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ABSTRACT
In recent years, advances in miniaturization, low-power cir-
cuit design, simple, low power, yet reasonably efficient wire-
less communication equipment, and improved small-scale
energy supplies have combined with reduced manufacturing
costs to make a new technological vision possible, Wireless
Sensor Networks (WSN). As WSN are still a young research
field, much activity is still on-going to solve many open is-
sues. One is the data routing problem. As the size of the net-
work increases, this problem becomes more complex due the
amount of sensor nodes in the network. The meta-heuristic
Ant Colony Optimization (ACO) has been proposed to solve
this issue. ACO based routing algorithms can add a sig-
nificant contribution to assist in the maximisation of the
network lifetime and in the minimisation of the latency in
data transmissions, but this is only possible by means of an
adaptable and balanced algorithm that takes into account
the WSN main restrictions, for example, memory and power
supply. A comparison of two ACO based routing algorithms
for WSN is presented, taking into account current amounts
of energy consumption under a WSN scenario proposed in
this work. Furthermore, a new routing algorithm is defined.

Categories and Subject Descriptors
D.2.8 [Software Engineering]: Metrics—performance mea-
sures; I.2.8 [Artificial Intelligence]: Problem Solving—
Heuristic methods

General Terms
Algorithms, Performance.

Keywords
Wireless Sensor Networks (WSN), Network Lifetime, Rout-
ing Algorithms, Ant Colony Optimization (ACO).
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1. INTRODUCTION
WSN combine simple wireless communication, minimal

computation facilities, and some sort of sensing of the phys-
ical environment into a new form of network that can be
deeply embedded in our physical environment. These net-
works consist of a large number of embedded sensors having
the capability to communicate via wireless links. These sen-
sor nodes are equipped with a small processor, and con-
strained memory. Furthermore, they are very limited in
terms of their energy supply. They are deployed in an area
that should continuously monitor the environment (such as
temperature, movement, sound, light, among others). The
goal is to transmit the data monitored from the source node
to the base station (or sink) with the help of its neighbors,
which are those nodes appearing within its covered commu-
nication area (a sensor node covered communication area
forms a circle with radius r). The base station is responsi-
ble for receiving all the data collected by sensor nodes in the
WSN, and usually is connected to an application or Internet
[1].

In Figure 1 a data transmission is illustrated from the
source node A to the base station. Base station is not within
the covered communication area of node A. Hence, A is not
capable to send its sensed data directly to the base station
(in the case of F, it can send its data directly because it has
direct communication with the base station). Then A can
send its data with help of its neighbors. In this case A sends
its data to node B, B to C, C to D, D to E, and finally E
has direct communication with the base station, so E sends
the data. The route created between sensor node A and the
base station was A → B → C → D → E → base station.

Figure 1: Route between the source node A and the
base station.
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The strategy to find a path from a specific node to the
base station is known as a routing algorithm. This must
consider the nodes features in order to optimize the network
lifetime and latency in data transmission [11].

The algorithms inspired by some biological phenomena
have become popular in some Artificial Intelligence commu-
nities, mainly because they have demonstrated to be com-
petitive options to solve engineering and scientific problems.
Specifically, the family of ACO algorithms have been suc-
cessfully applied to solve routing problems in wired and wire-
less networks [7].

In this work, two ACO-based routing algorithms for WSN
[21, 5] were selected to be implemented at a simulation level.
In our opinion, the original proposals failed to conduct the
experimentation phase, because in those works it was as-
sumed that the sizes of the transmitted data packages did
not affect the energy consumption. Furthermore, three dif-
ferent scenarios were simulated, but we consider they do not
reflect a realistic situation.

The main contribution in our work is twofold: On one
hand, we compare the algorithms’ performances considering
that the energy consumed by one sensor node depends on
the size of the transmitted data. Furthermore, we define a
scenario where each sensor has complete charge in its battery
at the begining then, the simulation goes until some nodes
run out of supply.

On the other hand, based on the experimentation, to de-
termine the strategy from each selected algorithm that re-
sults in a higher network lifetime and better latency. With
this information a new algorithm is proposed. The goal is
to give some light to the realistic earnings and feasibility of
using these algorithms.

The remainder of this paper is organized as follows. In
Section 2 the Related Work is presented. Section 3 describes
the ACO algorithms. The Experiments are explained in
Section 4. The Results are described in Section 5, and finally
in Section 6 some Conclusions are drawn.

2. RELATED WORK
There is a wide range of routing algorithms that has been

used to solve the problem of routing in WSN. For example,
acording to their network structure [1] they can be classified
as hierarchical, flat and location based routing algorithms.

2.1 Hierarchical routing algorithms
The Low Energy Adaptive Clustering Hierarchy algorithm

(LEACH) [12] randomly selects a few sensor nodes as clus-
terhead and rotates this role to distribute evenly the en-
ergy load among the sensors in the network. The algorithm
named Power Efficient Gathering in Sensor Information Sys-
tems (PEGASIS) [15] proposes that, in order to extend net-
work lifetime, sensor nodes need only communicate with
their closest neighbors and take turns to communicate with
the base station. When the round of all nodes communicat-
ing with the base station ends, a new round will start and
so on. This reduces the power required to transmit data
per round as the power draining is spread uniformly over all
nodes.

2.2 Flat routing algorithms
In [13] the Directed Diffusion algorithm is presented. It is

a data centric (DC) and application aware paradigm in the
sense that all data generated by sensor nodes are named by

attribute value pairs. The main idea of the DC paradigm is
to combine the data coming from different enroute sources
(in-network aggregation) by eliminating redundancy, min-
imizing the number of transmissions, thus saving network
energy and prolonging its lifetime. In [3] Rumor Routing
is defined, and is a variation of Directed Diffusion and is
mainly intended for applications where geographic routing is
not feasible. The key idea is to route the queries to the nodes
that have observed a particular event rather than flooding
the entire network to retrieve information about occurring
events.

2.3 Location based routing algorithms
In [23] the Geographic Adaptive Fidelity algorithm (GAF)

is defined. It is an energy aware location based routing al-
gorithm designed primarily for mobile ad hoc networks, but
may be applicable to WSN as well. The network area forms
a virtual grid. Inside each zone, nodes collaborate with each
other to play different roles. In [26] the Geographic and
Energy Aware Routing algorithm (GEAR) is presented. It
uses energy aware and geographically informed neighbor se-
lection heuristics to route a packet towards the destination
region. The key idea is to restrict the number of interests
in Directed Diffusion by only considering a certain region
rather than sending the interests to the whole network. By
doing this, GEAR can conserve more energy than Directed
Diffusion.

There exist other kinds of routing algorithms, which are
based on ACO (they also could be classified into flat, hier-
archical or location based algorithms).

2.4 Ant colony based routing algorithms
Some of the most representative algorithms based on ACO

are as follows: The first algorithm based on ACO was pro-
posed by Dorigo and Di Caro in [6] called AntNet. It was
an innovative algorithm for packet routing in communication
networks. In AntNet, a group of mobile agents (or artificial
ants) build paths between pairs of nodes, exploring the net-
work concurrently and exchanging obtained information to
update the routing tables in the nodes. The so called ARA
[2] algorithm used in mobile ad hoc networks (MANETs),
exploited the pheromone laying behavior of ants. The above
two algorithms are, however not suitable for WSN. In [16] an
ACO algorithm (PACO) was used to search for multipaths
between source nodes and the base station in MANETs. Al-
though the PACO improved the efficiency of data transmis-
sion, the number of required ants was greater, resulting in
higher energy consumption at the start-up stage.

In [19] an enhanced ant colony inspired self-optimized
routing algorithm for WSN was presented. This mechanism
was based on link quality, energy and velocity parameters.
The adopted cross layer architecture helped WSN to improve
the overall data throughput, especially in the case of real
time traffic. In [24] a multipath routing algorithm (MRP)
based on dynamic clustering and ACO was proposed. Such
an approach can maximize the network lifetime and reduce
energy consumption. In [17] a routing approach using an
ACO algorithm was proposed for WSN consisting of sta-
ble or limited mobile nodes. This approach was also imple-
mented into a small sized hardware component as a router
chip. In [21] the authors proposed the algorithm Ant Colony
Optimization Based Location Aware Routing (ACLR), a flat
and location aware algorithm. It fuses the amount of resid-

118



ual energy with the global and local location information
of nodes, to define the probability to select the next sensor
node to jump to. An Energy Delay Based on ACO algo-
rithm (E&D) was proposed in [22]. Its main goal was to
find the optimal routing not only to maximize the lifetime
of the network, but also to provide real time data trans-
mission services. A routing algorithm for data aggregation
based on ACO (ACAR) was presented in [25]. The main idea
of this algorithm was the optimization of data aggregation
route by some cooperative agents called ants, using the fac-
tors: Energy, distance, and aggregation gain. In [27] the au-
thors proposed a Pheromone based Energy Aware Directed
Diffusion algorithm (PEADD) for WSN that extends the
network lifetime by using pheromone values, and enhances
the network reliability by maintaining the energy distribu-
tion relatively uniform among the network sensor nodes. It
can be seen in [18] that the authors proposed an algorithm
based on ACO for flat architectures and localization aware-
ness. This proposal tries to maximize the network lifetime,
as well as, to deal, react, and adapt itself to changes in the
network. In [4] a Quality of Service (QoS) routing solu-
tion was proposed. It was named ACO based QoS routing
algorithm (ACO QoSR), and searches the best paths that
satisfy the QoS requirements by using artificially intelligent
ants. The ACO QoSR algorithm is the trade off between a
certain guaranteed QoS requirement and acceptable compu-
tational complexity. In [5] the Energy Efficient Ant Based
Routing Algorithm (EEABR) can be found, and was used
for flat and location awareness architectures. In this pro-
posal, the artificial ants look for less energy consuming paths
in the network while reducing the size of the artificial ants
during communication among sensor nodes. Other similar
ACO based routing algorithms for WSN are published in [14]
where the authors show crucial biologically inspired mecha-
nisms and the associated techniques for resolving the data
routing problem in WSN, including ant based and genetic
approaches. In [10] authors reviewed the main instances
of network routing algorithms whose bottom-up design has
been inspired by collective behaviors of social insects such
as ants and bees.

Below, the basic ACO algorithm will be presented.

3. GENERAL OUTLINE OF ROUTING AL-
GORITHMS BASED ON ACO FOR WSN

The ACO algorithm was inspired by the behaviour of nat-
ural ant colonies, and first proposed in [6].

3.1 Ant colony behavior
Ants are social insects living in colonies. Thanks to their

mutual collaboration, they show complex behavior without
need for any planning or control (stigmergy). An interesting
aspect of the behavior of many kinds of ants is their ability
to find the shortest path between their anthill and the food
source. While ants are moving between their anthill and the
food source, some kinds of ants, for example the Argentine
ants, deposit a substance called pheromone. If there is not
pheromone on the path, ants usually move in a random way
but, if there is pheromone deployed on the path, they tend
to follow it. Most ants would prefer paths with a higher
pheromone level [8].

Figure 2 illustrates how ants find the shortest path be-
tween their anthill marked with A and the food source in

E. So at position B the ants have to decide whether to turn
right or left. A higher level of pheromone on the right path
gives an ant a stronger stimulus and thus a higher probabil-
ity to turn right. The first ant reaching point B has the same
probability to turn right or left. Because path B→C→D is
shorter than B→H→D, the first ant following it will reach
D before the first ant following other path. The result is
that an ant returning from E to D will find a stronger trail
on path D→C→B, caused by half the ants that by chance
decided to approach via D→C→B→A and by those com-
ing via B→C→D. They will therefore prefer (in probability)
path D→C→B to path D→H→B. As a consequence, the
number of ants following path B→C→D per unit of time
will be higher than the number of ants following B→H→D.
This causes the quantity of pheromone on the shorter path
to grow faster than that on the longer. The final result is
that very quickly all ants will choose the shorter path [9].

Figure 2: After some period of time, ants find the
shortest path from their anthill A to the food source
E.

3.2 Definitions
The ACO algorithm is a model derived from real ant forag-

ing behaviour. ACO looks for the best route (under certain
criteria) from a source node to the base station in a WSN.
The agents called ants are initially placed in the source node
with the task of finding paths through the other sensor nodes
to the base station. An ant going from the source node to the
base station and it collects information about the quality of
the path. This is used to update the pheromone levels of the
intermediate sensor nodes, reinforcing the pheromone of the
shortest paths, creating a form of distributed reinforcement
learning based on stigmergy [10].

A basic routing algorithm based on ACO is composed of
two phases. In the first phase, a set of ants is placed in the
source node so, and travel to the base station sb. Then, in
the second, the ants go back to the source node so, updating
the pheromone values of the sensor nodes of their paths.

Formally, a WSN is defined as a weighted undirected graph
G(V, E, L), where:

• V is the set of sensor nodes, V = {s1, s2, s3, ..., sm}.

• L is the set of weights (pheromone levels).
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• E is the set of edges, E ⊂ V ×V ×L, for example, for
any si, sj ∈ V , i �= j, (si, sj , ψij(t)) ∈ E, where ψij(t))
is the cost to deliver a data packet from si to sj in the
time t, in this case ψij(t) is the pheromone between si

and sj .

Any node si in the WSN has a set of neighbors, defined
by:

N(si) = {sj |sj ∈ V, dij ≤ r, i �= j} (1)

Where r is the wireless communication coverage of the
sensor nodes. dij is the Euclidean distance between si and
sj . When the ant k is at the node si at instant t, the next-
hop node sj ∈ N(si) will be randomly selected with a proba-
bility P k

ij(t) calculated by the transition probability formula
as follows:

P k
ij(t) =

[ψij(t)]
α × [ξij(t)]

βP
sl∈N(si)

[ψil(t)]α × [ξil(t)]β
(2)

Where ξij is the location function defined by:

ξij =
1

dij
(3)

ψij(t) is the level of pheromone between node si and node
sj in the time t. α and β are the adjustable weights of
ψij(t) and ξij(t), respectively. When the ant k reaches the
base station sb phase two begins. k goes back following the
same route, depositing an increment of pheromone. This
increment of pheromone is defined as follows:

ψij(t+ 1) = (1 − p(t)) × ψij(t) + Δψij (4)

Where p(t) refers to the pheromone evaporating rate in
the time t and Δψij is the pheromone increment on the
route between si and sj in the current return travel.

Δψij =
nX

k=1

Δψk
ij (5)

Δψk
ij is the pheromone that ant k laid on the route be-

tween the node si and the node sj in the current return
travel given by:

Δψk
ij =

j
1

Lk if k passed from si to sj

0 otherwise

ff
(6)

Lk refers to the length of the route found by k. When k
has returned to the source node so, k is eliminated.

3.3 Problem statement
In this work, the following WSN conditions are adopted:

The sensor nodes can be randomly deployed in an square
area where replacement sensor nodes batteries can not be
effected. They have location awareness, hence, they know
the location of their neighbors. They are susceptible to fail-
ures, which cause changes in the network topology.

Two of the main WSN issues (which are being treated in
this paper) are: Network lifetime and latency in the data
transmissions. In order to maximize the network lifetime
and minimize the latency, it is necessary to design a data

routing algorithm that takes into account the limited energy
of the sensor nodes, and the changes in the network topology.

This work selects two algorithms representative of the
state-of-the-art to be implemented and studied. These two
algorithms are: The Ant Colony Optimization Based Loca-
tion Aware Routing for Wireless Sensor Networks (ACLR)
[21], and the Energy Efficient Ant Based Routing Algorithm
(EEABR) [5]. Their main features have been mixed into one
algorithm, which outperforms the two algorithms compared
in a matter of network lifetime and latency in the data trans-
mission. These algorithms will be explained next.

3.4 Ant Colony Optimization Based Location
Aware Routing for Wireless Sensor Net-
works (ACLR)

The ACLR [21] is the first algorithm studied in this work.
It tries to find an equilibrium between the sensor nodes life-
time and the delay of the transmissions. One important
feature of this algorithm, is that not all the neighbors of si

are candidates to be selected for the next-hop, but only the
set of neighbors that are nearer to the base station (b). This
set is defined by:

C(si) = {sj |sj ∈ N(si), djb ≤ dib, i �= j} (7)

Each sensor node in the WSN has a memory block in
which the residual energy, the location information of the
node, its neighbors and the base station are stored. Each ant
k has a contraindication list to memorize the sensor nodes
traversed by itself in a journey. ACLR is composed of two
phases described as follows: First phase. Each ant looks
for a route from so to sb. The transition probability formula
that allows the ant k can select the next sensor node, is
defined below:

P k
ij(t) =

[ψij(t)]
α × [ξij ]

β × [ηij(t)]
γP

sl∈C(si)
[ψil(t)]α × [ξil]β × [ηil(t)]γ

(8)

This transition probability formula is composed not only
for location ξij and pheromone ψij(t) values, but also energy
values ηij(t). The location function proposed by ACLR, ξij

is defined by:

ξij = (
dob

doi + dij + djb
) × (1 − dijP

sl∈C(si)
dil

) (9)

Where dob is the distance between node so and the base
station sb, doi is the distance between so and node si, dij

is the distance between si and node sj , djb is the distance
between sj and sb and dil is the distance between si and
node sl. ηij(t) is the energy function proposed by ACLR
defined as follows:

ηij(t) =
ej(t)P

sl∈C(si)
el(t)

(10)

If there is no next-hop neighbor to select, that is C(si) is
empty, then k returns to the previous-hop node, then si is
added to the contraindication list of k. Therefore, when k
reaches sb, a route Rk from the source node to the base sta-
tion was found by k. Lk is the length of Rk. Second phase.
Each ant returns to the source node from the base station
along the route Rk. Meanwhile, k updates the pheromone
level Δψk

ij on each segment of Rk as follows:
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Δψk
ij =

(
dob×Q

(doi+dij+djb)Lk if si to sj ∈ Rk

0 otherwise

)
(11)

Where Q is a constant, dob, doi, dij , and djb have the
same meaning as that of formula (9), respectively. Lk is the
length of the route found by k in the current journey. When
an ant has returned to so, that ant is eliminated.

3.5 Energy Efficient Ant Based Routing Algo-
rithm (EEABR)

The second algorithm studied was EEABR proposed in
[5]. It considers the energy efficiency in order to maximize
the network lifetime. It has been proved that the tasks
performed by the sensor nodes related to communications
(transmitting and receiving data), spend much more energy
than those related with data processing and memory man-
agement. Since one of the main concerns in WSN is precisely
to maximize network lifetime, it would be more preferable
that the routing algorithm could perform as much processing
as possible in the network sensor nodes, than transmitting
all data to the base station.

In fact, EEABR tries to minimize the data packet size
(ants) as much as posible. EEABR makes a strong difference
between forward ants (those going from the source node so

to the base station sb) and returning ants (those going back
from sb to so). The ant’s memory Rk only maintains the last
two nodes visited, allowing a constant ant size. When the
ant k passes through the sensor node s, s is responsible for
memorizing the previously visited sensor node, the forward
sensor node, the identification of the ant and a timer.

First phase (forward ants): When a sensor node s re-
ceives an ant k, s searches its memory for the identification
of the ant to avoid possible loops. If there is no record, s
saves the required information of k and initializes a timer for
k. Then k decides which sensor node is the most convenient
to jump to according to the transition probability formula,
which is computed as follows:

P k
ij(t) =

[ψij(t)]
α × [ηij(t)]

γP
sl∈C(si)

[ψil(t)]α × [ηil(t)]γ
(12)

Where ψij(t) is the level of pheromone between the sensor
node si and the sensor node sj , calculated in the same way
that (4). α and γ are the adjustable weights of ψil(t) and
ηil(t), respectively. ηij(t) is the energy function defined as
follows:

1

C − ej
(13)

C is the initial energy level of the sensor nodes, and ej is
the energy of sensor node j. If k had passed through s, then
k is eliminated. When k reaches the base station sb, a re-
turning ant is created with the forward ant identification as
well as the forward ant memory. Second phase (returning
ants). The amount of pheromone that the returning ant will
deposit on its route is calculated by:

Δψk
ij =

8<
:

1„
C−

»
Emink−F dk

Eavgk−F dk

–«
×ϕBdk

if k passed si,sj

0 otherwise

9=
;
(14)

Where Emink is the minimum energy level registered by
the forward ant k through its route. Eavgk is the average
energy of the visited sensor nodes so far registered by k
through its route. Fdk represents the number of nodes that
k has visited so far. ϕ is a coefficient, and Bdk is the traveled
distance (the number of visited nodes) by k until the sensor
node i. The timer is used to delete the information saved in
the sensor node memory that identifies a forward ant, if for
any reason, its corresponding returning ant does not reach
the node within the time defined by the timer. Notice that
the key point of the EEABR is to minimize the size of the
data packets (ants) transmitted among nodes, with the idea
of minimizing the network lifetime.

3.6 Improved Ant Colony Based Routing Al-
gorithm for WSN (IACAR)

Considering some features from each studied algorithm
(EEABR and ACLR) a new algorithm is proposed. The
features are those considered good enough to improve the
network lifetime and delay of the transmissions. The pro-
posed IACAR takes from ACLR the way to compute the
transition probability formula to select the next node with
the aim to obtain shorter routes, and on the other hand,
from EEABR, the idea of maintaining small ants with the
aim to minimize the network lifetime.

Several ants are set at the source node so, and each ant se-
lects its next node according to the formula (8). As EEABR,
IACAR allows the ants only to maintain the last two nodes
visited on their memory, allowing a constant ant size. When
the ant k passes through the sensor node s, s is responsible
for memorizing information of the ant according to EEABR
first phase. When an ant has reached the base station sb,
it returns to the source node so through the same route,
and deposits an amount of pheromone on the path accord-
ing to the formula (14). When an ant has returned to so,
it is eliminated. If all ants have been eliminated, a new
algorithm iteration is executed.

4. EXPERIMENTS
This section presents the experimental comparison be-

tween the algorithms ACLR, EEABR, and IACAR. The al-
gorithms were implemented in language C. The nodes Mica2
Motes of the Crossbow company were simulated, taking into
acount the amount of energy required to transmit and re-
ceive one bit defined in [20]. It is a fact that nodes con-
sume energy simply being on, or off or asleep. However,
in this simulation nodes are always on, so this consumption
of energy can be disregarded and only take into account
the energy consumption to transmit and receive data pack-
ets. With these considerations, it can be established that
the comparison between the algorithms ACLR, EEABR and
IACAR would be more realistic and fair than the one made
in their original proposals [21, 5]. For this, we executed the
experiments using three scenarios defined in [5] that simulate
different states of a WSN, and a fourth scenario that reflects
a more realistic situation. We also evaluated three metrics
[21] to determine the performance of the routing algorithms.
These scenarios and metrics are defined as follows:

Scenarios: First scenario. All nodes start with the same
initial energy level and there is only one source node so. Sec-
ond scenario. All nodes start with the same initial energy
level and so changes randomly. Third scenario. The ini-
tial energy of the nodes is randomly selected and so changes
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randomly. Fourth scenario. All nodes start with the same
initial energy level, and so changes randomly, and the sim-
ulation run until some nodes run out of supply.

Metrics: These three metrics are suitable because they
are concerned about values that affect directly the network
life time. The Energy Consumption refers to the energy
spent in the process of finding the optimal routes from the
source node so to the base station sb. Latency is the time
that a data packet spends traveling from so to sb. This met-
ric is calculated as the average number of nodes visited per
route. Energy Efficiency refers to the ratio of the number
of data packets received at sb by the total consumed energy.

The parameters values are the same for the three algo-
rithms as follows:

• The deployment field has a surface area of 300 m2 x
200 m2.

• Number of ants equal to 20.

• Number of deployed nodes equal to 10000.

• Wireless communications radius of sensors is r=30 m.

• The adjustable weights α = 1, γ = 1.

• For the algorithm ACLR β = 1 and Q = 1.

• For the algorithm EEABR ϕ = 1 and the pheromone
evaporating rate p(t) equal to 0.95.

• The initial pheromone level for every pair of adjacent
nodes is set to ψij(0) = 0.01.

• Number of iterations equal to 50.

• The energy consumption per transmitted bit (as de-
fined in [20]) is equal to 4.28 μjoules, and per received
bit is equal to 2.36 μjoules.

• The initial energy of each node is 5000 joules for first,
second and fourth scenarios, for third scenario it is
randomly selected between 0 and 5000 joules.

• For each algorithm 30 independent experiments were
run for each scenario.

5. RESULTS
In Table 1 are shown the average results for the metrics

Energy Consumption, Latency, and Energy Efficiency, re-
spectively for the four scenarios, comparing ACLR, EEABR,
and the proposed algorithm IACAR.

In the First Scenario IACAR obtained better results
than ACLR for Energy Consumption (for all the 30 experi-
ments), and it obtained similar results to EEABR. EEABR
has a strategy where the ants are small, but the informa-
tion related to their paths is kept in the nodes. This strat-
egy is also followed by IACAR. From these results, it seems
this strategy improves this metric. In the comparison of
the metric Latency for the three studied algorithms, ACLR
is the best algorithm for this metric. The best results are
obtained by ACLR, closely followed by IACAR which ob-
tained second place (less than one node per route). The
third place, EEABR obtained routes with three or four more
nodes. Summarizing, IACAR shows a performance similar
to EEABR and ACLR for Latency and Energy Consump-
tion. Furthermore, for Energy Efficiency, IACAR is superior
to the other two algorithms.

In the Second Scenario for the Energy Consumption
metric, IACAR outperformed ACLR (in all 30 cases), and

Figure 3: Fourth Scenario - Energy Consumption.

outperformed EEABR (in 24 out of 30 experiments). For the
case of Latency, IACAR obtained the best results, for the
smaller routes. Second place was ACLR that outperformed
IACAR in 11 out of 30 experiments. Last place was EEABR
for this metric. For the Energy Efficiency, IACAR showed
the best results, followed by the EEABR.

The Third Scenario shows that in the Energy Consump-
tion case, the worst results were obtained by ACLR. IACAR
showed the best performance outperforming EEABR (in 23
out of 30 experiments). EEABR obtained second place.
For the Latency, ACLR and IACAR presented very simi-
lar results. The worst results were obtained by EEABR for
this metric. For Energy Efficiency, the best performance
was shown by IACAR. Second place was EEABR, and third
place was ACLR.

Fourth Scenario
Table 1 shows that there was not an algorithm that outper-
forms the other two on all the metrics according to the best
and worst cases. However, IACAR showed better average
results in the three metrics than EEABR and ACLR.

The Figures 3, 4, and 5 show the results for Energy Con-
sumption, Latency, and Energy Efficiency, respectively for
the EEABR, ACLR, and IACAR, for the Fourth Scenario.
Clearly, EEABR and IACAR outperformed ACLR that ob-
tained the worst results for Energy Consumption. EEABR
and IACAR obtained very similar results, but still IACAR
was first (in 22 out of 30 experiments). The best results were
obtained by IACAR for Latency in this Scenario (29 exper-
iments). Second place was EEABR, and last was ACLR
that found routes with more nodes. For Energy Efficiency,
the best results were obtained by IACAR (20 experiments),
however EEABR was very close. The worst results were
obtained by ACLR.

5.1 Discussion
Energy Consumption case: From first to third scenar-

ios, IACAR outperformed EEABR, however in the fourth
scenario both obtained very close values. On the other hand,
ACLR, in all scenarios, presented the worst results. Notice
that, the strategy proposed in EEABR [5] and followed in
IACAR related to maintaining the small ants, worked fine
with the aim of Energy Consumption metric.

Latency case: In the first scenario, ACLR outperformed
EEABR and IACAR. For the second and third scenarios,
IACAR obtained similar results to ACLR, and finally for the
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Table 1: Statistical results for the studied algorithms under the four scenarios.
Energy Consumption (joules) Latency Energy Efficiency

ACLR EEABR IACAR ACLR EEABR IACAR ACLR EEABR IACAR
Scenario 1

Average 530.30 277.22 253.61 27.43 30.51 27.95 1.89 3.61 3.94
Best 516.57 271.39 249.48 27.23 30.30 27.82 1.94 3.68 4.01

Worst 544.54 283.62 258.42 27.68 30.67 28.18 1.84 3.53 3.87
Scenario 2

Average 518104.09 394446.03 362649.10 14.93 15.97 14.77 0.097726 0.127239 0.138523
Best 412592.21 346568.25 320731.95 13.14 14.62 12.96 0.121185 0.144272 0.155893

Worst 672598.61 436546.48 426506.01 17.86 18.04 16.32 0.074339 0.114535 0.117232
Scenario 3

Average 535383.71 395036.78 357591.83 15.27 16.53 14.74 0.094129 0.127564 0.140443
Best 444029.71 303192.37 294409.66 13.24 13.15 12.48 0.112605 0.164912 0.169831

Worst 658127.17 463875.57 410310.89 16.44 18.87 16.23 0.075973 0.107788 0.121859
Scenario 4

Average 44933072.57 33687047.88 32768699.51 16.83 15.90 15.28 0.004073 0.005307 0.005607
Best 41288200.52 31333027.19 30336960.79 16.22 15.35 14.84 0.004762 0.005966 0.006958

Worst 48885615.62 35815859.19 35092537.10 17.29 16.39 15.76 0.003235 0.004458 0.004553

Figure 4: Fourth Scenario - Latency.

Figure 5: Fourth Scenario - Energy Efficiency.

fourth scenario IACAR outperformed both algorithms, and
the worst results were obtained by ACLR. The reason for
this, could be that, the ACLR main strategy is mainly ori-
ented to look for shorter paths, without considering the size
of the ants. Thus, in the fourth scenario, when some nodes
ran out of supply, ACLR was not able to find shorter paths,
however it finds larger paths. On the other hand, IACAR
obtained the best results for the fourth scenario because its
small ants allowed the nodes to survive larger periods of
time. Then, it was capable of finding shorter paths.

Energy Efficiency case: For all four scenarios, ACLR
presented the worst values. This was bacause this algorithm
allowed the ants to increase their sizes at each jump, as a
consequence Energy Efficiency was affected. IACAR and
EEABR obtained similar results for the first, second, and
third scenarios, and IACAR outperformed EEABR in the
fourth scenario.

From these observations, it is concluded that the proposed
algorithm IACAR, in general obtained better results than
EEABR and ACLR for the three metrics, i. e. in terms
of Energy Consumption, Efficiency, and Latency. Thus, the
idea of taking the main features from EEABR and ACLR
resulted in a better algorithm.

6. CONCLUSIONS
The conclusions can be summarized as follows: The de-

sign of routing algorithms for WSN must take into consid-
eration, not only the minimization of the routes length, but
the maximization of the network lifetime, i. e. the energy in
the nodes batteries. In order to make fair and realistic com-
parisons among routing algorithms for WSN, care must be
taken to compute the energy consumed by the nodes. The
strategy proposed in EEABR [5], that maintains small and
constant ants sizes, results in larger network lifetime. The
strategy proposed in ACLR, related to the selection of the
next node to jump to, which demonstrated the best option
in terms of Latency.

A future work is planned to implement these algorithms
into a real WSN. Furthermore, it is necessary to assess the
effect of the parameter values in the algorithm performances,
comparing them against other algorithms not based on ACO.
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