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Featured Application: Teaching and learning of applied computer vision, intelligent control and
Machine Learning using a real system and real data.
Abstract: Applied Science requires testbeds to carry out experiments and validate in practice the
results of the application of the methods. This article presents a low-cost (35–40 euros) educational
mobile robot, based on Android and Arduino, integrated with Robot Operating System (ROS),
together with its application for learning and teaching in the domain of intelligent automatic control,
computer vision and Machine Learning. Specifically, the practical application to visual path tracking
integrated with a Fuzzy Collision Risk system, that avoids collision with obstacles ahead, is shown.
Likewise, a Wi-Fi positioning system is presented, which allows identifying in which room the robot
is located, based on self-collected data and Machine Learning.
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1. Introduction
Intelligent control and perception methods, which include classic techniques such as
fuzzy logic, neural networks, genetic algorithms... to recent advances in deep learning and
machine learning, play a significant role in applied sciences, with practical applications in
a wide variety of domains. One of the main advantages of these methods is that they can
be used as a powerful tool both to represent expert knowledge, optimize systems or extract
and discover relevant information from a dataset autonomously, among others.
Applied science requires testbeds, and experimental setups, to perform experiments
and to validate the results of the application of the methods in practice. This is especially
relevant from an educational point of view, since these tools can significantly contribute in
the teaching and learning of different techniques. Moreover, nowadays, popular massive
open online courses (MOOC) have changed the way technicians and Engineers can update
and expand their knowledge, and provide their students with an remote software platform,
such as Matlab or Python, but generally lacks implementation of tasks in real systems.
In that sense, having real low-cost systems, with a variety of sensors and actuators, that can
be applied in different scenarios and real tasks, would be a very valuable tool that would
leverage the dissemination of the use of these methods and enhance learning outcomes,
both in classroom and online courses.
In recent years, smartphones have been shown as a disruptive technology universally
used, since they allow a wide variety of tasks to be carried out, with a growing computing
capacity in addition to incorporating several, even advanced, sensors such as cameras,
GPS, accelerometers, gyroscopes, magnetometers, interactive screen and communications
systems (3G-5G , Wi-Fi, Bluetooth, ...) for connection with other processes or systems,
at a relatively low price. That is why there is a growing interest in these devices from
the point of view of applied science, both in their use as a tool or integrated with other
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systems [1–6]. Thus, in [1], a smartphone-based platform for data-intensive embedded
detection applications is presented, including several case studies. The problem of efficient
interior positioning in real time using iBeacons and smartphone sensors based on fusion
techniques is addressed in [2]. Other authors introduce new applications and interactions
with mobiles using smartphones with kinetic capabilities that use wheels [3] or legs [4].
In [5], a low-cost remotely controlled augmented reality car using the capabilities of a
smartphone and online software services is presented. On the other hand, [6] analyzes
various reliability and security issues when using Android in industrial control systems,
ranging from real-time requirements to hardware and cyber attacks.
Moreover, in educational settings, almost all students have an advanced cell phone so
using it as an educational tool could be a motivating element for students. The integration of
a smartphone in an educational robot would allow to have a system with many advanced
sensors at a low cost compared to other higher cost educational robots. To achieve this
integration, it is necessary to connect or link the smartphone to an input-output microcontroller
board, such as Arduino, IOIO, ESP8266, ... Arduino [7] has become an open standard, and is
being widely used as a daily tool in many schools, and universities in education in electronics,
control and robotics or even at industrial level [8–11]. For example, paper [8] presents Simulink
exercises that use Arduino as low-cost hardware for PID control of a DC motor. With remote
learners in mind, authors in [9] present an Arduino platform and a hardware-based open
lab kit that allows students to use inexpensive course-specific hardware to complete lab
exercises at home. On the other hand, paper [10] presents the use of programmable logic
controllers (PLC) and Industrial Internet of Things (IIoT), based on Arduino and Raspberry-Pi,
to control a two-tank process, including fuzzy PID and fault detection with extended Kalman
filter, among others. In [11], the authors discuss the advantages of using Arduino in an
undergraduate mechatronics course organized in a competition framework in which students
build a mobile robot.
At this point, it is worth highlighting the relevance from the point of view of robotics
and its applications of the Robot Operating System (ROS) [12]. It is an open robotics
software framework that has become a standard interface for robots in the academic world
with exponential growth. One of the main benefits of ROS is that it naturally integrates
robots into networks, facilitates multi-robot communications, and makes the robotic cloud
possible. In addition, it greatly facilitates integration with computer vision or 3D modeling
and simulation tools, such as OpenCV, Gazebo or Matlab among others. In [13], real-time
characteristics of the new ROS 2.0 in multiagent robot systems are evaluated. Beyond the
technical aspects, a very valuable aspect that Arduino and ROS share is their open nature,
with a large and active community of developers and users.
The increase in the use of educational robots in classrooms [14] and labs has been
made possible thanks to the appearance of low or middle-cost educational robotics kits,
which are mechanically easy to construct. So there exists a wide variety of robotics kits
(see [15] and the references there in for a review of educational robotics kits, including
cost an applications), several of them integrated with ROS [16,17] and/or using smartphones [18,19].
In a previous work [19], we presented a low-cost educational mobile robot, called
Andruino-A1 based on Android and Arduino as an open system (hardware and software).
It was created to be used as a robotic educational tool to enable professional education
and training for adults (VET) and undergraduate students who perform learning tasks
with real robots, in the laboratory, in the classroom or even as homework, according to
educational policy. “BYOR: Bring [Build] Your Own Robot.” Recently, a new Andruino
robot, Andruino-R2, has been briefly introduced in [20]. In this article we present a detailed
description of the Andruino-R2 robot (see Figure 1) and a comparison with Andruino-A1,
highlighting the advantages of the new system. It is integrated with ROS, and allows
the utilization of multiple sensors and communication resources: light sensors, ultrasonic
sensors, GPS, camera, accelerometer, compass, Bluetooth, WiFi... The construction of
the robot itself, together with its programming, provide learning outcomes in various
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areas. These sensors and resources can be applied in a simple way to carry out advanced
tasks using real systems, but also maintaining the possibility of their integration with
environments and simulation tools thanks to the 3D models developed.
In addition, this article focuses on examples of how Andruino-R2 can be applied in the
areas of intelligent control, machine vision and machine learning, maintaining a didactic approach, to illustrate its versatility and simplicity. These techniques are increasingly relevant
and some authors demand that they be incorporated into the ordinary curriculum of VET
and engineering students [21]. However, in many cases, only simulation environments are
considered or commercial educational robots are used with a higher cost [22–24]. Low-cost
robots have also been used, but generally with a very specific approach as in [25] where
the implementation of fuzzy controllers in embedded systems is shown. On the contrary
Andruino-R2, allows to acquire the holistic vision that the construction of a complete
system offers the student, in addition to being flexible enough to implement different sets
of techniques in a simple way.
Specifically, a practical application has been made to visual tracking of trajectories
integrated with a Fuzzy Collision Risk system, which avoids collision with obstacles ahead
at a close distance, in a qualitative way. Likewise, Machine Learning has also been applied
to solve the problem of robot localization based on Wi-Fi signals in a three-room scenario.
Three supervised multiclass classification algorithms have been applied and compared,
Multiclass Logistic Regression (MLR), Multiclass Neural Network (MNN) and Multiclass
Decision Forest (MDF), in addition to proposing improvements based on expanding the
dataset using new context features.
Therefore, Andruino-R2 is a versatile and valuable tool for education, research and innovation in several domains, but it maintains its simplicity, its low cost and its open source.
The paper is organized as follows: Section 2 presents the design criteria on which
Andruino robots are based. Sections 3 and 4 provide details of both the hardware and
the software respectively of the new Andruino-R2 robot, the differences with AndruinoA1, as well as the relevant aspects that they contribute from an educational point of
view. In Section 5 computer vision and fuzzy logic are applied to visually track a trajectory
integrated with a fuzzy collision risk system. Section 6 deals with applied Machine Learning
to solve the problem of robot localization based on Wi-Fi signals collected by the robot
itself. Finally, Section 7 presents conclusions.
2. Andruino Robots Design Criteria
The Andruino family of low-cost educational robots, i.e., Andruino-A1 and the new
Andruino-R2, is based on the following design and construction criteria:
•

•

•
•

Simplicity: It should contain the minimum amount of hardware components, with simple mechanical construction using easily accessible tools and simple assembly techniques, and with the simplest code. Sensors added to improve robot characteristics
should be inexpensive.
Open: Students should be able to build it from parts that are easy to find (local or
popular web stores) and should be modular and extensible. Information should be
distributed, so that students or others can easily repeat and improve the robot design,
using open tools. The preference for open source will not imply the prohibition of the
use of other tools accessible to students, in the event that there is no open alternative,
so as not to limit the creativity of students. As a robotic system, the robot could be
operated using a common robotic frame tool.
Low-cost: Considering the use of student-owned smartphones, the rest of the robot
components must be as cheap as possible, within a range of 35–40 euros.
Educational: Both the construction of the robot, as well as the improvements and
practical applications made by the students, must implement the knowledge of the
procedure in several areas. It must provide a holistic view of product development,
including hardware, communications, programming, robotics, IoT, artificial intelli-
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•

gence, networking, social skills, and teamwork. Its educational purpose is the motto
that inspires the project: “All doing is knowing / All knowing is doing”.
Autonomous, cooperative and cloud robotics oriented: The robot must be designed to
work autonomously but, at the same time, it must have the ability to act in cooperation
with other robots or computers using communication networks, such as the Internet,
and especially the resources of the public cloud. Therefore, the robot must be able to
remotely use the processing and services offered by the cloud, to take advantage of
the Internet of Things and advances in artificial intelligence, which are often offered
in the public cloud to students.

Figure 1. Andruino Robots: Andruino-A1 mobile robot (left); New Andruido-R2 mobile robot (right).

Respecting the design principles, the main differences and similarities between
the Andruino-A1 and Andruino-R2 robots are summarized in Table 1. As can be seen,
Andruino-R2 is integrated with ROS, has more onboard sensors, in addition to substantially
improving processing and remote access to functions and data, as is typical of robots in
the cloud.
Table 1. Comparison of Andruino-A1 and new Andruino-R2.
Feature

Andruino-A1

Andruino-R2

Robot Chassis

Any 2WD DC motors

Any 2WD DC motors

Andruino Shield

Version 1.0

Version 2.0

Android-Arduino Link

Android to Arduino

Bidirectional

Link Type

FSK Modulation, Audio

OTG, USB

Arduino functions

Low-level Motor Control

Low-level Motor Control,
Light Sensors, Ultrasonic
Sensors

On-Board Sensors

Camera, accelerometer,
gyroscope, magnetometer,
GPS, Bluetooth, Wi-Fi

Camera, accelerometer,
gyroscope, magnetometer,
GPS, Bluetooth, Wi-Fi, 3
ultrasonic sensors, 3 light
sensors

High-Level Communication

Wi-Fi, pure socket (TCP/IP)

Wi-Fi, ROS (publish-subscribe
architecture)

ROS integrated

No

Yes

3D Model Gazebo

No

Yes
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The following two sections will provide details of both the hardware and the software
of the new Andruino-R2 robot, as well as the relevant aspects that they contribute from an
educational point of view.
3. Andruino Hardware and Sensors
The hardware design of the Andruino robots follows the principles indicated above.
Therefore, the robot must be built with minimal hardware components to make the assembly process as simple and modular as possible. As shown in Figure 2, each robot consists
primarily of a mobile base, an Arduino with a specially designed shield, batteries, and an
Android device. The characteristics of the shield, onboard sensors and communication
links, among others, make the difference between both versions, as will be seen below.

Figure 2. Integration of hardware components in Andruino-A1 and Andruino-R2.

The first item is the mobile base which includes 3–6 volt DC motors and gearboxes.
It is important to note that this base can easily be replaced by any other base purchased on
the market or, better yet, if possible, as is the case with mechatronics courses, the students
themselves could design and build their own bases. We must draw attention to the fact that
the absence of encoders or other electronic elements in the robotic base makes this much
simpler, interchangeable and economical, which is why only four cables for DC motors
connect the electronics to the selected base. In this way, the robot can be approximated
using a simple kinematic model:

  
ẋ
cos θ 0  
 ẏ  =  sin θ 0 v
(1)
ω
θ̇
0
1
where v and ω, linear and angular velocity respectively, are the input variables.
One of the principles of Andruino is to take advantage of the experience of the
developers to improve the system. Thus, while in Andruino-A1 [19] a unidirectional audio
connection (using simple and asynchronous low bit rate communication with frequency
shift modulation) was used to link Arduino with Android, in Andruino-R2 the connection
it is done using a two-way serial communication via USB On-The-Go (OTG). In this way,
the Android phone acts as a host on the USB bus, in a similar role to that of a PC in
standard Arduino communication. The use of USB OTG presents another additional
advantage, since it allows the sensors of the shield and the Arduino itself to work with the
battery of the Android device (generally a lithium-ion battery with more than 2000 mAh).
Therefore, there is another power system only for motors, which is based on AAA batteries.
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This separation of power sources makes it easy to reuse the development in other larger
autonomous robots, so replacing the motors and batteries would be enough to power 12 V
or 24 V DC motors.
An important feature in Andruino-R2 is the newly developed shield, as shown in
Figure 3. It is designed on a standard size Arduino board for compatibility and integrates
three light sensors (LDR) and three ultrasonic sensors, in addition to a dual line integrated
circuit to implement the H-Bridge to control the DC motors. Regarding the LDRs, two of
them were placed on the left and right side corners of the PCB in a symmetrical configuration, under the shadow of ultrasonic sensors, this location is intended to detect side light
from doors and windows in an indoor environment. There is also a center up LDR, which
tries to detect the ceiling light indoors.

Figure 3. Andruino-A1 shield (left) and new Andruino-R2 shield (right).

On the other hand, the shield also supports three ultrasonic low-cost range sensors.
An ultrasonic sensor is placed parallel to the cell phone, while the other two are in the left
and right position, rotated 45 degrees, to obtain a front range sensor from 30◦ to 150◦ . In addition to avoiding collisions in a 2D environment, as will be shown in Section 5, ultrasonic
sensors are also used in the calibration process to obtain an estimate of linear velocity.
It should be noted that the shield design makes it easier to assemble the robot hardware, reducing hardware construction flaws. However, since the number of components is
very low and SMD components are not used, it could also be mounted on a breadboard.
The electronic design, from the schematic to the PCB, was carried out with the free Fritzing
tool [26], and is published as open hardware, so that students can improve the design or
modification of the hardware to meet the requirements of their own projects and easily
produce their own electronic shields.
In summary, the Andruino-R2 robot is equipped with three ultrasonic sensors and
three light sensors and those provided by the smartphone: camera, accelerometer, gyroscope, magnetometer, GPS, Bluetooth and Wi-Fi. Smartphone sensors are used to measure
speeds and orientation, which are also used to improve low-level control of motors.
From an educational point of view, Andruino’s hardware development contributes to
the following learning objectives, among others [19]:
•
•
•
•

Basic knowledge of electronics, soldering and construction of electronic prototypes,
mainly Arduino shields.
Knowledge of the DC motor control through the H-bridge.
Knowledge of the Arduino open hardware architecture and shields.
Basic skills in computer aided electronic design and the use of CAD/CAE
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4. Andruino Software
Regarding the software, in Andruino-R2 there are two main parts: the Android
software driver and the Arduino firmware. In addition, a 3D model has been developed
and integrated with Gazebo. This section presents a brief description of them.
4.1. Android Software Driver
The software developed for the Android smartphone is responsible for carrying out
the sensor readings, receiving and sending messages to the Arduino module, in addition
to the integration with ROS.
Regarding integration with ROS, the RosJava libraries [27] have been used. The Andruino driver implements multiple ROS nodes in Java that run on separate threads. This has
the advantage of making it more adaptable and configurable, and more computationally efficient. Some Java codes were originally implemented for Andruino-R2, and other
functionalities are adapted third-party codes, as is the case with IMU [28].
To illustrate the nodes and topics available in the Andruino driver, in Figure 4 it is
shown the nodes and topics involved in a visual line-tracking task with obstacle detection,
using the image from the Android camera and the measurement of the front ultrasonic
sensor in the Andruino shield. As shown in the figure, the namespace for each AndruinoR2 node and topic is preceded by the word Andruino plus a number, which corresponds
to the last byte of the robot’s IPv4 address, to easily allow cooperation between various
Andruino robots that share the same ROS master.

Figure 4. Andruino-R2 nodes and topics in a visual line-tracking task with obstacle detection.

On the other hand, it should be noted that the Andruino robot is considered a unique
system, so Arduino is seen as an Android peripheral device that uses a USB bus to communicate. Instead of Rosserial [29], the Andruino-R2 approach to communicate Android
and Arduino is to use simple serial communication via USB On-The-Go (OTG) [30]. In this
way, by using this serial communication, it is easier for the large number of students and
hobbyists already working with Arduino to switch to ROS. On serial communication,
a character-based communication protocol was defined, so that students can understand in
practice the concept of protocol and define their own protocols in their own robots.
4.2. Arduino Firmware
At the lowest level is the software that runs on the Arduino board. The Arduino code,
written in a C-like language called Processing, runs a continuous loop, where it reads and
sends information from the sensors, in addition to executing the low-level control actions.
In particular, it implements the motor control loops taking into account the speeds and
orientation provided by the smartphone’s sensors.
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The Arduino software is based on the different states in which the robot can be
found. The transition between states could be due to serial incoming messages from the
Android device, such as a yaw angle from the Android sensors or a move command from
another ROS node on the network. In this way, two types of commands were defined to
be received in Arduino: (i) test commands used for calibration, initialization or specific
tasks, and (ii) standard commands to control the robot that indicate desired linear and
angular speeds.
In this part of the project, students could develop their low-level programming skills
from a real-time perspective, and understand the link between hardware and software,
gaining a complete overview of the system.
Therefore, Andruino software development (including both Android and Arduino
components) contributes to the following learning objectives, among others [19]:
•

•
•
•
•
•

•

Use of object-oriented programming languages (Java, Python, ...) for mobile devices
with professional developer tools as Eclipse or AndroidStudio, which they will most
likely be exposed to during their working life.
Administration of Android operating system (process, command-line interface, logs,
threads, sockets, etc).
The ability to work with robot networks (cooperative robots), founded on the huge
communications capabilities of smartphones.
Knowledge of Pulse Width Modulation (PWM), to control the speed and direction of
rotation of DC motors, both implemented by interrupts or in the main loop.
Programming with Processing, a language like C, for performing low-level tasks.
Knowledge and use of threads in application programming using the Thread class
to schedule tasks in the background that send messages to the main thread using
Handler class.
Knowledge and use of Android sensor framework, which makes it possible to monitor
the motion, environmental and position sensors.

4.3. 3D Modeling and Simulation with Gazebo
Although this system is focused on practical application with a real robot and a
great variety of real sensors, it is also considered interesting to have a 3D model that
allows working in simulation environments and interacting with a large number of tools,
techniques and methods currently available. Thus, the applicability and use of AndruinoR2 as an educational tool will be significantly expanded.
Having a simulation model of the Andruino-R2 robot makes it possible for students
to become familiar with a simulation environment such as Gazebo [31,32]. First, using
Blender [33], each part of the Andruino-R2 robot was modeled in 3D in detail. Later,
the URDF model [34] was created to describe the physical elements of robots that contain
details of dynamic and kinematic properties, and also included plugins, with the appropriate parameters, to generate the behavior of the sensors in the environment of simulation
(see Figure 5).

Figure 5. Andruino-R2 3D model.
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Finally, with the use of Gazebo as a simulation tool integrated with ROS, the model
was verified with several simulation tests in different scenarios and control tasks. Figure 6,
for example, shows a simulation where multiple robots perform an obstacle avoidance
navigation based on the virtual smartphone camera image (also shown at the left) and their
ultrasonic sensors.

Figure 6. Andruino-R2 multi-robot simulation in Gazebo.

5. Applying Computer Vision and Fuzzy Logic
As a first example, the utility of Andruino-R2 is presented to validate the practical
application of computer vision [35] and fuzzy logic techniques in mobile robot navigation
in the classroom. Specifically, Andruino-R2 must visually follow a path, marked by a green
line, in addition to stopping when it detects an obstacle ahead close enough, in a qualitative
sense. Fuzzy systems have been widely applied in robotics for intelligent navigation [36],
visual path tracking [37], optimal obstacle avoidance in underwater vehicles [38] or design
of fuzzy controllers for embedded systems [25], to name a few recent developments.
In this way, students have the opportunity to acquire and apply the basics of how
a rule-based knowledge decision system works. The student must identify the input
and output variables, the attributes that define them and their membership functions,
in addition to expressing the ruleset of expert knowledge that solve the problem. Later,
the student will have to implement the code that makes it possible to obtain the output
from the input using the knowledge base defined above. Specifically, the four basic stages
of a fuzzy logic system will be identified to infer an output from the inputs: fuzzyfication,
inference, composition and defuzzification. First the conversion of a quantitative input
value to a qualitative one using the membership functions (fuzzication); second, the logical
operators are applied to evaluate the degree of truth of each rule and obtain the qualitative
output of each one of them (inference); third, the qualitative outputs of each rule are
combined into a single system output (composition); finally, the qualitative output has
to be converted to a crisp quantitative output (defuzzification), which can be used in
the system.
To develop this objective, students begin by acquiring and applying the basic notions
of image processing and feedback control. To do this, using the smartphone camera,
the robot must detect a line of a certain color on the ground, stand on it and start to follow
it. Once successful, they must apply fuzzy logic to get it to stop if the frontal ultrasound
sensor detects an object close enough, and stay stopped until the path is clear again.
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Figure 4 shows the ROS computation graph for this task. Thus, the /follower task subscribes to both the measurement from the front ultrasonic sensor (/andruino145/hc_sr04_2)
and to the image from the camera (which was previously converted into raw format,
/camera/rgb/image_raw). With those inputs, it has to compute the desired linear (v) and
angular (ω) velocities (/cmd_vel) that are sent to the Andruino-R2 (/andruino145/andruino_
driver_cmd_vel), and translated into actual PWM signals for each DC motor in the Andruino shield.
One of the main advantages of ROS is that it greatly facilitates integration with tools for
computer vision such as OpenCV. Image processing is done easily using basic commands
from the OpenCV library. In this way, students begin by learning how to acquire an RGB
(red, Green, Blue) picture frame and convert it to the HSV (Hue, Saturation, Value) color
space where it is easier to represent a color. They then identify the color of the line to follow,
set the HSV image threshold for a range of line color, and apply the resulting mask to the
original image. The mask is also used to calculate the destination point on the line at a
distance ahead.
To calculate the actual deviation of the Andruino-R2 robot with respect to the line,
it is necessary to take into account that the camera’s reference system is not centered with
respect to the robot’s reference frame, as can be seen in Figure 7. Therefore, when the robot
is centered on the line, the tracking point will not appear centered on the image. Thus,
a reference system change must be applied before calculating the lateral error which is
fed back through a proportional controller to compute the desired linear (vd ) and angular
velocities (ωd ).

Figure 7. Local and camera reference frames in Andruino-R2 (left). Image seen from the on-board camera when the robot is
centered on the line (right).

Figure 8 shows the control screen with the different steps, starting with the image
obtained from the robot’s camera, its conversion into the HSV frame, the result of applying
the mask to the original image and finally the image showing the selected reference point
on the line, the computed steering action (in blue) and the distance measured by the front
ultrasonic sensor (in green).
As a next step, to get the robot to stop when there is an ‘’obstacle close enough ahead”,
students implement a Fuzzy Collision Risk module, which is a first contact with qualitative
knowledge systems using Fuzzy Logic. Thus, taking as input the distance measured by the
front ultrasonic sensor, the fuzzy system must calculate a collision risk index (RiskLevel),
in the range [0...1]. This index will be used later to modify the velocities (vd, ωd ) calculated
by visual tracking before being applied to the robot.
For the fuzzy system, a simple Takagi–Sugeno system with one input and one output
is considered, as shown in Figure 9. The input variable, Distance, is defined by three
linguistic terms (close, medium and far) and their corresponding membership functions
(µ DC , µ DM and µ DF ) that are set by the student. The output variable, RiskLevel, is defined
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by three singleton values: Low, Medium, High. The following three rules complete the
fuzzy system:
Rule #1 :

IF Distance IS Close THEN RiskLevel IS High

(2)

Rule #2 :

IF Distance IS Medium THEN RiskLevel IS Medium

(3)

Rule #3 :

IF Distance IS Far THEN RiskLevel IS Low

(4)

Figure 8. Control screen showing the different stages (from top to left): original image from Android
camera; image in HSV framework; original image masked with the detected line; and original image
with the selected target point marked on the line.

Figure 9. Fuzzy Collision Risk system (from top to left): system blocks with one input (Distance) and one output (RiskLevel);
linguistic terms and membership functions for the input; and singleton values for the output.

Given a crisp measurement (Distance) of the ultrasonic sensor, the degree of truth of
each rule, or weight (w( Distance)), is evaluated (Fuzzyfication). Since in this case only
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one variable and one label are considered in the antecedents of each rule, the weight
of the rule will be given directly by the involved membership function (wi ( Distance) =
µ Di ( Distance)). Then, the consequent of each rule (RiskLeveli ) is weighted by its degree
of truth by using product operator, yielding the rule output (Inference). To obtain the
unique output of the fuzzy system, it is necessary to combine the output of each of the
rules (composition and defuzzification). In this case, a weighted average of the different
rules has been selected. Therefore, the output of the Fuzzy Collision Risk system can be
calculated using the next expression:
3

∑ µDi ( Distance) RiskLeveli

RiskLevel = FCR( Distance) =

i =1

3

(5)

∑ µDi ( Distance)

i =1

which means that RiskLevel is a nonlinear function of Distance as shown in Figure 10.
This index is then applied to correct the velocities (vd, ωd ) calculated by visual tracking
before being applied to the robot (see Equation (1)):
 
 
v
v
= (1 − RiskLevel ) d
(6)
ω
ωd

Figure 10. Nonlinear function corresponding to the Fuzzy Collision Risk system.

Figure 11 shows the application of the aforementioned controller to an experiment
with Andruino-R2 starting off from a green line, approaching it and keeping centered on it.
As the obstacle approaches, the risk level increases and the robot’s speed decreases until
the Andruino-R2 stops when the obstacle ahead is close enough (sensor measurement is
also shown in red and displayed a warning message).
To illustrate the efficiency of the controller, a second, small, cylindrical obstacle was
placed at the curve end in the path, making it difficult to be detected by the ultrasonic
sensor. Thus, once the first obstacle is removed, the robot continues to advance as shown
in Figure 12. However, as can be seen, the second obstacle is not detected by the front
ultrasonic sensor until exiting the curve when it is very close, but the control system is
precise enough to stop just 9 cm from the obstacle. Once removed, the vehicle continues to
track the path until it ends.
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Figure 11. Andruino-R2 performing a visual line-tracking task using Android camera, detects and obstacle, and stops when
it is close enough.

As a direct extension of the work, the student can modify the Fuzzy Collision Risk
system to also consider the speed of the robot when assessing the risk of collision. In this
way, a second input is added to the system, Speed, with two adjectives (Normal and Fast)
as shown in Figure 13. The rule base is updated accordingly resulting in:
Rule #1 :

IF Distance IS Close AND Speed is Normal THEN RiskLevel IS High

(7)

Rule #2 :

IF Distance IS Close AND Speed is Fast THEN RiskLevel IS High

(8)

Rule #3 :

IF Distance IS Medium AND Speed is Normal THEN RiskLevel IS Medium

(9)

Rule #4 :

IF Distance IS Medium AND Speed is Fast THEN RiskLevel IS High

(10)

Rule #5 :

IF Distance IS Far AND Speed is Normal THEN RiskLevel IS Low

(11)

Rule #6 :

IF Distance IS Far AND Speed is Fast THEN RiskLevel IS Low

(12)
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Figure 12. Andruino-R2 being able to detect a small obstacle at the end of a curve, stop until it is removed, and complete
the path afterwards.

In this case, since there are several variables in the antecedent of each rule, the weight
of each rule will depend on the level of membership of each variable to each membership
function. The product has been selected as the AND operator. In this way the weight of each
rule will be given by the product of the membership functions, that is, wi ( Distance, Speed) =
µ Di ( Distance)µSi (Speed). The output of the new fuzzy system is given by:
6

∑ µDi ( Distance)µSi (Speed) RiskLeveli

RiskLevel = FCR2 ( Distance, Speed) =

i =1

6

∑ µDi ( Distance)µSi (Speed)

i =1

(13)
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which is a nonlinear surface depending on Distance and Speed, as shown in Figure 14.
The rest of the system does not have to be modified.

Figure 13. Fuzzy Collision Risk system with two inputs: Distance and Speed.

Figure 14. Decision surface for the Fuzzy Collision Risk with two inputs: Distance and Speed.

Finally, in advanced mode, the student can incorporate the so-called direction of
attention from the trajectory of the robot to the Fuzzy Collision Risk system to take into
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account the lateral ultrasonic sensors when the robot moves in a curve in such a way that it
can anticipate situations such as those shown with the second obstacle in the experiment.
6. Applying Machine Learning Based on Cloud Services
As a second example, the utility of Andruino-R2 is presented to validate the practical
application of machine learning techniques using cloud services. Specifically, a system will
be developed that allows Andruino-R2, based on the data collected from the Wi-Fi signals,
to identify in which room it is located on a layout with three rooms. As a result, a web
service can be created from the prediction model, allowing other robots to use it in the
same three-room environment.
For this, Andruino-R2 is teleoperated, moving through the different rooms while
stopping at different points to collect Wi-Fi signals with which to build the database on
which to carry out the learning as shown in Figure 15. Then, using tools associated with
the public cloud that allow the implementation of remote machine learning, namely Azure
Machine Learning Studio, the student can apply and understand the importance of the key
elements of machine learning, such as data selection, separation of training and validation
data, choice and comparison of different machine learning algorithms, adjustment of
parameters, improvement of the data in the database with new features... Beyond the
mathematics behind these models, the VET or undergraduate student must be aware of
the existence of these methods, as well as certain rules for the selection of the appropriate
algorithm and the parameterization based on the problem to be faced in order to use them
in practical applications.

Figure 15. The three rooms’ layout, with the room number. The green circle is the starting point
while red crosses are points where Andruino-R2 stopped to collect Wi-Fi signals.

Although usually the problem of location based on Wi-Fi signals is solved by trilateration [39], due to the difficulty of modeling the propagation model within buildings,
some authors have used Machine Learning techniques even based on cloud services [40–42].
As a didactic example of the application of Machine Learning with Andruino-R2, a supervised machine learning model was created to implement a simple positioning system,
which allows identifying which room the robot is in, based on the Wi-Fi signals received,
in a three-room environment.
The first step in machine learning is to collect a sufficient amount of data on which
to apply the algorithms. To do this, a node called /andruino145/andruino_driver_levels was
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programmed in Java to periodically publish, in the topic /andruino145/beacons, the Access
Point (identified by the Basic Service Set Identifier, BSSID) located in the vicinity of the
robot, from which the robot could receive the beacon signals. Subsequently, the robot
wanders teleoperated through a three-room scenario capturing Wi-Fi signals, BSSID with
the received power as shown in the Table 2. As this is supervised learning, a labeled dataset
is required, so the room number is added to each sample.
Table 2. Samples of data collected by Andruino-R2 moving in a three-room layout.
Access Point (BSSID)

Power Received (dBm)

Room

70:03:7e:9a:e3:64
72:03:7e:9a:e4:65
96:6a:77:27:01:3c
...
72:03:7e:9a:e4:65
cc:32:e5:62:e1:d6
e8:20:e2:3d:48:c7
...
70:03:7e:9a:e3:64
e8:20:e2:3d:48:c7
94:2c:b3:56:09:5d
...

−23
−31
−61
...
−42
−81
−54
...
−57
−54
−59
...

1
1
1
...
2
2
2
...
3
3
3
...

During the experiment, the robot wandered through three rooms, staying in each
room for about 12 min, collecting in total more than 4000 values from the access points
and routers that were received in each room. Of this data, 70 percent will be used for
supervised learning and the remaining 30 percent for model validation.
From a Machine Learning point of view, as we wanted to predict between various
categories (which room the robot is in), we were faced with a multiclass classification
problem. Therefore, a typical machine learning scenario was designed using Azure Machine
Learning Studio, as shown in Figure 16. The tool allows to graphically create various
evaluation scenarios: from the data, collected from the robot’s Wi-Fi sensor, students can
select the data columns and the project objective column, split the data for training and
evaluation into a fraction, select the algorithm, carry out the training process, and finally
score and evaluate the results. Therefore, students could easily apply and evaluate different
parameters and machine learning algorithms, gaining insight from the results.
In particular, three supervised multiple classification algorithms have been evaluated
to select the most appropriate: Multiclass Logistic Regression, Multiclass Decision Forest
and Multiclass Neural Network.
Multiclass Logistic Regression classifier is based on the logistic regression method that
predicts the probability of an outcome by fitting the data to a logistic function. A simple
logistic regression model calculates the probability that an instance does or does not
belong to a class using a sigmoid function applied to the linear combination of the input
characteristics, resulting in linear decision boundaries. The training process is fast, as it
only attempts to minimize a cost function based on the logarithmic of that probability.
Multiclass Logistic Regression, also called Multinomial Logistic Regression or Softmax
Regression, generalizes logistic regression for several classes. However, as the original
binary classification method does, it defines linear decision limits, so despite its fast training,
it is not very suitable for the problem under consideration, as can be seen from the resulting
confusion matrix that is shown in Figure 17. The training time was 17 s.
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Figure 16. Implementation of the Machine Learning problem with Azure Machine Learning Studio.

Figure 17. Confusion matrix from the evaluation with Multiclass Logistic Regression.

Multiclass Neural Network makes use of Neural Networks to perform the classification. A Neural Network is a set of interconnected layers made up of nodes. Each node
receives as input the output of the nodes of the previous layer and generates as output a
non-linear function of the weighted inputs. In this way, the first layer of the network is
constituted by the inputs of the system and the last by the outputs. Between the two there
may be one or more hidden layers. The number of hidden layers and nodes in each of them
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determines the capacity and complexity of the neural network. For example, deep neural
networks [43] present a high number of hidden layers for visual recognition, which is a
complex task, although for tasks similar to those considered in this example, just one, or a
small number, of hidden layers is generally sufficient. The learning is given by adjusting
the weights that weight the inputs in the connections between each node in each layer, and
this is done using a backpropagation algorithm. Therefore, the training time is usually
high. Once the weights are set in the training, the output is predicted by propagating the
values of the inputs through the layers.
Figure 18 shows the confusion matrix obtained with a Multiclass Neural Network
classification algorithm on the dataset. The training time was 48 seconds using a Neural
Network with a hidden layer, 500 nodes, 0.1 learning rate, and 1000 learning iterations.
The results obtained show that do not allow an adequate generalization of the samples
available. Thus, students can observe that using Neural Networks is not the solution in all
cases, along with the black box perspective inherent in Neural Networks.

Figure 18. Confusion matrix from the evaluation with Multiclass Neural Network (500 nodes hidden
layer, learning rate 0.1, 1000 learning iterations).

The last classification algorithm used is Multiclass Decision Forest, which is based
on the use of multiple decision trees. A decision tree learning algorithm creates a tree
that goes from the observations on the features (represented in the branches) to a final
classification (represented in the leaves). This tree is formed during the training process by
recursively splitting the training set into two, trying to minimize impurity. The Multiclass
Decision Forest is a generalized decision tree for several classes, but like the original,
it defines non-linear decision limits, and it is resilient in the presence of noisy features.
The algorithm builds multiple decision trees and then the probabilities of each output
class are determined, weighting the output of each tree based on the calculation of label
histograms and a normalization process. In this way, trees with high confidence in the
prediction have greater weight in the decision. It is computationally fast, and allows to
obtain good results with a little large quantity of data. Figure 19 shows the confusion
matrix obtained using eight decision trees, while Figure 20 shows the eight trees generated
by the algorithm. Training time was 22 s.
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Figure 19. Confusion matrix from the evaluation with Multiclass Decission Forest, with 8 decision trees.

Figure 20. Training Decision Trees generated by the Multiclass Decision Forest algorithm.

Therefore, students can observe that Multiclass Decision Forest is well suited for the
example project, since the algorithm offers better performance with less training time.
Once the predictive model has been obtained, the next usual step in Machine Learning
is the optimization of the results. Note that the prediction is made taking into account only
two characteristics, the access point identifier (BSSID) and the received power, which can
be very similar in different rooms. In this case, the goal will be to improve the dataset by
adding new features that allow better classification performance. However, this process
must be carried out with caution so as not to include too many feature that could generate
very specific samples and limit the generalizability of the results in addition to increasing
the risk of overfitting.
Thus, unlike other methods of Wi-Fi positioning based on Machine Learning, we will
try to introduce an estimate of the distance to the starting point where the robot begins
to prowl and collect data from the Wi-Fi sensor (green circle in Figure 15), expanding the
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dataset with new features. In this way, for each point, we can calculate the correlation of
beam powers received at the point to compare with the correlation of the beam powers
received at the origin, using Pearson’s product-moment correlation:
n

∑ (xi − E(X ))(yi − E(Y ))

Corr ( X, Y ) = si=1

(14)

n

∑ (xi − E(X ))

2

(yi − E(Y ))

2

i =1

where E( X ) is the mean of X, E(Y ) is the mean of the Y values and n is the number of
observations. To facilitate learning and interpretation, a scaling is performed based on the
correlation coefficient that provides an estimate of distance in the range [0...1000] (the lower
the value, the greater the correlation and proximity):
Index ( X, Y ) = max{k ∈ Z | k ≤ 1000 × (1 − Corr ( X, Y ))}

(15)

In addition, we can also calculate the difference in the sum of powers of each access
point at the current point and the origin. Both values could indicate an idea of distance to
that defined origin. Furthermore, the number of new access points detected at the current
point that were not detected at the origin, and the number of access points from the origin
that remain at the current point, can be included as new features in the dataset as shown in
Table 3.
Table 3. Extended dataset with new features.
AP (BSSID)

Power (dBm)

Corr

Index

Power Diff.

Remain AP

New AP

Room

70:03:7e:9a:e3:64
72:03:7e:9a:e4:65
96:6a:77:27:01:3c
...
72:03:7e:9a:e4:65
cc:32:e5:62:e1:d6
e8:20:e2:3d:48:c7
...
70:03:7e:9a:e3:64
e8:20:e2:3d:48:c7
94:2c:b3:56:09:5d
...

−23
−31
−61
...
−42
−81
−54
...
−57
−54
−59
...

0.993463408
0.964219566
0.933604382
...
0.952507135
0.06510977
0.874092554
...
0.643140403
0.86929909
0.900315375
...

6
35
66
...
47
934
125
...
356
130
99
...

6
24
60
...
63
315
98
...
195
128
120
...

19
16
12
...
17
1
12
...
10
12
12
...

5
7
9
...
7
4
7
...
8
11
8
...

1
1
1
...
2
2
2
...
3
3
3
...

Figure 21 shows the new confusion matrix obtained by applying the Multiclass Decission Forest, again with 8 decision trees, but on the extended dataset. The training time was
almost the same, 23 s.
The advantage of the new features can be seen in the new decision trees generated,
much simpler (as shown in Figure 22). Figure 23 shows the second tree in detail, in which
it can be observed that the new features are combined to facilitate classification, taking into
account context information, while in the previous case the decision trees were based only
on two features with particular information.
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Figure 21. Confusion matrix from the evaluation of the extended datased with Multiclass Decission
Forest, with eight decision trees.

Azure Machine Learning Studio allows the creation of a Web service from the prediction model, which allows the model to be used by other robots in the same three-room
environment. Thus, once trained, the predictive model was implemented as a service in
the network, so that from the information offered by the topic /andruinoXXX/beacons for
a given location, the network service provides with a probability of location in rooms 1,
2 or 3, and this is given for each detected access point, as shown in Figure 24. With this
implementation of the service it is also possible to program a ROS node that subscribes to
the topic beacon and determines in which room the robot is located.

Figure 22. Training Decision Trees with the extended datased.

The experiment is planned to be carried out in the classroom, so the performance of the
system will degrade over time depending on environmental conditions, such as humidity
or the presence or absence of people, as well as the appearance and disappearance of access
points around the robot. In any case, the educational nature of the experiment should be
taken into account, as an introduction to the use of Machine Learning in robotics for VET
or undergraduate students. On the other hand, the method is promising and it would be
desirable to explore performance with data obtained from long periods of time, so that a
recursive procedure for continuous data capture and retraining could be implemented to
avoid system degradation over time.

Appl. Sci. 2021, 11, 48

23 of 26

Figure 23. Detailed view of the second decision tree on the extended dataset.

Beyond the results of the particular case, what this example shows is the use of
Andruino-R2 as a valuable tool for the introduction to the study an application of machine
learning in real scenarios for VET and undergraduate students.

Figure 24. Prediction model implemented as a Web service.
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7. Conclusions
Applied science requires testbeds and experimental setups to perform experiments
and to validate the results of the application of the methods in practice. This is especially
relevant from an educational point of view, since these types of tools can help in the
teaching and learning of different techniques.
In this article, Andruino-R2, a new low-cost educational robot based on Arduino and
Android, has been presented in detail and compared with the previous Andruino-A1. It is
integrated with ROS, and allows the utilization of multiple sensors and communication resources: light sensors, ultrasonic sensors, GPS, camera, accelerometer, compass, Bluetooth,
WiFi... The construction of the robot itself, together with its programming, provide learning
outcomes in various areas. These sensors and resources can be applied in a simple way to
carry out advanced tasks using real systems, but also maintaining the possibility of their
integration with environments and simulation tools thanks to the 3D models developed.
In particular, the application of Andruino-R2 to learning and teaching in the fields
of intelligent automatic control, computer vision and machine learning have been shown.
Specifically, a practical application has been made to visual tracking of trajectories integrated with a Fuzzy Collision Risk system, which avoids collision with obstacles ahead.
Likewise, a Wi-Fi positioning system has been presented, which allows identifying which
room the robot is in, based on self-collected data and Machine Learning.
Therefore, Andruino-R2 is a valuable tool for education, research and innovation,
but it maintains its simplicity, its low price and its open source. All in accordance with
the educational policy “BYOR: Bring [Build] Your Own Robot”, which encourages every
vocational or undergradute student to create or improve their own robots from scratch,
and not just operate commercial robots or use simulation environments.
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Abbreviations
The following abbreviations are used in this manuscript:
ROS
VET
IoT
FSK
OTG
URDF
MLR
MNN
MDF
RGB
HSV
BSSID

Robot Operating System
Vocational Educational and Training
Internet of Things
Frequency Shift Keying modulation
On The Go
Unified Robot Description Format
Multiclass Linear Regression
Multiclass Neural Network
Multiclass Decision Forest
Red, Green and Blue color framework
Hue, Saturation and Value color framework
Basic Service Set Identifier

Appl. Sci. 2021, 11, 48

25 of 26

References
1.
2.
3.

4.
5.

6.
7.
8.
9.
10.
11.

12.

13.
14.
15.
16.
17.
18.

19.
20.

21.
22.
23.
24.
25.
26.
27.

Moazzami, M.; Phillips, D.E.; Tan, R.; Xing, G. ORBIT: A Platform for Smartphone-Based Data-Intensive Sensing Applications.
IEEE Trans. Mob. Comput. 2017, 16, 801–815. [CrossRef]
Liu, L.; Li, B.; Yang, L.; Liu, T. Real-Time Indoor Positioning Approach Using iBeacons and Smartphone Sensors. Appl. Sci. 2020,
10, 2003. [CrossRef]
Hiraki, T.; Narumi, K.; Yatani, K.; Kawahara, Y. Phones on Wheels: Exploring Interaction for Smartphones with Kinetic
Capabilities. In Proceedings of the 29th Annual Symposium on User Interface Software and Technology, Tokyo, Japan, 16–19
October 2016; pp. 121–122.
Diano, D.A.; Claveau, D. A Four-Legged Social Robot Based on a Smartphone. In Robot Intelligence Technology and Applications 3;
Springer: Berlin, Germany, 2015.
Alepis, E.; Sakelliou, A. Augmented car: A low-cost augmented reality RC car using the capabilities of a smartphone. In Proceedings of the 7th International Conference on Information, Intelligence, Systems and Applications (IISA), Chalkidiki, Greece, 13–15
July 2016; pp. 1–7.
Delgado, R.; Park, J.; Lee, C.; Choi, B.W. Safe and Policy Oriented Secure Android-Based Industrial Embedded Control System.
Appl. Sci. 2020, 10, 2796. [CrossRef]
D’Ausilio, A. Arduino: A low-cost multipurpose lab equipment. Behav. Res. Methods 2012, 44, 305–313. [CrossRef] [PubMed]
Barber, R.; Horra, M.; Crespo, J. Control Practices Using Simulink with Arduino as Low Cost Hardware. IFAC Proc. Vol. 2013, 46,
250–255. [CrossRef]
Sarik, J.; Kymissis, I. Lab kits using the Arduino prototyping platform. In Proceedings of the IEEE Frontiers in Education
Conference (FIE), Arlington, VA, USA, 27–30 October 2010; pp. T3C-1–T3C-5.
Minchala, L.I.; Peralta, J.; Mata-Quevedo, P.; Rojas, J. An Approach to Industrial Automation Based on Low-Cost Embedded
Platforms and Open Software. Appl. Sci. 2020, 10, 4696. [CrossRef]
Grover, R.; Krishnan, S.; Shoup, T.; Khanbaghi, M. A competition-based approach for undergraduate mechatronics education
using the arduino platform. In Proceedings of the Fourth Interdisciplinary Engineering Design Education Conference, Santa Clara,
CA, USA, 3 March 2014; pp. 78–83.
Quigley, M.; Gerkey, B.; Conley, K.; Faust, J.; Foote, T.; Leibs, J.; Berger, E.; Wheeler, R.; Ng, A.Y. ROS: An open-source Robot
Operating System. In Proceedings of the Open-Source Software Workshop, International Conference on Robotics and Automation
(ICRA 2009), Kobe, Japan, 12–17 May 2009.
Park, J.; Delgado, R.; Choi, B.W. Real-Time Characteristics of ROS 2.0 in Multiagent Robot Systems: An Empirical Study.
IEEE Access 2020, 8, 154637–154651. [CrossRef]
Correll, N.; Wing, R.; Coleman, D. A One-Year Introductory Robotics Curriculum for Computer Science Upperclassmen.
IEEE Trans. Educ. 2013, 56, 54–60. [CrossRef]
Ribeiro, A.; Lopes, G. Learning Robotics: A Review. Curr. Robot. Rep. 2020, 1, 1–11. [CrossRef]
Arvin, F.; Espinosa, J.; Bird, B.; West, A.; Watson, S.; Lennox, B. Mona: An Affordable Open-Source Mobile Robot for Education
and Research. J. Intell. Robot. Syst. 2019, 94, 761–775. [CrossRef]
Araujo, A.; Portugal, D.; Couceiro, M.S.; Rocha, R.P. Integrating Arduino-based Educational Mobile Robots in ROS. J. Intell. Robot.
Syst. 2015, 77 2, 281–298. [CrossRef]
Barbosa, J.P.; Lima, F.P.; Coutinho, L.S.; Rodrigues Leite, L.S.; Barbosa Machado, J.; Henrique Valerio, C.; Sousa Bastos, C.
ROS, Android and cloud robotics: How to make a powerful low cost robot. In Proceedings of the International Conference on
Advanced Robotics (ICAR), Istanbul, Turkey, 27–31 July 2015; pp. 158–163.
López-Rodríguez, F.M.; Cuesta, F. Andruino-A1: Low-Cost Educational Mobile Robot Based on Android and Arduino. J. Intell.
Robot. Syst. 2016, 81, 63–76. [CrossRef]
López-Rodríguez, F.M.; Cuesta, F. Andruino-R2: Android and Arduino based Low-cost ROS-integrated Educational Robot
from Scratch. In Proceedings of the 11th International Conference on Robotics in Education (RiE 2020), Bratislava, Slovakia,
30 September–2 October 2020.
Frochte, J.; Lemmen, M.; Schmidt, M. Seamless Integration of Machine Learning Contents in Mechatronics Curricula. In Proceedings of the 19th International Conference on Research and Education in Mechatronics (REM), Delft, Netherlands, 7–8 June 2018.
Martínez-Tenor, A.; Cruz-Martín, A.; Fernández-Madrigal, J.A. Teaching machine learning in robotics interactively: The case of
reinforcement learning with Lego Mindstorms. Interact. Learn. Environ. 2018, 27, 293–306. [CrossRef]
Zaldivar, D.; Cuevas, E.; Pérez-Cisneros, M.A.; Sossa, J.H.; Rodríguez, J.G.; Palafox, E.O. An Educational Fuzzy-Based Control
Platform Using LEGO Robots. Int. J. Electr. Eng. Educ. 2013, 50, 157–171. [CrossRef]
Shakouri, P.; Duran, O.; Ordys, A.; Collier, G. Teaching Fuzzy Logic Control Based on a Robotic Implementation. IFAC Proc. Vol.
2013, 46, 192–197. [CrossRef]
Soto-Hidalgo, J.M.; Vitiello, V.; Alonso, J.M.; Acampora, G.; Alcala-Fdez, J. Design of Fuzzy Controllers for Embedded Systems
with JFML. Int. J. Comput. Intell. Syst. 2019, 12, 204–214. [CrossRef]
Knörig, A.; Wettach, R.; Cohen, J. Fritzing: A tool for advancing electronic prototyping for designers. In Proceedings of the Third
International Conference on Tangible and Embedded Interaction, Cambridge, UK, 16–18 February 2009.
Kohler, D. Rosjava Core. Available online: http://rosjava.github.io/rosjava_core/ (accessed on 2 December 2012).

Appl. Sci. 2021, 11, 48

28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.

41.
42.
43.

26 of 26

Rockey, C. Android Sensors Driver. Available online: https://github.com/chadrockey/android_sensors_driver (accessed on
2 December 2012).
Ferguson, M. Rosserial. Available online: http://wiki.ros.org/rosserial (accessed on 2 December 2012).
Suzuki, K. FTDriver. Available online: https://github.com/ksksue/FTDriver (accessed on 2 December 2012).
Koenig, N.P.; Howard, A.G. Design and use paradigms for Gazebo, an open-source multi-robot simulator. IEEE Int. Conf. Intell.
Robot. Syst. 2004, 3, 2149–2154.
Gazebo Homepage. Available online: http://gazebosim.org (accessed on 2 December 2012).
Blender Homepage. Available online: https://www.blender.org/ (accessed on 2 December 2012).
URDF at Wiki ROS Webpage. Available online: http://wiki.ros.org/urdf (accessed on 2 December 2012).
Cielniak, G.; Bellotto, N.; Duckett, T. Integrating mobile robotics and vision with undergraduate computer science. IEEE Trans. Educ.
2013, 56, 48–53. [CrossRef]
Cuesta, F.; Ollero, A. Intelligent Mobile Robot Navigation. Springer Tracts in Advanced Robotics; Springer: Berlin, Germany, 2005;
Volume 16.
Cruz Ulloa, C.; Terrile, S.; Barrientos, A. Soft Underwater Robot Actuated by Shape-Memory Alloys “JellyRobcib” for Path
Tracking through Fuzzy Visual Control. Appl. Sci. 2020, 10, 7160. [CrossRef]
Chen, S.; Lin, T.; Jheng, K.; Wu, C. Application of Fuzzy Theory and Optimum Computing to the Obstacle Avoidance Control of
Unmanned Underwater Vehicles. Appl. Sci. 2020, 10, 6105. [CrossRef]
Yang, B.; Guo, L.; Guo, R.; Zhao, M.; Zhao, T. A Novel Trilateration Algorithm for RSSI-Based Indoor Localization. IEEE Sensors J.
2020, 20, 8164–8172. [CrossRef]
Bozkurt, S.; Elibol, G.; Gunal, S.; Yayan, U. A comparative study on machine learning algorithms for indoor positioning.
In Proceedings of the 2015 International Symposium on Innovations in Intelligent SysTems and Applications (INISTA), Madrid,
Spain, 2–4 September 2015; pp. 1–8.
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