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Abstract

Localization of sensor nodes is one of the key issues in Wireless Sensor Networks. It is a precondition
for a variety of applications, as well as geographic clustering and routing. Previous research on localiza-
tion sensors presents [1, 2] an integrated implementation for localization algorithm for mobile wireless
sensor networks based on the well-known range-free Centroid Location (CL) method, firstly presented
by [3] and assumed regularly arranged beacons. The CL method [1, 2] proposes an architecture that
splits the original sampling period of the Centroid algorithm into temporal windows in order to maintain
a record of past information during movement, allowing for the weighting of the anchors’ coordinates.
In this work, we investigate the range-free location method and its impacts on localization error, keeping
in mind the power consumption during the algorithm development. With our based CL algorithms, we
present possibilities to reduce the location error and improve their accuracy using CL. However, since
our new approaches introduce more complexity to CL, an analysis of the algorithms usage is considered.

Keywords: mobile sensor network, range-free localization algorithm, centroid location

1. Introduction

Today sensors are everywhere. Smart grid, smart
homes, smart water networks, intelligent trans-
portation, are infrastructure systems connected to
our world more than we ever thought possible. The
common vision of such systems is usually associated
with one single concept, the internet of things (IoT),
where through the use of sensors, the entire phys-
ical infrastructure is closely coupled with informa-
tion and communication technologies; where intel-
ligent monitoring and management can be achieved
via the usage of networked embedded devices. In
such a sophisticated dynamic system, devices are
interconnected to transmit useful measurement in-
formation and control instructions via distributed
sensor networks.

A wireless sensor network (WSN) is a network
formed by a large number of sensor nodes where
each node is equipped with a sensor to detect phys-
ical phenomena such as light, heat, pressure, etc.
A typical sensor node consists of four basic compo-
nents: sensing, processing, transceiver (transmitter
and receiver) and power units (usually, a battery),
as illustrated in Figure 1.

In WSNs the location estimation may enable a
myriad of applications such as inventory manage-
ment, transport, intrusion detection, road traffic
monitoring, health monitoring, reconnaissance and
surveillance.

Figure 1: Typical wireless sensor node with their
components.

One of the most know and common methods is
the commercial positioning system GPS (Global Po-
sitioning System) [4] as broadly used in our cars, al-
though GPS based localization estimation has well
known limitations in terms of size and high energy
consumption, making localization within the sen-
sors network the preferred method over the GPS.
Moreover, it cannot be used indoors, because of in-
sufficient GPS coverage.

Therefore, assuming the localization within the
wireless sensor network is the preferred method and
since the wireless links between the sensors have
highly irregular and probabilistic properties. This
way, link quality can vary significantly over time, es-
pecially in indoor environments due to human ac-
tivity and multi-path or reflexion effects. Conse-
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quently, a typical approach is to assume that only a
small number of selected nodes know their exact po-
sition a-priori or obtain the position using common
positioning systems. Then, all other nodes calculate
their position with the help of these beacon nodes.

Localization within the wireless sensor network
algorithms estimate the locations of sensors with
initially unknown location information by using
knowledge of the relative positions for a few sensors
and inter-sensor measurements such as distance and
bearing measurements.

The accuracy of localization techniques ranges
from high precision, commonly based on solving a
set of nonlinear equations, to low precision. Local-
ization methods can be divided into coarse-grained
and fine-grained algorithms, here we propose a
coarse-grained localization algorithm, which needs
only a minimum of computations, called Centroid
Localization. In the Centroid Localization method,
all non-localized nodes calculate their own position
based on the centroid of all received positions from
the other beacons, where the most reliable ones are
the Base Stations, where their position is fixed and
known in advance.

The only consideration used by the Centroid Lo-
cation method to calculate the distance informa-
tion in Centroid Location is the binary information
whether the unknown node is in the communica-
tion range of a beacon or not, where the location in
known of this beacon in advance. Centroid Loca-
tion assumes a circular area with the center being
the beacon’s location as communication range.

This approach has some pitfalls that can occur as
the following extremes: the beacons listens to all the
possible neighbors, since their radio signal covers all
the map, in this case the estimated position for all
sensors is in the center of the map; the beacons
cannot listen to any neighbor or beacon, meaning
they are without any coverage, in a called ”dark”
area, in this case the sensors cannot calculate their
position.

To overcome these extreme case scenarios and
even estimate the location of sensors which are
out of a coverage from any beacon, a proposed
approach, called Modified Centroid Location, that
consists on introducing historical information on
the calculated position of the beacons and is ver-
ified using different densities on the number Base
Stations nodes (the nodes which are on fixed and
known positions), and different coverage areas of
the beacons. It has also been verified the impact of
having different weights (linear and exponential) on
the historical information for the study performed.

The centroid algorithm can be used to estimate
coordinates from the coordinates of the close nodes
within the radio signal range. The variant studied
by this dissertation considers the nodes are moving

within a known area where some nodes are fixed
with known positions considered by this as Base
Stations providing the coordinates for the rest of
the cluster network, thus giving an indication of
the direction of movement.

For this dissertation the modified centroid
algorithm was implemented in TinyOS and sensors,
also known as motes, are simulated in TOSSIM
networks (TinyOS mote SIMULATOR). TinyOS
is an operating system designed for event-driven
sensor networks and has very limited resources.
TinyOS is open source and is designed for wireless
devices with low power consumption, such as sensor
networks, ubiquitous computing and intelligent
buildings. TinyOS is often used by the sensors,
including in Wireless Sensor Networks, mainly
because of the characteristics oriented to a low
power usage.

1.1. Outline

In this work, we review the state of art for node
localization in Wireless Sensor Networks and show
how the localization protocol has the potential to
provide the robust solution that is needed. The
research challenge that we face is how to obtain a
highly accurate node locations in large scale sensor
networks deployed in complex environments, at the
lowest cost possible. Since our major focus is on the
Centroid Location Methodologies it was evaluated
the impact when introducing historical information
to this method.

In the next Section, we emphasize the main objec-
tives we would like to archive an the methods used
as base for our approach as the references analyzed
and state of art for node localization in Wireless
Sensor Networks algorithms.

In Section 3 is presented our proposed modifi-
cations to the Centroid algorithm for both static
and mobile networks and described the architecture
used to develop and perform our experiments to ver-
ify our Centroid Location approach.

In Section 4 we explain the experiments per-
formed and their results in detail.

Section 5 presents the conclusions retrieved
from the experiments performed and the we dis-
cuss the future developments to improve the results.

2. Background

The work that has been done on sensor localiza-
tion algorithms can be classified in two main cate-
gories: the range-based approaches and the range-
free approaches. These approaches differ from each
other essentially in the way distance information
is obtained. Range-based approaches are based in
distance or angle measurements, requiring the in-
stallation of specific and expensive hardware (e.g.,
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Figure 2: Sensor node example.

directive antennas). Range-free approaches only
consider connectivity information between adjacent
nodes [5, 6], as in including the Centroid Loca-
tion [1, 2].

However, there are also hybrid solutions, which
combine the advantages of range-based approaches
with the advantages of range-free approaches.
Moreover, there is either range-based or range-free
approaches combined with the use of anchor nodes,
based in MDS (Multidimensional Scaling), central-
ized or distributed, or mobile-assisted [5] and prox-
imity based map (PDM) [6] or MDS and Ad-hoc Po-
sitioning System (APS) [7]. These techniques con-
tribute to new directions in Wireless Sensors Net-
works localization as these schemes give high accu-
racy in low communication and computation cost.

Furthermore, [1, 2] proposed a method based
on the Centroid algorithm that targets mobile
networks, where the original sampling period of
the Centroid algorithm is divided into temporal
windows in order to maintain a record of past
information of the node during movement. The
selection of the anchor nodes is based on the
recorded history, allowing for the weighing of the
anchor’s coordinates in the localization process.
For example, if the number of messages received
from an anchor is decreasing that is an indication
that the node is moving away from it. Even if
the target were mobile networks, with or without
control movement, the method also proved to
increase the accuracy of the Centroid algorithm in
static networks.

2.1. Localization Method

Extensive work has also been done on modeling
RF propagation and deploying systems based on
received signal strengths [8, 9, 10, 11]. These sys-
tems require mapping signal strengths to distances
based on known radio characteristics. This type of
approach is highly dependent on signal propagation
in the environment as well as individual antenna
and receiver specific properties.

The research reported in [3] describes a range-free
localization technique where each mobile node de-

rives the position by calculating the center of the lo-
cation of all beacons it hears. If beacons are placed
well, localization errors can be decreased [12], but
this is not possible in all environments. One option
to improve the pure centroid algorithm would be to
add an RSSI factor to the location computed.

Utilizing information from the environment
would perhaps be the most basic and frequently
overlooked source of localization information. Many
of these environmental features such as background
noises slowly changes over time, hence it becomes
significantly difficult to uniquely calculate a large
number of locations. Therefore, it requires the use
instantaneous time synchronized sensor features to
correlate with nearby locations. Hence, we do not
require a database and the approach does not suf-
fer from slow changes in the environment over time,
and this way reduces the error.

The accuracy of localization techniques ranges
from high precision, commonly based on solving
a set of nonlinear equations, to low precision. In
the methodology proposed by [3] the localization is
divided into coarse-grained and fine-grained algo-
rithms and proposed a coarse grained localization
algorithm, which needs only a minimum of compu-
tations, called Centroid Localization (CL) [4]. In
CL, all non-localized nodes calculate their position
as the centroid of all received beacons positions.
In [12] studied the precision of CL.

2.2. Centroid Localization

The pure CL does not utilize the Received Signal
Strength Indicator (RSSI) or any other parameter,
indicating the distance between a beacon node and
an unknown. The only kind of distance informa-
tion used in CL is the binary information whether
the unknown is in the communication range of a
beacon or not. CL assumes a circular area with
the center being the beacons location as communi-
cation range, i.e. unit disc graph model. Figure 3
depicts the communication ranges of four beacons,
arranged as described above. It is shown that thir-
teen Intersection Areas (IAs) can be distinguished
where an unknown node can be localized.

The CL uses the location information of all bea-
cons in range to calculate the position as the cen-
troid of the received beacon positions, as shown in
equation 1. Here, Pi(x, y) indicates the position of
unknown node i given by its two dimensional coor-
dinates. The known position of beacon j is given by
Bj(x, y). The number of beacons which are within
the communication range of the unknown node is
indicated by m.

Pi (x, y) =
1

m

m∑
j=1

Bj (x, y) (1)
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Figure 3: On Centroid Location nodes assign them-
selves to a cell by listening to messages from the
beacons. Then, the node localizes itself at the esti-
mated centroid of the according cell.

A node which is situated within one of the
interception areas will calculate its position at
one single point, regardless of its exact position
within the interception area. For each interception
areas exists such an localization point which is the
centroid of the beacon positions in range. This
behavior leads to a relatively high localization
error, given as the Euclidian distance between the
exact position of a sensor node and its calculated
position. This is the main concept of the model
proposed by us.

3. Modified Centroid Location

The CL methodology can only be used when the
sensors are static, although when the sensors are
moving the CL method must implements samples
on the position during the movement. The method
proposed in the current dissertation approaches the
introduction of historical information for the com-
putation of the position for the motes to overcome
the limitations of the pure Centroid Location, re-
ferred here as Modified Centroid Location. To ver-
ify the approach different densities on the number
Base Stations (beacons) nodes (the nodes which are
on fixed and known positions broadcasting their lo-
cation) within the map, and using different coverage
areas (signal power), also was included. Further-
more, it has also been verified the impact of having
different historical weights values (uniform, linear
and exponential) on the study performed.

The test environment used in all the cases was
created on a limited area where the nodes perform
the movement and calculates the position relative
to the beacons with known position which are con-
sidered the Base Stations. This limited map area
has dimensions 650 × 650. Also, in all the simula-
tions has been considered 9 nodes moving and on
several densities for the Base Stations (number of
beacons): 8, 16, 25, 36, 49, 56, 64, 72, 81, 100; using
different coverage areas: 100, 200, 300, 400.
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Figure 4: Movement of the motes on the simula-
tion environment: Mote 1 in red (thin); Mote 2 in
green (thin); Mote 3 in blue (thin); Mote 4 in yel-
low (thin); Mote 5 in red (thick); Mote 6 in green
(thick); Mote 7 in blue (thick); Mote 8 in yellow
(thick); Mote 9 in gray; The × are the square lim-
its and the • are Base Stations examples.

Furthermore, it has been verified the impact of
the historical information on the error of the calcu-
lated location and also impacts when implementing
the intercommunication between motes making by
this way all the nodes beacons.

3.1. Model Used

To perform the simulation 9 different nodes that
move within the limited area, were used. This lim-
ited area is a square with dimensions of 650 × 650
where the Base Stations are placed. The Base Sta-
tions were equally distributed during the simula-
tions cases, as much as possible, within the square
to grant the maximum coverage area possible within
the simulation area and this way maximize the ef-
ficiency of the expected results. The motes move-
ments path were predefined and can be seen on Fig-
ure 4. The same path of the motes was used in all
the cases in order to be able to compare always the
same movements and reduce the variables changed
when comparing the results.

As visible by the map image on Figure 4, some
of these motes have a more predictable movement
while others motes have a more random move-
ment. This random movement has been created
by a script, which gives higher priority to the for-
ward movement, since is assumed that an animal
(a possible real utilization for the sensors) moves
more often forward then backwards. By these va-
riety on the movements there has been created to
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certain extent a broad representation for a sensor
movement.

Furthermore, as is visible in the map image, the
movement of the motes does not have uniform be-
havior in terms of velocity, meaning that the speed
is not the same in all the cases. Moreover, the def-
inition of speed in TinyOS is not clear since the
Operating System is event driven, and does not
relies on predictable number of CPU cycles, that
represents time. Therefore we use displacement be-
tween samples for the mote movement, as further
explained on Section 4.1, although the displacement
gives us the idea of speed during the paths of the
different motes.

Our experiments were based on the pure Centroid
Model, which has been explained in Section 2.2 and
implemented according to Formula 1. For our case,
the Modified Centroid Location method introduces
the history of the previous positions, which is in-
cluded in the formula for the Modified Centroid Lo-
cation. In our experiments three different comput-
ing weights of the historical information have been
considered: uniform historical weight, linear histor-
ical weight and exponential historical weight.

This way, to perform the calculation for mote po-
sition, the Modified Centroid Method includes the
historical information where the following formulas
are used. Here P

′

i (x, y) indicates the position of un-
known node i given by its two dimensional coordi-
nates. The calculated positions using the pure Cen-
troid where calculated using the Formula 1 and are
given by Ph(x, y), where h are previous calculated
positions, starting from the oldest position (mean-
ing P0(x, y) is the oldest position and Ph(x, y) is the
last position calculated). This way the more recent
positions have higher weights.

Based on the previous, the formula for the case
when the historical information is used with uni-
form weight, is given by:

P
′

i (x, y) =
1

h + 1

h∑
k=0

Pk (x, y) (2)

In this case all the previous historical positions
have the same weight and even the same as the last
computed position.

For the case when the historical information is
used with linear weight, the formula becomes the
following:

P
′

i (x, y) =
1∑h

k=0(k + 1)

h∑
k=0

(k + 1) × Pk (x, y)

(3)
For the linear historical weight, the current com-

puted position has higher weight then the previous
and so forth.

In the case when the historical information is used
with exponential weight:

P
′

i (x, y) =
1∑h

k=0(k + 1)k+1
×

×
h∑

k=0

(k + 1)k+1 × Pk (x, y)

(4)

The exponential historical weight increases even
more the weight of the last position over the previ-
ous computed one(s).

In all the cases, the node, which is situated on
the interception area, computes the position at one
single point, based on Centroid Location method
and adds to this calculation the historical positions
of the mote.

4. Experimental Evolution

The simulation to perform our experiments was im-
plemented using TinyOS, with the help of TOSSIM
that easily allows debugging, testing, and analyz-
ing the algorithms implemented in a controlled and
repeatable environment that allowed extended anal-
ysis on the results. As TOSSIM runs on a normal
PC, the TinyOS code can be tested using debug-
gers and other regular development tools, such as
python and C++.

In our case python [13] was chosen to interact
with TOSSIM, due to its solid and powerful func-
tionality and a relative small quantity of lines of
code, which makes it less prone to issues and is easy
to debug. This way, the python program language
allowed to compute and process the mote position
information for each single iteration step, making
it possible to simulate the movement of the motes
relatively to the beacons nodes within the closed
environment map area as specified in Figure 4.

Python is part of the automated simulation
implemented and, using the interaction with the
TOSSIM, allows verification if the mote is within
the coverage area of the various Base Stations or
beacon motes, as required for the Centroid method.
This way, triggering the TOSSIM accordingly and
for each interaction allowed the mote to calculate
its position based on the communication messages
exchanged with the Bases Stations and with the
historical data to implement our Modified Centroid
method. At the end of the simulation the error
is calculated by the difference between the real
position where the mote is and his computed
position, based on the Centroid Modifed Method
as described in Section 3, using the Formulas 2, 3
and 4, considering uniform, linear and exponential
historical weight, respectively.
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Mote 1 2 3 4 5 6 7 8 9

Max 17.68 17.68 7.07 87.5 24.75 14.14 13.97 12.91 14.02
Min 12.5 12.5 0 0 7.5 1.04 1.04 1.16 1.06
Ave 13.89 12.89 5.83 13.22 17.28 6.42 6.47 6.22 6.6

Table 1: Motes displacement to give idea about the
mote velocity.

4.1. Experiments Description
In the simulation model used the Base Stations send
multicast (without acknowledge message) messages
with their location, which is received by the motes
within their coverage area. In our simulation it has
not been introduced any field topology effects re-
sulting in variations on the radio noise, only a sim-
ple white noise is considered for communication.

During all the simulations performed, the motes
movements have always been the same, as de-
scribed on the Figure 4 from Section 3.1. The tests
performed were based on variations of the Base
Stations power, to have different coverage areas,
and/or Base Stations density in map (the number
of the Base Stations), this way makes possible to
understand the effect of these changes (power and
density of the Base Stations) on the error rate of
motes calculated positions using the pure Centroid
and the Modified Centroid algorithms when com-
paring to their real mote position.

To make the motes movement as much random
as possible, a script has been developed that gener-
ates a pseudo random movement with higher prob-
ability for the forward movement, since normally
the animals have higher probability to move for-
ward. In Figure 4 can be seen that some of the
motes have different velocity for their movements
and some of then even have a almost random move-
ment (where the backward movement has less prob-
ability to occur). Since TinyOS is an event driven
OS, we consider the different movement displace-
ment (the length measure between each step or it-
eraction) to give an idea about the mote’s velocity.
The motes displacement can be seen in high level
on the Table 1.

The simulations have been executed with differ-
ent values on the base stations power that covers
the an area of 100, 200, 300, 400, and the number
of base stations 8, 16, 25, 36, 49, 56, 64, 72, 81, in
the square placed at known positions, on the map
with 650 × 650. We have also centroid simulation
where it has been included the case when the mov-
ing motes also broadcast their position (with the
position the mote has calculated for it self, which
due to location errors might differ from their real
position) and, this way, become beacons also with
a power that covers the area of 200. As final it has
been simulated the effect of inclusion of the history
of the previous 1, 3, 5 positions the motes have cal-
culated, using 3 different weights for the history of
the locations. Considering all these possibilities, it

Figure 5: Error evolution for all the cases under
study, with 8, 16, 25, 36, 49, 56, 64, 72, 81 number
of Base Station beacons with 70, 100, 200, 300, 400
Coverage.

Note the x axis mentions the case considered, where H0
means no history (pure Centroid Method), the number after
BS means the number of Base Stations, and the number after

Cov means the coverage value considered.

gives 504 different test cases for all the 9 motes, 4536
different cases in total to consider, all performed on
a automated script to generate the results consoli-
dated on a Excel file and on a database.

Due to the different cases used on the movement,
the different locations of the Base Stations, and
with the different coverages used some times the
beacons can get to ”dark” areas, areas where the
beacons do not receive any broadcast information
from any neighbor (either other beacon or Base Sta-
tion). These cases are also verified and considered
on the script developed, in order to include infor-
mation on the historical data.

As mentioned, to implement all these cases, we
have developed python scripts that make use of
the algorithm implemented in NesC (that runs in
TinyOS). The simulation developed considered the
movement of the motes in at least 100 different
positions, each of them considered a different
interaction of the historical information, and their
position retrieved and evaluated in each single one
of these positions, by getting the relative position
compared to the visible base stations on that
particular position using the Modified Centroid
methodology as described on the previous chapters.

4.2. Experimetal Results

The graphic on Figure 5 presents the error for all
the cases studied (8, 16, 25, 36, 49, 56, 64, 72, 81
number of Base Station beacons with 100, 200, 300,
400 Coverage), just to give an high level idea how
the error evolves to guide us to focus on more detail
the particular case. These cases are pure Centroid
Location Method, meaning no historical informa-
tion has been considered.
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Figure 6: Best Case (49 Base Stations) with linear
historical effect for different Base Stations coverage.

Note the 0 means no history (pure Centroid Method), 1P1
means 1 previous historical position, 3P1 means 3 previous

historical positions and 5P1 means 5 previous historical
position, always using linear weight.

From the graphic on Figure 5 is visible the in-
crease of the Coverage (coverage power the Base
Station beacons) increases the error. This error in-
crease is caused by the fact the Centroid Method
tends to assume the motes are in the center of the
square area, by definition. It is also visible that
the increase of the density of Base Station beacons
does not always reduces the error on the position
calculation, showing that there is a optimal num-
ber amount of Base Stations which provides a best
result. From the graphic, the best results occurs
when the Coverage is 100, and the density for the
number of Base Station beacons is 49.

Considering the best case for the Centroid
method, where the density (the number) of Base
Stations is 49 within the square area and Coverage
of the Base Stations is 100, further analysis has been
focused in more detail this scenarios with different
perspectives.

At first, it can be seen the effect of our modifi-
cation of the Centroid Location Method where is
taken in consideration linear weighted history in-
formation of the previous steps positions. Here we
have considered 1, 3, and 5 previous steps and those
are mentioned as 1P1 - 1 previous historical step,
3P1 - 3 previous historical steps and 5P1 - 5 previ-
ous historical steps. This evaluation can be seen in
the graphic of Figure 6.

In this case, the error reduces for higher coverage
values on the Base Station beacons and increases
for lower coverage because, since in the pure Cen-
troid Method the motes tend to get to the center of
the square with higher Coverage of the beacon, by
introduction the historical information of previous
positions on their calculation, the error is reduced.

The introduction of intercommunication between
the moving motes, makes all the nodes become bea-

Figure 7: Best case (49 Base Stations) with his-
torical effect including intercommunication between
mote, for different Base Stations coverage.

Note the 0Inter means no history (pure Centroid Method),
1Inter means 1 previous historical position, 3Inter means 3
previous historical positions and 5Inter means 5 previous

historical position, always using linear weight.

cons, reducing the error when the coverage of the
Base Stations is higher, because the mote calcu-
lates a position more distant than the center of the
square (where it tends to be in the pure Centroid
Location). At the same time, if the coverage of the
Base Stations has similar level as the coverage of the
(also moving) modes, the error is increased by their
negative influence, and gets even more if the history
of the previous positions is also taken in consider-
ation, since it increases the cumulative error, as is
seen by the graphic on Figure 7.

Looking to these two cases from the opposite per-
spective (checking the evolution of the coverage),
as expected, the error increases with the increase
of the coverage. As already mentioned the centroid
method intends to position the motes on the center
of the map, but the introduction of the historical
and intercommunication reduces the error level as
is seen by graphics on Figures 8 and 9, respectively.

A different perspective is the evaluation that can
be seen when the coverage of the Base Station bea-
cons is fixed to 100, but the density (the number) of
Base Station density varies, this effect can be seen
on the graphic of Figure 10. This case shows there
is an optimal value for the amount of base stations
that provides the best result.

This effect happens because the pure Centroid
Location methodology makes the motes to be in the
center of the visible beacons and, therefore, from
one hand, too few Base Stations beacons provide a
huge distance in average, since it tends to increases
the distance between the beacons and the mote it-
self; and on the other hand, too many Base Stations
beacons in number tends to make the mote to be
considered, again, in center of the square.

Based on all this analysis, the optimal case hap-
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Figure 8: Best Case (49 Base Stations) verifying
the coverage effect.

Note the 0 means no history (pure Centroid Method), 1P1
means 1 previous historical position, 3P1 means 3 previous

historical positions, 5P1 means 5 previous historical position,
always using linear weight, the values 100, 200, 300, 400 are

the different coverages considered.

Figure 9: Best Case (49 Base Stations) verifying
the coverage effect with intercommunication.

Note the 0Inter means no history (pure Centroid Method),
1Inter means 1 previous historical position, 3Inter means 3

previous historical positions, 5Inter means 5 previous
historical position, always using linear weight, the values
100, 200, 300, 400 are the different coverages considered.

Figure 10: Best case (coverage 100) verifying the
Base Stations density.

Note the 0 means no history (pure Centroid Method), 1
means 1 previous historical position, 3 means 3 previous

historical positions and 5 means 5 previous historical
position, always using uniform weight.

Figure 11: Best case (coverage 100) verifying the
Base Stations density with intercommunication.

Note the 0 means no history (pure Centroid Method), 1
means 1 previous historical position, 3 means 3 previous

historical positions and 5 means 5 previous historical
position, always using uniform weight.

pens in the case the number of Base Stations is 49.
More or less around this case same optimal amount
of 36, 49, 56 Base Stations is the optimal value of
density for the other Coverages values of the Base
Stations.

By introducing intercommunication between the
moving motes, making all the moving motes also
become beacons, increases the error. This effect is
visible on graphic of Figure 11 and the error gets
even worst if the historical information is also con-
sidered. This negative impact is explained because
it increases the propagation of the error over the
next position steps.

Although by introducing weighted historical in-
formation the error does not increase that much, as
expected, the propagation of the error over the next
position steps is reduced by the lower weight of the
previous positions, as can be seen on the graphic of
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Figure 12: Best Case (Coverage 100) effect of the
Weighted Historical Information

Note the 0 means no history (pure Centroid Method), 1P1
means 1 previous historical position, 3P1 means 3 previous

historical positions and 5P1 means 5 previous historical
position, always using linear weight.

Figure 12.

From the examples shown before, it is clear the
best results come from the Pure Centroid Method.
The introduction of either linear or weighted
historical information or even intercommunica-
tion between the closest modes has a negative
impact on the calculation of their error. The best
scenario tested is when using the Coverage 100
on the Base Stations beacons and 49 Base Sta-
tions on the density of the number of Base Stations.

5. Conclusions

The objective of this thesis was to enhance and im-
prove the pure Centroid Method during the move-
ment of the beacons on a controlled environment,
which was partially accomplished as seen in Sec-
tion 3, where the best results for the method used
occurs when the Coverage is 100 and the number of
Base Stations is 49, on a field of 650 × 650, and in
this case the error is on average 10%.

It got clear form the experiments performed the
introduction of historical information increases in
certain extent the error and the historical informa-
tion has a negative impact, therefore from our point
of view should not be used in any of the cases ex-
perimented. The reason behind is related to the
accumulated error that is kept on several samples.

During this analysis it has been noticed that the
Centroid Method used on moving elements brings
higher error than the Centroid Method used on
static elements. This is caused by the fact that
the Centroid Method cannot be used during several
iterations since when a later iteration would be cal-
culated the beacon position had changed already,
even though the error is in average 10%. This er-
ror is calculated when comparing to the size of the
square limited area, where the motes are moving.

From the experiments performed the minimal
errors occur when the Coverage is 100, and the
density for the number of Base Station beacons
is 49. In this best scenario case the error has
considerable good value and drops to around 2%.
During the experiments it must be mentioned
that the great power of the language chosen,
python, which proved to help the experiments
performed that allowed to create graphics, excel
files, integrations in SQL, in a automated way.
Based on all the experiments performed during
the development of this work it was proven the
Centroid Method has the best performance when
is used on its own, without including any other
experiments, such as introduction of historical
information or intercommunication with neighbors.

5.1. Future Work

Since in our believe the major reason of the high
level value is caused by the fact the beacons are
moving and this way it cannot be implemented
several interpolations of the pure Centroid Method,
it would be suggested to understand the impact
of the speed when compared to the number of
samples when implementing more interpolations on
the pure Centroid Method, since the pure Centroid
Method seams to have good results when the
beacons are stopped. An example of a practical
usage of this work would be to know the location
of cow on the field, since the cows rarely move
backwards; a second future possible approach is to
include vectorial information on the movement to
reduce the error of the results.
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