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Abstract An analytical justification is proposed for the design and global routing per-
formance of three pheromone update methods proposed for usein Termite, a
swarm intelligent routing algorithm for mobile wireless ad-hoc networks. A
simple model is used in order to determine the average amountof pheromone
present on a link, as well as some basic aspects of the pheromone dynamics.
This includes a tendency towards a one-zero pheromone distribution favoring
the better link. The pheromone update methods are investigated with the per-
spective that link pheromone is more an estimate of link utility than simply a
routing heuristic. This allows the routing solution to be rephrased from a bio-
logical analogy to a more traditional best-metric routing terminology. A signal
estimation perspective is suggested.

1. Introduction

Recent applications of biologically inspired algorithms to routing in mobile
wireless ad-hoc networks (MANETs) have shown increased performance over
traditional approaches in many critical metrics [1] [2] [3]. It remains unclear
as to exactly why they work as well as they do, and how to best take advantage
of their positive and negative feedback mechanisms.

This paper presents a simple analytical model of Termite, a swarm intelli-
gent MANET routing algorithm [1]. The purpose of this model is to discover
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how individual parameters are related to each other and how they affect global
metrics, such as the reliability of message delivery and adaptability to changes
in the network environment. The critical element under study is pheromone.
Because Termite is based on a model of social insect behavior, much of the
biological terminology remains. Pheromone is a measure of the metric that the
network is optimizing for; it is a measure of link or route utility. The model
will first be used to characterize the behavior of pheromone on a single com-
munications link. This will establish an intuition for determining the dynamics
of pheromone in a system of two links.

1.1 Previous Work

Routing algorithms are often difficult to formalize into mathematics; they
are instead tested using extensive simulation [14]. The interaction between
parameters is unclear, as are their global effects, or even how the values should
be determined for optimal performance.

Swarm intelligent routing algorithms lend themselves to mathematical anal-
ysis. Their routing update and decision procedures are mathematical func-
tions themselves. One of the earliest works on swarm intelligent routing is by
Schoonderwoerd et al. on the Ant Based Control (ABC) algorithm [9]. This
algorithm is for a wired circuit switched network, such as a telephony net-
work. ABC was later modeled analytically in [6]. This work demonstrates and
proves the behavior of pheromone and its effect on global system performance
in ABC.

Substantially more work has been done to characterize the behavior of such
systems by means of simulation. Many were inspired by the AntColony Op-
timization (ACO) algorithm [10]. A number of routing algorithms for packet
switched networks are also available based on this framework [11]. These
ideas have also been adapted to the field of mobile wireless ad-hoc networks
[1] [3] [5]. Finally, a great deal of work has been done with the original biolog-
ically inspired models. This work spans several fields, including experimental
biology, theoretical biology, and the various disciplinesof engineering which
apply the models derived by the former. Some summaries may befound in
[12] and [13].

1.2 Structure of Paper

Section II gives a brief introduction to the MANET routing problem, as well
as a review of the Termite routing algorithm. An analytical model of a MANET
is presented in Section III. This model captures some of the most critical as-
pects of the network, and allows for easy integration with the routing equations
used by Termite. Section IV illustrates in analytical detail the average behavior
of pheromone on a link, both alone and coupled with other links. Comparisons



are made between three pheromone update methods. Section V analyzes the
results of previous section and explains earlier experimental results. Section
VI concludes the paper with a note about future work and final remarks.

2. Termite Routing for MANETs

This section will give a short introduction to the routing problem in mo-
bile wireless ad-hoc networks. A brief review of the Termiteswarm intelligent
routing algorithm follows. The section will conclude with some problems ex-
hibited by the algorithm, which will motivate the goals of the analysis.

2.1 A Short Introduction to Ad-Hoc Networks

A mobile wireless ad-hoc network is a collection of mobile computers able
to communicate wirelessly with others who are within radio range. Each com-
puter, or node, is able to forward messages for others such that any pair of
nodes in the network are able to communicate with each other.Using this
forwarding technique, a member of the network with only minimal communi-
cations capability is able to take advantage of the resources offered by the sum.
No installed infrastructure is necessary for the network tooperate.

Due to node mobility, the topology of the network changes often. Some
of the outstanding problems include network scalability, the speed with which
a routing algorithm is able to adapt to a new topology, the amount of con-
trol traffic needed to maintain network connectivity, and data packet delivery
reliability [14].

2.2 Termite

Termite is a distributed routing algorithm for mobile wireless ad-hoc net-
works [1]. It is designed using the swarm intelligence framework in order to
achieve better adaptivity, lower control overhead, and lower per-node compu-
tation. The algorithm is inspired by the hill building behavior of termites.

The Termite algorithm is explained in detail in [1] and updated in [2], how-
ever it may be described simply as follows. Each node in the network has a
specific pheromone scent. As packets move through the network on links be-
tween nodes, they are biased to move in the direction of destination pheromone
gradients. Packets follow this gradient while laying pheromone for their source
on the links that they traverse. The amount of pheromone deposited by a packet
on a link is equal to the utility of its traversed path. Using this method of
pheromone updating, consistent pheromone trails are builtthrough the net-
work. Changes in the network environment, such as topological or path qual-
ity changes, are accounted for by allowing pheromone to decay over time.
This requires paths to be continuously reinforced by new traffic; new infor-
mation about the network is added to links. Each node recordsthe amount of



pheromone that exists for each destination on each of its links. This creates a
routing table similar to those found in traditional link-state routing algorithms.

Pheromone Update. The pheromone update equation is a function which
updates the pheromone of the packet source at a node upon its arrival. The
update function shown here is the traditional approach and is known as theγ
Pheromone Filter. Pheromone on all links decays simultaneously upon packet
arrival, and proportionally to packet interarrival times.This is known as con-
tinuous pheromone decay and was originally presented in [3]. This idea is
extended in this work by also decaying pheromone when it is checked to send
a packet. In general, pheromone is decayed whenever it is observed. This
allows the system to truly keep track of the real time deterioration of the re-
liability of available information about the network. Eachpacket maintains
the total utility of the path it has traversed (updated at each node visited),γ,
and deposits this amount of pheromone on each link. Theγ Pheromone Filter
pheromone update equation is,

∀i Pn
i,s = Pn

i,s · e
−(t−tn

s,obs
)τ

Pn
r,s = Pn

r,s + γ (1)

wherePn
i,s is the amount of pheromone from source nodes, on the link from

neighbor nodei, at noden. The previous hop of the packet is noder. The
variableγ is the amount of pheromone carried by the packet, which will vary
from packet to packet depending on its path. The timetns,obs is the last instant
that the pheromone from source nodes at noden was observed, either due to
packet sending or packet receiving. The pheromone decay rate isτ .

Forwarding Equation. The forwarding equation is used to determine the
probability of using a link based on the amount of pheromone on it.

pn
i,d =

(Pn
i,d + K)F

∑Nn

j=1(P
n
j,d + K)F

(2)

wherepi,d is the probability of using neighbor nodei in order to get to desti-
nation noded, at noden. Nn is the number of neighbors of noden. K ≥ 0 is
the pheromone threshold andF ≥ 0 is the pheromone sensitivity.

Termite Summary. Termite has been shown to perform well, especially in
regions of high node mobility [2] [1]. However, packets often take substantially
longer than necessary paths. In part, this is required in order to maintain current
pheromone through the network, but this behavior can also generate significant
resource inefficiencies.



3. The Model

A model of an ad-hoc network is presented which will be used toevaluate
the behavior of the pheromone update methods. The network ismodeled as
two communicating nodes with two independent paths available between them.
These paths abstract all other connections between the two nodes, including
additional nodes, mobility issues, or communications effects. The physical
structure is shown in Figure 1, and is the same as that used in [6].

Figure 1. Diagram of the MANET Model

Each node sends packets to the other with iid exponentially distributed in-
terarrival times. The average rate at which nodeA sends toB is λA, andλB

in the opposite direction. Each node is also able to decay thepheromone on its
links independently. The decay rates at each node areτA andτB.

Each pathi has a utility characterized by a non-negative random process
Γi(t) with meanµi(t). The pheromone contained in a packet arriving on a link,
γ, is a sample of that process.Γ is non-stationary since link utilities change
over time due to mobility and other effects.Γ is considered to be stationary in
this work for ease of analysis. Since each packet passes through the network
indepedently of all other packets, there is no correlation between successive
samples of the link utility process. The forwarding equation independently
considers each packet.

4. Pheromone Update Analysis

This section analyzes the amount of pheromone found on a link. The re-
sults will explain the performance of theγ Pheromone Filter (γPherFilt), Joint
Decay IIR Filter (IIR2), and pDijkstra pheromone update methods, which are
reprinted in Figure 2 from [2]. Namely, whyγPherFilt achieves such high
goodput while being slow to adapt at high mobility, why pDijkstra adapts bet-
ter, and why IIR2 is able to achieve the highest performance with regards to
the Delivery Efficiency metric.

Goodput is the fraction of successfully delivered data packets, while the
latter metric also includes the ratio of the achieved path metric to the best
possible available at the time.
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Figure 2. Performance vs. Pheromone Update Method

4.1 Single Link Pheromone

A system of one link is first considered in order to give insight on the more
interesting system of two links. A formula is established for the time average
pheromone deposited on a link, given that the packet arrivalrate is poisson dis-
tributed with meanλ [packets/second]. The decay rate,τ [1/second] remains
constant. The poisson packet arrival rate assumption implies that the packet in-
terarrival times are exponentially distributed with mean,λ−1 [seconds/packet].
The average value of the received pheromone isEΓ = µ. The amount of
pheromone on the link before packets begin arriving isP0.

By applying the pheromone update equationn consecutive times, an expres-
sion is derived for the amount on a link given thatn packets have arrived,P (n).
The packet interarrival time of thenth packet is independently and identically
distributed,tn.

P (n) = (((P0e
−t1τ + µ) · e−t2τ + µ) · . . .) · e−tnτ + µ

= P0e
−(
∑n

i=1
ti)τ + µ

[

n
∑

i=2

e
−

(

∑n

j=i
tj

)

τ
]

(3)

The expectation ofP (n) with respect to packet interarrival time is found ac-
cording to standard methods.

EP (n) =
P0λ

n

(λ + τ)n
+

n−1
∑

i=0

µλi

(λ + τ)i
(4)

In order to simplify Equation 4, substituteβ = λ
λ+τ

, and further reduce the
expression.

EP (n) = P0β
n + µ

(

1 − βn

1 − β

)

(5)



To arrive at an expression for the expected amount of pheromone on a link
over time, note that the number of packet arrivals,n, within a given time,t, is
distributed according to the poisson distribution with parameter,λt.

EP (t) =
∞
∑

n=0

[poisson(λt, n)] [EP (n)]

=
∞
∑

n=0

[

e−λt (λt)n

n!

] [

P0β
n + µ

(

1 − βn

1 − β

)]

=
µ

1 − β
+ e

−
λτt
λ+τ

(

P0 −
µ

1 − β

)

(6)

The long term behavior of the link pheromone is defined as its mean.

lim
t→∞

EP (t) =
µ

1 − β

=
µ(λ + τ)

τ
def
= EP (7)

A similar analysis shows the variance of the link pheromone,

V AR(P ) =
µ2λ

2τ
(8)

Scale Invariance. The ratio ofλ andτ is a scale invariant parameter in this
system. Primarily characterized by the expected decay factor in Equation 4,
the expected pheromone on a link may be held constant as long as λ

τ
remains

the same. The scale invariant parameter is proportional toβ.

4.2 Two Link Pheromone

The following analysis shows the average value of pheromoneon each link
in a two link system. The two link system is that described by the model in
Section III. Theγ Pheromone Filter, Joint Decay IIR Filter, and pDijkstra up-
date methods are reviewed. Each generates different pheromone dynamics and
maintains varying amounts of link pheromone in equilibrium. Each method
falls into a one-zero pheromone distribution in the correctparameter space,
which echoes previous results from an analysis of the Ant Based Control rout-
ing algorithm [6].

A system of equations is presented which recursively compute the mean
pheromone at each node on each link,PA

0,B , PA
1,B , PB

0,A, andPB
1,A. Pheromone

changes either when it is checked in order to send a packet, orwhen it is up-
dated due to packet arrival. The total rate at which pheromone is observed is



λ = λA + λB. ThePheromone Checkproceedure only decays the pheromone
and accounts for the fraction of the instances when a packet must be sent. Dur-
ing Packet Arrival, which accounts for the fraction of instances that a packet
arrives, the pheromone is not only decayed, but also incremented if the packet
arrives on the correct link.

The average amount by which pheromone decays between observations has
already been implicitly derived in Equation 4. Suppose random variableY

is the interarrival time between packets and is distributedexponentially with
meanλ−1, as described in the model definition. Random variableX is defined
such thatX = e−Y τ , which describes the fraction of pheromone decayed
in between packet arrivals. Its probability distribution function is,fX(x) =
λ
τ
x(λ

τ
−1) where0 ≤ x ≤ 1. EX = λ

λ+τ
= β.

The γ Pheromone Filter. Theγ Pheromone Filter has been defined previ-
ously. The example below develops the average link pheromone equation for
PA

0,B based on the previous description of pheromone influences.

PA
0,B = Pheromone Check

+ Update Not On This Link + Update On This Link

PA
0,B =

λA

λ

[(

λ

λ + τA

)

PA
0,B

]

+
λB

λ

{

pB
1,A

[(

λ

λ + τA

)

PA
0,B

]

+ pB
0,A

[(

λ

λ + τA

)

PA
0,B + µ0

]}

=

(

λ

λ + τA

)

PA
0,B +

(

λB

λ

)

pB
0,Aµ0 (9)

wherepB
0,A is the link probability described in Equation 2. The evolution of

pheromone on a link at one node as packets are received is illustrated in Figure
3.

Note that whenK = 0, the asymptotic probability mass function between
the two links follows a one-zero distribution; the algorithm uses the better link
exclusively. The reason for this is that when a packet arrives at a node, its link
is positively reinforced, while all other links at that nodeare negatively rein-
forced; pheromone decays on all links but is only replaced onone. Because
packets are also biased towards pheromone, this produces a strong positive
feedback which eventually transfers all traffic to the link with the highest util-
ity. With no pheromone threshold there is no incentive to usea lesser link.
Consequently the probability of using it disappears. Underthese conditions,
the dominant link follows the behavior of the single link. Only whenµ0 = µ1

do the links have equal probability.
With K > 0, traffic is allowed to be forwarded over all links, regardless

of their utility. Currently bad links may be tested on occasion for a change
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in utility. This allows for a measure of adaptivity, howeverK must be set
appropriately in order to allow for links to be testedoften enough. Too few
tests of other links will not overcome the positive feedbacktowards to the
dominant link.

The mean link pheromone on the dominant link in the case of a one-zero
pheromone distribution can be found by setting the probability of using the
dominant link to one and solving for the remaining pheromone. Solving this
case forP̃A

0,B ,

P̃A
0,B =

λB (λ + τA)

λτA
µ0 (10)

Joint Decay IIR Filter (IIR2). The Joint Decay IIR Filter implements
a simple one-tap infinite impulse response (IIR) averaging filter with joint
pheromone decay. The inspiration for such an approach comesfrom theSingle
Link Pheromoneanalysis. There, the expected link pheromone may be repre-
sented by the sum shown by Equation 11. This is a reexpressionof Equation
4. Indices represent packet arrivals;γ(n) is the amount of pheromone con-
tained in thenth packet, andP (n) is the expected pheromone after its arrival.

AssumeP0 = 0 andB(n) = βn =
(

λ
λ+τ

)n
, n ≥ 0.

P (n) = P0β
n +

n−1
∑

i=0

γ(n − i)βi (11)

= γ(n) ∗ B(n)

In this interpretation, the seriesB(n) is the average impulse response of theγ

Pheromone Filter in the single link case. This is a simple unnormalized one tap
IIR averaging filter. IIR2 is derived fromγPherFilt by normalizing the received
pheromone to create a version of the well known one-tap IIR averaging filter.



Thus, the IIR2 pheromone update equation is,

∀i Pn
i,s = Pn

i,s · e
−(t−tn

s,obs
)τ

Pn
r,s = Pn

r,s +
[

1 − e−(t−tn
i,s

)τ
]

γ (12)

wheretni,s is the last time a packet arrived from sources from neighbori at
noden.

The analysis of IIR2 may be treated similarly to the analysisof γPherFilt.
IIR2 requires that arriving pheromone be normalized according to the time
since a packet last arrived on that link. The result forPA

0,B is shown.

PA
0,B =

(

λ

λ + τA

)

PA
0,B +

(

λB

λ

)

[

1 −

(

pB
0,AλB

pB
0,AλB + τA

)]

pB
0,Aµ0 (13)

Time pheromone evolutions is also shown in Figure 3. Mean link pheromone
in the one-zero distribution case is shown,

P̃A
0,B =

λB (λ + τA)

λ (λB + τA)
µ0 (14)

pDijkstra. The simulations of [2] show that the previous pheromone update
methods provide the best results with a high pheromone sensitivity, F . The
results in Figure 3 above show that a high sensitivity will quickly force the
links pheromone towards a one-zero distribution and thus tothe exclusive use
of the best link (save for any threshold). The determinationand selection of a
best neighbor link to a destination is reminiscent of typical link-state routing
such as Dijkstra’s algorithm [15]. pDijkstra is developed where the pheromone
update equation is,

∀i Pn
i,s = Pn

i,s · e
−(t−tn

s,obs
)τ

if Pn
r,s < γ, Pn

r,s = γ (15)

Similarly to Dijkstra’s algorithm, if a link with higher utility is found, then
the link pheromone is updated. All pheromone decays concurrently as in the
previous methods.

The pDijkstra pheromone update method cannot be analyzed ina similar
way because it is nonlinear. For the purposes of the analysispresented here it
suffices to note that the link pheromone is upper bounded by the utility of the
link.

P̃A
0,B ≤ µ0 (16)

5. Analysis

As shown in the simulation results of Figure 2,γPherFilt has the best good-
put performance but poor ability to track changes in the network. pDijkstra is



able to do better in delivery efficiency, while IIR2 scores best in this regard.
These results can be explained based on the analysis in the previous section.

γPherFilt maintains the largest equilibrium pheromone level on the best
link. Since pheromone takes time to decay, this allows it to route on a par-
ticular link longer in case the underlying link metric change; large amounts
of pheromone implies a large link forwarding probability. Due to this hys-
teresis effect on pheromone decay, suboptimal links are used longer, which
prevents the algorithm from adapting quickly. In essence,γPherFilt tends to
use a known good route, and thus achieves a high goodput, but it is unwilling
to change that route in the face of varying route and link metrics.

IIR2 and pDijkstra see less goodput but higher adaptivity compared toγPherFilt,
both for similar reasons. They maintain less pheromone on the links and be-
cause of this are able to adapt to changes faster. Less pheromone requires less
time to decay. Note that̃PIIR2 < P̃γPherF ilt due to an additional term ofλλB

in the demoninator of the former. Differences in pheromone between links is
relatively less than withγPherFilt, thus the link probabilities are also less deci-
sive during transition periods while the algorithm is choosing a new link. This
leads to wandering packets which eventually timeout in the network and result
in lower goodput.

It is also important to note the overall superior performance of IIR2 was
derived from a simple application of linear filtering. The pheromone delivered
on a packet is considered a measure of the packet’s path, and it is averaged to
create an expectation of the utility of that path to the destination.

6. Conclusion

This paper has presented an extension of an analytical modelof a mo-
bile wireless ad-hoc network. This model was used to investigate the prop-
erties of the Termite swarm intelligent MANET routing algorithm. The mean
pheromone on a single link and in a system of two links were determined.
These results were compared for three different pheromone update methods.
Relationships between parameters were explored and scale invariance was found.
It is shown that the amount of pheromone put on a link influences performance,
not only in goodput, but also in adaptability. The analysis also revealed a
linear filtering perspective in which link utility is directly estimated with the
pheromone rather than simply using it as a routing heuristic.

Future work in this area should more completely characterize the dynamics
of the pheromone update methods shown here. While there exists a good in-
tuition for their behavior, a true formalization is necessary. An understanding
of exactly what parameters allow a zero-one distribution, how long it takes to
arrive at said distribution, and what conditions allow the system to evolve out
of the distribution if link costs change would be helpful.
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