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Abstract. In this study, Intelligent Routing Algorithm using Genetic Algorithm
(IRAGA) is proposed to find the feasible path based on multi-constraint by using
GA which presented the paths in chromosomes to help the algorithm to find the
efficient path among the available paths. The proposed crossover-refining oper-
ation keeps the genetic variety of the chromosomes and also improve the ability
of searching which obtains the good result and increases the rate of convergence
between the chromosomes. The objective of this research work is to decrease the
time of route selection and select the most efficient path on the basis of fitness
value. IRAGA offers a better solution in a few iteration compared to other genetic
algorithm-based routing protocols, such as genetic load balancing routing,
adaptive routing method based on GA with QoS, and multi-constraint QoS
Unicast Routing using GA, in terms of the time taken to find the feasible path.
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1 Introduction

A mobile ad hoc network (MANET) consists of a collection of mobile and wireless
nodes without the need for a specific fixed infrastructure that make it useful and easy to
use anywhere such as: disaster area where MANET is useful in rescue effort, also it is
useful in war mission areas to communicate between the soldiers and their staff. There
are many Manet-based applications and services, such as Military application, mobile
conferencing, and emergency services. These applications, need to control and manage
the information among the network’s entities where the routing protocol taking place.
Routing protocols are an essential component of the communication processes in the
network, wherein they are used to route data packets and also to guarantee that an
efficient path is established between a pair of nodes in the network. Therefore, data
packets can be delivered in a timely manner [1–3].
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Dynamic change of the network topology is the common phenomenon in MANET
as nodes move arbitrarily and unpredictably. Thus, the connection between the nodes
might be changed frequently. Moreover, the transmission range could be changed
according to the radius of transmission area, which may lead to loss of the connection
between the nodes. The information of the current session of the network topology
changes frequently during the time that is considered a significant requirement in a
MANET routing algorithm. Therefore, the fast decision, based on which a route pro-
vides an efficient performance should be considered [4–8]. Recently, Genetic-based
routing Algorithm has been used to find the feasible path.

2 Genetic Algorithm

GA as optimization approach is used in MANET routing algorithms [9–13]. GA works
in specific principle procedures, starting from random initial population generation,
then chromosomes evaluation according to the fitness function to evaluate each indi-
vidual. Across evaluation procedure, the acceptable paths which presented in chro-
mosomes, are selected for processing in certain common genetic recombination
operations, such as standard crossover and mutation operations to improve the next
generation. The recombination operations impact in the decision of routing selection.
The standard crossover operation is the exchange of selected genes based on the
crossover point through selected individuals’ chromosomes which assigned as parents
to produced new offspring. Then, the mutation operation induces changes in single
individual gene. The unacceptable paths presented in chromosomes will be replaced by
a new offspring that may be better than the existing paths. However, these recombi-
nation operations do not care for the connectivity between the parts of genes which
may generate invalid paths. These processes are repeated until terminal condition is
reached, during which an optimum solution is found or the maximum number of
iterations is obtained in the early stage [14, 15].

This article present the crossover refining operation instead of the two-standard
operation to reduce the consuming time in the recombination stage and avoid the
invalid paths.

3 GA-Based-Routing Algorithm

Genetic algorithm has been used in several research works in the routing protocol to find
the optimal location for router, and find the feasible path for wireless networks [16–18].

The selection of paths is very complex network optimization problem. This
problem can be solved by efficient solutions are much sought out because this kind of
solutions could lead to considerable monetary savings and better utilization of the
networks. However, several researchers have adopted GA for routing optimization in
computer networks, the crossover operation and the mutation operation was not taken
into account the topology of the network. Thus, many of invalid chromosomes which
present the invalid paths are generated, that greatly decrease the efficiency of GA [18].
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In this section selected GA-based routing algorithms are reviewed. Genetic Load
Balancing Routing (GLBR), Adaptive Routing method based on GA with QoS
(ARGAQ), and Multi-constraint QoS Unicast Routing Using GA (MURUGA).

3.1 GLBR

The GLBR algorithm utilizes genes in determining the code by which the genes have
been encoded into chromosomes in the same order as the nodes have formed the path
of communication [19]. Accordingly, the individuals’ lengths of the population chro-
mosomes are varied. A control condition must be produced to approve any of the new
courses that are recognized in the overhead count. The algorithm begins with an
irregular initial population and after that the genetic operations, crossover, and muta-
tions, are applied. The crossover operator arbitrarily selects a node as a crossing site to
exchange sub-paths among the combination of paths. The new offsprings need to verify
and validate which causes the increase in processing overhead. In order to improve the
new offsprings, the path mutation operator arbitrarily selects a mutation node that may
help to finds a path to the destination node by mutating Dijkstra’s shortest path
selection. These operations of GLBR and its procedures are repeated until available
path is found or if the generation range exceeds a certain determined value. The aim of
GLBR algorithm is to balance the load in the network. GLBR sending inquiries packet
to check the current path if it is loaded or not. Based on the threshold value of the
response time to this query from the destination, the genetic algorithm operations will
be repeated to recompute the path in case the response time is greater than the threshold
value. GLBR algorithm performs better compared with Shortest Path First (SPF) and
Routing Information Protocol (RIP) algorithms. On the other hand, GLBR algorithm is
operated based on Delay Time as a single constraint, which does not satisfy the QoS
routing. The network overload is caused by frequently sending the delay query packets.
Moreover, the variation in size of the individuals chromosomes leads to a complicated
genetic algorithm operations, especially in crossover operation which can produce path
with loops. In addition to this, the algorithm has to validate each path every time when
a new path is identified, which results in computation overhead.

3.2 ARGAQ

Routing algorithms on high speed network for multimedia applications should be
enhanced which taken in account certain QoS parameters [9]. Thus, ARGA is
improved into ARGAQ by using two QoS parameters. ARGAQ scheme utilizes two
constraints to evaluate the path selection, delay time and transmission success ratio.
However, the two QoS parameters are considered as one metric. Delay time denoted
the time it takes for packet to move from node to another node. The main aim of this
method is to find the optimal path from the source node to the destination node.
The ARGAQ uses QoS Routing Search Engine (RSE) structure to find the feasible
paths to be used in GA as individual populations. This engine has two search
sub-engines: Cache Search Engine (CSE) and Tree Search Engine (TSE). These two
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sub-engines are working independently, but during the update of routing information
they work together.

When a request for a path is received in RSE, the request will be forwarded in
parallel to CSE and TSE. The CSE and TSE responsibility are to find a satisfied route
from the source to the destination that meet the QoS requirements. The route infor-
mation is saved in the cache database. CSE seeks for the route in the database, if the
satisfied route is there, it will send the route information to RSE. The route which does
not meet the QoS requirements is sent to the genetic population pool. If the route is not
found by CSE, it will be looked up by TSE and then, send the route information to
RSE. TSE is working based on GA to find the route in its domain.

The route information has to be updated because the network changes dynamically.
As mentioned above, CSE and TSE are working together to update the database route
information. TSE sends the good route information to the cache database; thus, it can
be found faster by CSE. If the route in the cache does not fulfill the QoS requirements,
it will be deleted from the database. Moreover, the satisfied routes are given higher
priority which makes the next search faster. In addition, when TSE receives the QoS
route request from RSE, it transforms the network into a tree network model and makes
the source node as the root of the tree [9]. ARGAQ is working on the tree network
model as ARGA which reduces the tree junctions and encoding the junctions in genes;
thus, every chromosome would present a single path from source to destination. The
crossover operation is applied in single point between the pair of individuals, and the
mutation is applied on one gene randomly. The fitness function combined the two
constraints in single mixed metrics. ARGAQ gives a rough estimation of the counting
path for single mixed metrics. Thus, multimedia applications need a QoS route that
fulfills a number of constraints.

3.3 MURUGA

MURUGA algorithm was presented in [2]. MURUGA was proposed to locate the
shortest path between two nodes (source and destination). This method comprises five
modules which increased the computation time. In this algorithm, the full path between
the source and destination nodes is presented in the chromosome. The chain of
neighboring nodes is illustrated by genes. So, all potential paths have appeared in the
chromosome structure. MURUGA is depended on QoS, and it controls genes by
utilizing the tree structure to avoid loops.

The network connectivity in [20] was formed via a connectivity matrix.
The MURUGA is working as the following:

– Initial population generation.
– Chromosomes evaluation.
– Ranking the population based on their fitness value.
– Termination condition testing.
– If the termination fail: applied GA on the lower-ranked chromosomes to create new

genes, else: repeated the steps until a feasible path is found or the termination
condition is met.
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MURUGA algorithm avoid looping problem and decreased the research space by
utilized the connectivity matrix. So, the available paths that are found by this algorithm
satisfy the minimum requirements.

However, MURUGA has selected the path according to the minimum required
value for the constraint. So, the selected path does not necessary to be the efficient path.
Moreover, MURUGA algorithm does not offer high end-to-end performance.

4 Proposed Method

In this section, a new intelligent approach based on multi-constraint GA is proposed.

4.1 Initialization

A representation of the network connectivity in a symmetric matrix, where 1 presents
the connectivity, and 0 presents the non-connectivity. For the generation of an initial
population, each chromosome starts with the source node as a first active state. Then,
the next state is randomly selected from the next state field and is denoted as an active
state. This process is repeated for each chromosome until the destination node is
reached.

4.2 Fitness Function Calculation

The Fitness function is responsible to evaluate each chromosome in the population.
According to the constraints values for each available path the population is evaluated.
Based on the fitness value, the efficiency path is selected. The constraints parameters
which considered in this work are cost and delay. The Eq. 1 used for calculation weight
for each path

wi pð Þ ¼
X

ðu!vÞ2p wi u ! vð Þ�Ki for all i ¼ 1; . . .; lð Þ: ð1Þ

Where: l: total number of constraints; p: path; Ki: maximum constraint value; and
wi: the path weights,

From (1) the fitness function is calculated as the following:

F(P) ¼ Maxðw1ðpÞ;w2ðpÞ;w3ðpÞ; . . .; wlðpÞÞ ð2Þ

4.3 New Population Generation

Before generating the new population, the current population should be evaluated using
the fitness function given in Eq. (2). Populations will then be ranked to eliminate the
worst case, which will be replaced by new generated chromosomes. The worst cases
comprise the chromosomes that fall outside of the limited constraints values. Thus, the
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best chromosomes will have the best values and are thus the most efficient path con-
straint values.

4.4 Crossover Refining Operation

Crossover refining is applied on pair of selected chromosomes by exchanging the gens
values at the crossover point onward to generate new chromosomes. However, the
crossover point is selected among the top ranked chromosome. After that, the process
continues to find the nearest partner chromosome that is based on the contents of the
crossover point to the destination node which guarantee the connectivity between the
parts exchanged. The new generated paths are replaced with the worst ones. The
crossover-refining is applied according to the crossover point which calculated by
Eq. (3) based on the chromosome length.

Crossover-point ¼ floor off ðChromosome length=2Þ ð3Þ

The steps of crossover refining operation as follows:

• Rank the available paths for the current generation based on the fitness value.
• Select the best path among the available paths according to the fitness value, and it

is considered as a main factor in the combination processing of a pair of
chromosomes.

• Determine the crossover point in the selected chromosome using Eq. (3). Based on
the content value of the crossover point, the chromosomes are exchanged the genes
to generate valid new chromosomes.

• As the content of crossover point is important to confirmed the connection between
the exchanged parts of the chromosomes, if the selected point not found in the
current chromosome, have to find in the following ranked chromosomes.

• Apply the recombination between the selected chromosomes by exchanging the
genes parts between them according to the content of the crossover point which
present the node ID in the available path.

• Replace the new combined chromosomes with the worst fitness chromosomes.
• Move to the fitness evaluation, which is followed by condition termination.

5 Simulation and Analysis

The simulation scenarios were performed on different network topologies of 50 nodes.
Based on the random nature of the network, the parameters setting for each scenario is
done accordingly. The network topology information represented in graph is inserted
into adjacency matrix and the maximum generation number for the termination is 15
iterations.

This algorithm is running until the feasible path is found or the maximum number
of iteration is excessed.
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The results of comparison of iteration numbers taken to find the feasible path is
shown in Table 1.

As shown in Fig. 1, it is clear that IRAGA finds the possible path at 2nd generation,
while MURUGA has managed to find it after 3 generations. ARGAQ needs 12 gen-
erations to find the possible path, and GLBR needs more than 14 generations to find the
possible path.

The result of this study shows that MURUGA, GLBR and ARGAQ need more
genetic operations and computation time to find the possible path. Thus, it can be
deduced that GRAPC is the efficient method that outperforms MURUGA, GLBR and
ARGAQ. The proposed routing algorithm performs better in terms of number of
generation, which means less computation time to find the efficient path compared with
the other methods.

Table 1. Comparison of iteration number.

Nodes Method Number of iterations

50 GLBR >14
ARGAQ 13
MURUGA 4
IRAGA 2
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Fig. 1. Performance of GLBR, ARGAQ, MURUGA, and IRAGA.
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The use of crossover refining has helped in selecting the right the populations, and
avoiding infeasible paths selection. Moreover, the refining crossover operation is used
instead of using two successive operations (crossover and mutation), which reduces the
time to find the target quality.

6 Conclusion

In this paper, IRAGA was proposed on the basis of multi constraint to find a feasible
path, and minimum time of routing selection in addition provide alternative path
according to the quality of constraint. In IRAGA, the population is generated according
to connectivity matrix to avoid looping routing and invisible paths. Moreover, IRAGA
utilizes GA by using crossover refining to reduce computation time which uses the
contents of crossover point instead of the index point. These features avoid the invalid
paths, which minimize the time taken to find the feasible path. Finally, the simulation
results indicate that the proposed algorithm outperforms GLBR, ARGAQ, and
MURUGA in terms of the time taken to find the feasible path.
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