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Abstract

In this paper we describe AntHocNet, an algorithm for
routing in mobile ad hoc networks based on ideas from the
Nature-inspired Ant Colony Optimization framework. The
algorithm consists of both reactive and proactive compo-
nents. In a reactive path setup phase, multiple paths are
built between the source and destination of a data session.
Data are stochastically spread over the different paths, ac-
cording to their estimated quality. During the course of the
session, paths are continuously monitored and improved in
a proactive way. Link failures are dealt with locally. The al-
gorithm makes extensive use of ant-like mobile agents which
sample full paths between source and destination nodes in a
Monte Carlo fashion. We report results of simulation exper-
iments in which we have studied the behavior of AntHoc-
Net and AODV as a function of node mobility, terrain size
and number of nodes. According to the observed results, An-
tHocNet outperforms AODV both in terms of end-to-end de-
lay and delivery ratio.

1. Introduction

In this work we describeAntHocNet, a multipath rout-
ing algorithm for mobile ad hoc networks (MANETs) [31].
AntHocNet’s design, which combines both proactive and
reactive components, is based on the shortest path behav-
ior observed in ant colonies and on the related optimization
framework ofAnt Colony Optimization (ACO)[12].

It has been experimentally observed that ants in a colony
can converge on moving over the shortest among different
paths connecting their nest to a source of food [16, 12].
The main catalyst of this colony-level shortest path be-
havior is the use of a volatile chemical substance called
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pheromone: ants moving between the nest and a food source
deposit pheromone, and preferentially move in the direc-
tion of areas of higher pheromone intensity. Shorter paths
can be completed quicker and more frequently by the ants,
and will therefore be marked with higher pheromone inten-
sity. These paths will therefore attract more ants, which will
in turn increase the pheromone level, until there is conver-
gence of the majority of the ants onto the shortest path. The
local intensity of the pheromone field, which is the over-
all result of the repeated and concurrentpath samplingex-
periences of the ants, encodes a spatially distributedmea-
sure of goodnessassociated with each possible move. This
form of distributed control based on indirect communica-
tion among agents which locally modify the environment
and react to these modifications is calledstigmergy[36].

These basic ingredients have been reverse-engineered in
the framework of ACO, which exploits the ant behavior
to define a Nature-inspired metaheuristic for combinatorial
optimization. ACO has been applied with success to a vari-
ety of combinatorial problems (e.g., traveling salesman, ve-
hicle routing, scheduling, etc., see [12, 13] for overviews),
as well as to routing (e.g., [10, 32, 34]).

The first ACO routing algorithms were designed for
wired networks (e.g.,AntNet[10] for packet-switched net-
works andABC [32] for circuit-switched networks). These
algorithms exhibit a number of interesting properties which
are also desirable for MANET routing: they can work in
a fully distributed way, are highly adaptive to network and
traffic changes, use mobile agents for active path sampling,
are robust to agent failures, provide multipath routing, and
automatically take care of data load spreading. However,
the fact that they crucially rely on repeated path sampling
can cause significant overhead if not dealt with carefully.
There have already been some attempts to design ACO rout-
ing algorithms for MANETs. Examples are ARA [18] and
PERA [2]. However, these algorithms loose much of the
proactive sampling and exploratory behavior of the origi-
nal ant-based algorithms in their attempt to limit the over-
head caused by the ants.

With AntHocNet we aim to design an algorithm which



can work efficiently in MANETs, while still maintaining
those properties which make ACO routing algorithms so
appealing. In particular, while most of the previous algo-
rithms for wired networks were mainly adopting a proac-
tive scheme by periodically generating ant-like agents for
all possible destinations, AntHocNet follows a hybrid ap-
proach. Ants are generated according to both proactive and
reactive schemes.

The rest of this paper is organized as follows. In Section
2 we describe related work. Section 3 contains the descrip-
tion of our algorithm and in Section 4 we present simulation
results.

2. Related work

In this section we discuss the basic ideas behind ACO
routing, and describe some of the ACO routing algorithms
which were proposed for MANETs. We also point out some
other algorithms which have elements in common with our
algorithm. We also point out some other algorithms which
have elements in common with our algorithm, such asmulti-
path routing, data load spreading, andproactive path main-
tenance.

The basic idea behind ACO algorithms for routing [9,
12] is the use ofmobile agents, calledants. These ants are
generated by nodes in the network, with the task to sam-
ple a path between the node and an assigned destination.
An ant going from source nodes to destination noded col-
lects information about the quality of the path (e.g. round
trip time, number of hops, etc.), and uses this on its way
back fromd to s to update the routing information at the in-
termediate nodes. Ants always sample complete paths, so
that routing information can be updated in a pureMonte
Carlo way, without relying on bootstrapping information
from one node to the other [35]. The routing tables con-
tain for each destination a vector of real-valued entries, one
for each known neighbor node. These entries are a mea-
sure of the goodness of going over that neighbor on the way
toward the destination. They are termedpheromonevari-
ables, and are continually updated according to path qual-
ity values calculated by the ants. The repeated and concur-
rent generation of path-sampling ants results in the avail-
ability at each node of a bundle of paths, each with an es-
timated measure of quality. The pheromone information is
used for the routing of both ants and data packets: all pack-
ets are routedstochastically, choosing with a higher proba-
bility those links associated with higher pheromone values.
In this way data for a same destination are spread overmul-
tiple paths, resulting inload balancing. For data packets,
mechanisms are usually adopted to avoid low quality paths,
while ants are more explorative, so that also less good paths
are occasionally sampled and maintained asbackup paths
in case of failure or sudden congestion. In this way path ex-

ploration is kept separate from the use of paths by data. If
enough ants are sent to the different destinations, nodes can
keep up-to-date information about the best paths, and auto-
matically adapt their data load spreading to this.

The above description highlights a number of key ingre-
dients of ACO routing: routing tables are adapted and main-
tained via continuous and concurrent Monte Carlo sampling
of paths, data are stochastically spread over multiple paths,
leading to automatic load balancing based on path quali-
ties, all routing and control decisions are taken locally, and
the system is robust with respect to agent failures. A num-
ber of attempts have been done to incorporate these fea-
tures into a MANET routing algorithm. Important chal-
lenges hereby are the high change rate and in particular the
limited bandwidth which conflicts with the continuous gen-
eration of ant packets.Accelerated Ants Routing[14, 26]
uses ant-like agents which go through the network ran-
domly, without a specific destination, updating pheromone
entries pointing to their source. In [5] the authors describe
a location-based algorithm which makes use of ant agents
to disseminate routing information; here the ants serve as
an efficient form of flooding.Ant-AODV[25] is a hybrid al-
gorithm combining ants with the basic AODV behavior: a
fixed number of ants keep going around the network in a
more or less random manner, keeping track of the lastn vis-
ited nodes and when they arrive at a node they proactively
update its routing table.Ant-Colony-Based Routing Algo-
rithm (ARA)[18] works mainly in an on-demand way, with
ants setting up multiple paths between source and destina-
tion at the start of a data session. During the data session,
data packets reinforce the paths they follow. AlsoProba-
bilistic Emergent Routing Algorithm (PERA)[2] works in
an on-demand way, with ants being broadcast towards the
destination (they do not follow pheromone) at the start of
a data session. Multiple paths are set up, but only the one
with the highest pheromone value is used by data (the other
paths are available for backup). Also other ACO routing al-
gorithms [19, 30, 33] have been proposed for MANETs. In
general, however, most of all these algorithms move quite
far away from the original ACO routing ideas trying to ob-
tain the efficiency needed in MANETs, and many of them
are not very different from single-path on-demand algo-
rithms.

Some of the ingredients of ACO routing appear sepa-
rately in other MANET routing algorithms. Especially the
idea of multipath routinghas received a lot of attention
recently, both in order to improve reliability and end-to-
end delay (see [27] for an overview). The algorithms dif-
fer in the way multiple paths are set up, maintained and
used. At route setup time, the algorithm selects a number of
paths. Some algorithms allow braided multiple paths [15],
whereas others look for link [24] or node [39] disjoint paths,
or even paths which are outside each other’s interference



range [38]. Once the paths are set up, they need to be main-
tained. Most algorithms manage the paths in a reactive way:
they remove paths when a link break occurs, and only take
action when no valid path to the destination is left. The idea
of proactively probing pathsto obtain up-to-date informa-
tion about them, and to detect failures can be found in few
algorithms [15, 37].Proactively improving existing pathsis
quite rare in MANET routing algorithms, although one pos-
sible approach is presented in [17] (in the context of single-
path routing). The use of the multiple paths differs strongly
among algorithms. In many of them, only one of the paths
is used for data transport, while the others are only used in
case of a failure in the primary path [21, 28]. Some algo-
rithms spread data over the multiple paths in a simple, even
way [22], and in a few casesadaptive data load spread-
ing depending on the estimated quality of paths, similar to
the ACO ideas, is explored [15, 37]. The quality of paths is
usually assessed in terms of hop count or round trip time;
combining different metricsis less common but can be im-
portant [7].Stochastic data spreadingis to the best of our
knowledge unexplored outside the area of ACO routing al-
gorithms.

3. AntHocNet

AntHocNet is a hybrid multipath algorithm, designed
along the principles of ACO routing. It consists of both
reactive and proactive components. It does not maintain
routes to all possible destinations at all times (like the orig-
inal ACO algorithms for wired networks), but only sets
up paths when they are needed at the start of a data ses-
sion. This is done in areactive route setupphase, where
ant agents calledreactive forward antsare launched by the
source in order to find multiple paths to the destination, and
backward antsreturn to the source to set up the paths. Ac-
cording to the common practice in ACO algorithms, the
paths are set up in the form of pheromone tables indicat-
ing their respective quality. After the route setup,data pack-
ets are routed stochasticallyover the different paths follow-
ing these pheromone tables. While the data session is go-
ing on, thepaths are monitored, maintained and improved
proactivelyusing different agents, calledproactive forward
ants. The algorithm reacts tolink failures with either a lo-
cal route repair or by warning preceding nodes on the paths.
An earlier version of the algorithm described in the follow-
ing appeared in [11].

3.1. Reactive path setup

When a source nodes starts a communication session
with a destination noded, and it does not have routing infor-
mation ford available, it broadcasts a reactive forward ant
F s

d . Due to this initial broadcasting, each neighbor ofs re-

ceives a replicaF s
d (k) of F s

d . In what follows, we will also
refer to the set of replicas which originated from the same
original ant as anant generation. The task of each antF s

d (k)
is to find a path connectings andd. At each node, an ant is
either unicast or broadcast, according to whether or not the
current node has routing information ford. The routing in-
formation of a nodei is represented in its pheromone ta-
ble T i. The entryT i

nd ∈ IR of this table is the pheromone
value indicating the estimated goodness of going fromi
over neighborn to reach destinationd. If pheromone infor-
mation is available, the ant will choose its next hopn with
the probabilityPnd:

Pnd =
(T i

nd)
β1

∑
j∈N i

d
(T i

jd)β1
, β1 ≥ 1,

whereN i
d is the set of neighbors ofi over which a path tod

is known, andβ1 is a parameter value which can lower the
exploratory behavior of the ants (although in current exper-
imentsβ1 is kept to 1).

If no pheromone information is available ford, the ant
is broadcast. Due to this broadcasting, ants can prolifer-
ate quickly over the network, following different paths to
the destination (although ants which have reached a maxi-
mum number of hops, related to the network diameter, are
deleted). When a node receives several ants of the same gen-
eration, it will compare the path travelled by each ant to that
of the previously received ants of this generation: only if its
number of hops and travel time are both within an accep-
tance factora1 of that of the best ant of the generation, it
will forward the ant. Using this policy, overhead is limited
by removing ants which follow bad paths, while there is still
the possibility to find multiple good paths. However, it does
have as an effect that the ant which arrives first in a node is
let through, while subsequent ants meet with selection crite-
ria set by the best of the ants preceding them, which means
that they have higher chances of being rejected. This can
lead to “kite-shaped” paths, as shown in Figure 1. In or-
der to obtain a mesh of sufficiently disjoint multiple paths
as shown in Figure 2, which provides much better protec-
tion in case of link failures, we also consider in the selec-
tion policy the first hop taken by the ant. If this first hop is
different from those taken by previously accepted ants, we
apply a higher (less restrictive) acceptance factora2 than in
the case the first hop was already seen before (in the exper-
imentsa2 was set to 2 as opposed toa1 = 0.9). A similar
strategy can be found in [24].

Each forward ant keeps a listP of the nodes[1, . . . , n] it
has visited. Upon arrival at the destinationd, it is converted
into a backward ant, which travels back to the source re-
tracingP (if this is not possible because the next hop is not
there, for instance due to node movements, the backward
ant is discarded). The backward ant incrementally computes
an estimateT̂P of the time it would take a data packet to
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Figure 1. “Kite-shaped” multiple paths
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Figure 2. A mesh of multiple paths

travel overP towards the destination, which is used to up-
date routing tables.̂TP is the sum of local estimateŝT i

i+1 in
each nodei ∈ P of the time to reach the next hopi + 1:

T̂P =
n−1∑

i=1

T̂ i
i+1 .

The value ofT̂ i
i+1 is defined as the product of the estimate

of the average time to send one packet,T̂ i
mac, times the cur-

rent number of packets in queue (plus one) to be sent at the
MAC layer,Qi

mac:

T̂ i
i+1 = (Qi

mac + 1)T̂ i
mac .

T̂ i
mac is calculated as a running average of the time elapsed

between the arrival of a packet at the MAC layer and the end
of a successful transmission. So iftimac is the time it took
to send a packet from nodei, then nodei updates its esti-
mate as:

T̂ i
mac = αT̂ i

mac + (1− α)timac,

with α ∈ [0, 1]. SinceT̂ i
mac is calculated at the MAC layer

it includes channel access activities, so it takes into account
local congestion of the shared medium. Forward ants calcu-
late a similar time estimatêTP , which is used for the filter-
ing of the ants, as mentioned above.

At each intermediate nodei ∈ P, the backward ant virtu-
ally sets up a path towards the destinationd, creating or up-
dating the pheromone table entryT i

nd in T i. The pheromone
value inT i

nd represents a running average of the inverse of

the cost, in terms of both estimated time and number of
hops, to travel tod throughn. If T̂ i

d is the travelling time es-
timated by the ant, andh is the number of hops, the value
τ i
d used to update the running average is defined as:

τ i
d =

(
T̂ i

d + hThop

2

)−1

,

whereThop is a fixed value representing the time to take
one hop in unloaded conditions. Definingτ i

d like this is a
way to avoid possibly large oscillations in the time estimates
gathered by the ants (e.g., due to local bursts of traffic) and
to take into account both end-to-end delay and number of
hops. The value ofT i

nd is updated as follows:

T i
nd = γT i

nd + (1− γ)τ i
d, γ ∈ [0, 1],

whereγ andα were both set to0.7 in the experiments.

3.2. Stochastic data routing

The path setup phase described above creates a number
of good paths between source and destination, indicated in
the routing tables of the nodes. Data can then be forwarded
between nodes according to the values of the pheromone
entries. Nodes in AntHocNet forward datastochastically.
When a node has multiple next hops for the destinationd of
the data, it will randomly select one of them, with probabil-
ity Pnd. Pnd is calculated in the same way as for the reac-
tive forward ants, but with a higher exponent (in the exper-
iments set to 2), in order to be more greedy with respect to
the better paths:

Pnd =
(T i

nd)
β2

∑
j∈N i

d
(T i

jd)β2
, β2 ≥ β1 .

According to this strategy, we do not have to choose a priori
how many paths to use: their number will be automatically
selected in function of their quality.

The probabilistic routing strategy leads to data load
spreading according to the estimated quality of the paths.
If the estimates are kept up-to-date (which is done using the
proactive ants described in Subsection 3.3), this leads toau-
tomatic load balancing. When a path is clearly worse than
others, it will be avoided, and its congestion will be relieved.
Other paths will get more traffic, leading to higher con-
gestion, which will make their end-to-end delay increase.
By continuously adapting the data traffic, the nodes try to
spread the data load evenly over the network.

3.3. Proactive path maintenance and exploration

While a data session is running, the source node sends
out proactive forward ants according to the data sending



rate (one ant everyn data packets). They are normally uni-
cast, choosing the next hop according to the pheromone val-
ues using the same formula as the reactive forward ants, but
also have a small probability at each node of being broad-
cast (this probability was set to 0.1 in the experiments). In
this way they serve two purposes. If a forward ant reaches
the destination without a single broadcast it simply samples
an existing path. It gathers up-to-date quality estimates of
this path, and the backward ant updates the pheromone val-
ues along the path, just like the reactive backward ants do.
If on the other hand the ant got broadcast at any point, it will
leave the currently known paths, and explore new ones.

After a broadcast the ant will arrive in all the neighbors
of the broadcasting node. It is possible that in these neigh-
bors it does not find pheromone pointing towards the desti-
nation, so that it needs to be broadcast again. The ant will
then quickly proliferate and flood the network, like reac-
tive forward ants do. In order to avoid this, we limit the
number of broadcasts tonb (nb was set to 2 in the experi-
ments). If the proactive ant does not find routing informa-
tion within nb hops, it is deleted. The effect of this mecha-
nism is that the search for new paths is concentrated around
the current paths, so that we are looking forpath improve-
ments and variations.

In order to guide the forward ants better, we usehello
messages. These are short messages (in our case containing
just the address of the sender) broadcast everythello sec-
onds (e.g.,thello = 1sec) by the nodes. If a node receives
a hello message from a new noden, it will add n as a des-
tination in its routing table. After that it expects to receive
a hello fromn everythello seconds. After missing a certain
number of expected hello’s (allowed−hello− loss = 2 in
our case),n will be removed. Using these messages, nodes
know about their immediate neighbors and have pheromone
information about them in their routing table. So when an
ant arrives in a neighbor of the destination, it can go straight
to its goal. Looking back at the ant colony inspiration of our
model, this can be seen aspheromone diffusion: pheromone
deposited on the ground diffuses, and can be detected also
by ants further away. In future work we will extend this
concept, including some of the pheromone information of
a node in the hello messages it sends to its neighbors. This
will allow to give better guidance to the exploration by the
proactive ants. Hello messages also serve another purpose:
they allow to detect broken links. This allows nodes to clean
up stale pheromone entries from their routing tables.

3.4. Link failures

In AntHocNet, each node tries to maintain an updated
view of its immediate neighbors at each moment, in order
to detect link failures as quickly as possible, before they can
lead to transmission errors and packet loss. The presence of

a neighbor node can be confirmed when a hello message is
received, or after any other successful interception or ex-
change of signals. The disappearance of a neighbor is as-
sumed when such an event has not taken place for a certain
amount of time, defined bythello×allowed−hello− loss,
or when a unicast transmission to this neighbor fails.

When a neighbor is assumed to have disappeared, the
node takes a number of actions. In the first place, it re-
moves the neighbor from its neighbor list and all the associ-
ated entries from its routing table. Further actions depend on
the event which was associated with the discovered disap-
pearance. If the event was a failed transmission of a control
packet, the node broadcasts alink failure notificationmes-
sage. Such a message contains a list of the destinations to
which the node lost its best path, and the new best estimated
end-to-end delay and number of hops to this destination (if
it still has entries for the destination). All its neighbors re-
ceive the notification and update their pheromone table us-
ing the new estimates. If they in turn lost their best or their
only path to a destination due to the failure, they will broad-
cast the notification further, until all concerned nodes are
notified of the new situation.

If the event was the failed transmission of a data packet,
the node sends the link failure notification only about the
destinations for which it lost its best next hop if this was not
the only next hop. For the destinations for which it lost its
only next hop, the node starts alocal route repair. The node
broadcasts aroute repair antthat travels to the involved des-
tination like a reactive forward ant: it follows available rout-
ing information when it can, and is broadcast otherwise.
One important difference is that it has a maximum num-
ber of broadcasts (which we set to 2 in our experiments), so
that its proliferation is limited. The node waits for a certain
time (empirically set to 5 times the estimated end-to-end
delay of the lost path), and if no backward repair ant is re-
ceived by then, it concludes that it was not possible to find
an alternative path to the destination. Packets which were
in the meantime buffered for this destination are discarded,
and the node sends a link failure notification about the lost
destinations.

Link failure notifications keep routing tables on paths
up-to-date about upstream link failures. However, they can
sometimes get lost and leave dangling links. A data packet
following such a link arrives in a node where no further
pheromone is available. The node will then discard the data
packet and unicast a warning back to the packet’s previous
hop, which can remove the wrong routing information.

4. Simulation experiments

We evaluated our algorithm in a number of simulation
tests. We compare its performance to that of Ad-Hoc On-
Demand Distance Vector Routing (AODV) [29] (with route



repair), a state-of-the-art MANET routing algorithm and a
de facto standard. The algorithms are evaluated in terms of
average end-to-end delay per packet and delivery ratio (i.e.,
the fraction of successfully delivered data packets). In 4.1
we describe the simulation environment and the test sce-
narios, and in 4.2 we show and discuss the results. The pa-
rameters of the AntHocNet algorithm were set to the values
mentioned in the previous section for all the different test
settings. These values were obtained from empirical expe-
rience, without tuning them separately for each considered
scenario (the algorithm is rather robust with respect to the
setting of most parameters).

4.1. Simulation Environment

As simulation software we use Qualnet. We ran experi-
ments with two different base settings. In the first setting,
100 nodes are randomly placed inside an area of3000 ×
1000 m2. Each experiment is run for 900 seconds. Data traf-
fic is generated by 20 constant bit rate (CBR) sources using
UDP at the transport layer. The sources send one 64-byte
packet per second. Each source starts sending at a random
time between 0 and 180 seconds after the start of the sim-
ulation, and keeps sending until the end.1 At the physical
layer a two-ray signal propagation model is used. The ra-
dio propagation range of the nodes is 300 meters, and the
data rate is 2 Mbit/s. At the MAC layer we use the popular
802.11b DCF protocol. For the different experiments in this
setting, we varied the movement patterns of the nodes. We
did tests with therandom waypointmovement model [20],
in which we varied the maximum speed and the pause time,
and with theGauss-Markovmovement model [6], in which
we again varied the maximum speed. The Gauss-Markov
movement scenarios were generated with the BonnMotion
software [8]. Parameter values were kept as follows: the up-
date frequency was 2.5, the angle standard deviation 0.4,
and the speed standard deviation 0.5.

For the second setting, we used the same setup as was
used in the scalability study of AODV performed by Lee,
Belding-Royer and Perkins in [23]. In this study, the num-
ber of nodes and the size of the simulation area are varied,
while keeping the average node density constant (≈ 7.5).
The authors do experiments with up to 10000 nodes, but
due to computational constraints we limited our tests to
maximum 1500 nodes. The exact values used for the num-
ber of nodes and the size of the area are given in Table 1.
Other properties of the simulation setup are kept constant
over the different test scenarios. The data traffic consists of

1 We did not do any experiments with TCP at the transport layer, since
TCP is known not to function well in MANET environments [1]. Also,
TCP is not equipped to deal with multipath routing algorithms like An-
tHocNet (e.g. see [3] for a proposal of an adaptation of TCP to deal
with multipath routing algorithms).

20 CBR sources sending four 512-byte packets per second.
The nodes move according to the random waypoint model,
with a minimum speed of 0 m/s, a maximum speed of 10
m/s, and a pause time of 30 seconds. The radio propagation
range of the nodes is 250 meters, and the channel capac-
ity is 2 Mb/s. The radio propagation model is a free space
model. At the MAC layer the 802.11b DCF model is used.
Each simulation is run for 500 seconds.

Number of nodes Area size
100 1500× 1500
500 3500× 3500
1000 5000× 5000
1500 6000× 6000

Table 1. Number of nodes and area sizes for
the scalability experiments.

For each of the different settings of the parameter val-
ues, 5 different problems were created, by choosing differ-
ent initial placements of the nodes and different movement
patterns. The reported results are averaged over 5 different
runs (3 for the scalability tests of 1000 and 1500 nodes tests
due to computational limitations) on each of these 5 prob-
lems, to account for stochastic elements both in the algo-
rithms and in the physical and MAC layers.

The choice of the above described scenarios is based on
the results obtained for an earlier version of AntHocNet,
which are described in [11]. In that paper we investigated
the behavior of AntHocNet in the basic scenario used in the
influential comparative study of [4]. This scenario is very
densely packed, with 50 nodes with a radio range of 300
meters in an area of1500 × 300 m2. In such an environ-
ment, with high interference and very short paths, it is clear
that the advantages of maintaining multiple paths, stochas-
tically spreading data, using local repair, etc., do not out-
weigh their costs. A simple, reactive approach as AODV is
expected to be much more effective. In the tests we ran, it
became clear that as the environment became more difficult
(more mobility, more sparseness, longer paths), the charac-
teristics of AntHocNet became an advantage over those of
AODV, resulting in an increasing performance gap in fa-
vor of AntHocNet. In this paper we start from a larger and
sparser network, and investigate again the effect of increas-
ing the mobility and the size. The study on large networks
is necessary to validate the scalability of our approach.

4.2. Simulation results

In the first set of experiments we study the behavior of
the algorithm in increasingly dynamic environments. All



tests are done with the sparse network of 100 nodes in
3000 × 1000 m2. Figures 3 and 4 show the evolution of
the delivery ratio and average delay for increasing node
speed (from 10 to 50 m/s) in a random waypoint model. An-
tHocNet clearly outperforms AODV for all settings, while
the performance difference between the algorithms remains
more or less constant.
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Figure 3. Delivery ratio under various speed
values for random waypoint mobility.
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Figure 4. Average packet delay under various
speed values for random waypoint mobility.

Figures 5 and 6 report results of an analogous study in
function of node speed, but this time in a Gauss-Markov
mobility model. Again AntHocNet performs better, and this
time there is a significant increase in its advantage as the
network becomes more mobile, especially for what con-
cerns delay. This performance difference might be ex-
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Figure 5. Delivery ratio under various speed
values for Gauss-Markov mobility.
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Figure 6. Average packet delay under various
speed values for Gauss-Markov mobility.

plained by the properties of the movement patterns created
by the different mobility models. A node which moves ac-
cording to the random waypoint model chooses its speed
and direction after each turning point completely at ran-
dom. In the Gauss-Markov model, on the other hand, there
is a programmed correlation between subsequent move-
ments. AntHocNet is an adaptive algorithm in which nodes
use continuous sampling tolearn statistical estimatesabout
paths, and in turn use these estimates to guide the search
for new and/or better paths. Such an approach can of course
work better if there are exploitable regularities and correla-
tions in the environment. AODV on the other hand is a re-
active algorithm, which starts more or less from scratch af-
ter every route failure, and cannot benefit from the presence
of such regularities.
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Figure 7. Delivery ratio under various pause
times for random waypoint mobility.
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Figure 8. Average packet delay under various
pause times for random waypoint mobility.

Figures 7 and 8 present the results for different node
pause time values. This is another parameter which influ-
ences the node mobility in the random waypoint model: the
lower the pause time, the higher the mobility. For the deliv-
ery ratio, the results are more or less in line with what we
saw before: AntHocNet scores better than AODV. The dip
in performance for the highest pause times (so for suppos-
edly easier scenarios) is likely caused by the fact that the
network is quite sparse, and in the same time quite static:
this means that nodes can become unreachable for long peri-
ods. Also in terms of delay AntHocNet outperforms AODV,
but not in the scenario with lowest pause time. This is prob-
ably again due to the fact that nodes are moving constantly
with uncorrelated changes in directions and speeds. The
very bad relative performance in delay of AODV in the case

of high pause times can probably be attributed to an artefact
in the algorithms: while AntHocNet deletes packets which
have been buffered for a long time, AODV keeps them, and
can still send them much later. This means that packets for
nodes which are temporary unreachable can be delivered
much after their generation, experiencing very high delays.
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Figure 9. Routing control overhead in num-
ber of control packets per successfully deliv-
ered data packet under various speed values
for random waypoint mobility.

 10

 20

 30

 40

 50

 60

 70

 80

 5  10  15  20  25  30  35  40

R
ou

tin
g 

co
nt

ro
l o

ve
rh

ea
d

Node speed (m/s)

AntHocNet
AODV

Figure 10. Routing control overhead in num-
ber of control packets per successfully deliv-
ered data packet under various speed values
for Gauss-Markov mobility.

The good performances shown above come at a cost
though. It is clear from the description of section 3 that An-
tHocNet uses a lot of different kinds of ant packets in order
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Figure 11. Delivery ratio under increasing
network sizes.
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Figure 12. Average packet delay under in-
creasing network sizes.

to adapt to the ever changing MANET environment and be
able to provide a high delivery ratio and low delays. Figures
9 and 10 show the overhead in the considered test scenarios
with variable speed for the two mobility models. Overhead
is expressed as the number of control packets forwarded di-
vided by the number of data packets delivered correctly. An-
tHocNet generates substantially (1.5 to 3 times) more over-
head than AODV, although the differences remain relatively
stable for different speed values. We are currently work-
ing to improve on the created overhead, in the first place
using the technique of pheromone diffusion mentioned in
3.3. This gives proactive ants specific guidelines about the
paths to follow, so that we can avoid to let them prolifer-
ate blindly. According to preliminary results, this can lead
to better results with less ants.

In the last set of experiments, of which the results are vi-
sualized in figures 11 and 12, we study the two algorithms
in large network simulations. Both in terms of delivery ratio
and delay AntHocNet clearly outperforms AODV. Probably
the mechanisms of multipath routing and local repair pay
off more when paths are longer. The good performances of
the algorithm in these studies give an indication of its scal-
ability.

5. Conclusions and future work

We have described AntHocNet, an ACO algorithm for
routing in MANETs. It is a hybrid algorithm, combining
reactive route setup with proactive route probing and ex-
ploration. In simulation experiments we show that AntHoc-
Net can outperform AODV in terms of delivery ratio and
average delay, especially in more mobile and larger net-
works. The algorithm seems to benefit a lot from situations
in which there are some regularities and correlations which
can be learned and exploited for data transport and path dis-
covery. The algorithm also shows good scalability.

In future work we will improve the exploratory working
of proactive ants. By extending the concept of pheromone
diffusion, more information about possible path improve-
ments will be available in the nodes, and this information
can guide proactive ants. This should lead to better results
with less overhead. We also want to make the generation
and forwarding of proactive ants adaptive to the network
situation.
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