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Abstract. Localization is a fundamental requirement for mobile robots. In order to navigate autono-
mously and perform tasks, a robot must accurately estimate its position within the environment over
time. This work aims to analyze and compare various mobile robot localization methods identified
during the literature review, including Monte Carlo Localization (MCL), Adaptive Monte Carlo Locali-
zation (AMCL), Sensor Fusion, and a combined method of AMCL with Sensor Fusion, all implemented
using the Robot Operating System (ROS 2). The study was carried out in the Webots simulator, with the
algorithms developed in Python. Each method was evaluated in terms of efficiency (location accuracy)
and performance (hardware resource consumption). The combined method of AMCL with Sensor Fu-
sion achieved the best performance in terms of position accuracy, with a root mean squared error (RMSE)
of 4–5 cm and an R² score ranging from 95.10% to 99.79% in Scenario 01, and from 68.20% to 89.65%
in Scenario 02. The Sensor Fusion method ranked second, with an average error of 4–7 cm and an R²
score of 94.22% to 99.69% in Scenario 01, and 52.27% to 81.42% in Scenario 02. Regarding hardware
usage, Sensor Fusion showed the lowest resource consumption, using around 17% of CPU and 32 MB of
RAM, followed by AMCL, which used 21% of CPU and 40 MB of RAM. The main contributions of this
work include: the application and evaluation of different localization techniques in specific simulation
scenarios, allowing for a comparative study; the use of ROS 2 and the public availability of the developed
algorithms and results in a GitHub repository, supporting further studies in Webots simulation, ROS 2,
and robot localization techniques.
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1 Introduction

The constant modernization of the industry and its pro-
duction techniques combined with industry 4.0 techno-
logies1 and mainly competitive issues show the need
to adapt so-called “traditional” factories and means of
production to reliable and more economical methods
(ODEBRECHT et al., 2020). Given this, one can re-
flect on the advantages of replacing traditional equip-
ment and robots that are large, fixed and dependent on
an operator with modern mobile robots.

1Industry 4.0 is a concept that represents industrial automation and
the integration of different technologies such as artificial intelligence,
robotics, internet of things and cloud computing with the aim of pro-
moting the digitalization of industrial activities, improving processes
and increasing productivity.

According to the paper by (FERREIRA, 2020) mo-
bile robots are more versatile because they do not need
to be fixed to work units and can be used for tasks that
do not have geographic restrictions. Robots move using
legs or wheels, they can be autonomous or not, it is pos-
sible to program them at a low or high level and they
sense the environment around them through sensors.

In paper from (PIO; CASTRO; CASTRO JÚNIOR,
2006) a mobile robot can be defined as an autonomous
agent capable of extracting information from the envi-
ronment and using this knowledge of the world to move
safely in a meaningful and intentional way, acting and
executing tasks. For the robot to be able to perform
these tasks, it is necessary to use sensors (devices that
allow the robot to collect information from the environ-
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ment), an analogy can be made with the human being
and say that the sensor for the robot is like one of the
senses for humans (vision, hearing, smell, etc.), in other
words, it is through the sensor that the robot can capture
information from the environment.

Something essential for a mobile robot is the abi-
lity to locate itself in the environment. Whenever it is
necessary to move from one point to another, the robot
must be able to detect obstacles, avoid them and achieve
its objective. If the environment is known, this problem
can be summarized as trajectory planning, whereas if
the environment is unknown, the robot must act reacti-
vely to what is detected through the sensors (MARCHI
et al., 2001).

According to (COUSINS, 2010) due to the comple-
xity of modern autonomous mobile robots, it is neces-
sary to simplify systems integration and have a set of
tools that can manage this complexity to facilitate robot
development. ROS (Robot Operating System) provides
functionality for hardware abstraction, device drivers,
inter-process communication across multiple machines,
testing and visualization tools, among others. Further-
more, a mobile robot application using ROS can be ea-
sily adapted to work with other types of robots.

Therefore, this paper aims to carry out a review of
the existing literature on the methods used to localize
mobile robots with ROS, implement some in a simula-
tor to obtain results that can describe their performance
in a quantitative and qualitative way and compare the
results obtained to provide an overview for new rese-
archers in the area and serve as auxiliary material in
teaching mobile robotics.

1.1 Objectives and Contributions

The main objective of this work is to analyze and com-
pare mobile robot localization methods using ROS,
in addition to identifying the most used localization
methods with ROS through a literature review and se-
lecting 03 (three) of them for further study, combining
two methods aiming to improve position accuracy, im-
plement the selected techniques using ROS in a simu-
lator, and analyze the results obtained when implemen-
ting these techniques.

Follow are highlight the contributions of this paper:

• The use of different localization techniques for
mobile robots, applied in two different scenarios in
order to enable a comparative study between them.

• The use of ROS, which is a widely used mid-
dleware for mobile robotics due to its modula-

rity and ability to abstract a complex problem
into smaller steps and carry out communication
between the robot’s different sensors.

• The availability of algorithms and results in a
GitHub repository 2, which can be used for stu-
dies of the simulator used, ROS2 and techniques
of localization in robotics.

1.2 Organization of the Paper

This paper is organized as follows. Section 2 presents
the theoretical foundation. Section 3 presents the mate-
rials and methods for developing the research. Section 4
presents the results obtained with the implementation
of localization methods for mobile robots using ROS
2 in the Webots simulator are presented and discussed.
Section 5 presents discussions and comparisons of the
implemented methods. Finally, Section 6 presents the
research conclusions as well as suggestions for future
work.

2 Theoretical Foundations

This section presents some theoretical foundations such
as mobile robotics, ROS and main localization techni-
ques used for mobile robots.

2.1 Mobile Robotics

An autonomous mobile robot is a system that opera-
tes in a partially unknown or unstructured environment.
This means that the robot must be able to navigate even
in the presence of noise and avoid possible obstacles
(ALATISE; HANCKE, 2020). Robots can sense the en-
vironment and make decisions that allow them to per-
form their tasks efficiently, effectively and safely. Due
to these characteristics, the deployment of these robots
has occurred in various fields such as personal homes,
industries, hospitals, schools, exploration of unknown
lands, rescue operations and many other areas (NILOY
et al., 2021).

Mobile robot architectures can be classified accor-
ding to some characteristics such as structure (cen-
tralized and distributed), reasoning (reactive, delibe-
rative and hybrid), decomposition and encapsulation
(based on behavior and based on functional modules)
(NAKHAEINIA et al., 2011).

In mobile robots with a centralized architecture, all
decisions are made locally, that is, to make any deci-
sion, data from the robot’s sensors will be analyzed; it

2<https://github.com/savio-dev/analise_localizacao_ros>
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acts autonomously based solely and exclusively on the
information collected during its foray into the environ-
ment. (TZAFESTAS, 2018).

According to (SILVA; ROCHE; KONDOZ, 2018),
a typical autonomous mobile robot/vehicle is compo-
sed of three main technological components: a map-
ping system that is responsible for detecting and un-
derstanding objects in the surrounding environment; a
location system with which the robot knows its current
location at any time, and the third component respon-
sible for decision making. Other authors such as (PA-
NIGRAHI; BISOY, 2021) and (SIEGWART; NOUR-
BAKHSH; SCARAMUZZA, 2011) consider four com-
ponents: perception, localization, cognition and move-
ment control.

In the perception module, the robot extracts signifi-
cant data by interpreting its sensors. In the localization
phase, the robot estimates its current location in the en-
vironment using information obtained from the sensors.
In the cognition module, the robot must perform some
type of calculation to plan the route it should take, and
the chosen route needs to avoid obstacles along the way.
The motion control phase allows the robot to achieve its
desired trajectory by modifying its motor outputs. This
model with four modules is represented in Fig. 1.

It can be seen from Fig. 1 that these four phases do
not occur just once, but rather cyclically, while the robot
is in operation, whenever it finishes its planned actions
it returns to the phase of perception, in which you cap-
ture information from the environment and can use it to
plan your next steps or check whether you have already
achieved your goal. These two views can be considered
equivalent, the only difference being the level of detail
of each phase. It is clear that the mobile robot constan-
tly needs to know its current location to be able to na-
vigate accurately in the environment and carry out the
planned route. According to (NILOY et al., 2021), na-
vigation offers the most difficult challenges for mobile
robots. This can be described in four steps:

1. Environmental Modeling (Mapping);

2. Location;

3. Path planning;

4. Avoid obstacles.

2.2 Location

Localization is a basic requirement of a mobile robot.
To be able to navigate autonomously and carry out its

activities, it must accurately understand its position in
the environment over time (DOURADO JUNIOR et al.,
2019). The localization challenge consists of estimating
the position and orientation of the robot through infor-
mation acquired by sensors and other systems (ALA-
TISE; HANCKE, 2020).

There are many strategies to solve or even avoid
this location problem. For example, according to (SI-
EGWART; NOURBAKHSH; SCARAMUZZA, 2011),
using a pre-defined solution, you can make a robot go
from point A to point B without the robot needing to
know its current position. However, this type of solu-
tion is highly dependent on the environment, that is, it
only applies to a certain environment and if it is neces-
sary to move the robot, it is necessary to carry out all
the programming again, which makes it unfeasible for
most mobile robot applications.

In (CAMPBELL et al., 2020) some common ap-
proaches for robot localization were presented, among
which the following can be highlighted:

1. GPS, which works through satellite navigation
systems;

2. Odometry, which calculates the robot’s position
through the use of an encoder that measures the
rotation of the wheels;

3. Inertial navigation system (INS), which works in
a similar way to odometry, has the advantage of
not requiring any initial reference point, however,
it is not suitable for carrying out localization over
long periods due to accumulation errors, and is of-
ten used to complement other localization methods
such as vision systems or GPS;

4. Map based location.

According to (SIEGWART; NOURBAKHSH;
SCARAMUZZA, 2011), if the GPS (Global Positi-
oning System) system had an accuracy in the range
of centimeters or millimeters, much of the location
problem would be avoided. The GPS would tell the
robot its exact position, inside and outside the house
and the answer to the question "where am I?"would
always be available. However, the accuracy is currently
several meters and this is unfeasible for mobile robots,
on a human scale or in miniature.

Additionally, GPS does not work indoors or in obs-
tructed areas due to potential obstacles that could block
the connection with satellites. But, if we look beyond
these limitations, we can see that the robot’s location
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Figure 1: Diagram of component modules of an autonomous mobile robot.

implies more than just knowing someone’s absolute po-
sition on Earth. Considering a robot that is interacting
with humans, it would need to identify its absolute po-
sition, but its relative position to humans, other robots
and objects, is equally important.

2.2.1 Map-based location

A possible solution to the localization problem is the
use of map-based techniques, in this approach the robot
tries to locate itself using data collected from the sen-
sor, which is used to update a belief (estimate) about its
position in relation to a map. of the environment. Ac-
cording to (SIEGWART; NOURBAKHSH; SCARA-
MUZZA, 2011), the main advantages of map-based
systems are the following:

• The explicit map-based concept of position makes
the system’s belief about position available trans-
parent to human operators.

• The existence of the map itself represents a means
of communication between humans and robot: the
human can simply give the robot a new map if the
robot goes to a new environment and if the robot
creates a map it can also be used by humans.

The disadvantages of map-based positioning are the
requirements for sensor accuracy and the need for there
to be stationary, easily distinguishable features that can
be used for comparison.

An example of the map-based architecture is shown
in Fig. 2 it can be seen that the data obtained by the
sensors are interpreted in the perception layer, and this
information is used to build the map and locate the robot
on this map, after these steps the robot is able to plan
the route and move around the environment using its
actuators.

A general localization scheme for mobile robots
using maps is represented in Fig. 3, as previously sta-
ted, the localization problem consists of estimating the

Figure 2: Map-based architecture.

position and orientation of the robot. To perform this
task, the robot must have information about the map of
the environment, use some technique, such as odome-
try, to predict the robot’s position, obtain information
from sensors that can assist in the process of verifying
whether the estimated position matches with the charac-
teristics observed in the environment and thus be able to
update your position estimate.

You can define the position p of the robot as follows:

p =

xy
θ

 , (1)

where x represents the horizontal axis, y represents the
vertical axis and θ represents the angle.
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Figure 3: General localization scheme for mobile robots.

For a robot with differential wheels (such as the e-
puck robot used in this work) the current position can
be estimated from a known initial position, adding the
incremental displacement distances:

∆x = ∆s cos(θ +
∆θ

2
), (2)

∆y = ∆s sin(θ +
∆θ

2
), (3)

∆θ =
(∆Sr −∆Sl)

b
, (4)

∆s =
(∆Sr +∆Sl)

2
, (5)

where (∆x; ∆y; ∆θ) represent the path taken in the last
sampling interval ∆t, the distance traveled by the right
wheel is represented by ∆Sr and the distance traveled
by the left wheel is represented by ∆Sl and b is the
distance between the wheels.

The updated position p′ can be calculated as fol-
lows:

p′ =

x′

y′

θ′

 =

xy
θ

+

∆s cos(θ + ∆θ
2 )

∆s sin(θ + ∆θ
2 )

∆θ

 (6)

Replacing ∆θ and ∆s, we have:

p′ =

xy
θ

+


(∆Sr+∆Sl)

2 cos(θ + (∆Sr−∆Sl)
2b )

(∆Sr+∆Sl)
2 sin(θ + (∆Sr−∆Sl)

2b )
(∆Sr−∆Sl)

b

 (7)

The position error grows over time due to inte-
gration errors of the uncertainties of p and the mo-
tion errors that occurred during the motion increment
(∆Sr; ∆Sl). (SIEGWART; NOURBAKHSH; SCA-
RAMUZZA, 2011).

2.2.2 Belief representation

According to (SIEGWART; NOURBAKHSH; SCA-
RAMUZZA, 2011), a fundamental issue that differen-
tiates map-based localization systems is representation.
There are two specific concepts that the robot must re-
present, the map and its belief (estimate) regarding its
position on the map. To draw the map, it is necessary to
question which aspects of the environment should be re-
presented and the level of fidelity of the map in relation
to it. To represent the belief in relation to its position on
the map, it is necessary to decide whether the robot will
identify a single position as the current one or whether
it will describe its position in terms of a set of possible
positions.

Probabilistic robotics represents beliefs through
conditional probability distributions. A belief distribu-
tion assigns a probability (or density value) to each pos-
sible hypothesis regarding the true state. Belief distribu-
tions are posterior probabilities on state variables con-
ditional on the available data. Let us denote belief about
a variable state xt by: bel(xt) = p(xt|z1:t, u1:t), where
the values of zt represent the data of measurement, ob-
tained from camera images, laser ranging scans, etc.
And the values of ut represent control data obtained
from information such as the robot’s speed and odome-
ters (THRUN; BURGARD; FOX, 2006).

According to (THRUN; BURGARD; FOX, 2006)
the most general algorithm for calculating beliefs is gi-
ven by the Bayes filter algorithm. This performs the
calculation of a belief (bel(xt)), generally made from
measurements and control data. Furthermore, it is a re-
cursive filter, which means that the belief at a given ins-
tant t is calculated based on the belief at a past instant
t−1. As can be seen in the Algorithm 1 the Bayes filter
is composed of two main steps, which are the prediction
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step: bel(xt) and the correction step: bel(xt).

Algorithm 1 - Bayes filter
Function Filter_of_Bayes (bel Xt−1), ut, zt:

1: For all xt do
2: bel(xt) =

∫
p(xt|ut, xt−1)bel(xt−1)dx

3: bel(xt) = ηp(zt|xt)bel(xt)
4: end

return: bel(xt)

Other examples of probabilistic localization are
Markov Localization and Kalman Filter Localization,
in both approaches the total probability theorem is ap-
plied in the update phase of the forecast. However,
Bayes’ rule is used to update perception (SIEGWART;
NOURBAKHSH; SCARAMUZZA, 2011).

2.3 Robot Operating System

ROS (Robot Operating System) is an open source soft-
ware for developing robotic applications, ROS offers a
standardized software platform for developers in all in-
dustries that will take them from research and prototy-
ping to deployment and production (MACENSKI et al.,
2022).

Among the main characteristics of ROS, the fact
that it has a global community of developers for more
than 10 years stands out, it has reliability proven by
several researches in robotics and it provides a set of
tools, libraries and resources to accelerate the develop-
ment of the robotic application allowing also integration
with existing software.

The open source framework operates as a structured
communications layer above the host operating system,
making it possible for robots on a network to commu-
nicate and work together. The main goal is to provide
an efficient approach to robotics research and develop-
ment, as the workflow can vary greatly across different
projects.

At the heart of any ROS system is the ROS graph.
The ROS graph refers to the network of nodes in a ROS
system and the connections through which they com-
municate.

2.3.1 Nodes

Each node in ROS must be a module responsible for a
single purpose (e.g. a node to control wheel motors,
a node to control a laser rangefinder, etc). Each node
can send and receive data to other nodes through topics,

services, actions or parameters. A complete robotic sys-
tem is made up of several uniquely named and therefore
identifiable nodes. This ensures better fault tolerance,
as faults are isolated to individual nodes, which can be
easily traced.

Topics are vital elements of the ROS graph that act
as a bus for nodes to exchange messages. A node can
publish data to any number of topics and simultane-
ously have subscriptions to any number of topics.

2.3.2 Services

Services are another method of communication for no-
des in the ROS graph. Services are based on a request/-
response model, versus the publisher-subscriber model
of topics. While topics allow nodes to subscribe to data
streams and obtain continuous updates, services only
provide data when specifically called by a client.

2.3.3 Actions

Actions are one of the types of communication in ROS
2 and are intended for long-running tasks. They consist
of three parts: a goal, feedback and a result.

Actions are built on topics and services. Their func-
tionality is similar to services, except that actions are
preemptable (you can cancel them while they are run-
ning). They also provide constant feedback, unlike ser-
vices that return a single response.

Actions use the client-server model, an “action cli-
ent” node sends an objective to an “action server” node
that recognizes the objective and returns a stream of fe-
edback and a result.

2.4 Localization Methods using ROS

With the aim of selecting the most used localization
methods with ROS, a systematic review of scientific li-
terature was carried out on the Web of Science, Science
Direct and IEEE Xplore and Scopus platforms. The
selected works were analyzed and compared following
some criteria described in Table 1.

2.4.1 Selected Works

(BELKIN; ABRAMENKO; YUDIN, 2021) discuss the
main features of the proposed modular approach for
lidar-based localization and propose a new procedure
for evaluating the robot’s initial position based on the
modified Monte Carlo localization method. The ap-
plication of the proposed modular approach showed a
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Table 1: Main Location Methods.

Author Envir. Method Sensor Platform
(CHIKURTEV et al., 2021) Outdoor MC Local Adap. Lidar Nvidia AGX Xavier
(CHIKURTEV et al., 2021) Indoor AMCL Lidar and GPS Not identified
(CHUNG; LIN, 2022) Indoor AMCL adapted Lidar K1 4Core, 2G RAM
(CHAME et al., 2018) Outdoor ANN SF DGPS, SONAR Ubuntu 16.04
(FRANCHI et al., 2021) Outdoor MAP USBL and GPS i7-16 GB RAM
(GUAN et al., 2020) Indoor VLP Camera CMOS Raspb Pi 3, 1 GB RAM
(GUNAS et al., 2018) Indoor AMCL Laser Dell laptop
(HOUSEIN et al., 2022) Indoor SF EKF Odometry, LIDAR Not identified
(JIANG et al., 2018) Indoor EKF adapted Kinect and Laser Intel 847 Dual Core
(JONASSON et al., 2021) Indoor ALOAM LIDAR, RADAR Nvidia Jetson Nano
(KAYHANI et al., 2022) Indoor SF EKF Camera and IMU Not identified
(KING et al., 2021) Outdoor Sound local Microfone, LIDAR Not identified
(LI et al., 2021) Indoor SLAM Camera 3.3 GHz 16 GB RAM
(OğUZ-EKIM, 2020) Indoor SRD-LS Lidar Xeon 4-Core 8 GB RAM
(OISHI et al., 2019) Outdoor SeqSLAM++ 3D LIDAR, Camera Not identified
(PEEL et al., 2018) Outdoor AMCL, SLAM Lidar Raspberry Pi
(RIZZO et al., 2021) Outdoor RF RF transmitter and receiver Not identified
(SAEEDVAND et al., 2018) Outdoor LHOL IMU Intel Core i5, 8 GB RAM
(SULLIVAN et al., 2018) Indoor Localization EKF 3D Lidar Not identified
(XIAO et al., 2019) In/Outdoor Dynamic-SLAM Camera Intel Core i5, 8 GB RAM
(YILMAZ et al., 2019) Indoor SA-MCL Lidar Not identified

position error of 10 cm and an orientation error of 0.7
degrees.

(CHIKURTEV et al., 2021) They present a method
that uses data from Lidar and GPS sensors to perform
localization with the AMCL and achieved position ac-
curacy of +/- 0.93 m and orientation of 2.53 degrees.

(CHUNG; LIN, 2022) propose an improvement in
AMCL and uses 2D laser information and rangefinder
to perform the localization task. From the experimen-
tal results, the authors claim that the improved AMCL
algorithm can improve the positioning accuracy of the
robot compared to the original AMCL.

(CHAME; SANTOS; BOTELHO, 2018) propose
a neural network model called B-PR-F that heuristi-
cally performs adaptive information fusion, based on
the principle of contextual anticipation of the location
signal with ordered neighborhood processing. A simu-
lator experiment shows that the model outperforms the
Kalman Filter and Augmented Monte Carlo Localiza-
tion algorithms in the localization task.

(FRANCHI et al., 2021) present a MAP estimator
(Maximum A Posteriori) adapted for localizing AUVs
(Autonomous Underwater Vehicles) in the presence of
USBL measurements (Ultra-Short BaseLine), the solu-

tion presented showed an error maximum horizontal of
2.5 m.

(GUAN et al., 2020) present for the first time a visi-
ble light positioning (VLP) localization system. A pro-
totype system was implemented on a Turtlebot3. Ex-
perimental results show that the proposed system can
provide position accuracy in the range of 1 cm and an
average computational time of only 0.08 s.

(HOUSEIN et al., 2022) use the Extended Kalman
Filter (EKF) to perform LIDAR sensor fusion and Odo-
metry. Experimental results on the “turtlebot” robot
using ROS show a significant improvement in the ro-
bot pose compared to Odometry.

(JIANG et al., 2018) developed a cooperative hu-
man localization system in indoor environments using
a mobile robot and smartphones. An EKF-based dy-
namic localization algorithm was developed to fuse
distance measurements from the Kinect sensor and
smartphone-based acoustic range so that target positi-
ons can be estimated iteratively. Experiments showed
that the positioning algorithm was able to locate and
track moving human targets in different indoor envi-
ronments. The accuracy of the median estimate ranges
from 0.43 m to 1.12 m.
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(KAYHANI et al., 2022) propose a tags-based vi-
sual inertial localization method for common UAVs
with only one camera and one inertial measurement unit
(IMU). the proposed method estimates the global pose
of the UAV by fusing inertial data and tag measure-
ments using EKF. The root mean square error (RMSE)
ranges from 2 to 5 cm.

(KING et al., 2021) examine the feasibility of an
audiovisual methodology for locating hidden sound
sources. A four-channel microphone array is used
in conjunction with LiDAR and 2D/3D mapping to
merge estimated angles of arrival with room parame-
ters for sound source localization. Tests were carried
out in controlled and uncontrolled environments and the
method was able to find the hidden source with an ac-
curacy of 0.5 m.

(LI et al., 2021) propose a multi-robot visual SLAM
partial computing strategy, causing part of the proces-
sing to be carried out in the cloud instead of locally.
The best discharge point is given to reduce the energy
consumption and time cost of the entire visual SLAM
system.

(OğUZ-EKIM, 2020) propose a new algorithm for
robot localization based on the least squares method.
The approach describes the robot’s location in polar co-
ordinates, leading to a non-convex algorithm whose so-
lution can be found efficiently. The root mean square
error (RMSE) ranges from 2 cm to 2.2 m.

(OISHI et al., 2019) present a new approach to
vision-based localization and navigation for outdoor en-
vironments. The new method called SeqSLAM++, is an
extension of the conventional SeqSLAM so that in addi-
tion to robustly estimating the position of the robot by
comparing sequences of images, it can also deal with
changes in the direction and speed of a robot, as well as
visualize changes using angular and a Markov locali-
zation scheme. Reliability has been demonstrated in an
outdoor environment and achieved a 95.8% localization
success rate.

(PEEL et al., 2018) use Adaptive Monte Carlo Lo-
calization on a known map and this method provided
results comparable to Hector-SLAM, with error rates
lower than a defined threshold of 10 cm.

(RIZZO et al., 2021) estimate the location of a ro-
bot along a pipe with an alternative Radio Frequency
(RF) approach. The method is capable of locating a ro-
bot along a pipe by generating and detecting a periodic
signal fading pattern, without the need for a previously
known map of the scene or any substantial modification
of existing infrastructure.

(SAEEDVAND; AGHDASI; BALTES, 2018) pre-
sent a robust learning method to localize a humanoid
robot called Lightweight Humanoid robot Odometric
Learning method (LHOL). The basic learning of the
method is based on the artificial neural network (ANN)
that uses kinematic calculations, IMU (rotation and tilt
data) and the load data present internally from the robot
actuators as input data. The average error rate presented
was less than 9 cm.

(XIAO et al., 2019) present a framework SLAM cal-
led DynamicSLAM, which is a monocular visual se-
mantic simultaneous localization and mapping system
using deep learning to improve performance in dynamic
environment. The localization accuracy of Dynamic-
SLAM is higher 7.48% 62.33% than the state-of-the-
art ORBSLAM2 system and the operation performance
is improved by about 10%.

(YILMAZ; TEMELTAS, 2019) propose a new
ellipse-based energy model for the SA-MCL method
(Self Adaptive Monte Carlo Localization) to eliminate
the uniform sensor positioning constraint of the stan-
dard SA-MCL and make the method suitable for AGVs
(Autonomous Guided Vehicles) with 2D or 3D LIDARs.
It is observed that the algorithm estimated the position
of the AGV with error rates of 6.69 cm and 4.74 cm
RMSE in the x and y directions, respectively.

As can be seen in Table 1, the Monte Carlo and sen-
sor fusion methods with EKF are the most used for loca-
lizing mobile robots with ROS and for this reason these
methods are addressed in more depth in this work and
are implemented in the Webots simulator using ROS 2.

3 Materials and Methods

This work seeks to study and implement mobile robot
localization techniques in a simulated environment and
compare them. For this purpose, the Webots simulation
platform was used. This simulator allows controllers
to be programmed in C/C++ (LANCHEROS; SANA-
BRIA; CASTILLO, 2016), Python (FISHER, 2022),
Java (FARLEY; WANG; MARSHALL, 2022), Ma-
tlab (MA; LIANG; TIAN, 2020) or ROS (DOBROK-
VASHINA et al., 2022). In this work we use the API
(Applications Protocol Interface) for ROS (Robot Ope-
rating System), in relation to the ROS version, the
most recent version 2 LTS (Long-Term Support) was
used, codenamed (Foxy Fitzroy), in in conjunction with
Python version 3.8 to implement localization methods
in the simulator. Regarding the test environment, all te-
chniques were evaluated in the same scenarios, the en-
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vironment was prepared in such a way that it did not
interfere negatively with any technique and the effici-
ency of each of these localization techniques could be
analyzed and the results obtained with in relation to li-
nes of code, processing time, CPU consumption, me-
mory consumption and implementation difficulty.

The entire process was carried out on a notebook
with a 2.4 GHz Intel Core i3 processor, 4 GB of DDR3
RAM, 240 GB of SSD and the Ubuntu Linux — Focal
Fossa (20.04) 64-bit operating system.

3.1 Mobile Robot Used

The robot used in the experiments was the E-puck Mo-
bile Robot (Fig. 4). The E-puck is a miniature mobile
robot originally developed at EPFL (Swiss Federal Ins-
titute of Technology in Lausanne) for teaching purposes
by the designers of the successful Khepera robot. The e-
puck hardware and software is completely open source,
providing low-level access to all electronic devices and
offering extensive extension possibilities. The e-puck
robot is 7.4 cm in diameter, 4.5 cm high and weighs
150 g.

This section presents the navigation methods used
in this work. It should be noted that all methods were
used with noise, simulating industrial environments.

The webots_ros2 package provides the standard
URDF (Unified Robot Description Format) modeling
of the E-puck robot, requiring changes only to include
the new sensors that were added in the extension, such
as GPS and IMU.

The webots_ros2_driver package automatically cre-
ates a ROS 2 interface for almost all Webots devices
(except the IMU, as it is a combination of several devi-
ces).

The IMU is made up of three devices in Webots:

• An inertial unit device (In the simulator the inertial
unit returns only one orientation).

• A gyroscope device for measuring angular veloci-
ties.

• An accelerometer device for measuring accelerati-
ons.

As the interface for the IMU device is not created
automatically, for ROS to be able to recognize the de-
vice correctly, it was necessary to add the following plu-
gin to the URDF file:

Figure 4: Epuck Mobile Robot.

<robot name="Epuck Webots">
<webots>
<plugin type="webots_ros2_driver::Ros2IMU">

<enabled>true</enabled>
<updateRate>20</updateRate>
<topicName>/e_puck/imu</topicName>
<alwaysOn>false</alwaysOn>
<frameName>imu_link</frameName>
<inertialUnitName>inertial_unit</inertialUnitName>
<gyroName>gyro</gyroName>
<accelerometerName>accelerometer</accelerometerName>

</plugin>
</webots>
</robot>

3.2 Test Environment

To carry out the tests, scenario 01 was created in the
Webots Simulator, as can be seen in Fig. 5, which is an
environment 1.5 meters long and 1.5 meters wide, has
four walls and a set of obstacles (wooden boxes). From
the created environment, a map was generated to serve
as a reference for localization techniques. It can be seen
that the map shown in Fig. 6 has fewer details of the
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environment compared to the scenario shown in Fig. 5,
this happens because the map should only have the most
relevant information for the location, for example the
location of walls and obstacles, other information such
as the texture or color of the floor and walls are not pre-
sent on the map because are not relevant to the location
of the mobile robot.

Figure 5: Scenario 01.

Figure 6: Map relating to scenario 01.

For purposes of comparison with scenario 01, sce-
nario 02 was created, which is an environment similar

to a house plan, with walls that separate each room, as
can be seen in Fig. 7. Scenario 02 is 0.8 meters long and
0.8 meters wide, so it is considerably smaller than Sce-
nario 01. The map generated for this Scenario is shown
in Fig. 8, note that in the scenario 02, the main obstacles
are the walls and in scenario 01, the main obstacles are
the boxes, although there are also walls.

Figure 7: Scenario 02.

Figure 8: Map relating to scenario 02.

3.3 Location of Monte Carlo

Monte Carlo localization or also called particle filter is
derived from the Bayes filter. The key idea is to use
random samples drawn from the posterior probability
bel(xt). To implement the location of the particle filter,
you need the following components:

• Movement model for forecast update;

• Measurement model for measurement update;

• Particle filter for all recursive updating.
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3.3.1 Motion Model

Most robots are equipped with a wheel encoder to de-
termine how far the wheels have turned. By using this
information the robot can predict where it is positioned
after moving for a period of time.

The developed odometry model uses relative motion
information, which is the delta between the previous
and current poses, and is calculated as follows

δrot1 = atan2(y′ − y, x′ − x)− θ, (8)

δtrans =

√
(x− x′)2 + (y − y′)2, (9)

δrot2 = θ′ − θ − δrot1, (10)

where δrot1 represents the variation in rotation 1, δtrans
is the variation in translation, δrot2 is the variation in
rotation 2, x represents the horizontal axis and y repre-
sents the vertical axis.

One can predict the current pose, adding some un-
certainties to the process to model odometry errors. We
model our noise as zero-mean Gaussian as (THRUN;
BURGARD; FOX, 2006)

N(µ = 0, σ2), (11)

where σ2 is the variance and µ is the distribution mean.
The noise of the movement model is calculated by the
following functions, which have error parameters α1 to
α4 (robot-specific errors and determine the error accu-
mulated with the movement)

δrot1 = δrot1 − noise(α1δ
2
rot1 + α2δ

2
trans), (12)

δtrans = δtrans − noise(α3δ
2
trans+

+α4δ
2
rot1 + α4δ

2
rot2),

(13)

δrot2 = δrot2 − noise(α1δ
2
rot2 + α2δ

2
trans), (14)

where α1, α2, α3 and α4 have the following values res-
pectively for this specific model (0.001; 0.001; 0.01;
0.001).

The predicted state is calculated as follows

x′ = x+ δ̂trans cos(θ + δ̂rot1), (15)

y′ = y + δ̂trans sin(θ + δ̂rot1), (16)

θ′ = θ + δ̂rot1 + δ̂rot2. (17)

3.3.2 Measurement Model

Measurement models describe the formative process by
which sensor measurements are generated in the physi-
cal world. Formally, it is defined as a conditional proba-
bility distribution: p(zt|xt,m), where xt is the position
of the robot, zt is the measurement at time t, and m is
the map of the environment.

When you know where the endpoints are on the
map, you can calculate the probability of them being
true. When there are no obstacles, information has no
meaning and is therefore discarded.

To calculate the end points on the map, the fol-
lowing equation was used (

xz
k
t

yzkt

)
=

(
x

y

)
+

+

(
cos θ − sin θ

sin θ cos θ

)
+

(
xk, sens

yk, sens

)
+

+zkt

(
cos(θ + θk, sens)

sin(θ + θk, sens)

)
,

(18)

where zkt is the sensor measurement, (xk, sens
yk, sens) is the relative location of the sensor with res-
pect to the robot and (θk, sens) is the orientation of the
sensor in relation to the robot’s direction.

3.3.3 Particle Filter

The particle filter works by estimating the true pose
using a set of particles/samples. The denser the area, the
more likely it is to be close to the true pose. The particle
filter algorithm used is presented below in Algorithm 2,
in which basically two main steps occur, predicting the
movement and updating the sensor measurement.

Algorithm 2 - Particles filter
Function Particles_Filter (Xt−1, ut, zt, m):

1: Xt = 0
2: For m = 1 → M do
3: xm

t = movement_update(ut, xm
t )

4: wm
t = sensor_update(zt, xm

t ,m)
5: end

return: Xt

3.4 Sensor Fusion

To perform sensor fusion with ROS, the ro-
bot_localization package was used. This package con-
tains state estimation nodes such as EKF_Localization
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(Extended Kalman filter) and UKF_Localization
(Unscented Kalman Filter). Furthermore, it allows
the fusion of an arbitrary number of sensors and it is
possible to configure the customization of input data
per sensor, that is, if a given sensor message contains
data that you do not want to include in your state
estimation, the state estimation in robot_localization
allow you to exclude this data per sensor. To use
this package and perform sensor fusion, the first step
is to check whether the sensor data complies with
ROS standards. The two most important REPs (ROS
Enhancement Proposals) to be considered are

• REP-103 (Standard Units of Measurement and Co-
ordinate Conventions);

• REP-105(Coordinate frame conventions).

The sensors are configured in the ekf.yaml file,
where you need to define whether you are working in
2D or 3D. The output frequency after the fusion, among
other configurations that can highlight the configuration
of the coordinate frames: map_frame, odom_frame,
base_link_frame and world_frame; The association of
sensors to the respective ROS topics and the individual
configuration of each sensor according to

odom0_config: [true, true, true,
false, false, false,
true, true, true,
false, false, true,
false, false, false]

The order of Boolean values is [x, y, z, roll, pitch,
yaw, vx, vy, vz, vroll, vpitch, vyaw, ax, ay, az], where
x, y and z represent the position of the robot, roll, pitch
and yaw represent orientation, vx, vy and vz represent
linear velocity, vroll, vpitch and vyaw represent angular
velocity and ax, ay and az represent linear acceleration.
The value obtained from each sensor will only be con-
sidered in the fusion if it is set to true, this way it is
possible to customize the configuration for each sensor
and obtain a better position estimate because when we
obtain two or more sources of orientation data it is pos-
sible to merge only the sensor data more accurate.

3.5 Nav2 AMCL

The ROS 2 Navigation Stack (Also known as Nav2) is
a free and open source navigation framework that aids
in the quest to find a safe way to get a mobile robot to
move from point A to point B. In other words , using

Nav2 it is possible to move the robot without using the
teleop_twist_keyboard package (package included with
ROS that moves the robot based on the key pressed) the
advantage of Nav2 is that the user informs the destina-
tion point and the robot can Draw the route and move
towards it.

AMCL (Adaptive Monte Carlo Localization) is pro-
vided together with Nav2, its operation is very similar
to the Monte Carlo implementation, but the number of
particles is variable.

The AMCL receives a map, laser scans, and trans-
formation messages, and its output represents the po-
sition estimate. At startup, your particle filter starts ac-
cording to the parameters provided. Note that due to the
defaults, if no parameters are set, the initial state of the
filter is a cloud of moderately sized particles centered at
(0,0,0).

To use AMCL it is necessary to install Nav2 and
configure an initializer providing information about the
map, configuring the robot’s initial position and the pa-
rameters used.

3.6 Combined Method of AMCL with EKF Sensor
Fusion

The implementation of the combined method of AMCL
with sensor fusion was carried out using the position
estimation output by AMCL in the topic /amcl_pose,
as input for the sensor fusion method. AMCL position
estimation and GPS and IMU sensors were combined
with the aim of improving accuracy and decreasing the
rate of position errors compared to isolated methods.

3.7 Performance Analysis

The techniques chosen for analysis are part of a subset
of those found during the literature review, aiming to
deepen the study of these techniques and take advan-
tage of the time available, only some methods will be
implemented and analyzed during this research. The
technical analysis points will be listed below

• Quantitative Analysis:

– Efficiency

– CPU consumption

– RAM memory consumption

– Average response time

• Qualitative Analysis:

– Ease or difficulty of implementation
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– Main problems encountered

The visualization of the robot while moving around
the map was carried out with RViz (ROS 3D Robot Vi-
sualizer) which is already included in the standard ROS
installation.

To analyze the RAM and CPU consumption of each
experiment, the following script was used, which uses
the Linux top command to capture information, after
which it converts to CSV format, which is compatible
with Excel, and finally the graphs were generated in Ex-
cel. from the data obtained (see Algorithm 3).

Algorithm 3 - Obtaining performance data
while Psleep 0.1;

1: do top -b -n 3 | ...
2: sed −n′8, 12s/∗//; s/ ∗ //; s/ ∗ /; /gp;; 12q′
3: » output.csv;

done

To check position errors in relation to the real posi-
tion of the robot, RMSE(oot mean squared error) was
used, calculated as follows

RMSE =

√√√√1/n ∗
n∑

i=1

(reali − predictedi)2 (19)

The performance of the methods was also evaluated
using R2 Square (Coefficient of determination)

R2 = 1−
(

n∑
i=1

(Y i− Ŷ i)2)

n∑
i=1

(Y i− Y )
, Y =

1

N

n∑
i=1

Y i, (20)

where Y i represents the actual position, Ŷ i repre-
sents the predicted position, and Y represents the ave-
rage of the actual position values.

To visualize the error graphs, PlotJuggler was used,
which is one of the best tools for visualizing time series
with ROS.

4 Results

In this section, the results obtained with the implemen-
tation of localization methods for mobile robots using
ROS 2 in the Webots simulator are presented and dis-
cussed. The visualization of the position belief in rela-
tion to the map was extracted from RViz, all localization
methods implemented are compared with each other.

After installing Webots and ROS2, the webots_ros2
package was used. This package provides the necessary
interfaces to simulate a robot in the Webots simulator
and integrate with ROS2 using messages, services and
actions.

The ROS Graph with the application architec-
ture and the relationship of ROS nodes is represen-
ted in Fig. 9. The e_puck node is responsible for
accessing the robot’s hardware and all sensors, the
monte_carlo_localizer node receives data from the odo-
metry and laser scan sensors and based on this informa-
tion, the robot’s position is calculated at the node parti-
cle_cloud, which was developed according to the algo-
rithm shown in the methodology and updates its posi-
tion reference in relation to the map. The odom_path
and mcl_path nodes are responsible for showing the
path taken by the robot according to its odometry lo-
cation history and the Monte Carlo algorithm respecti-
vely.

4.1 Location of Monte Carlo

MCL works by estimating the true pose using a set of
particles or samples. The denser the area, the more li-
kely it is to be close to the true pose. See the example in
Fig. 10, the small red arrows represent the particles and
the large red arrow is the odometry pose. Note that be-
cause MCL is a probabilistic algorithm there is no sin-
gle position belief, but a set of possible positions and
the best position probability is based on the number of
particles with similar value.

To perform the location estimation through MCL,
the initial pose of the robot is known, but not precise,
in addition, noise was added to the odometry to make
it more similar to what is found in development using
real robots. To initialize the particles, the Gaussian dis-
tribution was used, defining the initial number of 1000
particles and as we used a non-adaptive particle filter,
the number of particles remains the same throughout
the execution.

In Fig. 11 the odometry and MCL location data are
compared. The blue line is the Particle Filter path (ba-
sed on the best particle information) and the red line is
the Odometry path. Note that at some points the Parti-
cle Filter adjusts the robot’s pose, most of the time in
order to improve information about the location, howe-
ver, there were situations in which the best particle was
not in accordance with the robot’s position, as can - ob-
serve the blue line crossing an obstacle, which in this
case was impossible for the robot to do, that is, we have
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Figure 9: Application ROS graph.

Figure 10: Monte Carlo Scenario 01.

a position error in that location.
To move the robot around the map and observe the

behavior of the localization algorithm, the ROS 2 te-
leop_twist_keyboard package was used, which allows
controlling the robot remotely using commands sent via
the keyboard. When changing the robot’s position, the
position of the particles on the map was changed accor-
ding to the new position, which indicates that the algo-
rithm can update the probability of the robot’s position
according to the information from the sensors.

In Scenario 02, shown in Fig. 12, due to it being
a more closed and smaller space, a greater uncertainty
in the position of the robot was observed in relation to

Figure 11: Comparison between Monte Carlo Location and Odome-
try.

scenario 01, which is demonstrated by the number of
particles isolated and a higher number in relation to the
maximum error in Table 2. Despite the greater degree
of uncertainty, the algorithm managed to perform the
localization adequately and the average error was in the
range of 14 cm to 16 cm.

The position errors in relation to the real position
of the robot were calculated using RMSE (Root Mean
Square Error) and are shown in Figures 13 and 14,
which respectively represent the position errors in sce-
narios 01 and 02. Furthermore, the position errors are
shown in a more summarized form in Table 2. It can
be seen that the accuracy of the algorithm is very high
since even in the worst case, the average position errors
only reached 21 cm, which demonstrates its efficiency.

In order to verify the influence of the number of par-
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Table 2: RMSE Position Errors - MCL Method.

Scenario Axis Minimum Error (m) Maximum Error (m) Mean Error (m)
01 x 0.000687 0.273623 0.163671
01 y 0.000824 0.377224 0.211272
02 x 0.000228 0.362798 0.145356
02 y 0.000059 0.247096 0.160695

Figure 12: Monte Carlo Scenario 02.

ticles on the accuracy of the MCL location, the number
of particles was set to 2000 (twice the previous expe-
riment) and the results are shown in Table 3. It can
be seen that there was no great improvement in the ac-
curacy of the robot’s localization, because despite the
average error in x in scenario 02 and y in scenario 01
decreasing, the average error in x in scenario 01 and y
in scenario 02 increased. Furthermore, there was an in-
crease in computational cost and during the simulation
there was greater slowness and small crashes due to this
high number of particles. This slowness is due to the in-
crease in CPU consumption, which was close to 100%
utilization. So it can be seen that increasing the number
of particles does not necessarily mean increasing loca-
lization accuracy.

The CPU and RAM consumption of the implemen-
tation of the Monte Carlo method (with 1000 particles)
is represented in Fig. 15, which shows the percentage
of use in relation to time

Figure 13: Monte Carlo Location Position Errors Scenario 01.

Figure 14: Monte Carlo Location Position Errors Scenario 02.

4.2 Sensor Fusion

The sensor fusion method was implemented by combi-
ning information from GPS sensors, IMU and odome-
try information. Position errors are shown in Figures 16
and 17 and in Table 4. It can be seen that this method
also has good precision, with the average error between
1.8 cm and 6.7 cm and the maximum error of 10.9 cm.

The Memory and CPU consumption of this method
is shown in Fig. 18, it can be seen that there is a lower
consumption of hardware in relation to MCL. There-
fore, this method can be considered a great option to be
used in a low-cost autonomous mobile robot, as in ad-
dition to having good precision, it was the one with the
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Table 3: RMSE position errors - MCL method with 2000 particles.

Scenario Axis Minimum Error (m) Maximum Error (m) Mean Error (m)
01 x 0.000070 0.522438 0.180753
01 y 0.000014 0.397050 0.126784
02 x 0.000063 0.421328 0.135680
02 y 0.000006 1.005860 0.484136

Table 4: RMSE position errors - Sensor Fusion Method with EKF.

Scenario Axis Minimum Error (m) Maximum Error (m) Mean Error (m)
01 x 0.014792 0.067875 0.048411
01 y 0.000001 0.029779 0.009210
02 x 0.000032 0.067991 0.018865
02 y 0.043279 0.109811 0.067829

Figure 15: Memory and CPU Consumption - Monte Carlo Localiza-
tion.

lowest consumption.

4.3 AMCL

To implement the AMCL, the minimum number of par-
ticles was defined as 60 and the maximum as 2000 parti-
cles. Regarding the accuracy of position estimation, this
method presented results similar to the Monte Carlo lo-
calization method that was implemented following the
equations, as can be seen in Figures 19 and 20 and in
Table 5, the values are close to the implementation of
the Monte Carlo method using 2000 particles of fixed
shape. However, AMCL proved to be more efficient
than normal MCL due to its variable number of parti-
cles, which directly influences performance and means
it consumes less hardware without greatly increasing
position errors.

Regarding Memory and CPU consumption (Fig. 21)
although AMCL consumes less than the implemented

Figure 16: Sensor fusion method position errors in Scenario 01.

MCL algorithm, it still consumes a little more than the
sensor fusion method.

4.4 Combined Method of AMCL with Sensor Fu-
sion

The position errors are shown in Figures 22 and
23 which represent scenarios 01 and 02 respectively.
Furthermore, it is also presented in summary form in
Table 6. It can be seen that the combination of these
two methods was able to improve localization accuracy,
as it showed much smaller errors compared to AMCL
and EKF alone. Furthermore, this improvement in pre-
cision did not generate a large increase in processing,
maintaining good performance.

To implement this method, the AMCL position es-
timate was used as input for the sensor fusion method
with EKF and then this position information was com-
bined with GPS, IMU and odometry. The hardware
consumption of this method is shown in Fig. 24. It can
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Table 5: RMSE position errors - AMCL method.

Scenario Axis Minimum Error (m) Maximum Error (m) Mean Error (m)
01 x 0.000381 0.423892 0.115521
01 y 0.000201 0.255508 0.066626
02 x 0.000000 0.163444 0.055063
02 y 0.027483 0.194471 0.081509

Table 6: RMSE position errors - Combined method of AMCL with Sensor Fusion.

Scenario Axis Minimum Error (m) Maximum Error (m) Mean Error (m)
01 x 0.011004 0.062481 0.041003
01 y 0.000021 0.023302 0.009547
02 x 0.000466 0.086590 0.031224
02 y 0.020877 0.077292 0.050768

Figure 17: Sensor fusion method position errors in Scenario 02.

be seen that it has low consumption, even though it is
the result of the combination of two different methods.

5 Discussion

Table 7 shows the performance of the methods for R2
Square. It can be seen that the combined method of Sen-
sor Fusion with AMCL presents the best performance
in both scenarios (considering that for this metric the
best possible score is 100%). Regarding the MCL and
AMCL methods, although they have a low R2 Score
value, this does not mean that they are bad localization
methods, as despite the R2 Square value, both have po-
sition errors of less than 22 cm RMSE. It is understood
that these low percentages only inform that the relati-
onship between the actual value and the predicted value
is not as close as the sensor fusion method or the com-
bined AMCL fusion method.

In Table 8 we have a summary of the performance
of the methods analyzed in Scenarios 01 and 02. The

Figure 18: Memory and CPU Consumption - Sensor Fusion with EK.

method that obtained the best performance in relation to
position errors was the combined method of sensor fu-
sion with AMCL and secondly the AMCL method. Re-
garding the consumption of hardware and average res-
ponse time (TMR), the method that presented the best
performance was sensor fusion.

Comparing the results obtained with the implemen-
tation of the methods and those found in the litera-
ture review, it can be observed that the MCL method,
although it had the worst result among the methods
analyzed with a maximum error of 21 cm, presented
better precision than (CHIKURTEV et al., 2021) which
presented an error of +/- 0.93 m and (FRANCHI et al.,
2021) which presented an error of 2.5 m. The AMCL
method demonstrated similar accuracy to (BELKIN;
ABRAMENKO; YUDIN, 2021) which presented a po-
sition error of 10 cm and the sensor fusion method pre-
sented similar results to (KAYHANI et al., 2022) which
presented errors of 2 to 5 cm and (YILMAZ; TEMEL-
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Table 7: Performance of localization methods in R2 Square.

Method Scenario Axis R2 Square
MCL 01 x -11.51%
MCL 01 y -76.07%
AMCL 01 x -19.10%
AMCL 01 y 60.14%
Sensor fusion 01 x 94.22%
Sensor fusion 01 y 99.69%
Fusion combination with AMCL 01 x 95.10%
Fusion combination with AMCL 01 y 99.79%
MCL 02 x -600.00%
MCL 02 y 38.14%
AMCL 02 x 95.56%
AMCL 02 y 8.89%
Sensor fusion 02 x 81.42%
Sensor fusion 02 y 52.27%
Fusion combination with AMCL 02 x 89.65%
Fusion combination with AMCL 02 y 68.20%

Table 8: Summary location methods.

Node CPU (%) RAM (MB) TMR (s) Spindle Average Error S1 (m) Average Error S2 (m)
Monte Carlo Location 30 102.40 0.10 x 0.163671 0.145356

y 0.211272 0.160695
Sensor Fusion (EKF) 17 32.76 0.05 x 0.048411 0.018865

y 0.009210 0.067829
AMCL (Nav2) 21 40.96 0.06 x 0.115521 0.055063

y 0.066626 0.081509
AMCL/Sensor Fusion 33 73.72 0.07 x 0.041003 0.031224

y 0.009547 0.050768

Figure 19: AMCL method position errors in Scenario 01.

TAS, 2019) which had error rates of 4.74 cm to 6.69
cm. Furthermore, sensor fusion showed a better result
than (OğUZ-EKIM, 2020), where errors range from 2
cm to 2.2 m. The combined method of sensor fusion

Figure 20: AMCL method position errors in Scenario 02.

and AMCL was the one that came closest in terms of
performance to (GUAN et al., 2020), which presented
errors in the range of 1 cm.
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Figure 21: Memory and CPU Consumption - AMCL.

Figure 22: Position errors of the combined AMCL and sensor fusion
method in Scenario 01.

6 Conclusions

For an autonomous mobile robot to be able to per-
form its tasks properly, it is essential that this robot
has the ability to locate itself in the environment. Fa-
ced with this problem, this paper addressed different
localization methods applied to mobile robots, revi-
ewing the literature on the most used methods, in ad-
dition, some were selected to be implemented and com-
pared using the Webots simulator, the e-puck robot and
ROS 2 The methods chosen were: Monte Carlo loca-
lization (MCL), Sensor Fusion (EKF), Adaptive Monte
Carlo Localization (AMCL) and the combined method
of AMCL with sensor fusion. The method that achie-
ved the best performance regarding position errors was
the combined sensor fusion method with AMCL with
an average RMSE error of 4 to 5 cm and a score of up
to 99.79% in R2 Square, and in second place the sensor
fusion method with an average error of 4 to 7 cm and a
score of up to 99.69% on R2 Square. Regarding hard-
ware consumption, the best method was sensor fusion,
consuming around 17% of CPU and 32 MB of RAM

Figure 23: Position errors of the combined AMCL and sensor fusion
method in Scenario 02.

Figure 24: Memory and CPU Consumption - Combined method of
AMCL and Sensor Fusion with EKF.

and in second place was AMCL with 21% of CPU and
40 MB of RAM.

The main contributions of this work were the use
of different localization techniques for mobile robots,
applied in 02 (two) different scenarios and in order to
enable a comparative study between them. The use of
ROS 2 and the availability of algorithms and results in
a GitHub repository, which can be used for studies of
the Webots simulator, the ROS2 and localization tech-
niques in robotics and the literature review carried out.

Future work suggests analyzing the performance of
different SLAM methods applied to ROS; analyze the
implementation in the simulator in relation to robots in
a real scenario; combine the techniques used with new
localization methods to improve efficiency; and analyze
the smallest value of particles necessary to estimate the
position in each scenario.
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