleced by a suitable encoding scheme where thalpes
paths are in the form of strings. Analysis is dom@& proactive protocol (OLSR) and for a reactivetqcol
(AODV) and the comparison between them was give@BSRGA and AODVGA. To achieve Quality of
Service (QoS) in the network, we have taken liakesinformation such as delay and bandwidth im#te/ork.
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1. INTRODUCTION Thus to achieve proper QoS routing, an optimal path
to be found between the source and destination.

Emerging of Mobile Adhoc Networks (MANETs) However, finding an optimal path in a network to
with infrastructureless network, which has dynarfjca support QoS is not easy because it has been prtoven
varying topology has brought a vast progress andbe an NP-complete problem (Yussof and Ong, 2007).
growth in the field of wireless and multimedia In this study, we have taken link state information
applications. Due to dynamic nature of the network, such as delay and bandwidth constraints of the or&tw
MANET must be able to provide the required quadify = as metric measurements to achieve QoS. In our peapo
service for the delivery of real time communicaion work a genetic algorithm approach is used to fint &
such as audio and video that poses a number obroken link in the path by finding out the unfedsib
different technical challenges and new definitions path and repairing them to find out a feasible p#ith
(Crawley et al., 1998) However, ad hoc networks optimal path is selected in terms of a strong $tmec
present unique advanced challenges, including thewhere each element represents a path between aach p
design of protocols for mobility management, effect  of nodes and a new technique is formed by using#ése
routing, data transport, security, power manageraadt  solutions as the initial data for new searches.sTan
Quality-of-Service (QoS) provisioning. Once these encoding scheme is used to increase the qualithef
problems are solved, the practical use of MANETK wi solutions and the rate of convergence by performing
be realizable. The overall design of a solutiondtrof crossover and mutation function on the initial pagian.
these problems is currently too complex and theAnalysis is done in a proactive and reactive protend
problem is considered as an NP complete problem.tis compared with respect to QoS.
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2. EVOLUTION FLOW OF GENETIC Genetic operators such as crossover and mutatiply ap
ALGORITHM to parents to produce offsprings. Over successive
generations, the population “evolves” towards atinogl
Genetic Algorithm is a search technique used insolution Figure 1 shows the evolutionary flow of
computing to find a true (or) approximate solutiin  genetic algorithm. From this evolution process est
optimization and search problems. It uses the ioea individuals are found out and used.
“survival of the fittest” to search the optimum Ipat Figure 2 shows a 10 node network model which is used
solutions. Genetic Algorithms are a particular slag for Communication. Each and every node consisthef
evolutionary algorithms where the idea is first kgup paths from source node to the destination node.
to a problem by first guessing the possible sohgio . .
and tF;len usesythe fi?test sog:ution IOto create a newg'z' PrOpO,SEd_ GA to Find Optimal Path
generation which should be better than the previous Selection in MANETs (GAOPS)

generation by applying GA operators like crosscared Topology of any multihop networks can be defined

Genetic  Algorithms are a particular class of petwork is directed and it does not contain paréinés
evolutionary algorithms that use techniques insbbg  (\wook and Ahn, 2002):

evolutionary biology such as inheritance, mutation,
selection and recombination (Natral.,1998). The idea Let G= (N,A)W[ ]
of natural evolution is used in proposed algorithm.

First guessing the all possible solutions and thenynere:

combine the fittest solutions to create a new gaiter N = Set of nodes in the netwokk=1, 2,......... n
of solution which will be better than the previous A = Set of links (arcs or edges)
generation and will give the better fitness value. {(, 1), & D,.....(s, t)}connecting m pairs of node
in the network
3. PROPOSED WORK W = Weight on the edges

The proposed method consists in looking for the A source node and destination node are denoted by S
optimal path from source to destination of the metww ~ and D, respectivelyl;; is denoted as a link connection
by taking into account an evaluation criterion todf  indicator, which provides the link information fromode i
broken links in the path and replacing it by taking t0 nodej This indicator indicates whether the link is
alternate route. A genetic algorithm approach mdue  included in routing process or not (chromosome rimap

find out optimal path. Metric measurements like ; .
bandwidth of the network and delay of the netwak i Routing Table Entry at Sour ce Node:

also calculated for optimal path selection. Route number Possible route
. . 1 1-10-7
3.1. Operatorsof Genetic Algorithm 2 1-3-2-7
The algorithm starts with a set of solutions caléed 3 1-8-6-5-7

population. A new population is formed by taking

solutions from one population. The new one is the o O
children and the one which gives the children il have the combinations as 1-10-7, 1-3-2-7, 1-8-6-58-
3-2-7 which are called as possible routes. A ragutin

called as a parent. Thus, at each and every step, Zalgorithm selects one of the possible routes fa th
individual is selected from the current population g P

; routing process (Singh and Chandel, 2012). A rgutin
randorrll_y tOS |Iort<_)duce thteh chtll_drenf Lo.tr th;mgext table is created to do the routing, there aboypdssible
lgene;]a 'OIT' d olu |(?]ns are the string ﬁ : ShW' h routes for each and every path. All possible ra@upairs
ength called as cnromosomes. We hope that the N€%an be searched in advance and it can be arranged i
populatl_on will b? better than the old one. routing table in order of length. In our proposedl &ch

Solutions which are selected to form the next e is identified by a route number, which is thev
generation (children) which can also be called aspymper of the routing table. A string is a routenber of
offspring are selected according to their fitnesgu®  all the paths and its length is N (N-1)/2. The caration
(Uma et al., 2006). Strings with higher fitness values of route number’s in a string is varied to genexagous
have a higher probability of contributing an ofisir. combinations of chromosomes.

For example a path between node 1 and node 7 can
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Fig. 2. 10 Node network model
Algorithm: « Repeat the process until destination is reached

Select node N from the list of n nodes
e Don't select already selected nodes (avoiding
This is done by an encoding scheme (Montana and looping)
Jason, 2005). A routing path is encoded by a stoihg
positive integers that represents the IDs of theéeno

Generate random populationmthromosomes (strings):

Pseudo code: No.of node n, length of the paththudlO
with t"the initial chromosome:
Locus of the string = order of the node

First locus — source node initialization i = 0; fori=1ton

Last locus = destination node Ofi] i fori=1to[n/2]
repeat

Three steps are followed in selecting initial p@pioin: J-random([1,n];/until (j = I);
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Outpu#— Cend The below code is used to choose the potentiakitrgs
sites of chromosomes.
From the Example of Fig. 4 Pseudo code: 11, 12-input chromosomes,
Node ID 01, O2-output chromosomes

1 2 3 4 5 6 7 8 10

9
- 3 2 1 8 4 10 5 9 & Path L1, L2-length of chromosome

11, 12, Pc-potential crossing,
3.3. Fitness Function Rc-ramdom cross site

Our aim is to find out the optimal path to satistyi for all(i,)

QoS routing in MANET using GA. The QoS metrics are {11 (100 =12 [)

taken as delay, bandwidth, throughput and link itual {Peftf =@} b
(node pair connectivity index). Thus, it can bessified as Rc = choose_rand(Pc);
a multiple objective optimization problem. In ouonk O1 = 11[1:Rc(1)] // 12[Rc(2) + 1 : L2];
each and every objective function is assigned ghteind 01 = 12[1:Rc(2)] // 11[Re(1) + 1 : L1];
all of them are combined to form a single objective )
function to do this weight sum approach is used: 3.5. Mutation
Weighted sum F = x1.F1 + x2. F2 + x3.F3 Mutation takes place by flipping of one of the

genes of the chromosomes. That is randomly
where, F1, F2 and F3 are the objective functiorsg th interchange (flips) the bit of offspring if they prove
describe delay, bandwidth, node connectivity. The the solution either decreasing total cost or insieg
values of x1, x2 and x3 are set as0a0° and 10° fitness value. It leads to a generation of theralte
respectively. Based on their equal importance tdwar node from the mutation node to the destination node
the overall QoS routing performance these In our proposed method a topological intelligent

coefficients are taken. database is introduced for this purpose.
If bandwidth<BQoS F2 is setting a high value

1000 which leads to a high weighted sum function F.3.6. Procedure

Hence it is assumed that the node does not have

proper bandwidth to transmit a date. A link breakin First, a node .is rgndomly selected -from t_he chosen
can be occurred in the connectivity pair, hencehsuc chromosome, which is called as mutation point. ©he

type of nodes are eliminated. If Bandwidth>BQoS, the nodes, which is randomly connected directlyhte
then F2 = 0. Then the function F will be dependimg ~ Mutation point is chosen as the first node.
F1 and F3. If all the node pairs that make up thee We delete the nodes that are placed in an upper
produce a node connectivity pair to zero means itpartial route. This is to form a database whichsdde
shows that particular route has a strong connectioninclude the same node twice in the new routing .pEitie
Thus the chromosome which has a low weight will upper partial route indicates the surviving portadrthe
have a strong fitness value. previous route after mutation. It is the partial
3.4. Crossover chromosome stretching from the first gene to the
intermediate gene at the mutation point.

The crossover operates by exchanging sub routes
between the route. Both the routes that are eleiced Pseudo Code:
crossover should have a same source node an i put chromosomes. O-outout chromosomes
destination node. The crossover operation for a Qo P o ' P ’
routing problem is done by exchanging each partial | topological information database
route of two chosen chromosomes in such a mannef¢-ramdom choose, D-destination
that the offsprings produced by the crossover Initially delete the nodes of upper partial rodtel( Rc)
represent a single route. The proposed work uses th O =I[1: Re]:
potential crossing site. A set of pair of nodes ahhi Whilé (1)’
are commonly included in the two chosen _ )
chromosomes but without positional consistency. { O [Re+1] = Chose random delete (T, O, [Rc]);
Such pairs are called potential crossing site.dava if (O[Re+1]) ==
Fig. 3 we have two crossing sites (3, 2) and (5, 6). {break;} Rc++; }
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4. PERFORMANCE EVALUATION OF GA respectively, for the example shown Ring. 5, Table 2
shows all the existing paths and their weigftable 3

The performance of GA depends on choosing of theshows the process of selection and final routekle 4
probabilities of crossover and mutation. The creeso  shows encoding and crossover function.

probability Pc is taken as 0.70 and the mutation
probability Pm is taken as 0.50. This is done for alnitial Populations

population size of 50. 1000 Maximum generation is ) ) _
made and as a termination condition 100 generations All possible solutions The chromosomes which have

with same fitness is taken. the lowest weight have the high fitness vallgy
As an example 6 nodes are taken and their paths arperforming the process of selection and sortingeipar
shown below inFig. 5. Three tables are formed chromosomes are found out.
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using GA a module (AODVGA), TORA using a GA
(TORAGA) is given below.

Whenever there is a need to find a new set of raute
the destination, GA module is always the initigtofind
the set and it provides a new set of routes toQb&
module Fig. 6) and it is stored in the buffer of QoS
Module and if there is no any other node that esent
within the neighbor, then the path from the buffer
followed. For the sake of efficiency, at some peigo
time, the route from the buffer is again evaludtgdGA
module. To manage modularity concepts, the QoS
Fig 5. As an example, A graph with six nodes and10 edgesyguting module only has a minimum knowledge of the

are taken for the analysis of Gyperators internals of the GA module and the MPR sets (in RS

After performing binary encoding the weights, formation of routing with the help of the sequence

crossover function is generated and is performethen Number (in DSDV), formation of the routing table (i
parent node. O represents no link and it is uségfon ~ AODV), recomputing a DAG in order to find a routa (

the comparison purpose (Wook and Ahn, 2002). TORA) are found in the form of simplified individisa
(paths). As new sets of routes are exchanged \uih t
5 SIMULATION RESULTS QoS routing module is done through the buffer.

To run our simulation, we have taken four 5.1. Scenariosetup for MANET

protocols, two reactive protocols and two proactive  ng.2 34 (www.isi.edu/nsnam/dsis used to do the
protocols, namely: Proactive protocols-Optimized gjmyylation for all the four protocols
Link State Routing Protocol (OLSR) and Destination- (AODVGA,OLSRGA,DSDVGA, TORAGA). We have
Sequenced Distance-Vector Routing (DSDV), Reactiveypdated the source codes of the following filesath
protocols-Ad hoc On-Demand Distance Vector and every protocol to incorporate GA.
Routing (AODV) and Temporally-Ordered Routing  Table 1 Gives the modification in all the protocols.50
Algorithm (TORA). nodes are placed randomly in the rectangular afea o
The OLSR protocol uses Multi Point Relays (MPR). 1500<1500 M. Nodes can move randomly according to
MPR is a node that is selected which can covenales  random waypoint mobility model with a speed of 10,
that are two hops away. DSDV protocol routes every20 and 30 m sét The pause time is taken as 5, 10 and
node to avoid loopings in the routing table (Peskimd 15 s. The QoS parameters like delay, throughput and
Bhagwat, 1994). Each node acts as a router where facket delivery ratio are analyzed here.
routing table is maintained and periodic routinglates The belowFig. 7 shows the effect of number of
are exchanged, even if the routes are not needed. Modes Vs delay. The inference of the graph is wthen

sequence number is associated with each routetiotgpa  Number of nodes is less, the delay is less whendbles
the destination to prevent routing loops. are more the delay is also more, but compared ¢o th

AODV uses route discovery phase and route conventional method the delay is less for the ot

: that uses GA concepts.
maintenance phase. When a source node wants tapass The aboveFig. 8 shows the effect of number of

data to the_destination with QoS requireme_ntsa.'ntsuvith nodes vs delay for a mobility of 20 m secThe

the route discovery phase. Once the route is disedMhe  jycarence of the graph is compared to previous hythjs

data transmission takes place. During the datagraph has more delay value, this one occurs, aspibed

transmission it is also important to maintain taéhto the  of the node is increased congestion takes plactien

destination. This is done by route maintenance. AOR network. Common links are used for the transmission

builds and maintains a Directed Acyclic Graph (DAG) thus sharing the bandwidth of the network. Accogdin

rooted at a destination. No two nodes may havesénge  our proposed scheme non intercepting path can uradfo

height (Park and Corson,1997). with higher path preference probability. Thus, gela
The overview modules of OLSR using a GA module decreases as the number of nodes increases. Similar

(OLSRGA), DSDV using a GA (DSDVGA), AODV thing happens if we apply a speed of 30 m’sec
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Table 1. Modified NS2 files

Files Protocol Common files for all protocols

aodv.cc,aodv.h,aodv_packet.h, AODV channel.cc,cblamMAC files

aodv_rtable.cc,aodv_rtable.h

olsr.cc, olsr.h, olsr _packet.h, OLSR cbr_traffich ----tools file

olsr _rtable.cc, olsr _rtable.h

dsdv.cc, dsdv.h, dsdv_packet.h, DSDV cmu-tracé.-cetrace file

dsdv _rtable.cc, dsdv _rtable.h
tora.cc, tora.h, tora _packet.h, TORA
tora _rtable.cc, tora _rtable.h

Table 2. Initial populations: All possible solutions Table 3. Process of selection and final routes

Path Chromosome Weight  Path Chromosome Weight
P1 146 4 P1 146 4

P2 1246 9 P4 1356 4

P3 126 8 P3 126 8

P4 1356 4

P5 12356 9 P2 1246 9

P6 123546 13 P5 12356 9
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Table 4. Encoding and Crossover function Munetomo, M., T. Yoshiaki and S. Yoshiharu, 199%. A
Path Weight  Encoding Crossover function adaptive network routing algorithm employing path
P1 220 0010 0010 0000 0010 0010 0000 genetic operators. Proceedings of the 7th
P4 121 0010 0010 0001 International Conference on Genetic Algorithms,
P3 260 0010 0110 0000 0001 0101 0000 Jul. 19-23, East Lansing, MI, USA, pp: 643-649.

P2 252 0010 0101 0010 Nair, R., B. Rajagopalan and H. Sandick, 1998. A
P5 2421 0010 0100 00101 0010 0100 00101

framework for Qos based routing in the internet.
) USA. Pennsylvania State University,

~ Figure 9 shows that as the speed of the network park v.D. and M.S. Corson, 1997. A highly adaptive
increases the throughput decreases. Our proposed (istributed routing algorithm for mobile wireless
method for AODVGA has high throughput than the networks. Proceedings of the IEEE 16th Annual
others. Next OLSRGA has h_|gh throughput. Thus we ca Joint Conference of the IEEE Computer and
say that reactive protocol with our proposed methas Communications Societies, Driving the Information

high throughput than the proactive protocol. : )
Figure 10 shows the packet delivery ratio for all Revolution, Apr. 71255_555 Xplore Press, DK(S)II?e,

. p:
the protocols. Comparatively AODVGA and 10.1109/INECOM.1997 631180

OLSRGA gives better resu. Perkins, C.E. and P. Bhagwat, 1994. Highly dynamic
_ NCL |ON Dest|nat|on-Seqqenced Dlstance—Vegtor routing
6. CONCLUSIO (DSDV) for mobile computersProceedings of the
In this study, we have proposed a QoS module Conference on Communications Architectures,
with respect to genetic algorithm for mobile adhoc Protocols and Appllcat|9ns, Aug. 31-Sept. M:M_
networks to support multimedia applications. An New York, Pp: 234-244. DOI:

optimal path was found out from the source node to . 10.1145/190809.190336 )
the destination node using the GA module, which Singh, G. and R.G. Chandel, 2012. Implementation of

provides QoS guarantees in terms of better packet Shortest path in packet switching network using

delivery ratio, less delay and better throughpatour genetic algorithm. Int. J. Adv. Res. Comput. Sci.
analysis, we have taken two reactive protocol awal t Software Eng. , , o
proactive protocol for comparison of the performanc Uma G.V. and M.R. Masillamani, 2006. Applicatiof o
We have found that our proposed method works well genetic algorithm in mobile ad hoc network. Asia J.
for AODV and OLSR protocols than DSDV and Inform. Technol., 5: 1009-1016. _ _
TORA protocols. In future, we have planned to work WOok, C. and R.S.R. Ahn, 2002. A genetic algoritiom
with real time multimedia data against various shortest path routing problem and the sizing of

proposed QoS algorithms for mobile adhoc networks ~ Populations. IEEE Trans. Evolut. Comput., 6: 566-
using various mobility models. 579. DOI:10.1109/TEVC.2002.804323

Yussof, S. and H.S. Ong, 2007. Finding multi-

constrained path using genetic algorithm.
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