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Abstract

Simulation studies have been the predominant method of evaluating ad hoc routing algorithms. Despite their wide use
and merits, simulations are generally time consuming. Furthermore, several prominent ad hoc simulations report in-
consistent and unrepeatabl e results. We, therefore, argue that simulation-based eval uation of ad hoc routing protocols
should be complemented with mathematical verification and comparison. In this paper, we propose a performance
evaluation framework that can be used to model two key performance metrics of an ad hoc routing a gorithm, namely
routing overhead and route optimality. We also eval uate derivatives of the two metrics, namely total energy consump-
tion and route discovery latency. Using the proposed framework, we evaluate the performance of four prominent ad
hoc routing algorithms: DSDV, DSR, AODV-LL and Gossiping. We show that the modeled metrics not only allow
unbiased performance comparison but also provide interesting insight about the impact of different parameters on the
behavior of these protocols.
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1. Introduction

Sincetheinception of MANETsand sensor networks,
anumber of routing protocols have been proposed to ef-
ficiently discover and maintain paths in an ad hoc net-
work [1, 2, 3, 4]. Due to lack of infrastructure and re-
sources required to setup an ad hoc network, most of
the routing protocols are evaluated and compared using
network simulators. While smulations offer the flexi-
bility to code and evaluate complex agorithmic logic,
recent studies have shown that many ad hoc simulations
report inconsistent, unrepeatable or incomplete simula
tion results [5]. Furthermore, scalability experiments
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even with thousands of nodes quickly become infeasi-
ble due to extremely time consuming nature of network
simulations. Therefore, we argue that simulation-based
evaluation should be complemented with mathematical
modeling of key performance parametersof ad hoc rout-
ing protocols. Such an approach will allow unbiased
and provable performance comparison of the routing
protocol even on very large scale networks. Moreover,
an analytical approach will allow researchersto analyze
the strengths and weaknesses of a protocol at an early
design stage.

In this context, this paper proposes a performance
evaluation framework to model the two most widely-
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used performance metrics of wireless ad hoc routing al-
gorithms [6], namely routing overhead and route op-
timality. We derive generic expressions to model the
routing overhead incurred during the route discovery
process. We aso incorporate MAC layer channel con-
tention and SNR-based physical and link layer channel
error effects in the proposed modeling framework. For
the route optimality model, we provide generic expres-
sions to find the probability of optimal and suboptimal
route discoveries for single as well as multipath rout-
ing protocols. We aso model the expected probability
of route establishment. Routing overhead and route op-
timality are the two baseline metrics and several other
performance metrics may be derived from them. To il-
lustrate the derivation process, we provide simple ex-
pressions for the following two metrics. total energy
consumption and route discovery latency.

The derived metrics in the proposed framework are

parameterized such that they can be adapted to spe-
cific ad hoc routing protocols. As a proof-of-concept,
we use the proposed framework to model and compare
four prominent ad hoc routing protocols, DSDV, DSR,
AODV-LL ! and Gossiping. To study the effect of mod-
eling assumptions on the evaluated routing metrics, we
also compare the analytical results with the results re-
ported in an independently-conducted simulation study
[6] and show that our modeling assumptionsdo not have
a significant effect on the results. Finally, the proposed
analytical models of routing protocols also yield inter-
esting insight about the impact of different parameters
on the performance of these protocols.
The rest of this paper is organized as follows. Section
2 summarizes the previous work in this area. Section 3
outlines system description, modeling assumptions and
definitions of the key terms. The generic routing over-
head model is developed in Section 4 aong with the
adaptation of model to specific protocols. Section 5 de-
rives amodel of route optimality in general and its ap-
plication to specific ad hoc routing protocols. The use
of the proposed models in mobile ad hoc networks is
discussed in Section 6. The derivatives of routing over-
head and route optimality are described in Section 7.
We summarize key conclusions of this work in Section
8.

1AODV-LL isavariant of AODV protocol [4] proposed in [6] that
useslink layer feedback to avoid the use of HEL L O messagesto detect
link failures.

2. Related Work

To counter the inherently unreliable nature of ad hoc
networks, Tsirigos and Haas propose a routing scheme
that makes use of multiple simultaneous paths[7]. With
the addition of an overhead to each packet, the au-
thors fragment the resulting unit into multiple blocks
and route each one of them through a distinct path. The
authors then study the probability of reconstructing the
original information at the destination and show analyt-
ically that packet dropping probability decreases with
an increase in the number of used paths. The authors
then extend their work in [8] by relaxing the restrictions
e.g. independent or digjoint paths, identical path failure
probability. More specifically, the authors propose an
approximation technique for selecting an optimal path
set to maximize the probability of successful transmis-
sion in cases where paths may not be independent and
their failure probability can vary aswell.

Santivanez et al. [9] did scalability analysis of anum-
ber of ad hoc routing algorithms. The authors defined a
scalability factor of routing protocol in terms of its total
overhead and minimum traffic load. They showed that
Plain Flooding (PF) algorithm scales better in high mo-
bility scenarios while Hazy Sighted Link State (HSLS)
[10] scales with the size of the network. Zhou and
Abouzeid derive expressions for minimum length of
control packets exchanged by cluster-based proactive ad
hoc routing protocols [11]. The authors also provide
scalability analysis of routing overhead with respect to
network and cluster sizes. Expression for optimal clus-
ter sizesto reduce the size of routing tables and the rout-
ing overhead are also derived by the authors. Xianren et
al. propose atheoretical framework for computing the
overhead of proactive routing protocols for MANETS
[12]. Theauthorsconcludethat the overhead of the rout-
ing protocolsrises with an increasein the node mobility.

Sadagopan et al. [13] developed a mathematical
model to calculate the energy cost associated with
a WSN query protocol called ACQUIRE. The au-
thors also proposed similar models for Expanding Ring
Search (ERS) and Flooding Based Queries (FBQ) for
mutual comparison. Heusse et al. [14] theoretically an-
alyzed the performance anomaly of 802.11b[15] by de-
riving expressions for throughput, probability of colli-
sion and contention time. The authors show that when
some of the hosts communicate at lower bit rate, the
performance of entire network degrades significantly.
Jacquet and Laouiti [16] compares the performance of
proactive routing protocols with flooding based routing
mechanisms through simulations and the modeling of
control overheads. However, it does not provide the fi-



nal analytical result and switchesto simulation analysis.
We proposed a performance evaluation framework for
Bio-inspired ad hoc routing algorithms in [17]. How-
ever, the framework is only applicable to small-sized
networks and does not cater for packet loss due to chan-
nel errorsand collisions at the MAC layer.

One of the prominent analytical study is done by
Bettstetter [18] in which a random graph model of ad
hoc network topology is proposed. This model pro-
vides the node transmission radius, rg, that ensures a
k-connected network for a given node density. We use
Bettstetter’s analysis as a foundation for the work re-
ported in this paper.

3. System Description and Definitions

3.1. Systemdescription

We consider a dense ad hoc network of N nodes
which are distributed on a two-dimensional plane using
a homogeneous Poisson distribution with node density
p. The resultant graph is assumed to be connected and
all links (or edges) are symmetric. We assume an ad
hoc network with a CSMA/CA-based MAC layer pro-
tocol for contention resolution. Even in the case of no
contention, we account for the possibility that a packet
may be lost due to channel errors (such as interference,
fading etc.). For simplicity, we assume that the network
topology does not change during a route discovery pro-
cess. This assumption is realistic because timescale of
mobility is much smaller than the timescale of a sin-
gle route discovery. The routes may, however, change
considerably from one route discovery to another. Sim-
ilarly, we assume that the channel conditions do not
change considerably during an RREQ transmission be-
tween two nodes. Finally, we assume that the nodes can
transmit at a single uniform rate only.

3.1.1. Network topology

An ad hoc network is modeled as an undirected
graph, G = (V,E), where V is a set of nodesand E is
a set of wireless links. A link between any two nodes
exists if they lie within the transmission radius of each
other. However, due to channel errors and contention,
presence of alink between the neighboring nodes does
not necessarily guarantee packets delivery in either di-
rection.

A graph is connected if at least a single path exists
between each pair of nodes; otherwise, it is a discon-
nected graph. A graphis said to be k-edge connected if
and only if k edge-digjoint paths exist between each pair
of nodes. d(X) is the degree of a node x and it refersto

the number of nodes directly connected with x. A node
issaid to be an isolated nodeif it has a zero degree.

For the system described above, Bettstetter [18] de-
rived an expression for the probability P that arandomly
selected node has ngp neighbors as given below.

r2)ne
R e, ®

0-

P(d =no) =

Putting np = 0 in (1) gives the probability that a ran-
domly selected nodewill beanisolated node; i.e., P(d =
0) = e, Similarly, we can represent an average de-
gree of anode as

E(d) = dayg = p7r3. (2

A network with n > 1 nodes is expected to be con-
nected with probability pif rg is set to:

ro > M . (3)
V Yeis

Equations (2) and (3) can be used to build the topol-
ogy of an ad hoc network with given parameters. For
instance, if we set rop = 21 m in a network of 10, 000
nodes deployed in an area of 108 n?, the network will
be connected with 99% probability.

3.2. Definitions

We now provide formal definitions of routing over-
head and route optimality that are used in this paper.

3.2.1. Routing overhead and route optimality

Definition 1. Routing overhead of a reactive protocol
is the total humber of control packets launched in the
network by the protocol in response to a route request
(RREQ) message up to an arbitrary number of hops
from the source node.

Optimal route is a protocol dependent term in which
optimality may be defined in terms of the number of
hops, energy, reliability, latency, etc. We use the most
common and widely-used definition [2, 4].

Definition 2. An optimal route is a route of minimum
hop length.

Definition 3. An  n-suboptimal route between a
<source, destination> pair is a route of length t + n
hops, where t isthe optimal lengthandn=1,2,...



Table 1: Description of Modeling Variables

Symbol scategory Description
Topology
Ps Broadcast forwarding probability
pPr/Pc Stochastic forwarding / no collision probability
Pe Probability of no channel error
Javg/ro Average degree/ Tr. radius of anode
N/p Total number of nodes/ node density
Routing overhead
h Number of hops from the source node
D Diameter of the network (in hops)
Ts Total simulation time
CWihin Minimum contention window size in 802.11b
SLOT Duration of await slot in 802.11b
teont Contention time at a node
a Rate of advertising routing table updates
dt[ ] Exp. forward degree of anodeat j hops
Cp Generic routing overhead (packets)
ctd Routing overhead of protocol x

Route optimality

t

Length of an optimal path

k Total number of node-digjoint paths
w(i] Normalized weight of paths of length i
€ Optimal path discovery probability
X[t] No. of t hops paths discovered successfully
P Probability of path discovery
E{X} Expected path discovery probability (Generic)
u Number of tries to discover alink
Derivatives
Giotal Total energy consumed
Te/Re Tx / Rx energy per bit
Brreq/Brrep/Bud Size of RREQ / RREP/ data packets (bits)
M Total number of data packets
La Average path length
tq Route discovery latency
m Number of paths discovered by a protocol

3.2.2. Broadcast forwarding probability

Nodes in ad hoc routing algorithms may forward
RREQs stochastically. Additionally, the forwarded
RREQs in these protocols may collide or get lost due to
channel errorsor dynamictopology. Therefore, we need
not only to cater for the lost RREQs in the next hop cal-
culations but a so the stochastic forwarding behavior of
nodes. For this purpose, we introduce ageneric parame-
ter, known as broadcast forwarding probability, defined
as.

Definition 4. Broadcast forwarding probability is the
probability that a node will forward a RREQ message
to its neighbors and the message will be successfully
delivered to them.

We can express the broadcast forwarding probability ps
as

Ps = Pr - Pc* Pe (4)
where Pc is the probability of not experiencing a col-

lision at the MAC layer and pe is the probability that
the RREQ is not lost due to channel errors (We derive



Figure 1: Illustration of the forward degree of anode.

expressions for pc and pe in Sections 4.1.2 and 4.1.3,
respectively.). Finaly, p; is the probability with which
a node will forward a RREQ to its neighbors; for in-
stance, pr = 1 for AODV-LL [4], while p, = pqg for
the GOSSIP1(pg) protocol [1]. (Further details on the
stochastic forwarding probability p, with reference to
specific ad hoc routing protocols are provided later in

the paper.)

3.2.3. Expected forward degree

Expected forward degree is relevant for understand-
ing routing overhead model. Consider node T (Fig. 1)
which has just received a RREQ and it decides to for-
ward the RREQ to its neighbors. RREQ broadcast by
node T will be received by its neighborslocated in ring
| and within the transmission circle of S. Now we must
count those neighbors of T which are likely to forward
this RREQ. In general, a neighbor drops a new RREQ
if it already received the RREQ packet through other
wireless links. Otherwise, it can decide to forward it
with probability p;. The neighborsof T inring | that
are expected to forward that RREQ define the forward
degreeof node T.

Definition 5. Expected forward degree of a nodeis the
average (or mean) number of neighbors of that node
which forward a received RREQ with probability ps.

We represent the expected forward degree of nodes at |
hops from the source node as d¢[ j] (see Table 1 for the
description of modeling variables).

4. The Routing Overhead Model

In an attempt to quickly discover a route, reactive
protocols completely or partialy flood RREQs in a net-
work. Tracking this flooding pattern is complicated be-
cause, depending on the routing scheme being used, the
intermediate nodes may or may not forward the RREQs
[1]. In this Section, we first model the routing over-
head of reactive routing protocols as a function of ex-
pected forward degree which is later extended to proac-
tive routing algorithms as well.

4.1. Generic routing overhead model in terms of ex-
pected forward degree

Consider source S that broadcasts RREQ to al its
neighbors (Fig. 1). The first RREQ broadcast by S
is received on average by Pc X Pe X Oayg NOdes. Each
neighbor of S will forward the received RREQ with a
probability py, therefore ps x dayy Neighbors of S will
forward RREQ to their neighbors. In this way, we keep
accumulating the number of RREQs forwarded success-
fully at each hop up to an arbitrary number of hops (h)
from the source node. Finaly, the total expected routing

overhead may be expressed as
PsHavg ifh=1
Cp= h-1 i+1 i :
psdavg + davg icd (ps) Hj:l d¢[j].
otherwise
®)

See Appendix A for the derivation of (5). Equation
(5) shows that C,, is directly related to the number of
hops traversed by a RREQ, probability p, and the ex-
pected forward degree of nodes. It can be intuitively
validated aswell. For instance, pure flooding algorithms
have higher routing overhead because p; = 1. Simi-
larly, the routing overhead increases with an increase
in path length between a given <source, destination>
pair. Equation (5) providesan interesting insight that the
RREQ storm exponentially decreases with an increase
in the path length. As aresult, a distant destination may
not even receive RREQ and subsequently no pathisdis-
covered.

Now the routing overhead model (5) contains three
unknown parameters; expected forward degree (d¢[]),
probability of no collision (pc) and the probability of no
channel error loss (Pe). The following three subsections
model these three parameters.



4.1.1. Expected forward degree

Forward degree of a node depends upon its relative
position from the broadcasting node. Generally speak-
ing, the neighbors located at alonger distance from the
broadcasting node have higher forward degree. For in-
stance, node T (Fig. 1) can reach more new nodes than
node R and therefore has a higher forward degree. Due
to significant variance in the values of forward degrees,
we derive expressions for an expected or mean forward
degree of anoderelative to its distance in terms of hops
from the source.

Idedlly, in the case of no channel error and con-
tention, RREQ of node S (Fig. 1) is received by all
the pnrg — 1 neighbors located within its transmission
range. Broadcast of the neighbors of node S is received
by nodes within ro — A radius of these neighbors where
0 < A < ro. Notethat A is afunction of node density
and 1 — O for dense ad hoc networks. Therefore, for
the presently-considered dense ad hoc network, the to-
tal number of new nodes that will hear the broadcast of
the neighbors of S is approximately 3pzt 2; i.e., nodes
within ring | shown in Fig. 1. Note that the word new
is used to factor out the other mg nodes which have al-
ready received RREQ from the source node. This is
necessary to incorporate the behavior of most ad hoc
routing protocols in which nodes do not forward dupli-
cate RREQs. Hence, the expected forward degree of 1

hop neighborsisd;[1] = 22

.
prrg=1

In the next iteration, nodes located in ring | will
broadcast RREQ and cover ring I1. Therefore, expected
forward degree of 2 hop neighborsd¢[2] = 5/3. Broad-
cast storm continues to ripple across the network in the
same manner. In general, expected forward degree of
anode located at j hops from the source is 3'—j where
1 < j < h-1. However, expected forward degree of
nodes at h — 1 hops dlightly differs from this formula.
We combined all the three distinct cases in the follow-
ing expression:

3pnr2 e
pmé_"l ifj=1
1 ~ J N=(h-1)?-pnr2 e
dilil =) Grgmr  ifi=h-1 (6
% otherwise

wherel < j < h— 1. Remember that h in (6) represents
the number of hops from the source node up to which
we want to calculate the routing overhead. For pro-
tocols that flood the RREQs in the entire network e.g.
AODV-LL, h = 5 where D isthe diameter of the region

measured in terms of hops. Equation (6) models a pure
flooding protocol because we assume that broadcast of
nodes within an inner region (e.g. ring | in Fig. 1) is
heard in the entire outer region (ring Il). In stochastic
broadcasting protocols, however, we need to factor out
those nodes that do not forward RREQ. With reduction
in the number of forwarding nodes, potentia receivers
reduce proportionally in the outer ring. Therefore, we
expect that the expected forward degree will still be the
same becauseit is theratio of nodesin the two rings.

The expected forward degree of nodes decreases
with an increase in the number of hops (i.e. d:[1] >
d¢[2] > ...). Thisis because of an increase in the num-
ber of potentia forwarding nodes as the RREQ storm
sway's across a continuously decreasing uncovered area.
We also emphasize that RREQ storm in real networks
would not follow perfect ring styles as depicted in Fig.
1. Consequently, the routing overhead estimated by our
model may be dlightly higher than actual. A similar ar-
gument holds for sparse networks (or the cases where
pr issignificantly smaller) where A > 0.

4.1.2. Coallision and contention modeling

Coallision modeling. In our model, we assume stan-
dardized 802.11b [15] distributed coordination function
(DCF) as a MAC layer protocol. Collisions happen in
a distributed carrier sensing MAC scheme. Therefore,
we must cancel out the propagation effect of collided
RREQs. In a busy network where nodes always find
the channel busy in the first attempt, probability of no
collision pc is given by the following expression.

Uag—1
m=(1 1) , @

- CWmin
where CWyin(= 31 as defined in 802.11b standard) is
the minimum contention window and dayg is the number
of competing nodes. Higher is the average degree of a
node, lower is the value of pc.

Contention modeling. Contention time is important
because it contributesto the overall time consumedin a
route discovery. We proceed with the same assumption
as used in the derivation of pc. Since broadcast trafficis
never retransmitted, contention time tgont iS

SLOT X Pec X CWhyi
teont = a gc a o P (8)

where SLOT (= 20us for 802.11b standard) is the dura-
tion of each wait slot. For a given network, all variables
in (8) are constants (davg, CWiin, SLOT) and hence a



node experiences a constant delay in order to get access
to the channel for transmission of a RREQ.

4.1.3. Channel error modeling

We now briefly describe two prominent approaches
that translate a channel model into the packet error
probability pe. These two approaches respectively
involve physical and MAC layer channel models.

SNR-based physical layer channé error modeling.
A commonly-used physical layer channel model for
wireless ad hoc networksis the log-normal shadow fad-
ing model. This model characterizes the physical chan-
nel in a fading environment using two additive compo-
nents. (1) a deterministic distance-dependent attenua-
tion component with a path-loss exponent «, and (2) a
SNR-based fading component defined as a normal ran-
dom variable with a zero mean and variance o-?. The
probability of a packet |oss between two nodes commu-
nicating over this channel isgivenin [19]:

1 1 _(Bn—ax10log(2)
Pe = 5 + 2erf( Voo ,

where erf(.) is the standard error function, z is the
distance between the two nodes and By, is the lowest
threshold attenuation which is required to deliver a
packet between the nodes. Probability of no channel
erroristhen pe = 1 — pe.

9

MAC layer channel error modeling. An alternative
approach of modeling a wireless channel is to include
physical layer errors as a part of the underlying chan-
nel model and then model the residual channdl (i.e., the
channel observed after physical layer processing) at the
MAC layer. It has been shown that the bit-errors over a
residual wireless channel exhibit bursty behavior where
each successful and unsuccessful packet transmissionis
dependent upon whether or not the previous K packet
transmissions were successful [20, 21]. Such a channel
is adequately modeled using a K-th order Markov chan-
nel model in which the states of the model correspondto
all possible combinations of correctly- and erroneously-
received K previous packets. Then the total probability
of packet error over a K-th order residual channel is:

21

Pe = Z T2i+1, (20

i=0

where 7 is the steady-state probability of Markov state
i. Interested readers are referred to [20] and [21] for
further details of Markov models of residual MAC layer

channels.

4.1.4. Discussion

This completes our routing overhead model. The fi-
nal expression for routing overhead model is given be-
low.

Pr PcPelavg ifh=1

Pr PcPedavg + Cavg Z|h=_11(pr PcPe i+l Ijzl ds[Jj].
otherwise
(11)
In the following subsections, we discuss different opti-
mizationsto blind flooding of RREQs and the way they
can be modeled using (11).

4.2. Optimized flooding of RREQs

Blind flooding of RREQs in the entire network may
lead to broadcast storm problem [22]. Therefore, on-
demand ad hoc routing protocols use a number of opti-
mi zations to this basic scheme. In the following subsec-
tions, we mention the most common optimizations that
can easily be modeled using (11).

4.2.1. Ring search

This is one of the well-known methods in which
source nodes set a TTL value in the broadcast RREQ
indicating the number of hopsit can travel. If TTL >
0, the receiving node(s) repeat the broadcast after
decrementing the TTL value. Equation (11) provides
a straight forward implementation of this process in
which h represents the size of aring. To illustrate fur-
ther, we provide an expression for Dynamic MANET
On-demand (DYMO) routing protocol [23] in Section 6
that uses an expanding ring search mechanism for the
route discovery.

4.2.2. Sochastic flooding/ gossiping

In this optimization, nodes forward RREQs with a
certain probability p, which may or may not vary with
the hop distance. A number of variants of this approach
are reported in [1]. In its most basic form, each node -
irrespective of its distance from the source node - broad-
casts RREQ with probability pg. In other variations, the
value of py varies for different nodes. For instance, the
nodes within a radius of h; hops are allowed to broad-
cast unconditionally i.e. pg = 1 whiletherest do it with
pg < 1. Equation (11) can easily be adapted to any of
these flooding patterns. To elaborate the transformation
process, we adapt the generic routing overhead model to
GOSS P1 protocol [1] in Section 4.3 that uses stochastic
flooding of RREQs.



4.2.3. Ahybrid approach

The optimizations techniques mentioned above may
even be combined to further optimize the flooding pro-
cess. For instance, ring search may be combined with
stochastic flooding. It should now be evident that the
proposed routing overhead model is able to handle such
ahybrid case astransparently astherest of the optimiza-
tions techniques.

In the following two subsections, we adapt the
generic routing overhead model to four ad hoc routing
algorithms AODV-LL, DSR, Gossiping and DSDV. Fi-
nally, we present a comparison of the results of routing
overhead models of the four protocols with the ones ob-
tained through simulations.

4.3. Protocol specific routing overheads

4.3.1. Dynamic Source Routing (DSR)

DSR [2] is an on-demand multipath ad hoc routing
protocol with two main components; route discovery
and route maintenance. During route discovery, source
node broadcasts a RREQ packet to all its neighbors. In-
termediate nodes keep rebroadcasting RREQs uncondi-
tiondly (i.e. with p; = 1) unless it reaches the desti-
nation which responds with aroute reply (RREP). If an
active route is available at an intermediate node, it also
responds with a RREP. Route error (RERR) messages
are used to inform the source node S that the current
routeis broken. AODV-LL [4, 6] route discovery mech-
anismis similar to that of DSR and hence routing over-
head model of DSR also appliesto AODV-LL.

As intermediate nodes in DSR forward RREQs with
pr = 1in the entire network, (11) may be rewritten for
DSR/AODV-LL as

e Pedavg ifh=1
PecPelavg + davg Zizl (PcPe) l—ljzl d¢[j].
otherwise
(12)

PcPe is the limiting factor in (12) that reduces the ef-
fective routing overhead. Note that the collided RREQs
waste limited network resources like battery, band-
width, etc., without contributing towards the route dis-
COVery process.

4.3.2. Destination-Segquenced Distance Vector (DSDV)

DSDV [3] is a proactive routing protocol in which
each node maintains a next hop lying on the shortest
path for all the reachable destinations in its routing ta-
ble. Inaddition, it also storesits estimate of distance for

reaching the destination. A node periodically exchanges
its distance vector routing tableswith its neighbors. The
loops are avoi ded by using sequence numbersin the ex-
changed messages.

Remember that all termsin (11) model the forward-
ing of RREQs which is not done in DSDV. Nodes only
broadcast their routing table entries to their neighbors.
Let the nodes exchange their distance vector table en-
tries at a rate of « per second, total number of routing
messages exchanged during an entire run of experiment
is

ClsM =N Ts- 0, (13)

where Ty is the total time of an experiment. C{'*")
has mostly constant parameters with the exception of
a that can vary with changing topologies. As a result,
the routing overhead of DSDV approximately remains
constant with little variation under dynamic conditions
[6].

Optimized Link State Routing Protocol version 2
(OLSRv2) [24] is another popular MANET routing pro-
tocol which performs restrictive flooding of Topology
Control (TC) messages in aproactive manner. Speaking
more specifically, OLSRv2 only allows specific nodes -
called Multipoint Relays (MPRS) - to forward TC mes-
sages. Therefore, to model the routing overhead of OL-
SRv2, we have to combine (11) and (13). In this case,
pr will represent the probability that a given node is a
MPR.

4.3.3. Gossip-Based Ad Hoc Routing

In Gossip based routing algorithms, each intermedi-
ate node rebroadcasts RREQ with a probability pgy, a
technique termed as GOSSIPL(pg) in [1]. The approach
can be used to optimize a pure flooding protocol like
AODV-LL. A number of variants of this basic approach
are proposed in [1]. We only model a purely stochastic
rebroadcasting approach in order to compare its rout-
ing overhead and route optimality characteristics with a
plain flooding approach.

For GOSSIP1(pg), (11) is modified to,

PgPcPe - davg ifh=1

Cloossip) _ PgPcPe - davg
5 =

+davg 2 (PgPePe) L T,y e[ 1.
otherwise
(14)




Equations (12) and (14) only differ by the values of
probabilities. The product pgpce in (14) is aways less
than Pee irrespective of the individual values of py and
Peer Asaresult, C) > c°P) Byt the lower value
of the product pyPee can significantly degrade the route
optimality characteristics of GOSSIP1 as described in
Section 5.

4.4. Comparison of routing overhead model with simu-
lation results

We used a number of assumptions to simplify our
routing overhead model, and therefore, we must com-
pare the results of our model with the simulation re-
sults. In addition, we also evaluate the routing overhead
model of DSR (equation (12)) in an ideal lossless chan-
nel Pee = 1. In this scenario, routing overhead of DSR
generated by a source node should convergeto the size
of the network because no RREQs arelost. In anetwork
of 200 nodes deployed in an area of 1000 m?, each with
a transmission radius of 3.97 m, our model estimated
199 RREQs that is in complete agreement with the ex-
pected results (see Table 2).

We used an impartial methodology for comparing the
results of our model with the simulation results reported
by the independent researchers (i.e. Broch et al. [6]).
We generated the network topology as reported by the
authors of [6] i.e. 50 nodes randomly placed in an area
of 1500 m x 300 m. We used (3) to calculate the trans-
mission radius of each node which equals 156.2 m. The
simulation results[6] for 900 s pausetime (in 30 sources
scenario) and the corresponding forma model results
aretabulated in Table 2.

One can see in Table 2 that the routing overhead es-
timated by our model is 4% less than that of DSR com-
pared with NS-2 results. Keeping in view of thefact that
wedo not count the RERR messages nor the replies gen-
erated in response to a RREQ, 4% difference between
the estimated routing overhead and the simulation re-
sults (AODV-LL and DSR) is acceptable. The reason
for the matching results is due to slight over-estimation
of the number of RREQs generated in a route discov-
ery which indirectly balances the exclusion of RREPs,
RERRs or HELLOs. It should also be noted that we
are counting the routing overhead generated in a sin-
gle route discovery attempt. Thisalso contributesto the
difference between the simulation and the analytical re-
sults.

We aso repeated the same experiment for DSDV by
assuming (a = 1, Ts = 900) with results depicted in Te-
ble 2. Difference of 6.7% in the estimated result over
900 seconds is acceptable if we consider the dynamic

nature of wireless medium in ad hoc networks. Finally,
we point out that the 0-order approximations (average
values) used in the paper aso lead to discrepancies be-
tween simulation and analytical resullts.

We also repeated the NS-2 experiments using the pa-
rameters reported in [6] to further elaborate the perfor-
mance of routing overhead model. We disabled retries
as our model only estimates the RREQs generated dur-
ing a single route discovery. The results of these ex-
periments are shown in the last row of Table 2. Now
the results of the proposed model are extremely closeto
the simulation results. As expected, the model shows
dightly higher routing overhead (see Section 4.1.1 for
the reasons).

Before we move on to route optimality models, we
would like to emphasize some other applications of the
generic routing overhead model given by (11).

4.5. Other applications of the routing overhead model

While computing the routing overhead of ad hoc rout-
ing protocols, we in fact modeled a generic flooding
pattern that is found in a variety of MANETS as well
as WSN routing & data dissemination protocols. Our
model estimates the number of nodes that may receive
such a broadcast packet and are likely to repeat it after
reception. Conseguently, we are not only computing the
total number of transmissions in the network but also
compute the number of nodes that shall receive such a
broadcast successfully. Thisin turn is a measure of the
network coverage which is an extremely important pa-
rameter in ad hoc networks.

To elaborate this application, we modify (11) to com-
pute the number of nodesthat will receive the broadcast
packet successfully Ng as given bel ow.

Ns=q__ h-1 il ;
PcPebavg + PecPebavg 21 (PrPcPe)' ITj—q di[]]-
otherwise
(15

Equation (15) shows that as a node distance (in hops)
from the source gets higher, the probability that it will
receive the packet reduces exponentially. Therefore,
even if al nodesin the network take part in the broad-
cast process, it can not ensure that the broadcast will
cover the entire network.



Table 2: Routing overhead: Simulation results reported by Broch et al. [6] Vs. the analytical results

| Nocollisoncase ||

Protocol Analytical results NS-2 results

AODV-LL/DSR 199 199
| Simulation validation || I |

Protocol Analytical results || Simulation results[6]

DSR/AODV-LL 1147 1200
DSDV 45000 42000

Protocol Analytical results || Sim. results(0 retries)

DSR /AODV-LL 1147 1135

5. Route Optimality

5.1. Generic model

We now introduce our generic route optimality model
for ad hoc routing protocols. In atypica ad hoc rout-
ing algorithm e.g. DSR, intermediate nodes do not for-
ward duplicate RREQs and hence a node can be a part
of single route only. Consequently, such ad hoc routing
protocols only discover node-digoint paths. Consider
the network shown in Fig. 2 in which source node S
floods a RREQ for destination D. Each intermediate
node broadcasts a copy of RREQ until it reaches the
destination. Now destination D may potentialy receive
as many RREQs as the number of its neighbors. In case
of source routing protocols, RREQ builds a source rout-
ing header of the path followed by it. We have shown
a copy of such RREQ received a D in Fig. 2. Now
the questionis: isit possible that a node may be present
in the source routing headers of more than one RREQs
received at D? The answer is no because the presence
of a node in multiple RREQs means that the node has
rebroadcast multiple copies of identical RREQs which
is not possible. Therefore, a node can only be a part of
single route only supporting the argument that ad hoc
routing protocols based on simple flooding can discover
node-disjoint paths only.

We assume that there are k node-disjoint paths be-
tween a given <source, destination> pair with an op-
timal path length of t hops. We do not assume a
fixed distribution of available paths. Rather, a function
f[i —t] providesthe total number of node-disjoint paths
of length i between a given <source, destination> pair.
For instance, if there exist 6 node-disjoint optimal paths
of length t and 3 node-dijoint paths of lengtht + 1 be-
tween the source and the destination, then f[0] = 6 and
f[1] = 3.
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Figure 2: Route discovery in an ad hoc network: Source node broad-
casts aRREQ which is flooded in the entire network.

5.1.1. Probability of optimal path discovery

The probability of discovering at least a single opti-
mal path out of f[0] optimal pathsis

PX[t] > 1) =1-(1-¢) O* (16)

where e = (ps)! isthe probability of discovering an opti-
mal path and u is the number of triesto discover alink.
Derivation of (16) is given in Appendix B. The term
(1 - ¢)f% in (16) is the probability that a routing algo-
rithm fails to discover an optimal path in one attempt.
We can minimize this probability either by increasing
the number of optimal paths (f[Q]) or by increasing pss.
This is easier said than done. For instance, increasing
f[Q] by having a higher node density will increase the
collision probability that results in decreasing the ps.
Note that the limiting case of ps = 1 resultsin a zero
failure probability.



5.1.2. Probability of suboptimal path discovery

We address this problem separately for single and
multipath ad hoc routing algorithms.

Single path ad hoc routing protocols. In single
path agorithms, discovering a 1-suboptimal route im-
plies that an optimal path has not been discovered. A
similar argument holds for 2-suboptimal route. We use
this chain rule and (16) to come up with the following
expression for the probability of discovering at least an
n-suboptimal route.

PX[t+n] 2 1) = (1-(1-e(ps)") M) x
- i\ fLl-
M7 (1-e(ps)) .

where f[n — 1], f[n] provide the total number of
available node-digoint paths of lengtht + n - 1 and
t + n hops respectively. In equation (17) asn — oo, the
probability of finding n-suboptimal route approachesto
zero. Therefore, suboptimal paths are less probable as
compared to optimal paths.

(17)

Multiple path ad hoc routing protocols. Assum-
ing that a multipath ad hoc routing protocol maintains
al available paths, the probability of discovering an n-
suboptimal pathis

P(X[t+n] > 1) = (1- (1-e(p)) ™). (18)
A simple comparison of (17) and (18) shows that the
probability of discovering n-suboptimal paths in multi-
path routing protocolsis greater than in single path rout-
ing protocols.

5.1.3. Expected probability of path establishment

Expected or marginal probability refers to the
probability of discovering a path irrespective of the
route length. It is important for two reasons. (1) ad
hoc routing protocols are not always guaranteed to
discover paths especialy the ones that use stochastic
rebroadcasting of RREQs and (2) expected probability
of path establishment also providesuswith an estimated
path length that is discovered by a protocol. We again
address this problem separately for the two classes of
algorithms.

Single path ad hoc routing protocols. Using (16)
and (17), the expected probability of path establishment
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for asingle path protocol is:

E(X} = w0](1-(1-¢)+
. iy fli-
> wiil (1—(1—e(ps)') "‘)x
i=1
i S
[T@- epy )M (19)
j=1
where w[i] = Lk'] is the normalized weight of the paths
of lengtht + 1.

Multi-path ad hoc routing protocols. Using (16)
and (18), the expected probability of finding a path in a
multipath ad hoc routing protocol is

E(X} = Zn:w[i](1—(1—e(ps)i)””"‘).
i=0
(20)

Expected probability is a weighted average of all indi-
vidual probabilities. Asweightsare de_Pendent uponthe
number of available paths (W[i] = %) of a particular
length, expected probability degrades if the paths are
evenly distributed. A higher value of expected proba-
bility can result in discovery of more optimal paths. A
comparison of (19) and (20) shows that the multipath
ad hoc routing algorithm has significantly higher prob-
ability of aroute discovery as compared to single path
algorithms (see Fig. 3(a) in which DSR has higher opti-
mal path routing probability than AODV-LL).

5.2. Protocol specific route optimality models

5.2.1. DSRand AODV-LL

Intermediate nodes in both protocols forward the
RREQs only once with p; = 1in aroute discovery pro-
cess. Therefore, putting 1 = 1 and ps = Pee in (19) and
(20) gives expressions for margina probability of path
establishment for AODV-LL and DSR respectively. We
do not reproduce these equations here for brevity. An
interesting observation is that Pee iS a generic term that
model both pure flooding and stochastic protocolsin the
same way. Therefore, both types of protocols shall fail
to discover a destination located beyond a certain hop
length.

5.2.2. DDV

DSDV proactively maintains the shortest path to each
possible destination. Each node in the network tries
to discover a link with al its neighbors Ts.a times
in a given run of the experiment. Therefore, putting
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ity pg in a route discovery process. Therefore, equar
tion (19) can be modified for GOSSIP1(pg) by insert-
ing ps = PgPcPe and u = 1. We assume in this model
that even the source broadcasts a RREQ with probabil-
ity pg. The case in which source broadcasts a RREQ
with probability 1 can beincorporatedin (19) by putting
e=(ps)t.

Since three probabilities in GOSSIP1(pg) are multi-
pliedi.e. ps = pyPcPe, therefore, the resulting proba-
bility is lower than the minimum value. If any one of
Pg. Pc OF Pe is small (e.g. pg < 0.7), it will result in
quick decaying of the broadcast storm. Consequently, a
destination that is only fewer hops away from the source
will not be discovered by the RREQs. It isthereforerec-
ommended that selection of rebroadcasting probability
must be set carefully in order to make sure that RREQs
are able to reach the farthest node in the network.

Before we conclude this section, we point out that
although the adaptation process is elaborated for the
expected route discovery probability models, generic
model s of optimal and suboptimal route discovery prob-
abilities can also be adapted to specific protocols in a
similar way.

5.3. Comparison of route optimality model with simu-
lation results

The authors of [6] report the number of data pack-
ets routed by a protocol through optimal route, 1-
suboptimal route, 2-suboptimal route and so on. To
compare the results of the proposed route optimality
models with simulation studies, we computed the prob-

] abilities that a given routing protocol routes a packet

(b) Optimal / suboptimal path discovery probabilities: analytical results. through optimal or suboptimal path. For this purpose,

Figure 3: A comparison of route optimality models with simulation
results.

u = T and ps = Pee in (19) gives the expected prob-
ability of route establishment for DSDV protocol. Note
that the term Tsa increases the probability of optimal
route discovery in DSDV. Consequently, the probability
of discovering suboptimal pathsis substantially reduced
(see Fig 3(b)).

5.2.3. Gossip-Based Ad Hoc Routing

Gossiping is a strategy to control the flooding of
RREQs. Therefore, it can be modeled both as single
path and multipath routing protocol. In this model, we
assume it to be a single path routing protocol in which
the nodes forward only once the RREQs with probabil -

12

we have divided the number of data packets delivered
through each route - optimal and suboptimal - by theto-
tal number of delivered packets. We plot the computed
resultsin Fig. 3(a) for the three protocols: AODV-LL,
DSR and DSDV. We used the same topology parameters
as reported in [6] and the results of our framework for
the three protocols are shown in Fig. 3(b). We assume
K = davg, t = 4 and an exponential paths distribution i.e.
f[0] > f[1] > f[2]...and soon.

Thebar graphsof simulation resultsand analytical re-
sultsshownin Fig. 3 have approximately similar trends.
Each protocol has higher optimal path probability while
suboptimal paths are rarely discovered or used. The de-
viation from simulation results is expected due to our
simplifying assumptions. A noticeable discrepancy in
the analytical results is the longer tail of DSR. Recall
that DSR route optimality model is based on the as-
sumption of maintaining all available paths. Therefore,



the probability of suboptimal paths discovery is inde-
pendent of the number optimal paths. However, imple-
mentation usually maintains a subset of the total avail-
able paths in which preference is given to the optimal
paths. Consequently, suboptimal paths discovery prob-
abilities decrease at afaster rate.

6. Evaluation of Ad Hoc Routing Protocolsin Mo-
bile Scenarios

The purpose of this section is two fold. First, weil-
lustrate the use of the proposed modeling framework in
mobile scenarios. Secondly, we elaborate the adapta-
tion of our generic routing overhead model for DYMO
protocol that uses an expanding ring search mechanism
to control the RREQ flooding. The routing overhead
model for DYMO is shown below.

PePebavg iffd1=1

[y —
Zk:RS PecPelavg+
ra1 - i+1 i .
Zk:RS+1 davg Z:(:f(pcpe)”l H',-:1 de[j],
if[21>1andRs=1

(dymo) _
Cy =
r41
k=R, Pc Pelavg+

d

r41 _ . . i
51k, Gavg ZH(PePe) Ty A 1.
otherwise

where d is the Euclidean distance between a given pair
of <source, destination> nodes and Rs istheinitial ring
size. Keeping Rs as avariable parameter will allow usto
study the impact of different values of R on the routing
overhead.

Consider the network shown in Fig. 4 consisting of 50
nodes deployed randomly in an area of 500 m x 500
m. The square around a node represents the area in
which the node is allowed to move between two con-
secutive route discoveries. We simulate the movement
of nodes by assuming a Poissonian RREQ generation
pattern. Assuming sguares of varying dimensions, we
simulate different mobility patterns. We then performed
experimentswith different network topologies- 50, 200,
and 1000 nodes - and different values of Rs. We report
the total and the average routing overhead generated by
apair of <source, destination> nodesin Table 3.

It can easily be noticed that the number of RREQs
generated under high mobility conditions are compara-
tively higher. Second important point to note is that the
initial ring size Rs has significant impact on the routing
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Figure 5: Route optimality of DYMO in mobile scenarios.

overhead. For instance, Rs = 3 produces the least rout-
ing overhead in all assumed scenarios. We also notice
that too low values of Rs - in larger networks - can al-
most nullify theimpact of ring search method. Consider
a case in which a pair of <source, destination> nodes
are separated by a distance of 5 hops. If the source
node starts a route discovery process with Rg = 1, it
will have to launch repeated route discoveries by incre-
menting Rs on every new attempt. Consequently, it will
generate significantly higher routing overhead. On the
other hand, if the source starts with Rg = 3, the num-
ber of attemptswill be smaller. This clearly leads to an
important conclusion that Rg should not be a constant
value. Rather it should be set dynamically in accordance
with node topology because the value of Ry is critically
important to minimize routing overhead.

We have also computed the route optimality of DYMO
and DSR protocol and the results are shown in Fig. 5.
These results are consistent with the simulation results
shown in Fig. 3 where the probability of optimal path
discovery is significantly higher as compared to subop-
timal paths. It then decays rapidly as the path length is
increased.

7. Derivatives of Routing Overhead and Route Op-
timality

Route optimality and control overhead are the base-
line metricsthat can be used to derive anumber of other
metrics. As a proof of concept, in this section, we de-
rive expressions for two additional metrics commonly
reported for ad hoc routing protocols: energy consump-
tion and route discovery latency. We use the symbolsin
Table 1 for the following derivations.



Figure 4: Exampleillustration of mobile scenarios.

Table 3: Routing overhead of DYMO under mobility

Number of nodes = 50, Area=500m x 500m | Rs=1 | Rs=2 | Rs=3 |
Square size Total (per RD) | Total (per RD) | Total (per RD)
100m x 100 m 164 (41) 162 (41) 132(33)
150 m x 150 m 201 (50) 199 (50) 168 (42)
200m x 200 m 283 (55) 252 (49) 165 (33)
| Number of nodes = 200, Area= 1000m x 500 m | | | |
Square size Total (per RD) | Tota (per RD) | Total (per RD)
100 m x 100 m 346 (87) 344 (86) 334 (84)
150m x 150 m 394 (99) 392 (98) 334 (84)
200 m x 200 m 540 (135) 512 (128) 405 (101)
| Number of nodes = 1000, Area= 1000m x 1000 m | | | |
Square size Total (per RD) | Total (per RD) | Tota (per RD)
200 m x 200 m 548 (137) 516 (129) 408 (102)
300 m x 300 m 619 (155) 587 (147) 479 (120)
400 m x 400 m 619 (155) 587 (147) 479 (120)
7.1. Energy consumption model protocol is
o ] Giota = La(MBg+ mMBrrep)(Te + Re) +
Transmission and reception of packets (control and CoBrreq(Te + davgRe).

data) are the major sources of battery depletion in mo-
bile devices. We, therefore, derive expression for en-
ergy consumed during these two processes. Now the to-
tal energy consumed by a protocol is the sum of energy
consumed during route discovery and data transmission
phases.

If we know the expected route discovery probability
of an ad hoc routing protocol (equation (19) & (20)), we
can calculate the average length of the path (L ) discov-
ered by a protocol. Using the parameterslisted in Table
1, final expression for the total energy consumed by a

14

(21)

An interesting point to note in (21) is that majority of
energy consumed in aroute discovery processis dueto
the reception of broadcast traffic which is approximately
double the energy consumed for transmitting RREQs.

7.2. Route discovery latency

Route discovery latency is an important metric, espe-
cialy for time critical applications. Using the average



path length discovered by a protocol (i.e. Lj) and the
contention time given by (8), route discovery latency is
given by

tg = 2 X La X teont- (22

We ignore the transmission and propagation delays be-
cause of their dependence on technology but they can
be embedded in (22). For a particular device type, the
latency of route discovery is directly dependent on the
path length. Higher the path length, more nodes con-
tend for the channel access that lead to a higher latency
for discovering routes.

8. Conclusions and Future Work

In this paper, we proposed a formal framework to
accurately model key performance metrics of ad hoc
routing algorithms. We adapted the generic models to
specific ad hoc routing algorithms namely AODV-LL,
DSR, GOSSIP1 and DSDV. We show that, in addition to
time-efficient, accurate, consistent and repeatable per-
formance evaluation of ad hoc protocols, the proposed
modeling framework provides interesting insights into
the impact of parameters on behavior of these proto-
cols. Hence, we advocate the use of mathematical eval-
uation techniques for ad hoc routing a gorithms because
they are time-efficient, accurate, unbiased, consistent
and scalable. In future, we shall extend the proposed
evaluation framework in order to model other relevant
metrics e.g. packet delivery ratio, packet latency etc. In
addition to this, we aso intend to make the framework
more generic so that other emerging and prominent ad
hoc routing protocols can be model ed and evaluated us-
ing different traffic patterns.
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A. Derivation of Generic Routing Over head Expres-
sion

Equation (5) usesthe concept of expected forward de-
gree (d¢[j]). Multiplying d¢[j] with the total number
of rebroadcasting nodes at j hops yields the number of
nodesthat arelikely to forward RREQ at j + 1 hops. For
example, multiplying ps- dayg (rebroadcasting nodes at 1
hop) with d¢[1] gives us the maximum number of nodes
at two hops from the source that may forward the RREQ
broadcast (psdavgd[1]). Including ps in psUavgds[1]
factors out lost RREQs as well as the nodes that do not
participate in broadcast forwarding. Therefore, RREQs
generated at two hops is ps(psdavg) % d¢[1], the third
term in (23). We sum up al the RREQs generated at
each hop and get

Co =
Ds(lﬁ : davg-df[l]) x d¢[2] +
Ps (P2 - Q.0 [11.0¢[2]) x cf[3] + ... +

Ps(PI™ - davg.de[1] ... ds[h = 2]) x ds[h -

-1,

where d¢[1], d¢[2], d¢[3]..., ds[h — 1] represent the ex-
pected forward degree of nodesat 1,2, 3, ...,h— 1 hops
from the source node respectively. Also notice the last
1 that is subtracted from the sum of all terms. Thisin-
dicates that the destination node does not participate in
rebroadcast. Equation (5) is the concise form of (23).

B. Derivation of Probability of Optimal Path Dis
covery

Remember that the optimal paths aret hopslong and
each link is discovered with a probability ps, therefore,
probability of discovering an optimal path ise = (ps)'.
Hence, the probability of failing to find an optimal path
is (1 — €). The current problem represents a Bernoulli
trial with e as the probability of successand (1 - €) as
the probability of failure. Therefore, the probability of
finding j optimal paths out of a total of f[0] optimal
pathsis abinomial distribution given by

; . f[O i i
o0 11010 = Pixtg = ) = 17 )elca- 910,
(24)
where X[t] isarandom variable representing the number

of optimal paths discovered successfully. Putting j = 0
in (24) gives the probability that no optimal paths will

1 + ps‘davg + ps(ps'davg)de[l]+

1]

(23)
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be discovered. Hence, the probability of discovering at
least one optimal path is 1 — P(X[t] = 0) as given in
(16).



