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ABSTRACT
An ad hoc wireless network consists of mobile networks which create an underlying
architecture for communication without the help of traditional fixed-position routers. There are different protocols for handling the routing in the mobile environment.
Routing protocols used in fixed infrastructure networks cannot be efficiently used
for mobile ad-hoc networks (MANET), so it requires different protocols. The node
moves at different speeds in an independent random form, connected by any number
of wireless links, where each node is ready to pass or forward both data and control
traffic unrelated to its own use ahead (routing) to other nodes in a flexible interdependence of wireless communication in between. In contrast to infrastructure wireless
networks, where the communication between network nodes is take place by a special
node known as an access point. It is also, in contrast to wired networks in which the
routing task is performed by special and specific devices called routers and switches.
In this paper, we consider fuzzy inference system, an attempt has been made to present
a model using fuzzy logic approach to evaluate and compare three routing protocols
i.e. AODV, DSDV and DSR using effective factor of the number of nodes based on 3
outputs of control overhead, delay and PDR (totally fuzzy system with 4 outputs) in
order to select one of these two routing protocols properly under different conditions
and based on need and goal. To show efficiency and truth of fuzzy system, three protocols have been evaluated equally using NS-2 simulator and attempt has been made
to prove efficiency of the designed fuzzy system by comparing results of simulation
of fuzzy system and NS-2 software.
Keywords: MANET, AODV, DSDV, DSR, expert system, control overhead, delay,
PDR, NS-2 software.

INTRODUCTION
A Mobile Ad hoc NETwork (MANET) is a
kind of wireless ad-hoc network, and is a selfconfiguring network of mobile routers (and associated hosts) connected by wireless links – the
union of which forms an arbitrary topology. The
routers are free to move randomly and organize
themselves arbitrarily; thus, the network’s wireless topology may change rapidly and unpredict-

ably. Such a network may operate in a standalone
fashion, or may be connected to the Internet. The
surrounding physical environment significantly
attenuates and distorts the radio transmissions
since signal quality degrades with distance. Because of limited transmission area of these nodes,
the effective throughput may be less than that of
node’s maximum transmission capacity. Hence, it
may be needed for one mobile node to take the assistance of other nodes in forwarding its packets
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to the desired destination. A node can move anytime in an ad hoc scenario and, as a result, such
a network needs to have routing protocols which
can adapt dynamically changing wireless topology. However, since there is no fixed infrastructure
in a network, each mobile node operates not only
as a node but also as a router, forwarding packets from one node for other mobile nodes in the
network, that may not be within direct wireless
transmission range of each other [1, 2]. Some of
these protocols have been studied and their performances have been analysed in detail. Broch et
al. [3] evaluated four protocols using mobility and
traffic scenarios similar to those we used. They
focused on packet loss, routing message overhead
and route length. In Johansson et al. [4], compare
three routing protocols, over extensive scenarios,
varying node mobility and traffic load. They focus on packet loss, routing overhead, throughput
and delay, and introduce mobility measures in
terms of node relative speed. Finally, in Das et al.
[5], compare the performance of two protocols,
focussing on packet loss, packet end to end delay and routing load. They obtained simulation
results consistent with previous works and conclude’ with some recommendations for improving protocols.
This paper discusses in detail, analyzes and
evaluates the functioning ofAODV, DSR and
DSDV with fuzzy logic, and NS-2 and how well
it adapts to the dynamically changing link conditions. In this paper, the designed fuzzy system,
results of simulation are mentioned with NS-2
software and at the end, result of the research is
mentioned.

which is essential to the traditional distance vector protocols [6]. The route request does not add
any new information about the passed hosts but
only increases its hop metric. Each passed host
makes update in their own routing table about the
requested host. This information helps the destination reply to be easily routed back to the requested
host. The route reply use RREP message that can
be only generated by the destination host or the
hosts which have the information that the destination host is alive and the connection is fresh.

ROUTING PROTOCOLS

Destination Sequenced Distance Vector routing (DSDV) is adapted from the conventional
Routing Information Protocol (RIP) to ad hoc
networks routing. It adds a new attribute, sequence number, to each route table entry of the
conventional RIP. The Perkins and Bhagwat developed this routing protocol in 1994. DSDV is
a proactive hop-by-hop distance vector routing
protocol, requiring each node to broadcast routing updates periodically. It is based on modified
bellman ford routing algorithm with some enhancement to calculate path [9]. In DSDV, each
node maintain routing information which stores
address of the next hop, cost matrix towards each
destination, sequence number which is created by
the destination node. The cost matrix is used for
hop count, by which we can determine how many

Ad-hoc On-demand Distance Vector protocol
(AODV)
Ad-hoc On-demand Distance Vector protocol (AODV) protocol is taken from the RFC [5].
AODV is a very simple, efficient, and effective
routing protocol for mobile ad-hoc networks
which do not have fixed topology. This algorithm
was motivated by the limited bandwidth that is
available in the media that are used for wireless
communications. The route discovery is used by
broadcasting the RREQ message to the neighbors
with the requested destination sequence number,
which prevents the old information to be replied
to the request and also prevents looping problem,
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Dynamic Source Routing protocol (DSR)
The Dynamic Source Routing protocol (DSR)
[7, 8] is a simple and efficient routing protocol
designed specifically for use in multi-hop wireless ad hoc networks of mobile nodes. Using
DSR, the network is completely self-organizing
and self-configuring, requiring no existing network infrastructure or administration. Network
nodes cooperate to forward packets for each other
to allow communication over multiple “hops”
between nodes not directly within wireless transmission range of one another. As nodes in the network move about or join or leave the network,
and as wireless transmission conditions such as
sources of interference change, all routing is automatically determined and maintained by the DSR
routing protocol. Since the number or sequence of
intermediate hops needed to reach any destination
may change at any time, the resulting network topology may be quite rich and rapidly changing.
Destination Sequenced Distance Vector
protocol (DSDV)
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Fig. 2. Fuzzy Inference System model
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3
Parameters of fuzzy system

The learning algorithm uses a gradient descent procedure that uses an3 error measure E (difference between the actual and target outputs) to
fine-tune the parameters of the membership functions (MF). The procedure is very similar to the
delta rule for multilayer perceptions. The learning
takes place in an offline mode. For the input vector, the resulting error E is calculated and based
on that the consequent parts (a real value) are
updated. Then the same patterns are propagated
again and only the parameters of the MFs are
updated. This is done to take the changes in the
consequents into account when the antecedents
are modified. A severe drawback of this approach
is that the representation of the linguistic values
of the input variables depends on the rules they
appear in. Initially identical linguistic terms are
represented by identical membership functions.
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The simulation of the Fuzzy inference system
was done using MATLAB and the values are obtained. In FIS, we use 1 factor of the number of
nodes has been used in this system for evaluation
of three AODV, DSDV and DSR routing protocols as input parameter and based on this input
factor, effect of the factor on three AODV, DSDV
and DSR routing protocols is studied but, as mentioned above, other factors, such as nodes searching speed, number of packets etc. are also effective on evaluation of three AODV, DSDV and
DSR routing protocols. In this paper, FIS tools
were used in Matlab software to determine efficiency of test technique and its general diagram
is shown in Figure 3. This system has 1 input
field which relates to factor affecting evaluation
of three AODV,DSDV and DSR routing protocols and three classes i.e. min, normal and max
verbal words have been assigned to each factor
and 3 output fields which show efficiency of three
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AODV, DSDV and DSR routing protocols and
the output has been classified into three groups
and low, normal and high verbal words have been
assigned to each factor. In Figures 4 and 5, one
of the membership functions of input and output
parameters is shown.

2) If (Node is normal) then (AODV-con-overhead is min) (DSDV-con-overhead is normal)
(DSR-con-overhead is min).
3) If (Node is max) then (AODV-con-overhead is
normal) (DSDV-con-overhead is min) (DSRcon-overhead is max).
PDR
1) If (Node is min) then (AODV-PDR is max)
(DSDV-PDR is min) (DSR-PDR is normal).
2) If (Node is normal ) then (AODV-PDR is max)
(DSDV-PDR is min) (DSR-PDR is normal ).
3) If (Node is max) then (AODV-PDR is normal)
(DSDV-PDR is min) (DSR-PDR is normal).
Simulations results of fuzzy system

Fig. 3. General model of fuzzy expert system for
evaluation of three routing protocols

We use MATLAB software which is a suitable
medium for simulation of such systems has been
used. Simulation of two cases of tests with 20 and
40nodes is given in Figures 6 and 7.
Control overhead

Fig. 4. Membership function relating to input of the
number of node

Fig. 6. Results of simulation with 20 nodes

Fig. 5. Membership function relating to control overhead of AODV routing protocol

Fuzzy if–then rules
We write if-them rules as follows:
Control overhead
1) If (Node is min) then (AODV-con-overhead is
min) (DSDV-con-overhead is min) (DSR-conoverhead is min).

Fig. 7. Results of simulation with 40 nodes
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Fig. 8. Effect of number of node on output of control
overhead in AODV protocol

Fig. 12. Results of simulation with 40 nodes

Fig. 9. Effect of number of node on output of control
overhead in DSDV protocol

Fig. 13. Effect of number of node on output of PDR
in AODV protocol

Fig. 10. Effect of number of node on output of control overheadin DSR protocol

Fig. 14. Effect of number of node on output of PDR
in DSDV protocol

PDR

Fig. 11. Results of simulation with 20 nodes
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Fig. 15. Effect of number of node on output of PDR
in DSR protocol
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Results obtained from execution of the designed fuzzy system for the number of different
nodes are exactly mentioned in the above figure.
Now, we have evaluated and simulated AODV,
DSDV and DSR routing protocols for the number of similar nodes with NS-2 software in order to show performance and reliability of the
proposed fuzzy system by comparing results of
executing fuzzy system and NS-2 software with
each other.

SIMULATION RESULTS WITH 		
NS-2 SOFTWARE
In order to analyze and compare the performance of the three routing protocols AODV,
DSR and DSDV, simulation experiments were
performed. The purpose of the simulations was
to compare the efficiency of the routing protocols
based on two simulation parameters.

Fig. 17. Control overhead at 50 m/s
Explanation: At 50 m/s AODV gives better result
than DSR and DSDV.

PDR

Table 1. Simulation environment
Parameter

Values

Simulator

NS2 (Version 2.34)

Channel type

Channel/Wireless Channel

Radio-propagation model

Propagation/Two Ray Ground

Network interface type

Phy/Wireless Phy

MAC type

Mac/802.11

Interface queue type

Queue/Drop Tail/Pri Queue

Link layer type

LL

Antenna model

Antenna/Omni Antenna

Maximum packet in ifq

50

Area (M×M)

800

Source type

CBR

Routing protocol

DSR, DSDV, AODV

Control over head

Fig. 18. Packet delivery ratio at 15 m/s
Explanation: At 15 m/s DSR and DSDV shows approximately the same behavior but DSR shows steady

Fig. 19. Packet delivery ratio at 50 m/s
Explanation: At 50 m/s AODV is best and in the long
run it shows very good results.

CONCLUSIONS

Fig. 16. Control overhead at 15 m/s
Explanation: At 15 m/s AODV and DSR show a good
result.

We have presented a self-healing technique
based on fuzzy concepts for mobile ad-hoc networks. We evaluate DSDV, DSR and AODV protocols in mobile ad hoc network and to prove truth
of the fuzzy system, we compare the results of
comparing two protocols with NS-2 software and
the results show that the designed fuzzy system
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has suitable efficiency for proposing and selecting one of these three routing protocols principally and logically under different conditions and
based on different applications. The basic idea is
to modify the entries of the neighbor table and the
time-stamp of the entry each based on the fuzzy
system. The present system has only two inputs.
The performance may be improved, if we consider more than two metrics and have more rules to
make a perfect decision. It can be generally said
that AODV protocol has better performance than
the DSDV and DSR protocol in terms of the data
transfer rate per second and delay rate with increasing the number of node in the network.
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