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Resumen

El desarrollo de redes y dispositivos inalámbricos provistos de múltiples

sensores y su interconexión a centros de almacenamiento y procesamiento

de datos a través de Internet ha dado lugar a la creación del Internet de las

Cosas (IoT por sus siglas en inglés). El creciente interés en el uso de las

tecnologı́as IoT ha acelerado el desarrollo de numerosas y diversas aplicaciones.

El correcto funcionamiento de muchas de estas aplicaciones requiere el control

del inmenso flujo de datos generados por dispositivos móviles hacia los

centros de toma de decisiones inteligentes desplegados en la nube. Muchos

de los servicios provistos por las aplicaciones se apoyan en el conocimiento

de la localización y perfil del usuario final. La contribución de esta tesis

doctoral se centra en dos componentes principales en el desarrollo de los

sistemas de localización para aplicaciones IoT: (i) algoritmos de procesamiento

de señales inalámbricas que posibiliten la localización en interiores; y (ii)

una infraestructura distribuida para optimizar el procesamiento de dichos

algoritmos.

En cuanto al primer punto, el trabajo de esta tesis doctoral se centra en la

caracterización del comportamiento de las señales inalámbricas. Para ello se

hace uso de modelos lineales, no lineales y ensamblados, y de optimización

utilizando algoritmos genéticos que permitan buscar la mejor distribución de

potencias de transmisión de los emisores inalámbricos. Los resultados de la

investigación muestran que el uso de algoritmos de clasificación en el proceso

de caracterización de la señal puede mejorar enormemente el desempeño de los

mecanismos de localización.

Sobre el segundo punto, esta tesis doctoral propone el uso de sistemas

distribuidos Fog Computing. Esta arquitectura ha siso concebida para

responder a las necesidades de un gran número de aplicaciones. Para poder

mejorar su funcionamiento, se propone una infraestructura distribuida robusta

y energéticamente eficiente.
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Summary

The development of wireless networks and devices equipped with multiple

sensors, and their connection to storage centres and data processing through

the Internet, has led to the implementation of Internet of Things (IoT). The

growing interest in the use of IoT technologies has generated the development

of numerous and diverse applications. The proper functioning of these

applications requires the control of enormous flows of data generated by

mobile devices to the intelligent decision-making centres deployed in the cloud.

Many of the services provided by the applications are based on knowledge

of the location and profile of the end user. The contribution of this Doctoral

Thesis focuses on the main components of the development of localization

systems for IoT applications: (i) algorithms for processing wireless signals that

enable indoor localization; and (ii) a distributed infrastructure to optimize the

processing of these algorithms.

Regarding the first point, the work of this Doctoral Thesis focuses on

the characterization of wireless signals behaviour. To this end, this point

this research make use of Non-Linear, Linear and Ensembled models, and

optimization using genetic algorithms in order to find the best transmission

power levels setup for wireless transmitter. The results of this research

show that the use of classification algorithms in the process of signal

characterization is able to greatly improve the performance-based indoor

localization mechanisms.

On the second point, this Doctoral Thesis proposes to make use of

distributed systems, specifically, Fog Computing. This architecture has been

designed to respond to the needs of a large number of applications. With

the aim of improving its performance, this research proposes a robust and

energy-efficient distributed infrastructure.
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Chapter 1

Introduction

Wireless networks have evolved tremendously in recent years thanks to the

development of embedded systems and their use beyond voice and data

communications. The design and development of wireless sensor nodes have

facilitates the implementation of a wide number of monitoring, control and

management applications in many sectors: smart cities, industry, finance,

and precision agriculture among others. The development of communication

technologies and embedded systems and their great commercial potential have

driven the study and development by large corporations and research centres.

The wide spread of novel data-intensive applications has spurred the need to

formulate new distributed computing paradigms.

Moreover, in the past few years, we have witnessed the emergence

of the so-called Fog computing paradigm, which aims to respond to the

ever-increasing demands for computing and communications requirements.

Under this new paradigm, designers and developers are being challenged to

design and develop distributed systems incorporating a large number of data

sources and intelligent data-intensive processing and visualization mechanisms

capable of meeting the QoS requirements of end-users and applications.

Among the large number of emerging applications, many organizations and

research centres are focusing their efforts on the design and development

of robust-indoor wireless localization mechanisms. Most of these efforts

aim to characterize the signals generated by IEEE 802.15.1 (Bluetooth), IEEE

802.11 (Wi-Fi) and IEEE 802.15.4 (ZigBee) devices over their coverage area

[Corbacho Salas, 2014]. The work reported in this thesis explores the use of
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2 Chapter 1. Introduction

machine learning algorithms on the Characterization of Bluetooth Low Energy

(BLE4.0) signals as a building block of wireless localization mechanisms. It then

presents the basis for the design of a Fog computing platform for the processing

of the BLE4.0 signal samples of the localization mechanism.

This chapter introduces the goals and relevance of studying wireless indoor

localization mechanisms. The thesis addresses the communication, processing

and storage requirements of wireless indoor localization mechanisms. The

work includes the study of the data acquisition process for the intelligent

analysis of the data. The main objectives of the thesis and work plan are fully

explained. The chapter then reviews the latest works reported in the literature

and the main contributions of the thesis.

Chapter 2 presents the journal articles together with the conference

communications arising from the thesis research efforts. Chapter 3 draws the

main research contributions and future research plans.

1.1 Motivation

1.1.1 Overview

The thesis objectives are threefold: (i) to characterize the signals generated

by wireless devices in order to develop indoor localization mechanisms; (ii)

to explore the use of machine learning techniques on the development and

optimization of distributed wireless indoor localization mechanisms; and (iii)

to develop a Fog computing architecture facilitating the implementation of

power-efficient and robust applications including wireless indoor localization

mechanisms.

A number of wireless network technologies are now available in the

market, of which Wi-Fi and Bluetooth are by far the most popular. This

is mainly beacuase most current smartphones have Wi-Fi and Bluetooth

interfaces. Accordingly, most research and development efforts in the

area of wireless indoor localization mechanisms have been made using
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one or both of these wireless technologies [Zhao et al., 2014]. As for other

technologies, ZigBee has also been explored in the context of wireless

sensor networks [Farid et al., 2013]. These studies are being developed

using the Received Signal Strength Indication (RSSI) of various reference

wireless transmitters as a mean of estimating the position of a smartphone

device [Pei et al., 2010]. Among the technologies being considered, Wi-Fi

networks have attracted the attention of many researchers and practitioners

over the last years [Martı́nez-Gómez et al., 2016]. Many experimental studies

have been conducted to construct radio maps and models enabling the

estimation of the distance between a reference transmitter and a smartphone

device. Due to the characteristics of the wireless signal, the use of Kalman

filters [Paul and Wan, 2009, Yim et al., 2008], among others, have been required

to remove the noise. Novel Bluetooth Low Energy devices have become a

strong alternative to Wi-Fi-based indoor location mechanisms. Their lower

cost, low energy consumption, and the size of the Bluetooth devices are among

the most important design features of battery-operated mobile devices, mainly,

smartphones and tablets. Moreover, these devices have many peripheral

sensors that we can use in order to improve the indoor localization, e.g.

accelerometer [Magistro et al., 2018].

In this context, Table 1.1 lists the main characteristics of these three wireless

technologies. In the case of Bluetooth, the table shows the BLE4.0 specifications.

The table includes the main algorithmic techniques used on the characterization

of RSSI fingerprints generated by the wireless devices.

As seen from the table, the BLE4.0 technology was mainly created to

respond to the increasing interest in developing wireless indoor positioning

mechanisms. The other two technologies, Wi-Fi and ZigBee, were

primarily designed for implementing wireless LANs, including broadband

connections, and the deployment of distributed wireless monitoring and

actuator applications, respectively. Due to the large number of hot-spots based

on Wi-Fi access points and the deployment of ZigBee wireless sensor networks,

developers and practitioners are exploring the development of positioning and
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TABLE 1.1: Comparison of Zigbee, Bluetooth and Wi-Fi
technologies

Bluetooth Wi-Fi ZigBee
Network
Topology Star-bus Ad-hoc or Star Star, cluster

or Mesh

Frequency
Band 2.4 GHz 2.4/5 GHz

868 MHz (Europe)
915 MHz (USA)
2.4 GHZ

Data Rate 1 Mbps 11/54 Mbps 250 kbps

Range 10 to 100 m Up to 100 m
Up to 20 km
(depend of the
frequency)

Power
Consumption Very low High Very low

Battery Life Multiple months Multiple hours Multiple months
Cost Low High Low

Infrastructure To be deployed Existing Wi-Fi
nodes To be deployed

Smartphones Supported Supported Not supported
Developed for
Positioning Yes No No

Main algorithmic
technique

Supervised
Learning
Algorithms.

Probabilistic
Graphical
Models.

Probabilistic
Graphical
Models.

Typical
applications

Sensors,
positioning,
peripherals.

WLAN,
broadband,
connections.

Industrial control
and monitoring,
sensor networks.

tracking mechanisms based on these two wireless technologies.

Among the different approaches being pursued in the development

of localization mechanisms, those by the characterization of the RSSI

fingerprint have benefited from the use of Probabilistic Graphical Models

(PGM) [Chavez-Romero et al., 2016, Yim et al., 2008] and Supervised

Learning Algorithms (SLAs) [Castillo-Cara et al., 2017a]. The localization

and tracking of a target within a given area is made possible based on

the characterization of the RSSI fingerprint generated by a set of wireless

transmitters [Paul and Wan, 2009, Faragher and Harle, 2015]. In a first phase,

a set of RSSI samples are collected at different location points. These

samples are used to characterize the RSSI fingerprint by associating an
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estimated location with each sample. The knowledge obtained from this first

phase is then used during the actual localization process. The first phase

also provides an estimation of the expected accuracy of the localization

process [Leitinger et al., 2015].

Therefore, the methodology to develop a localization mechanism based

on RSSI fingerprinting using a supervised learning algorithm consists of two

main phases: (i) characterization of the distribution of the RSSI in the area

enabling the localization of a given target [Pei et al., 2016, Rahim et al., 2017];

and (ii) the evaluation of the accuracy and mean error of the localization

mechanism [Farid et al., 2013]. Figure 1.1 shows an example of an indoor

localization set-up consisting of five BLE4.0 wireless anchors. The person is

carrying a smartphone with a BLE4.0 interface.

FIGURE 1.1: Experimental indoor localization set-up.

However, the main challenge in developing an accurate wireless indoor

localization mechanism is the design of a data processing platform capable

of coping with the high computer power processing requirements of the

supervised learning algorithms while meeting the time constraints of the

localization application [Breiman et al., 2001, Zhang et al., 2013].
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Numerous research efforts have suggested the use of Cloud Computing

infrastructures. Such platforms principally address the power processing

demands of the supervised learning algorithm, but they do not guarantee

the time constraints of the localization application [Pei et al., 2010,

Ishida et al., 2018, Kriz et al., 2016, Chen et al., 2013]. More recent studies,

including the work developed in this thesis, have suggested moving from the

Cloud Computing architecture to a Fog computing architecture. The latter does

not only address the processing requirements and time constraint guarantees

of the indoor localization application, but equally important, it helps make

better use of the computer, storage and network resources required by the

supervised learning algorithms [Zhang et al., 2013, Breiman et al., 2001].

Hence, different computing paradigms have been developed in response to

the increasing data processing and communication demands. Fog computing is

seen as the solution and optimization of the data processing, communications

and storage resources. Figure 1.2 illustrates the main differences between

the Fog computing architecture versus the Cloud computing architecture. In

this figure, we can see how the resources are distributed in different parts in

the edge level. This distributed computing can be carried out by means of

so-called Fog nodes, which are essentially microcomputers, such as low-cost

and open-source hardware platforms, that can process the information directly

from the devices and perform a first level of data analysis.

Following the aforementioned trends, this thesis explores the following

contributions: (i) the use of supervised learning techniques to exploit the

information provided by BLE4.0 indoor radio maps; and (ii) the development

of a robust and power-aware Fog computing platform addressing the data

processing demands and time-constraints of location-aware applications.

1.1.2 Challenges

In this section, the state of the current literature on which the development

of this Doctoral dissertation is based will be reviewed. The description of

the contributions of the Doctoral dissertation have been organized into three
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FIGURE 1.2: Fog Vs. Cloud architectures.

sections: (i) wireless signal characterization; (ii) indoor localization; and (iii)

distributed computing.

Challenges in Wireless Signal Characterization

BLE4.0 technology has spread rapidly in recent years, being present on

most mobile devices, such as smartphones, tablets [Kang and Han, 2015] and

electronic development kits [Cantón Paterna et al., 2017]. BLE4.0 beacons,

hereon in referred to as beacons, emit short packets, characterized by providing

the means of determining zones of proximity through the intensity of the

signal, i.e., RSSI. Beacons have low power consumption requirements making

it possible for them to operate for long periods without the need of replacing

their batteries.

BLE4.0 divides the band into 40 2-MHz channels. To avoid interference

between devices, since Wi-Fi and BLE4.0 operate over the 2.4-MHz band,

beacons make use of channels 37 (2402-MHz), 38 (2426-MHz) and 39

(2480-MHz) to advertise their presence [Powar et al., 2017]. Beacons broadcast

on these channels cyclically, and use the other channels once paired with

a BLE4.0-equipped device. The broadcast period has a major impact on

the battery lifespan and the accuracy of the localization mechanism. The
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beacons have configurable transmission power levels that usually range from

−30dBm to 4dBm. The signal strength conditions the beacons sensing

range [Cantón Paterna et al., 2017].

BLE4.0 signals are prone to noise and impairments due to the presence of

physical elements within the coverage area, such as furniture, people, walls,

windows and other obstacles. This makes it necessary to carry out RSSI

surveys. Some works have reported readings in a given location with signal

level variations of up to 20dBm in less than 20s [Faragher and Harle, 2015,

Ishida et al., 2018]. The deployment of the beacons must be carefully planned.

In particular, the placement and all the relevant system BLE4.0 parameters must

be calibrated to meet the end-user expectations [Shukri et al., 2016].

A number of studies have focused on minimizing the number of beacons

in proximity-based localization mechanisms. In [Ng et al., 2017], an Adaptive

Scanning mechanism fusion with a spontaneous Differential Evolution

(AS+sDE) mechanism is introduced. Limiting the number of beacons aims

to reduce the interference (noise) and therefore the performance degradation

of the localization mechanism [Cantón Paterna et al., 2017]. The authors of

AS+sDE report an accuracy of more than 90% for a beacon density of less than

five Beacons per square meter.

Multipath fading (MPF) is another major impairment with a major impact

on the design of indoor wireless localization mechanisms. Recent results

have shown that the use of the floor plan as a basis to identify the

multipath components may be exploited to enhance the accuracy of wireless

indoor localization schemes [Faragher and Harle, 2015, Leitinger et al., 2015,

Cantón Paterna et al., 2017]. Although the use of such schemes is still in

its infancy and limited to wide-band communications, insights into the

impact of the structural features over the RSSI metric have been gained.

In [Faragher and Harle, 2015], Faragher and Hale apply a multipath mitigation

algorithm over the RSSI fingerprint of their BLE4.0 experimental setup.

Various other works have explored the use of different transmission power

and channels in an effort to identify the set-up offering the best results. In
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[Ishida et al., 2018], the authors evaluate the use of different channels as a

measure to mitigate the multipath fading effect. They propose a channel

advertising scheme to separately measure RSS on different channels. Their

results show an improvement on the localization accuracy of approximately

12%. In [Lu et al., 2017], the authors adjust the transmission power level to

significantly increase the Bluetooth signal differences in indoor environments.

Their results show the benefits of their proposal using the k-NN algorithm as a

means to better exploit the information extracted from the RSSI fingerprint in

the development of indoor wireless localization schemes.

Challenges in wireless indoor localization algorithms

Depending on the wireless network technology, the use of a

technique/algorithm may be more suitable or feasible with respect to

others. As already stated, most works reported to date indicate that noise and

multipath fading are two of the main impairments with a negative impact

on the quality of RSSI fingerprints. To improve or identify the impact of

such impairments over the quality of the RSSI fingerprint is therefore one

of the main challenges to be met in the development of robust and accurate

BLE4.0-based indoor localization mechanisms [Pei et al., 2016]. Since the

structural characteristics and the layout of objects may play a major role in

signal impairments, the research community is actively working on defining

the best system configuration, e.g., density of beacons, relative placement

[Lin et al., 2015b]; and on identifying the most suitable data processing

methodologies, i.e., filtering and classification algorithms.

Recent studies making use of supervised learning algorithms have reported

promising results on characterizing RSSI fingerprints in the presence of noise

and multipath effects. In [Brunato and Battiti, 2005], the authors compare

various supervised learning algorithms applied to Wi-Fi fingerprints. In more

recent work [Kriz et al., 2016], a hybrid localization experiment was conducted,

using a set of Wi-Fi Access Points (AP) accompanied by BLE4.0 devices. The

localization mechanism was based on Weighted-Nearest Neighbours in the
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Signal Space algorithm. The main objective of this study was to improve indoor

location by introducing the use of BLE4.0 devices and the deployment of a

system that is constantly updated according to RSSI levels reported by mobile

devices (receivers). During the experiments, two parameters of the BLE4.0

devices were varied: the scan duration of the RSSI signal and the density. In

contrast, the transmission power was fixed to the maximum level throughout

all the experiments.

In [Brunato and Battiti, 2005], in addition to exploring and performing an

extensive evaluation of two supervised learning algorithms, SVM and k-NN,

the authors also explore the use of Bayesian Modelling and Multi-Layer

Preceptrons (MLP) algorithms. Although their work is developed for Wi-Fi, the

authors claim that their regression and classification algorithms can be applied

to the analysis of RSSI fingerprints created by other wireless technologies.

While most recent works consider k-NN and SVM as the two most

promising supervised learning algorithms, other works are exploring the

use of Deep Learning techniques as another alternative for improving the

quality of the information extracted from RSSI fingerprints accuracy and

performance [Wang et al., 2017].

The above analysis has proved useful to define and guide the objectives

and methodology of this Doctoral dissertation. After having identified the

major system parameters and impairments, the experimental setup layout was

defined. The following main system parameters were identified: number of

beacons, transmission power and advertisement period. Furthermore, bearing

in mind the two main impairments, noise and multipath fading, provisions

were taken to either mitigate their effect or identify their impact over the

characteristics of the RSSI fingerprints obtained from the experimental surveys.

Challenges in distributed computing

Despite the promising results reported to date, there are still many issues

entails the design and implementation of robust computing infrastructures

capable of meeting end-user application requirements. Besides the issues to be
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addressed in order to improve the operation of the underlying communication

platforms, another major issue has to deal with the design of a scalable and

robust data processing architecture. To this end, the architecture of distributed

systems has moved from a Cloud paradigm to a Fog paradigm. The latter

has been designed bearing in mind that for a large number of applications,

the computing resources will have to be located close to the data sources.

Furthermore, many applications may have stringent QoS specifications, such

as real-time, security and non-stop operation requirements. Some applications

may also be characterized by their high data rates and stringent processing

requirements. In the context of this dissertation, the focus is placed on the use

of wireless network infrastructure. Figure 1.3 depicts the general architecture

of a Fog computing architecture. As shown in the figure, the Fog computing

architecture is organized into at least two levels: an edge and a core level.

From the above, it is clear that the services to be provided by

the computing platforms will heavily depend on the underlying

communication facilities. Hence, it is important to focus, among other

things, on two main network design parameters of particular interest

for wireless networks: power management and network resilience

mechanisms [Orozco-Barbosa et al., 2017]. The former plays a key role in

the robustness of wireless networks deployed in areas of difficult access

and often exclusively powered by batteries. A possible solution entails

the application profile as a means to define an application-aware power

management mechanism [Vallina-Rodriguez and Crowcroft, 2013]. As for the

second issue, network resilience, it is well-known that such networks will

often have to self-heal based on events, such as the energy depletion of a node

providing relay services to other nodes; or due to upgrade or architectural

changes, such as a change in the number of nodes covering a certain area or

the change of the geographical location of a data processing server. It must be

clear that the nodes should collaborate in order to be able to deliver the data

service as required by the end-user application.

In this context, power consumption management of wireless
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FIGURE 1.3: Fog computing architecture.

networks has long attracted the attention of many research

groups [Solahuddin and Ismail, 2014, Sane et al., 2015]. While many studies

have looked into solutions such as the use of alternative power sources,

i.e., solar energy [Pramono et al., 2016], other studies have centred on

the design of power-aware protocol mechanisms [Matsui and Nishi, 2016,

Pérez-Garrido et al., 2014]. With the main goal of improving the overall

network operation, Fog computing has emerged to extend the Cloud

computing paradigm to the edge of the network [Bonomi et al., 2012].

Fog computing has been created to address issues such as the mobility,
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geographical and latency requirements of most IoT applications;

including those implemented by smartphones [Spirjakin et al., 2015].

Due to the requirements of deploying an increasing number of

interconnected devices, power management and self-healing mechanisms

have emerged as two of the key design parameters of Fog computing

platforms [Al-Fuqaha et al., 2015, Luan et al., 2015, Okafor et al., 2017].

In [Al-Fuqaha et al., 2015], the authors identify the main features of the

underlying network mechanisms of a Fog computing platform, namely:

location, distribution, scalability, density of devices, mobility support,

real-time and standardization. Moreover, the network infrastructure in a Fog

computing platform must be autonomous and efficient in terms of the energy

consumption and network resilience [Piromalis and Arvanitis, 2016].

As for the available communication technologies, the ZigBee standard

has attracted the attention of many designers. Various studies have shown

the benefits of Zigbee. In [Lee and Wang, 2013], the authors evaluate the

connectivity, packet loss rate and transmission throughput in an indoor

experimental area. A hybrid network approach, Zigbee/5G, is described

in [Mu, 2017]. The authors show the effectiveness of integrating various

protocol mechanisms, aiming to reduce power consumption.

Moreover, there are numerous works on indoor localization with

ZigBee [Sugano et al., 2006, Lau et al., 2009]. Although ZigBee is not used for

localization applications based on smartphones, a study of this protocol is

important when it comes to being able to gather data from sensor nodes

based on this technology. It is important to remember that this protocol

provides the means to develop load-balancing techniques and network

resilience algorithms [Lin et al., 2015a]. It is also important to realize that the

success of a Fog platform will rely on its ability to integrate various wireless

network technologies. Besides those developed with a specific application in

mind, BLE4.0 for localization and ZigBee for sensor nodes, the widespread

use of smartphones is making possible the deployment of a large number

of location-aware applications including monitoring and data gathering in
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a wide range of sectors: smart cities, precision agriculture, and industry

4.0 [Kriz et al., 2016, Chen et al., 2018].

1.2 Objectives

The main goal of this Doctoral dissertation can be simply stated as follows:

design, development and calibration of distributed BLE4.0 fingerprint-based

indoor localization mechanisms through the use of robust and power-efficient

Fog computing platforms.

Based on the main objective, the following specific goals were proposed:

• Goal 1. To study BLE4.0 technology for the development of wireless

indoor radio maps, i.e., to characterize the BLE4.0 signal fingerprints.

• Goal 2. To assess the applicability and performance of different

classification techniques based on machine learning principles to develop

accurate and robust wireless indoor localization mechanisms.

• Goal 3. To improve the accuracy and reduce the error of the localization

mechanism, taking into account the main system design parameters,

primarily the number, layout and transmission power of the beacons.

• Goal 4. To optimize the operation of the training and prediction phases

of the supervised learning algorithms by means of algorithms based on

metaheuristics.

• Goal 5. To design a distributed system following the latest trends

on Cloud and Fog computing paradigms, taking into account the

applications requirements and computational and energy demands.

1.3 Methodology and Work Plan

The methodology and work plan of this Doctoral dissertation is organized in

three main blocks, see Figure 1.4.
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FIGURE 1.4: Methodology and work plan.

Component 1: Signal Processing

Deployment of a BLE4.0 experimental setup for the analysis of indoor RSSI

fingerprints.

• Indicator: Impact of the BLE4.0 system parameters, floor plan and

occupancy on the performance of indoor wireless localization techniques.

• Means of verification: (i) signal sampling at various pre-defined sectors

of the setting; (ii) detection/estimation of the multipath propagation



16 Chapter 1. Introduction

effect present in RSSI fingerprints, also known as multipath fading (MPF)

or multipath interference (MPI); (iii) analysis and verification of RSSI

fingerprints through the rearrangement of beacons, and (iv) analysis and

verification of RSSI fingerprints using different transmission power levels.

• Assumptions: The localization system parameters, the floor plan

and occupancy of the indoor environment play a major role in the

performance of BLE4.0-fingerprint localization techniques. The number

and arrangement of the beacons and their transmission power are the two

major system parameters with an impact on RSSI fingerprints. The main

environment parameters with an impact on the RSSI fingerprint are the

line-of-sight conditions, and the floor plan and occupancy of the indoor

environment.

• Materials: Beacons, Microcontrollers, Smartphone, Raspberry Pi,

Computers, Servers and BLE4.0/Wi-Fi network devices.

Component 2: Indoor localization techniques

Wireless based localization using supervised learning algorithms and optimal

asymmetric transmission power using optimization algorithms.

• Indicator: Evaluation and optimization of wireless indoor localization

techniques under different system parameter settings, using supervised

classification and metaheuristic algorithms.

• Means of verification: (i) mitigation of the multipath fading effect

through the use of different transmission power levels; (ii) performance

evaluation of Linear, Non-Linear and Ensemble models used on

the multipath fading effect mitigation process; (iii) calibration of

the hyperparameters of the supervised learning algorithms; and

(iv) optimization of the localization techniques using evolutionary

algorithms.
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• Assumptions: The multipath fading effect heavily penalizes the

performance of wireless indoor localization techniques. Machine learning

and metaheuristics algorithms may be used to mitigate the multipath

fading effect: (i) implementation and evaluation of advanced machine

learning algorithms, i.e., Linear, Non-Linear and Ensemble models,

using their baseline parameters (ii) optimization of the BLE4.0 platform

parameters using metaheuristics algorithms; and (iii) optimization of the

different models through an exhaustive analysis via the configuration of

their hyperparameters.

• Materials: Beacons, Microcontrollers, Smartphone, Raspberry Pi,

Computers, Servers and BLE4.0/Wi-Fi network devices.

Component 3: Distributed computing

Design and development of an edge-level distributed platform particularly

tailored for location-aware IoT applications

• Indicator: Design, development and evaluation of a robust and

power-aware Fog computing platform. The design of a low-cost

configurable and power-efficient sensor node using open-source

hardware.

• Means of verification: (i) design of a two-level, core and edge computing

and communications platform, (ii) development of a sensor node

platform using low-cost open-source hardware platforms and various

sensor types, and (iii) performance evaluation of the data flow at the edge

level, in terms of network resilience and energy consumption.

• Assumptions: The processing of wireless indoor localization techniques

and location-aware applications may greatly benefit from the use of novel

distributed platforms. The robustness of localization techniques will

greatly benefit from the use of resilience and power-aware Fog computing

platforms.
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• Materials: Beacons, Microcontrollers, Smartphone, Raspberry Pi and

BLE4.0/Wi-Fi/Zigbee network devices.

1.4 General Discussion and Main Contributions

This section reviews the main contributions of this Doctoral dissertation. The

presentation of the main contributions are organized as follows. First, the

main contribution made in the area of indoor signal characterization of the

beacons is presented. The contribution in this area corresponds to the outcome

of Component 1, published in [Castillo-Cara et al., 2017a] and presented in

Section 2.4. The contributions to the indoor localization techniques are

described in the second part of this section. The contributions in this area

correspond to the outcomes of Component 1 and Component 2. These results

have been reported in [Castillo-Cara et al., 2017b], presented in Section 2.5. The

third part describes the proposed distributed platform architecture, reported

in [Castillo-Cara et al., 2018a] showed in Section 2.6.

1.4.1 Contributions to Signal Characterization

The design and development of BLE4.0 fingerprint localization techniques

present major challenges since the indoor propagation of BLE4.0 signals is

highly sensitive to the multipath fading effect [Anagnostopoulos et al., 2016].

It is also widely recognized that the capabilities of the surveying devices will

play a major role in the quantity, quality and time of the effort invested to

produce valuable RSSI fingerprints. Figure 1.5 depicts the overall methodology

followed during the first phase of the thesis research plan. The details of

the experimental platform and a description of the experiments are provided

in [Castillo-Cara et al., 2017a]. It is worth mentioning that two different

BLE4.0-equipped mobile devices were used during this phase: a smartphone

running Android 5.1 and a Raspberry Pi 2 equipped with a USB BLE4.0

antenna [Trendnet, 2017], hereon in referred to as BLE4.0 antenna. As depicted

in Figure 1.5, the characterization of the signal has allowed us to identify the
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main system parameters with a major impact on the quality and usefulness of

the RSSI fingerprints: number of beacons, topology and transmission power

levels.

FIGURE 1.5: Signal characterization methodology.

Receiver characteristics

Figures 1.6(a) and 1.6(b) show the RSSI measured at different distances for

two BLE4.0 beacons under line-of-sight conditions. Since the purpose of this

first experiment was to evaluate the capabilities of both mobile devices, we

conducted this first trial using a mid-power level. The figures show that the

BLE4.0 antenna offers better results than the smartphone, higher RSSI levels

and lower standard deviation. This is mainly because the sampling rate of the

smartphone is limited to 15 samples/second, while the BLE4.0 antenna is able

to operate as high as 86.6 samples/second.

Distance (m)

(a) First Beacon. (b) Second Beacon.

FIGURE 1.6: RSSI (dBm) vs. distance (m) for BLE4.0 antenna and
smartphone with respect to two different beacons.
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Table 1.2 shows the accuracy results, the estimation of the location based

on the information provided by the RSSI fingerprint using two well-known

supervised learning algorithms, i.e., k-NN and SVM, for the two devices. The

results corresponding to the BLE4.0 antenna substantially outperform those

obtained with the smartphone.

TABLE 1.2: Global accuracy for k-NN using mode (with k = 5) and
SVM (with a quadratic polynomial kernel function) algorithms.

Algorithm smartphone BLE4.0 antenna

k-NN 21% 64.6%
SVM 22.4% 60.6%

RSSI fingerprints

Figure 1.7 depicts the experimental setup used for characterizing the BLE4.0

indoor signal propagation, similarly to the experimental setup depicted in

Figure 1.1. However, in contrast to the previous setup, the experimental area

was divided into fifteen sectors, which were separated from one another by a

guard zone. In addition, beacon ’Be09’ was placed to the left side of the room.

As explained in [Castillo-Cara et al., 2017b], this arrangement enables a better

spatial characterization of the wireless signal.

It is well known that the floor plan and materials are two of the major

parameters with a significant impact on indoor propagation of BLE4.0 signals.

Since the experiments were conducted in a single lab with practically no

furniture and zero occupancy during most of the trials, the experiment focused

on the impact of the surrounding wall materials.

Figure 1.8 depicts the RSSI measurements taken at Sectors 13 and 15

corresponding to the signals of ’Be08’ and ’Be10’, respectively. ’Be10’ is located

at a corner of a flat wall made of drywall and a window wall located at the right

side of Figure 1.7. ’Be08’ is placed at the corner of a flat wall made of drywall

and at the entrance of a corridor. Comparing the RSSI levels captured for ’Be08’,

Figure 1.8(a), to the ones for ’Be10’, Figure 1.8(b), the signal of ’Be10’ suffers

a higher attenuation, a difference of more than 10dBm than that experienced
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Be11

Be10

Be09

Be07

Be08

Sector 15

Sector 1

Sector 8

FIGURE 1.7: Experimental indoor localization set-up.

for the signal of ’Be08’. These results clearly show the challenges involved in

accurately characterizing the indoor signal propagation of BLE4.0 transmitter.

(a) When transmitter is close to drywall side. (b) When transmitter is close to window side.

FIGURE 1.8: RSSI behaviour for different zones with the same
distance transmitter-receiver and transmission power.

In order to gain further insights into the impact of the surrounding material

over the indoor signal propagation, Figure 1.9 shows the RSSI fingerprints

throughout the experimental area of ’Be07’ and ’Be11’.

From the results depicted in Figure 1.8 and Figure 1.9, it is clear that the

materials surrounding the BLE4.0 have a major impact on signal propagation.

The main observations can be stated as follows:
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(b) For Be11.

FIGURE 1.9: RSSI fingerprints for beacons ’Be07’ and ’Be11’
operating at middle transmission power.

• The intensity of the RSSI in sectors close to the window side is lower than

the one at the sectors close to the drywall side.

• The RSSI levels of the beacons placed by the windows, ’Be10’ and ’Be11’,

experience a higher attenuation loss than the beacons placed by the walls

made of drywall, ’Be07’ and Be08’.

Furthermore, the RSSI fingerprints, Figure 1.9, illustrate the challenges in

characterizing the signal propagation. It is evident that the presence of the

multipath fading effect makes it difficult to estimate the distance between the

receiver and transmitter based on the RSSI level.

Multipath Fading Mitigation

Signal impairment, known as deep multipath fading, is one of the main

obstacles in the development of robust and accurate BLE-based location

mechanisms [Palumbo et al., 2015]. In the presence of multipath fading, the

information to be derived from the RSSI values of each individual beacon will

definitely mislead the classification process.

As previously seen, the physical characteristics of the area play an important

role since the classification algorithms seek to differentiate as much as possible
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one sector from another based on the RSSI levels. Furthermore, since the

beacons work in different transmission power levels, from TxPower = 0x01

to TxPower = 0x06, it is important to study the impact of using different

transmission power levels for each beacon, i.e., to mitigate the impact of

multipath fading on the RSSI fingerprints.

In order to further illustrate the multipath fading effect, and its relationship

with the actual transmission power of each beacon, Figure 1.10(a) and 1.10(d)

show the RSSI values for ’Be11’ when operating at two different transmission

power levels. The values shown in Figure 1.10(d) exhibit better characteristics:

the highest RSSI value is closely located and delimited around the area where

the ’Be11’ is situated, i.e., the upper right corner of the figure. In contrast,

the values shown in Figure 1.10(a) does not allow us to easily identify the

location of the ’Be11’. The results for the other two beacons exhibit similar

characteristics. Furthermore, we notice that the most useful fingerprints for

’Be07’ and ’Be11’ share the same transmission power level, TxPower = 0x04.

However, in the case of ’Be08’, the transmission power setting providing the

best results is TxPower = 0x01.

These results clearly show that the setting of the transmission power

levels may prove useful to overcome the impact of the multipath fading

effect. The mitigation of the multipath fading effect will provide us with

the means to improve the accuracy for the classification algorithms. This

finding motivated most of the work reported in [Castillo-Cara et al., 2017b]

and [Castillo-Cara et al., 2017a]. The following section also reports our latest

findings.

1.4.2 Contributions to wireless indoor localization algorithms

Previously, how to set up different transmission power levels (hereon in

referred to as asymmetric transmission power) was described, mitigating the

multipath fading effect, having an impact in the final results for two supervised

learning algorithms, i.e., k-NN and SVM. Hence, Figure 1.11 shows the overall

schema of the work conducted in this contribution. In this case, the study



24 Chapter 1. Introduction

0 1 2 3 4 5 6
0

2

4

6

8

� 81.0

� 79.5

� 78.0

� 76.5

� 75.0

� 73.5

� 72.0

� 70.5

� 69.0

(a) Be11 with TxPower = 0x03.

0 1 2 3 4 5 6
0

2

4

6

8

� 66.0

� 64.5

� 63.0

� 61.5

� 60.0

� 58.5

� 57.0

� 55.5

� 54.0

(b) Be07 with TxPower = 0x01.

0 1 2 3 4 5 6
0

2

4

6

8

� 84

� 82

� 80

� 78

� 76

� 74

� 72

� 70

� 68

� 66

� 64

(c) Be08 with TxPower = 0x05.
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(f) Be08 with TxPower = 0x01.

FIGURE 1.10: RSSI values for different transmission power
(TxPower) levels for beacons ’Be11’, ’Be07’ and ’Be08’.

makes a more in-depth analysis of the environment and characteristics of the

signal than the previous contribution. In addition, the study was extended to

include twelve supervised classification models, grouped in Linear, Non-Linear

and Ensemble models. Finally, evolutionary algorithms (EAs) were used to

optimize the asymmetric transmission power levels setting.

Optimal asymmetric transmission power

Drawing on the results of the supervised learning algorithms presented in

Figure 1.11, Table 1.3 shows the accuracy for each combination of algorithm

and transmission power levels studied.

As throughout this work, the multipath fading effect can be mitigated

using different transmission power levels for each beacon. Given this premise,
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FIGURE 1.11: Overall scheme of the contribution in indoor
localization.

TABLE 1.3: Accuracy (%) for the different supervised classification
models. The best values for each transmission power levels are

represented in bold.

Model 0x01 0x02 0x03 0x04 0x05 0x06
LoR 60.50 49.30 50.80 57.20 48.90 60.30
LDA 63.80 52.00 57.90 62.60 54.30 66.70
GNB 73.90 64.80 72.20 73.60 65.00 77.70
MLP 56.00 45.30 44.00 53.20 43.80 55.40
SVC 72.20 68.70 74.90 74.10 67.20 79.20
DT 73.80 69.70 72.70 75.00 64.20 78.20
k-NN 77.50 72.70 77.00 75.70 70.00 81.10
RF 79.10 76.50 79.10 79.80 71.30 83.60
ET 78.50 74.90 79.20 78.70 71.30 84.20
GBM 81.70 78.80 82.00 82.30 76.50 86.10
AB 80.00 75.30 80.00 78.70 72.10 83.70
VC 79.40 76.20 80.00 80.10 73.80 84.70

five beacons with six transmission power levels (i.e. TxPower = 0x01 to

TxPower = 0x06) account for a total of 7776 combinations. It is worth

mentioning that all these combinations require high computational resources.

Consequently, metaheuristic optimization algorithms seem to be a good

solution to compute the optimal asymmetric transmission power setup. Among
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the different well-known metaheuristic algorithms, evolutionary algorithms

can be considered a good option to solve this problem [Bäck et al., 2000,

Fortin et al., 2012]. Algorithm 1 depicts the pseudo-code of a general

evolutionary algorithm, where:

• population denotes a list of individuals,

• cxpb is the probability of mating two individuals,

• mutpb is the mutation probability,

• ngen is the number of generations, and

• buildNextGenerationFrom() computes the next generation population,

and subsequently, validates the new individuals and computes the

statistics of this new population.

Algorithm 1 Evolutionary Algorithm

1: evaluate(population)
2: for ginrange(ngen) do
3: population = select(population, len(population))
4: offspring = buildNextGenerationFrom(population, cxpb,mutpb)
5: evaluate(offspring)
6: population = offspring
7: end for

Specifically, Table 1.4 depicts the fundamental entities of this evolutionary

algorithm for the asymmetric indoor localization problem.

Table 1.5 shows the results obtained applying this evolutionary algorithm.

In this table, it can be observed how the accuracy has been substantially

improved compared to the results shown in Table 1.3. Moreover, the number

of evaluations carried out until convergence has been considerably reduced

with respect to a perfect exhaustive search algorithm (7776 evaluations).

Hence, the evolutionary algorithm obtains very good results searching for

the best combination of beacon transmission power level for each considered

supervised learning algorithm.
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TABLE 1.4: Fundamental entities for the evolutionary algorithm.

Entity Definition

Individuals
The representative unit of an entity that will evolve to the
optimum. In this case, individuals will be the different
combinations of transmission power levels.

Gene
The minimum representation of a characteristic of an
individual. In this case, each beacon will have six different
transmission power levels.

Population The set of individuals to be evaluated. A typical value of
100 will be used.

Crossing
This process consists of transmitting the genes from one
generation to the next. In this case, new individuals are
generated, inheriting some genes from their parents.

Mutation

This process involves the variation of genes in the genetic
chain of the individual. The problem here is the change
of a certain gene randomly in some individual(s) in the
population.

Evaluation

This process consists of calculating or estimating how
optimal (fitness) each individual of the population is.
The accuracy of the algorithm with the individual
parameters is obtained.

Selection

This process, as its name suggests, consists of separating
the top optimal individuals for the next generation.
It corresponds to the selection of individuals of the new
generation that offer better accuracy.

Finally, runtime (RT) for each algorithm has been evaluated in order to

apply these models in an embedded system like Raspberry Pi or smartphone.

Furthermore, it is not only interesting to know the runtime but having a

study of the computational consumption from different supervised learning

algorithms is an essential aspect to be evaluated.

Benchmark

It is worth mentioning that performing an analysis of each model is

essential with the purpose of developing real-time indoor localization

according to the computational requirements, above all, in embedded

systems [Cantón Paterna et al., 2017]. Moreover, the machine learning models

have high processing, but within these models the computational processing

varies according to the problem and quantity of data.
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TABLE 1.5: Values with asymmetric transmission power
(TxPower) levels for each classification model using EAs.

Model TxPower Setting Acc ME No. Eval. Gen. RT
LoR [4− 1− 2− 3− 1] 70.92 0.647 334 6 10.0001
LDA [6− 1− 3− 3− 5] 77.20 0.486 460 6 0.031
GNB [4− 1− 2− 6− 1] 86.01 0.289 439 7 0.020
MLP [4− 1− 4− 6− 1] 68.30 0.615 386 8 3.660
SVC [6− 6− 3− 3− 5] 83.04 0.512 402 2 2.881
DT [6− 1− 3− 3− 5] 84.92 0.301 421 9 0.020
k-NN [6− 1− 3− 6− 1] 87.80 0.264 368 2 0.031
RF [6− 1− 3− 3− 5] 89.24 0.240 408 6 0.082
ET [6− 1− 3− 3− 5] 89.25 0.255 341 4 0.050
GBM [6− 1− 3− 3− 5] 91.45 0.185 425 9 3.269
AB [6− 1− 3− 3− 1] 87.82 0.279 358 5 3.907
VC [6− 1− 3− 3− 5] 90.11 0.200 426 5 3.365

Figure 1.12 shows the benchmark results for each classification model.

This figure shows the consumption of computational resources, i.e., energy,

instructions per cycle and CPU. Extremely Randomized Trees, Random Forest

and k-Neirest Neighbour are the supervised learning algorithms that need

fewer computational resources. Nevertheless, algorithms like Support Vector

Machine, Gradient Boost Machine, Adaptive Boost or Voting consume levels of

computational resources.

The above analysis establishes the basis for deriving a methodology

that allows us to enhance the performance for the supervised learning

algorithms. The use of a computational infrastructure or database either to

store data or make decisions may be used in order to yield better results.

In fact, recent works reported in the literature are working on the creation

of such infrastructures [Ishida et al., 2018, Kriz et al., 2016, Chen et al., 2013,

Chen et al., 2018]. Therefore, the need for a distributed computing platform

is an essential concept in order not to overburden the system in real-time

applications. Among these platforms, Fog computing seems to be a suitable

platform to make decisions at the edge level.
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FIGURE 1.12: Benchmark for the different classification models.

1.4.3 Contributions to distributed computing

As discussed in the previous sections, fingerprint-based localization

systems require the gathering and processing of a large amount of

data [Chen et al., 2018]. It is also clear that the success of a localization

mechanism will not only rely on its accuracy; robustness is another equally

important metric. Since mobile devices rely on the power provided by

batteries, robustness is often associated with power efficiency. Furthermore,

applications, such as the one reported in [Castillo-Cara et al., 2016a], will

impose stringent time constraints.

Taking into account the high computational costs and stringent

requirements of both the localization techniques and end-user applications,

this section presents the architecture of a distributed system specifically

tailored to address the stringent requirements of wireless indoor localization

techniques. Following the latest trends in the area of distributed systems, the

proposed infrastructure is based on the Fog computing model. Fog computing

enables the deployment and efficient use of underlying platform resources.
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Here, efficiency does not only refer to the actual utilization rates of the various

computational resources, such as servers and network links, but it also includes

power efficiency as another major system design parameter.

Moreover, taking into account the ever-increasing number of wireless

technologies, the contributions of this Doctoral dissertation also includes the

design of a configurable sensor platform. The main contributions were reported

in [Castillo-Cara et al., 2018a].

Figure 1.13 shows the overall proposed methodology. The ultimate

goal is to develop a smart Fog computing platform capable of providing a

wide range of end-user applications including the monitoring of Complex

Event Processing (CEP) and the provisioning of edge-to-core communications.

The work includes the design of a configurable node platform integrating

off-the-shelf components, i.e., sensors and wireless network platforms. As

already mentioned, power management and network resilience formed part

of the main system design parameters.

FIGURE 1.13: Fog computing design methodology.
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Power efficiency and resilience

Figure 1.14 depicts the proposed wireless network topology. The network

is composed of three types of nodes, namely the coordinator, router and

end nodes. The coordinator node is responsible for initializing the wireless

network and ensuring its connectivity to the Fog premises. Coordinator

nodes are normally implemented using highly reliable platforms. The

other two types of nodes, routers and end nodes, are the subject of the

proposal [Castillo-Cara et al., 2018a].

FIGURE 1.14: Wireless network topology.

Since the router nodes are in charge of forwarding the data collected by the

end nodes and monitoring the environment, it is evident that they are exposed

to higher load demands than the ones handled by the end nodes. Resilience

is therefore based on the deployment of two or more of nodes ensuring the

connectivity of a given group of end nodes. At all times and in order to get the

most from the available resources, the router and end nodes will monitor the

environment making use of their on-board sensors.

The analysis reported in [Castillo-Cara et al., 2018a] reveals that one router

node exhibits the best results in terms of the power requirements. The

implementation of a lightweight protocol should provide the means for the role



32 Chapter 1. Introduction

of the router node to be taken over by another sensor node located within the

coverage range of the current router node.

In order to design and develop the network resilience algorithm, it should

be remembered that the coordinator node is the one in charge of controlling

the network. To make the decision of replacing a router node, the status of

the batteries of the current router node and the candidate to be taken over

should be verified. Algorithm 2 specifies the operation of the network resilience

mechanism.

Algorithm 2 Network Resilience Algorithm.

1: procedure BALANCEGAME
2: timeLoop← 1
3: lookForRouter ← FALSE
4: while TRUE do
5: secondLevelDevices← coordinatorDevice.findConnectedDevices()
6: indexDevice← 0
7: for indexDevice < secondLevelDevices.size() do
8: device← secondLevelDevices[indexDevice]
9: if device.getRole() == ROUTER−NODE then

10: if device.getBatteryLevel() <= 50 then
11: device.setRole(END −NODE)
12: lookForRouter ← TRUE
13: end if
14: else
15: if lookForRouter == TRUE then
16: if device.getBatteryLevel() >= 70 then
17: device.setRole(ROUTER−NODE)
18: lookForRouter ← FALSE
19: end if
20: end if
21: end if
22: end for
23: sleep(timeLoop)
24: end while
25: end procedure

One of the main characteristics of the proposal is its simplicity. Since the

number of sensor nodes involved in the role-changing task is fixed at three

sensor nodes, the reliability of the mechanism is practically guaranteed. In fact,

this configuration allows us to schedule maintenance tasks while ensuring the
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presence of backup nodes at all times. That is to say, the sensor node taking

over the routing task will be the one in charge of taking over the in-transit

traffic ensuring that no packets get lost. Furthermore, the algorithm prevents

the presence of potential loops involving end nodes and router/end nodes. In

this context, as can be seen in Figure 1.15, the design of an optimal wireless

network and electronic sensors can greatly reduce energy consumption.

(a) Platform WITHOUT the power
management mechanism.

(b) Platform WITH the power management
mechanism.

FIGURE 1.15: Voltage vs. time results for the Li-Po battery.

1.5 Results

This section summarizes the results obtained according for the five research

goals presented in Section 1.2.

As described in Goal 1 and Goal 2, this Doctoral dissertation started with an

exhaustive analysis of the indoor propagation of BLE4.0 signals. The research

tasks to achieve these goals comprised the development and establishment

of an experimental setup. The impact on the resulting RSSI fingerprints was

explored. The main system parameters included the number and arrangement

of the BLE4.0 beacons, various end-user devices, the transmission power levels,

and the channels. The floor plan was also included and the actual sampling

locations were defined. Goal 2 implied the use of data analysis techniques in

order to evaluate the positioning system-based on RSSI fingerprinting.

These goals were addressed in a published paper entitled ”An Empirical

Study of the Transmission Power Setting for Bluetooth-Based Indoor Localization
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Mechanism” [Castillo-Cara et al., 2017b], which analyses how to mitigate the

multipath fading effect, making use of the different transmission power levels

and their impact on the results for indoor localization in a Raspberry Pi device

with a BLE4.0 antenna.

In addition, regarding Wi-Fi-based indoor localization systems,

the author of this thesis participated in a paper entitled ”Spatial

statistical analysis for the design of indoor particle-filter-based localization

mechanisms” [Martı́nez-Gómez et al., 2016]. The participation in this paper

consisted of being able to carry out a signal characterization for Wi-Fi, in

2.4GHz and 5GHz bands. Based on this signal characterization, an analysis of

its behaviour was carried out throughout the area. Moreover, it can be said that

the behaviour of the signals for Wi-Fi and BLE4.0 are completely different and,

therefore, different algorithmic techniques must be used, not only to improve

the location in indoor areas, but also as analysis and pre-treatment of the data.

Once Goal 1 and Goal 2 were achieved, the author continued to work

on BLE4.0-fingerprinting indoor localization techniques in Goal 3. In this

context, an analysis of a BLE4.0 signal in which the BLE4.0 signal has a

completely different behaviour than Wi-Fi was performed. As a consequence,

probabilistic graphical models had to be rejected and changed for supervised

learning algorithms. The results of this goal were first addressed in the

paper entitled ”Supervised learning algorithms for indoor localization fingerprinting

using BLE4.0 beacons” [Lovón-Melgarejo et al., 2017]. This study allowed us to

perform a first analysis in two different environments with different physical

characteristics, using SVM and k-NN as supervised learning algorithms.

These first results allowed us to identify characteristics, in terms of the

signal, of the transmitters and receivers, in this case with a smartphone.

Drawing on this work, and performing an extensive and in-depth analysis, an

extended paper entitled ”An Analysis of Multiple Criteria and Setups for Bluetooth

Smartphone-Based Indoor Localization Mechanism” [Castillo-Cara et al., 2017a]

was published. This study analyses the impact for the three main actors

in indoor localization: (i) transmitter, in this case beacons which emit with
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different transmission power levels, since it is important to analyse the result

according to the RSSI; (ii) algorithmic configuration through to the tuning

phase for k-NN and SVM; and (iii) indoor location environment related to the

previous points (i) and (ii), since, depending on the physical characteristics of

the area, it is important to optimize the algorithms and the transmission power

levels.

Consequently, and as a result of the previous goal and the paper

[Castillo-Cara et al., 2017b], Goal 4 was structured with the main challenge of

developing an algorithm that optimized the search range of the transmission

power setup. In this context, the paper under review titled ”A Genetic Algorithm

Approach Based On Supervised Learning Algorithms for Optimal Bluetooth Indoor

Localization” [Castillo-Cara et al., 2018b] was proposed. In this work, the BLE4.0

indoor location was extended to twelve supervised learning algorithms making

a tuning phase with the hyperparameters of each one. The classification

algorithms are: (i) two Linear Models: Logistic Regression and Linear

Discriminant Analysis; (ii) five Non-Linear Models: Gaussian Naive Bayes,

Multi-Layer Perceptron, Support Vector Machine, k-Nearest Neighbour and

Decision Trees; and (iii) five Ensemble Models: Random Forest, Extremely

Randomized Trees, Adaptive Boost, Gradient Boost Machine and Voting.

Two algorithms based on metaheuristics were analysed, namely Estimation

of Distribution Algorithm and Evolutionary Algorithm. Moreover, the paper

analyses the computational complexity of each model in order to determine the

feasibility of each one for autonomous navigation in real time conditions.

Goal 5 focused on developing a distributed system capable of coping

with the computational demands of the models and end-user application

requirements, i.e., low latency and robustness. The main results of this

work were reported in ”FROG: A Robust and Green Wireless Sensor Node

for Fog Computing Platforms” [Castillo-Cara et al., 2018a]. The work analyses

the main characteristics of a distributed infrastructure based on the Fog

computing model. The paper highlights the main advantages of using Fog

computing infrastructures in problems related to indoor localization, namely,
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(i) distribution of the resources among the different devices in the edge level;

(ii) shared decision-making capabilities ensuring robust and power-efficient

services; and (iii) configurable network nodes including various sensors and

radio interfaces. The paper reports on the experimental evaluation of a system

built around the ZigBee standard.

The paper entitled ”Ray: Smart Indoor/Outdoor Routes for the Blind Using

Bluetooth 4.0BLE” [Castillo-Cara et al., 2016a] reports on the use of BLE4.0 to

develop a smart indoor/outdoor assistant to guide visually-impaired people in

their daily journeys. The indoor positioning system was based on trilateration

techniques. Outdoors, the localization made use of the GPS technology

supplemented by BLE4.0 beacons placed at street intersections.

The paper ”Citizen security using machine learning algorithms through open

data” [Bravo-Rocca et al., 2016] explored the use of Random Forest and Multiple

Logistic Regression models. In this case, the analysis of the data extracted from

an open database was used to develop a smartphone application to provide

timely information to citizens, regarding geo-referenced anomalous conditions,

e.g., car crash, thefts, and fires, among others.

Finally, the paper entitled ”Identificación de zonas de riesgo

para la Seguridad Vial mediante algoritmos de aprendizaje no

supervisado” [Lovón-Melgarejo et al., 2018] explored the use of the k-Means

clustering technique including a reduction of dimensions using Principal

Component Analysis (PCA).

Summary of Results

The main results corresponding to each of the five objectives of this Doctoral

dissertation have been reported in the following publications:

• Goal 1. To study BLE4.0 technology for the development of wireless

indoor radio maps, i.e., to characterize the BLE4.0 signal fingerprints.
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• Goal 2. To assess the applicability and performance of different

classification techniques based on machine learning principles to develop

accurate and robust wireless indoor localization mechanisms.

– ”An Empirical Study of the Transmission Power Setting for

Bluetooth-Based Indoor Localization Mechanisms”, published in

journal Sensors [Castillo-Cara et al., 2017b]. A complete analysis of

BLE4.0 fingerprinting, using different transmission power levels per

beacon. This paper is included in Section 2.5 of this document.

• Goal 3. To improve the accuracy and reduce the error of the localization

mechanism, taking into account the main system design parameters,

primarily the number, layout and transmission power of the beacons.

– ”Supervised learning algorithms for indoor localization

fingerprinting using BLE4.0 beacons”, published in 4th IEEE

Latin American Conference on Computational Intelligence

(LA-CCI) [Lovón-Melgarejo et al., 2017]. An analysis of the indoor

location with SVM and k-NN. This paper is included in Section 2.3

of this document.

– ”An Analysis of Multiple Criteria and Setups for Bluetooth

Smartphone-Based Indoor Localization Mechanism”, published in

journal Journal of Sensors [Castillo-Cara et al., 2017a]. A complete

analysis of the transmitters, receivers, supervised learning algorithm

configuration and the behaviour of the Bluetooth smartphone signal.

This paper is included in Section 2.4 of this document.

• Goal 4. To optimize the operation of the training and prediction phases

of the supervised learning algorithms by means of algorithms based on

metaheuristics.

– ”A Genetic Algorithm Approach Based On Supervised Learning

Algorithms for Optimal Bluetooth Indoor Localization” submitted to the
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journal IEEE Internet of Things Journal [Castillo-Cara et al., 2018b].

Paper under review presenting the use of genetic algorithms on the

optimization of the Bluetooth-Based indoor localization techniques.

• Goal 5. To design a distributed system following the latest trends

on Cloud and Fog computing paradigms, taking into account the

applications requirements and computational and energy demands.

– ”Ray: Smart Indoor/Outdoor Routes for the Blind Using Bluetooth 4.0

BLE”, published in 7th International Conference on Ambient Systems,

Networks and Technologies (ANT 2016), Book Proceedings Procedia

Computer Science [Castillo-Cara et al., 2016a]. Indoor localization in

outdoor scenarios with trilateration BLE4.0 beacons. This paper is

included in Section 2.1 of this document.

– ”Citizen security using machine learning algorithms through open data”,

published in 8th IEEE Latin-American Conference on Communications

(LATINCOM) [Bravo-Rocca et al., 2016]. Use of supervised learning

algorithms applied to location-aware smart city security and safety

services. This paper is included in Section 2.2 of this document.

– ”Identificación de zonas de riesgo para la Seguridad Vial mediante

algoritmos de aprendizaje no supervisado”, (in Spanish) published in

16th LACCEI International Multi-Conference for Engineering, Education,

and Technology [Lovón-Melgarejo et al., 2018]. Use of supervised

learning algorithms applied to location-aware smart city security

and safety services. This paper is included in Section 2.7 of this

document.

– ”FROG: A Robust and Green Wireless Sensor Node for Fog Computing

Platforms”, published in Journal of Sensors [Castillo-Cara et al., 2018a].

Optimization energy and network resilience in ZigBee Wireless

sensors for Fog computing architecture. This paper is included in

Section 2.6 of this document.
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1.6 Summary of Publications

In the preceding sections, we presented the research goals that motivated this

Doctoral dissertation. Furthermore, we described the main proposal of this

dissertation and the outcomes obtained from different works. The articles

published in the course of this Doctoral dissertation are listed below, and

classified by publication type, including other close-related publications not

forming part of the main core of the Thesis.

JCR journals

• ”Spatial statistical analysis for the design of indoor particle-filter-based

localization mechanisms”. International Journal of Distributed Sensor

Networks. 2016 [Martı́nez-Gómez et al., 2016]. (IF: 1.239, Q3. Published).

• ”An Analysis of Multiple Criteria and Setups for Bluetooth

Smartphone-Based Indoor Localization Mechanism”. Journal of Sensors.

2017 [Castillo-Cara et al., 2017a]. (IF: 1.704, Q2. Published).

• ”An Empirical Study of the Transmission Power Setting for

Bluetooth-Based Indoor Localization Mechanisms”. Sensors.

2017 [Castillo-Cara et al., 2017b]. (IF: 2.677, Q1. Published).

• ”FROG: A Robust and Green Wireless Sensor Node for Fog Computing

Platforms”. Journal of Sensors. 2018 [Castillo-Cara et al., 2018a]. (IF: 1.704,

Q2. Published).

• ”A Genetic Algorithm Approach Based On Supervised Learning

Algorithms for Optimal Bluetooth Indoor Localization”. IEEE Internet of

Things Journal. 2018 [Castillo-Cara et al., 2018b]. (IF: 7.596, Q1. Under

review).
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International Conferences

• ”Ray: Smart Indoor/Outdoor Routes for the Blind Using Bluetooth 4.0

BLE”. The 7th International Conference on Ambient Systems, Networks and

Technologies (ANT 2016). 2016 [Castillo-Cara et al., 2016a]. (CiteScore:

0.88, SNIP: 0.705, CiteScore Rank: 83/191).

• ”Citizen security using machine learning algorithms through open

data”. 8th IEEE Latin-American Conference on Communications

(LATINCOM) [Bravo-Rocca et al., 2016]. 2016. (Indexed by Scopus).

• ”Supervised learning algorithms for indoor localization fingerprinting

using BLE4.0 beacons”. 4th IEEE Latin American Conference on

Computational Intelligence (LA-CCI) [Lovón-Melgarejo et al., 2017]. 2017.

(Indexed by IEEE Xplore).

• ”Identificación de zonas de riesgo para la Seguridad Vial mediante

algoritmos de aprendizaje no supervisado”, published in 16th LACCEI

International Multi-Conference for Engineering, Education, and Technology.

2018 [Lovón-Melgarejo et al., 2018]. (Indexed by Scopus).

Patents

• ”Dispositivo electrónico que se fija en el cuerpo para seguimiento y

localización de personas o animales; con sensores de posicionamiento y

rastreo, transmisión de datos y optimización de energı́a e información”.

Peru. 2016 [Castillo-Cara et al., 2016b]. (Under review)

National conferences

• ”FROG: A robust and green wireless sensor node for Fog Computing

platforms”. Encuentro de Ciencia y Tecnologı́a – ECITEC. 2017. Lima.

Peru.
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• ”Aplicaciones de Seguridad Ciudadana y Vial en una Smart City

para seguimiento y geolocalización con prototipado en la Universidad

Nacional de Ingenierı́a”. Encuentro de Ciencia y Tecnologı́a – ECITEC.

2016. Lima. Peru.
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Publications

This second chapter shows the main papers developed for this Doctoral Thesis.

These are presented in chronological order and represent the accepted papers

in international conferences and impact factor journals.

2.1 Ray: Smart indoor/outdoor routes for the blind

using Bluetooth 4.0 BLE

• Title: Ray: Smart indoor/outdoor routes for the blind using Bluetooth 4.0

BLE.

• Authors: Manuel Castillo-Cara, Edgar Huaranga-Junco, Giovanny

Mondragón-Ruiz, Andree Salazar, Luis Orozco-Barbosa, Enrique Arias

Antúnez.

• Type: Conference.

• Conference: The 7th International Conference on Ambient Systems,

Networks and Technologies.

• Conference proceedings: Procedia Computer Science.

• Location: Madrid (Spain).

• Year: 2016.

• DOI: 10.1016/j.procs.2016.04.153.

43
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• URL: https://www.sciencedirect.com/science/article/

pii/S1877050916301843

• CiteScore: 0.88.

• SNIP: 0.705.

• CiteScore Rank: 83/191.
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aComputer Science Department - Sciences School - Universidad Nacional de Ingenierı́a, Av. Tupac Amaru, 210, Rimac, Lima, 25, Perú
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Abstract

This work describes the implementation of a cost-effective assistive mobile application aiming to improve the quality of life of
visually impaired people. Taking into account the architectural adaptations being done in many cities around the world, such as
tactile sidewalks, the mobile application provides support to guide the visually impaired through outdoor/indoor spaces making use
of various navigation technologies. The actual development of the application presented herein has been done taking into account
that the safety of the end user will very much depend on the robustness, accuracy and timeliness of the information to be provided.
Furthermore, we have based our development on open source code: a must for applications to be adapted to the cultural and social
characteristics of urban areas across the world.

c© 2016 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of the Conference Program Chairs.

Keywords: Beacon ; Bluetooth 4.0 BLE ; blind ; smart path ; indoor route ; outdoor route ; navigation ; smart traffic light ; mobile devices

1. Introduction

According to the World Health Organization1 (WHO), nowadays, there are 285 million people with visual im-
pairment, of which 39 million are completely blind and 246 million have low visibility disabilities. To improve the
social inclusion of these citizens, novel technological solutions are being explored and developed by many different
organizations: research centers, industrial players and public agencies2.

In this paper, we present a novel mobility solution to assist the visually impaired through their daily journey. The
mobility assistant does not only provide guidance to the blind through his/her day-to-day journey, but it also serves as
a valuable source of information to city managers. Many mobility assistants have been reported in the literature. Two
of the main issues addressed by most works have centered around their usability and operability3. The latter refers

∗ Corresponding author. Tel.: +51-993966523
E-mail address: mcastillo@uni.pe

© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the Conference Program Chairs
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to their ability to operate both in outdoor and indoor environments4. Most outdoor solutions have relied on the use
commercial GPS systems5, while in the case of indoor environments, various technologies, such as RFID6,7, wireless
LANs8 and computer vision9,10 are being explored. As for their usability, system prototypes have been tested and
evaluated in various sites. Such studies have taken into account, up to a certain extent, the cultural and architectural
features of the target environments. The results have proven their potential on improving the quality of life of people
suffering from visual impairments.

In an effort to provide a friendly environment to the visual impaired, many cities11 have invested into traffic lights
incorporating sound systems, tactile and accessible sidewalks. Many cities are already working on implementing
smart traffic lights synchronized in real time based on the traffic and people mobility12. In fact, this feature makes
part of the enhancements to the infrastructure of Smart Cities recommended by the ISO 37120:201413. However, the
high costs involved in the deployment of such facilities requires the careful planning and the development of low-cost
reliable solutions. Power efficiency is another major issue to be addressed2,14. An overall solution also calls for the
synchronization of a large number of devices enabling the timely and reliable operation of the overall solution.

In this context, our work has been implemented considering the limitations of other technologies. We have de-
veloped a hybrid system that visual impaired people may use in indoor/outdoor environments based on the use of
GPS and Bluetooth 4.0 BLE technologies along with a mobile device15. The latter is mainly characterized by the
low-power requirements, making it a cost effective and reliable solutions.

Regarding the implementation of the outdoor functionalities of the mobility assistant proposed herein, they com-
prise a smart traffic light controller and the development of an application based on the Google Directions API and
Google Maps Geocoding API. The controllers have been designed to be installed at the traffic lights. They provide the
required infrastructure to communicate with the mobile assistant application via Bluetooth. In this way, users may get
timely and accurate information all along their journey. As for the indoor environments, the mobility assistant relies
on the use Bluetooth beacons devices strategically placed to identify the different areas of a building. The application
makes use of the pedometer and gyroscope sensors found in most smart phones. In this way, the user can be accurately
guided through indoor spaces.

As for the user interface, being an application for the visually-impaired, it is launched by pressing the volume
button. Finally, the user can interact with the application through a voice recognition system implemented using the
TextToSpeech Google API.

2. Ray: A low-power smart mobile assistant for the blind

Recent developments have enabled the implementation of low-power controllers and communication interfaces.
We have based our design on an AVR micro-controller. As for the communication interfaces, we have made use
of Bluetooth 4.0 devices16,17. Bluetooth 4.0 devices can operate in two different modes: Bluetooth Low Energy
(4.0 BLE) and Enhanced Data Rate (EDR 2.0). In both modes, the devices basically implement the sames tasks:
digital transmission, tele-control and data acquisition. The main differences between both modes rely on the power
consumption and the achievable data transmission range. Figure 1 shows the circuit diagram and the picture of the
traffic controller and the Bluetooth 4.0 BLE device.

2.1. Smart Indoor routes

One of the main features of our mobile assistant has been centered on the design of a friendly and reliable service.
Voice messages guide the users in indoor environments. Voice messages include ”Go ahead” or ”Turn left or right”
indications. These services have been implemented based on the pedometer, gyroscope and Bluetooth interface al-
ready integrated into most smart phones. The latter is used to keep in touch with the Bluetooth beacons strategically
placed in the building.

We define a Beacon-Zone, an ambient where a beacon can be detected. The beacons provide guidance through
current area in which the user is located. In order to ensure the accuracy of the estimated position of the user, each
Beacon-Zone has a CP (checkpoint). The users are then directed from one CP to another, i.e. a route is made of a
sequence of the CPs. Figure 2 shows the experimental deployment of our solution. The coverage area of each beacon
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Fig. 1. Circuit diagram and traffic-light micro-controller

Fig. 2. Beacons coverage area in first and second floors

is also depicted in the figure. As the user moves throughout the building, the handover from one beacon to another
one is made based on the level of the RSSI detected by the mobile assistant.

The configuration of the beacon sensors has been implemented bearing in mind once again the accuracy of the
instructions to be provided to the end user and the power consumption. The broadcast interval was therefore set to 1s
and the power transmission between 3 and 4m. Care was also taken to avoid the detection by the mobility assistant of
two or more beacons with RSSI>-85dBm.

Table 1 shows the RSSI and standard deviation detected by the mobile assistant during a period of 1min at different
distances from the reference beacon. As seen in the table, the level of the signal degrades rapidly as a function of the
distance. It is therefore important to make use of a large number of beacons spaced one another at a distant no longer
than 1.5m, i.e., there should be at least a 50% overlap between the coverage areas of two adjacent beacons.

Table 1. Signal in Beacon device.

Distance Inside the pocket RSSI (dBm) Standard Deviation

10cm No -72.53 5.99
10cm Yes -77.59 6.46
1m No -85.46 6.36
1m Yes -90.45 6.92
3m No -95.15 5.68
3m Yes -98.78 6.33
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2.2. Smart Outdoor routes

Current navigation systems make use of GPS coordinates, routes and directions. However, in the case of an
application designed to assist visually impaired people, we suggest the use of an hybrid BNE4.0/GPS system. Our
proposal makes use of BNE beacons strategically installed at the traffic lights. One of the main tasks of the traffic
controller consists on changing of state whenever the traffic light switches from one state to another. The design has
taken into account the power consumption. These changes are therefore handled through the input ports of the AVR
micro-controller using an interrupt mechanism. In this way, the controller remains most of the time in the SLEEP
mode. In the case of the ”Don’t Walk” traffic light state (Red Light), the BLE device remains active and ready to
transmit this event to the mobility assistants of the users located in close proximity to the traffic light.

For the purpose of meeting the safety and power consumption trade off, the transmission range has been fixed to
3m around a traffic light. It is worth to mention that most streets in the city of Lima are rather narrow. Table 2 shows
the signal level observed during the tuning up process of our implementation. During our tests, we assumed that the
user carries the mobility assistant in the pocket and that the BLE device operates in the low power mode.

Table 2. Signal level of the Bluetooth 4.0 BLE controller.

Distance Inside the pocket RSSI Standard Deviation

10cm No -41.55 3.18
10cm Yes -47.57 3.37
1m No -57.04 2.49
1m Yes -65.30 4.31
3m No -67.81 3.12
3m Yes -71.40 3.77

As for the outdoor navigation assistance, we based our solution on the use of the Google maps API. Even though
Google Maps always suggests the shortest path, we have to realize that the most convenient path to the blind may not
be necessary the shortest one. In fact, our goal is to make use of the paths adequately adapted to the visually impaired.
For this reason, we did have to adapt some of the functionalities of the Google Maps API. It is for this reason that we
have focused on avoiding to go across areas characterized as difficult or not adequate for pedestrians, such as street
intersections without traffic lights. Obviously if such alternate route is not available, the user will have to be guided
throughout the shortest route.

Figure 3 depicts the functionality of a Smart Traffic Light incorporating our Bluetooth solution. We should realize
that traffic lights in South America are deployed across the streets. That is to say, a pedestrian has to look at the traffic
located across the streets. Furthermore, the end-use’s itinerary has to be identified as well as his/her orientation. This
is achieved through the gyroscope and by requesting a confirmation from the user on his/her intended journey. The
figure also shows an example of one route suggested by Google Maps which has been modified by Waypoints in order
to direct the user throughout a safer route. Furthermore, we have identified that ”T” shaped intersections require the
use of beacons to guide the user throughput the proper intersections.

3. Conclusions and Future work

In this work, we have presented a prototype of a mobility assistant for visual impaired users. The mobile assistant
has been designed taking into account the need for low cost solutions in the context of Latin American urban areas.
We have therefore identified the shortcomings of some of the current services provided by Google.

Regarding the operation of the proposed solution in an indoor environment, we have identified that further studies
have to been conducted on the accuracy and reliability of localization systems based on Bluetooth technologies. The
use of filters and the tuning of parameters, such as the power level, should be clearly examined.

As for our future research plans, we will be focusing on incorporating other sources information allowing us to
evaluate the economical and social benefits of outdoor solution in a close to real world scenarios. The access to
relevant data made available by the municipalities should set the basis for such study.
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Fig. 3. Smart Traffic light and Waypoints in APP
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Abstract—The following work is an application proposal based
on machine learning algorithms for a possible solution for the
public safety problem in a South American city. The aim of this
application is to reduce the threat risk of the physical integrity of
pedestrians by geolocating, in real-time, safer places to walk. In
this context for a city, San Isidro, a business district of Lima, has
been established as study case. The district has been divided into
map sectors and subsectors, so that by using the GPS location
service integrated in mobile devices, it is possible to identify areas
that have the highest incidence of different types of incidents. This
functionality will allow users to choose safer routes by taking into
account the information provided for each sector. The data used
in this application has been obtained from an Open Data platform
managed by the San Isidro municipality. In this application, we
have processed the data enabling the easy and friendly access to
the information by the end user.

The importance of this work is how we have used the machine
learning algorithm for incident rates in real and future time,
trying to make predictions that can not only provide safe routes
to users, but also predict disasters and allow public authorities to
act in advance, thus minimizing the impact of future incidents.

Index Terms—Machine learning; Smart City; Open Data; Data
mining; Android; safe routes; Data analytics; citizen security.

I. INTRODUCTION

Smart cities are, more than a reality, a necessity. Future
cities will host most of the world’s population, thus generating
lots of artistic, cultural, social and economic movement, but
at same time, consuming large amounts of resources and gen-
erating vast amounts of waste and greenhouse gas emissions
[1]. The effective management of a city requires nowadays
the implementation of an infrastructure where Information and
Communication Technologies (ICT) and knowledge resources
[2] should play a key role.

Open Data initiatives are seen as one of the key areas on
the efforts on developing a wide variety of new services [3].
In order to enable such services, Machine Learning (ML) is
called to be another major component making possible to
get the best not only from the data provided by the local
authorities[4], but also through data obtained from a wide
variety of sensors including, but not limited to, mobile devices
and environmental sensors [5], [6]. Currently, many major

smart city initiatives are implementing Open Data platforms
[3], [7].

This paper exploits the Open Data made available by the
city authorities of San Isidro, a municipality of the city of
Lima, Peru. Our main goal is therefore to develop an end-user
application providing information services to citizens and law
enforcement authorities police and fire fighter departments.
One of the main goals of the work herein is to provide to
pedestrians useful advice on the best route to follow to a given
destination. By best route, we mean the shortest safest route
to undertake given his/her current location.

The service to be developed should allow users to get to
know the risks of traversing a given sector or area of a city.
This aspect is very sensitive nowadays in South America,
where digital maps and location applications provide informa-
tion on the shortest routes between two points without taking
account the risks of walking through hazardous areas. In the
past, some works have been developed based on geographical
system using environmental parameters, but without making
use of Open Data sources. In [8], the authors developed a route
planner based on the city plan supplemented with information
on unreachable areas due to maintenance works, traffic and
weather conditions. Further analysis on this subject can be
found in [9], where the authors made used of data collected
by sensors and citizens and machine intelligence principles to
enable smarter cities. In [10], the authors also argue that the
role of Big Data and the correct processing of these data will
be the central pillars enabling msarter cities. [10].

In this work, we make use of the Open Data made available
by the city authorities of San Isidro. As already mentioned, the
design and development of an application prototype aims at
providing accurate information to the users on the routes based
on the Open Data. As many other Open Data initiatives around
the world, the data made available requires to be supplemented
by taking into account some other related information. These
other pieces of information may be implicitly or explicitly
included in the database. Our efforts therefore include a
module consisting on the analysis of the data. Once this task
is done, we made use of machine learning tools in order to

978-1-5090-5137-3/16/ $31.00 c© 2016 IEEE



Fig. 1. Overall schema proposal.

extract the knowledge and ultimately the information to be
provided to the end user via a simple geo-referenced user
interface. Figure 1 shows the overall schema used in this work
to get the most accurate predictions and results.

II. DATA ANALYTICS FROM OPEN DATA PLATFORM

Due to the intended usage established in our project, we
first carry out a pre-processing of the Open Data to generate
our application’s learning process under a machine learning
model, to continually learn from this data once it is updated
[11].

The data set for our learning model goes through four main
steps:

• Data validation: To ensure that the data is clean, accurate
and useful.

• Sorting: To arrange the data in a sequence, so that the
data groups that share affinity are adjacent in the table.

• Summarizing: To synthesize the details to the main
points; if two data sets provide the same information,
then it is advisable to work with the most significant
variable to avoid data duplication. This task requires a
a good knowledge of the available data. Otherwise, the
omission of data may have a negative impact on the
model accuracy.

• Combine: Multiple pieces of data might not have a single
meaning, but when joining them, the information from
such union can give a new scope for the model.

Our data belongs to the section ”Public Safety and Control”
[12] which provides data on police interventions, operational
support to the National Police of Peru, support in audits,
support to firefighters, etc. This data is directly related to
the ISO 37120:2014 [13] with the areas of a smart city. The
table ”Support to Firefighters”, in which this work is based,
indicates the incidents that have occurred in the municipality of
San Isidro which have required the intervention of firefighters.
The incidents considered are: ”fires”, ’Car Run Over People’,
’Car Crash’, ’Car Cluelessness’, ’People Falls’, ’Gas Leak’,
’Car Rollover’ and ’Flood’.

TABLE I
SECURITY TABLE PRE-FORMATTED

Id CATEGORY TIME MODALITY SECTOR SUBSECTOR
0 Fires 11:45 NaN 2 1
1 Car Run Over People 21:34 Driver Recklessness 4 2
2 Car Crash 08:29 Driver Recklessness 4 4
3 Fires 12:26 NaN 3 2
4 Car Run Over People 04:53 Driver Recklessness 2 5
5 Car Crash 06:40 Speeding 1 2
6 Car Crash 18:16 Driver Recklessness 4 1
7 Car Run Over People 19:56 Driver Recklessness 3 2
8 Car crash 03:38 Driver Recklessness 1 5
9 Car Crash 16:49 Driver Recklessness 3 2

10 Fires 17:45 NaN 4 3
11 Car Cluelessness 15:15 Driver Recklessness 4 2

TABLE II
SECURITY TABLE POST-FORMATTED

Id TIME T s T n T desc SECTOR S.SECTOR CATEGORY C n MODALITY M n
0 11:46 42300 1 Morning 2 1 Fires 4 NaN 0
1 21:34 77640 4 Night 4 2 CROP 3 Driver R. 2
2 08:29 30540 1 Morning 4 4 Car Crash 1 Driver R. 2
3 12:26 44760 2 Afternoon 3 2 Fires 4 NaN 0
4 04:53 17580 4 Night 2 5 CROP 3 Driver R. 2
5 06:40 24000 1 Morning 1 2 Car Crash 1 Speeding 7
6 18:16 65760 3 Evening 4 1 Car Crash 1 Driver R. 2
7 19:56 71760 3 Evening 3 2 CROP 3 Driver R. 2
8 03:38 13080 4 Night 1 5 Car Crash 1 Driver R. 2
9 16:49 60540 2 Afternoon 3 2 Car Crash 1 Driver R. 2

A. Data pre-processing

Table I shows the raw data as stored in the database main-
tained by the municipality authorities. The ”CATEGORY” col-
umn refers to the type of incident, the ”TIME” column stands
for the incident time, ”MODALITY” refers to the cause of the
incident, and the ”SECTOR” and ”SUBSECTOR” the sector
and subsector where the incident took place, respectively.

Table II, with CROP (Car Run Over People) and Driver R.
(Driver Recklessness), illustrates the organization the data has
been after being processed as follows:

• The ”TIME s”, ”TIME n” and ”TIME desc” variables
of Table II were created in order to map the ”TIME”
variable into a discrete set of values, e.g, ”TIME s”
expresses the value of ”TIME” in seconds, ”TIME desc”
corresponds to a label for the period of the day. For
instance, if an incident occurred between 20:00 and 6:00,
it will be labeled as ’Night’, from 6:00 to 12:00 the label
is set to ’Morning’, between 12:00 and 17:00 the label is
set to ’Afternoon’ and between 17:00 and 20:00 the label
should be ’Evening’. The labels in turn can be mapped
to numerical values, see ”TIME n” column in table II, is
performed immediately. The aim of this task is to prevent
the variable ’X’ to have too many values, so that it is more
likely that the same record appears again.

• Qualitative values were mapped to quantitative values in
order to work with mathematical models. In this case,
the variables ”CATEGORY” and ”MODALITY” were
mapped into ”CATEGORY n” and ”MODALITY n”,
respectively.

B. Graphical representation of the data

Looking at the data in tables, it is hard to recognize relation-
ships or patterns between variables in the entire set. Therefore,
to perform an analysis of the variables that contribute to the



model, it is convenient to plot the variables allowing us to
identify patterns.
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Fig. 2. Graphical representation of the exploratory analysis

Figure 2(a) shows the frequency of incidents in different
periods of the day, being more frequent during the morning
with 210 records and less frequent during the night with 90
records. In turn, figure 2(b) shows the frequency of incidents
by type, where ’Car Crash’ appears with 384 records, in

TABLE III
ELEMENTS FOR THE TRAINING DATA.

ID TIME n SECTOR SUBSECTOR CATEGORY n
0 1 2 1 4
1 4 4 2 3
2 1 4 4 1
3 2 3 2 4
4 4 2 5 3
5 1 1 2 1
6 3 4 1 1
7 3 3 2 3
8 4 1 5 1
9 2 3 2 1

contrast to ’Car Rollover’ that appears with only 2 records.
Clearly, it opens a predisposition for type ’Car Crash’, below
is how to solve this to some extent. Furthermore, the heat map
shown in Figure 2(c) shows the correlation matrix between
each pair of variables, the closest to the brown color indicates
a positive strong correlation, the closest to blue indicates a
strong negative correlation and color close to green, a low
correlation. If two variables are perfectly correlated, then one
of them does not add additional information (the information is
determined by the other). Therefore, those two variables could
easily be fused. The correlation matrix (Figure 2(b)) shows
that the variables ”TIME n”, ”SECTOR” and ”SUBSECTOR”
range from -0.1 to 0.1, i.e., they exhibit a low correlation and
need no special treatment in accordance with these ideas.

Table III shows the data we will be using for training our
application.

We deided to use a classification algorithm since the main
goal is to predict categories (’Car Crash’, ’Fires’, etc). There
are many supervised classification algorithms, nevertheless we
have evaluated and compared the results obtained using two
of them: the Multiple Logistic regression [14] and Random
Forest algorithm [15]. Our results should provide us with the
best given the Open Data set.

III. MACHINE LEARNING MODELS

A formal definition is given by Tom M. Mitchell, citing
the following: ”A computer program is said to learn from
experience ”E” with respect to some class of tasks ”T” and
performance measure ”P” if its performance at tasks in ”T”,
as measured by ”P”, improves with experience ”E”” [16].
Basically, Machine Learning models are building algorithms
that can learn from data, i.e, algorithms that learn with
experience in order to make predictions.

In Machine Learning, multiple classification algorithms
assign a class label for each input sample. Given a set of
training data of the form (xi,yi), where xi ∈ Rn is the i-th
sample yi ∈ {1...K} is the i-th class. The goal is the search of
a learning model ”H” such that H(xi)=yi for new unknown
samples. This idea is depicted in Figure 3.

In order to find out a suitable model for this data, we have
decided to use the Multiple Logistic Regression (MLR) and
Random Forest (RF) algorithms: two classification algorithms
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Fig. 3. Example of Multiple Classification based on Iris Data Set

that have peculiar characteristics according to the Open Data
in our solution.

A. Multiple Logistic Regression

The first model we used was the Multiple Logistic Regres-
sion algorithm [14], [17], this model is based on the original
Logistic Regression, but it has been extended to predict more
than two classes.

It starts by finding a function that generates values between
0 and 1:

0 ≤ hθ(x) ≤ 1

Where,
x : Model features
θ : Model parameters
hθ : Hypothesis function

We can interpret h(x) as the probability that the label of
x is 1, i.e, the conditional probability that a particular sample
belongs to class 1 given its features x [18]. Finally, in order
to extend the number of classes predicted, we use the one-
against-all technique, which creates one binary problem for
each of the n classes [19].

One advantage of Logistic Regression is that it works well
with large data, can be used in Big Data since it is very
efficient, well-behaved if the problem is linearly separable.
Besides, it has many ways to regularize the data (if the features
are correlated).

B. Random Forest algorithm

On the other hand, Random Forest algorithm was used in
order to find out the best model for this data. A decision
tree can be defined as a process to reach an answer by
asking a series of questions: a series of if-then rules arranged
hierarchically and sequentially. A Random Forest classifier is
a set of decision trees, where each decision tree is applied to
a data set of the data, so the prediction of the Random Forest
algorithm is the most voted between each trees [15].

Main advantage: No need to worry if the data is linearly
separable. Besides that, it works very well with data that has
many features and many training data, i.e, high dimension.

IV. RESULTS OF THE MODELS WITH THE DATA
POST-FORMATTED

If a class is given in greater quantity than the others, it
will create a fuzzy model, i.e., most predictions will come
out with a single value, the dominant class (’Car Crash’). To
avoid this, the model was trained in a stratified manner, i.e.,
we make the training set to have a more balanced distribution
of classes, approaching a more realistic value model. In order
to implement a stratified split and the two Machine Learning
models, we used the scikit-learn library [20], which has simple
and efficient tools for data analysis and Machine Learning.

A. Results and predictions

Figure 4(a) shows the results using Multiple Logistic Re-
gression. We have achieved to construct a predictor with coef-
ficient (Pearson correlation coefficient) that has a confidence
of 0.6764, i.e. 67.64% probability of success. In turn, Figure
4(b) shows the results using the Random Forest algorithm, we
have achieved a confidence of 62.94%. However, the score
(67.64%) achieved using Multiple Logistic Regression is a bit
out of reality, since the predictions made only by the model
of the ’Car Crash’ class, while the other classes are absorbed
by the latter. Otherwise, the score (62.94%) achieved using
Random Forest algorithm fits better the data as it tries to
predict as many different classes. This behavior is observed in
Figure 4(b), where the diagonal line contains a larger number
of green dots.

Figures 5(a) and 5(b) show the confusion matrices where
the color scale is directly proportional to their values, a more
intense color corresponds to a higher value and reversal, values
range from 0 to 1, very useful for probabilistic interpretation.

Those matrices indicate the percentages of correctness of
the predicted classes respect to the actual classes, for example,
according to figure 5(a) the ”Car Crash” class obtains a value
of 1, i.e. 100% of success, indicating that the model will
predict this class with a high percentage of reliability; however,
the scores for the other classes are zero. Moreover, according
to figure 5(b), the ’Car Crash’ class gets a percentage of 88.7%
success rate, that is, a little less than before, but much more
realistic. In addition to this, the ’Car Cluelessness’ class gets
a percentage of 26.7%, and the previous figure 5(a) obtained
a value of 0%.

B. Outlining the application

The results depicted in Figure 6(a) allows us to identify a
sector characterized by a prediction of a ”Car Crash” of 88.7%.
In turn, Figure 6(b) shows that the ”Car Cluelessness” in the
sector depicted has a probability of 26.7%. The information
provided should to be useful for the local authorities in
the planning and/or taking decisions aiming to improve the
security of the sector.



C.Cl
uele

ssne
ss
Car 

Cras
h

Car 
Rollo

ver

C.Ru
nOv

erP. Fires Floo
d

Gas
 leak

Peop
le Fa

lls

sepal length (cm)

C.C
luel

ess
nes

s
Car

 Cra
sh

Car
 Rol

love
r

C.R
unO

verP
.

Fire
s

Floo
d

Gas
 lea

k
Peo

ple 
Fall

s

se
pa
l w

id
th
 (c
m
)

X: Real value, Y: Predicted value. Score = 67,64%

(a) Logistic Regression

C.Cluele
ssne

ss
Car C

rash

Car R
ollov

er

C.Run
OverP

.
Fires Floo

d
Gas le

ak

Peop
le Fa

lls

C.Cluel
ess

nes
s

Car C
rash

Car R
ollo

ver
C.Run

OverP
.

Fire
s

Floo
d

Gas l
eak

Peo
ple 

Fall
s X: Real value, Y: Predicted value. Score = 62,94%

(b) Random Forest

Fig. 4. Results of the two model between real and predicted value

Another aspect that can be obtained is the critical points of
incidents at certain times of day like theft or security problems
that citizens have, fires and so on, which would allow the
authorities to monitor the system and, above all, provide safe
routes to citizens so they can be less exposed to the daily
dangers of a city.

As observed, the result of such application takes into
account the data given by the local government to prevent
any kind of incident whose data is available. Importantly, in
addition to the critical points given by these data, citizens can
also participate to prevent any disasters by sending alerts to be
able to act in advance. The later determines the importance of
this work, a key issue in South American countries, creating
safe routes for citizens for not entering in areas with high rates
of theft or robbery, and especially for local government to have
a reliable and safe monitoring system of the cities themselves.

Finally, it would be important to work with a hybrid and
balanced approach to Open Data and a deployment of suitable
sensors capable of constantly monitoring the city in real time.
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Fig. 5. Confusion matrices of the two Machine Learning models
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Fig. 6. Application with the predictions of Random Forest



This deployment, given that we know in advance the critical
areas of each point of the city, would act much faster in all
these critical areas.

V. DISCUSSION AND FUTURE WORK

The predictive model that uses Multiple Logistic Regression
algorithm has a poor performance compared to the Random
Forest algorithm for this type of data. This performance is
due to that the features are expected to be more or less linear;
However, the Random Forest algorithm does not expect such
features, but it works very well with non-linear characteristics
and borders. Another benefit of using Random Forest is its
very good performance with training data of high dimension,
i.e., with many features. Since our data had a non-linear
behavior, i.e, the problem is not linearly separable, we chose
to use the Random Forest model.

According to the results, it has been seen that certain
predictions are not accurate. This is due to two main issues.
The first one has to do with the accuracy of the database.
If the data has more features, the accuracy of the model
will increase. The second one has to do with the amount of
data, 569 records do not reflect the entire San Isidro district.
Despite these difficulties, the model is adaptable to increased
data characteristics and, therefore, this work is a first step in
harnessing the data generated by cities in the field of incidents.

In addition to this, Machine Learning algorithms, as ex-
plained, would not only give a continuum learning in real
time by interaction of citizens and data submitted by the local
government, but also reveal parameters and values in real
time. This learning would make much more reliable these safe
routes for citizens and allow authorities to anticipate with an
emergency plan.
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Abstract—The increasing interest on deploying ubiquitous
context-based services has spurred the need of developing indoor
localization mechanisms. Such systems should take advantage
of the large amount of wireless networks and radio interfaces
already incorporated in most mobile consumer devices. Among
the existing radio interfaces, Bluetooth Low Energy (BLE) 4.0 is
called to play a major role in the deployment of energy efficient
ubiquitous services. In this paper, we first show that the high
sensitivity of BLE4.0 to fast fading makes infeasible the use
of radio propagation models to directly estimate the distance
between a reference transmitter and the mobile device. We then
explore the use of supervised learning algorithms towards the
development of radio maps of beacons analysing in-depth two
metrics accuracy and mean error. Our approach also explores
two main parameters: (i) Transmission power (Tx) of the BLE4.0
beacons; and (ii) Physical characteristics of the area. Based on
our results, we argue that the mean error can be improved up
to 28% configuring the two main parameters.

Index Terms—Indoor localization, Bluetooth, supervised learn-
ing, signal processing, Beacon.

I. INTRODUCTION

A large number of proposals have been reported in the
literature aiming to develop accurate indoor localization mech-
anisms. Most recent studies are being developed using the
signal intensity (RSSI) of various reference wireless trans-
mitters as a means of estimating the position of a mobile
device. Among the technologies being considered, Wi-Fi net-
works have attracted the attention of many researchers and
practitioners over the last years. Many experimental studies
have been conducted to construct radio maps and models
enabling the estimation of the distance between a reference
transmitter and a mobile device. Due to the characteristics
of the wireless signal, the use of Kalman filters [1] among
others, have been required to remove the noise. Novel BLE
devices have become a strong alternative to Wi-Fi-based
indoor location mechanisms. Their lower cost, low energy
consumption (RSSI), and size of the Bluetooth devices, are
among the most important design features involving battery-
operated mobile devices, mainly, smartphones and tablets [2].

Several studies have been conducted aiming to develop
RSSI-based localization systems [3]. Early studies limited the
use of Bluetooth localization mechanism to determine the
locations of stationary mobile devices at a room level [4].
Moreover, recent studies have shown that BLE4.0 signals are

very susceptible to fast fading impairments making difficult
to apply the RSSI/distance models commonly used in the
development of Wi-Fi-based localization mechanisms [5], [6].

Several recent studies reported in the literature have ex-
plored alternative methods. F. Palumbo et al. used a probability
distribution to match the best solution to the localization
problem [7]. S. Pagano et al. proposed a system based on
the arrival time of the signal [8]. In [9] the authors explore
various methods used in smartphone-based indoor localization
with different techniques and technologies, analysing in-depth
map, trilateration and fingerprint techniques.

In this work, we propose the use of supervised learning
algorithm for the development of BLE-based localization
mechanisms. In order to properly justify our proposal, we first
study the signal propagation of the beacon. From this first
analysis, we justify the use of supervised learning algorithm
as a feasible methodology to characterize the beacon signal
propagation to be used as a basis to develop indoor localization
mechanisms [10]. The results obtained in a real-world scenario
validate the proposal.

Figure 1 shows the overall schema that this work has used
to get a fine indoor localization. This schema has different
parts in order to look for the best results, being the principal
approaches using Signal Radiopropagation and Fingerprinting
Methods, where SVM and k-NN algorithm where used in
order to get optimal results for the localization.

Fig. 1. Overall schema proposal.

II. BLE4.0 BEACON SIGNAL CHARACTERIZATION

In this section, we first describe the beacon radio protocol
and the indoor propagation model frequently used as a basis
to estimate the distance between a wireless transmitter and a
mobile device. Through a set of experiments, we show that978-1-5386-3734-0/17/$31.00 c©2017 IEEE



the beacon signal is highly sensitive to fast fading making
unsuitable its use as a way to estimate the distance of a mobile
device. We then discuss about the use of supervised learning
algorithm as a viable methodology to develop BLE4.0-based
indoor location fingerprints.

A. BLE4.0 Beacon Specifications
Beacon uses 40 channels, each 2 MHz wide. The protocol
uses short messages to limit energy consumption. Similar to
Wi-Fi, beacon operates in the 2.4 GHz band. In order to avoid
interferences with Wi-Fi devices, beacon mainly uses channels
37 (2402 MHz), 38 (2426 MHz) and 39 (2480 MHz) [11].
Beacon devices emit on these channels cyclically, and they
only make use of other channels when paired with other
device.

B. BLE4.0 Beacon RSSI Distance Modelling
In order to verify the suitability of applying this approach

using beacons, we conducted a preliminary experimental test.
We initially placed the mobile device at 1m and moved
away from it in steps of 1m up to 15m. At each location,
we sampled the RSSI level for a period of 1 minute. We
conducted three sets of independent measurements by varying
the transmission power (Tx) of the beacon, namely 0x06, 0x07
and 0x08, which use a -16,-20,-30 dBm accordingly to Jaalee
Inc. specifications. These values correspond to the lowest three
levels supported by the beacon devices. All measurements
were conducted under line-of-sight (LOS) conditions.

This first experiment was conducted in the hall of our
research institute. The hall consists of a long corridor 5m
wide by 25m long integrating a wall partially made of glass.
Therefore, the signal propagation may be affected differently
depending on the relative position of the sender and receiver.
We therefore carried the experiment twice. For the first case,
we place the beacon transmitter at the end of the hall. In the
second case, we place the beacon transmitter in the opposite
area of the hall. In both cases, we conducted the trials by first
placing the mobile device at 1m from the beacon transmitter
and moving one meter away from the transmitter each time.
We then took samples during one minute at each measuring
point. During the experiments, we made use of an Android
5.1 smartphone, from now on referred as the receiver.

Figures 2(a) and 2(b) show the results for Tx = 0x06 and
Tx = 0x07 of this first experimental trial. Due to lack of
space, we have not included the results for Tx = 0x08 and
second experiment. As seen in the figures, the RSSI decreases
as a function of the distance between the beacons and the
target receiver.

Table I provides the mean squared error and standard
deviation for each one of the three Tx levels being considered.
The results show the infeasibility of using the RSSI-distance
model as a basis to develop a BLE4.0-based localization
mechanism.

C. RSSI Distance-model discussion
From the above results, it is clear that the range of values

are so wide and noisy that there is no point in looking for a

(a) Tx = 0x06.

(b) Tx = 0x07.

Fig. 2. RSSI - distance relation.

TABLE I
MEAN SQUARED ERROR AND STANDARD DEVIATION OBTAINED FOR A

DISTANCE OF UP TO 15m.

Tx Mean Squared Error (m) % Standard Deviation
0x06 8.26 13.06
0x07 13.64 16.06
0x08 3.67 9.13

direct relation using the aforementioned RSSI-distance model,
in combination with triangulation techniques [12].

Nevertheless, the results obtained establish the basis to
explore alternative solutions, as well as the guidelines on
setting the beacons. In fact, a closer look to the results
depicted in Figures 2(a) and 2(b) show that the RSSI-distance
model may hold up to a distance of approximately 7 to 8
meters. Table II provides the mean squared error and standard
deviation for each one of the three Tx levels for a maximum
distance of 8m. As seen from the results, limiting the size
of the experimental area may play an important role. For
instance, in the case of Tx = 0x06, a mean RSSI value of
−78dBm may correspond to a distance of 5m to 6m when
limiting the maximum distance to 8m, while this same value
may also correspond to 14m when we consider a maximum
distance of 15m. However, the results show the need of
exploring alternative data processing mechanisms towards the
development of an RSSI-based localization solution. From the
above, we argue that:

• A supervised learning algorithm with a classification
method is worth of exploring.

• The actual distance between the beacon transmitter and



TABLE II
MEAN SQUARED ERROR AND STANDARD DEVIATION FOR A DISTANCE OF

UP TO 8m.

Tx Mean Squared Error (m) % Standard Deviation
0x06 2.245 6.81
0x07 9.45 13.37
0x08 3.66 9.11

the target plays a central role on the estimated RSSI. We
should therefore consider various experimental areas by
varying the number and distance between the reference
beacons and the target.

• Line-of-sight seems to be an essential requirement in
order to get a first insight into the Bluetooth capabilities
towards the development of indoor location fingerprints.

• Tx should also be carefully considered to ensure the long
run of the beacons. Unless otherwise specified, we will be
using Tx = 0x07 throughout our first set of experiments.

III. SUPERVISED LEARNING ALGORITHMS FOR LOCATION
FINGERPRINTING

Supervised learning algorithms (SLAs) consist of two phases:
(i) a training phase; and (ii) a classification phase. The former
generates a classification model derived from sampled data,
which is subsequently used to infer the category of provided
test data during the latter phase: the classification phase.

Previous to the training phase, RSSI measurements are
obtained by placing the mobile device at different locations.
These captures are then stored in a database during an off-line
phase including the <x,y> coordinates and RSSI level for
each sample. Afterwards, the RSSI mobile device measures
are captured again in an on-line phase. These latter instances
are then compared with the model derived in order to predict
the location of the mobile device, i.e., generate the RSSI-based
location fingerprinting.

In this work, we explore the use of two popular supervised
learning algorithms, namely, the k-Nearest Neighbour (k-NN)
and the Support Vector Machine (SVM) algorithm [10], [13].
A brief description of these two algorithms is included in the
following.

• k-NN: Given a test instance, this algorithm selects the
k nearest neighbours, based on a pre-defined distance
metric of the training set. In our case, we use the
Euclidean distance since our predictor variables (features)
share the same type, i.e, the RSSI values, properly fitting
the indoor localization problem. Although k-NN uses
the most common neighbour of the k located categories
(that is the mode of the category), some variations are
used (e.g. weighted distance) to avoid removing relevant
information. In this paper, we have set the hyperparameter
to k with values 1, 3 and 5 because more than 5 the results
do not improve. We use both mentioned versions of the
algorithm: the weighted distance (WD) and mode (MD).

• SVM: Given the training data, a hyperplane is defined
to optimally discriminate between different categories.
If linear classifier are used, SVM constructs a line that

performs an optimal discrimination. For the non-linear
classifier, kernel functions are used, which maximize
the margin between categories. In this paper, we have
explored the use of linear classifier and Polynomial kernel
with two different grades, namely 2 and 3.

IV. EXPERIMENTAL SETUPS AND RESULTS

From our preliminary experimental analysis, it is clear that
we should keep in mind the following point. If the beacons’
locations change, we must carry out a new off-line/on-line
sample collection campaign. The measurement’s campaign
mainly consisted of the following three steps:

• Off-line RSSI measurements collection phase. During
this phase, we use a smartphone for collecting a set of
RSSI samples at predetermined locations spread over the
experimental field covered by N beacons.

• Data storage. The data is organized into an N-th di-
mension vector and labelled with the mobile position
coordinates.

• Classification. We evaluate the performance of the two
supervised learning algorithms using as source data, the
RSSI measurements. The evaluation will be measured
in terms of the distance error of the estimated location
between the target and the cumulative probability of the
estimated error expressed in meters.

A. Experimental Area 1

In this first area, we explore the distribution and number of
beacons in the experimental field. The total size of the exper-
imental field used for this first experiment was set to an area
of 4m by 3m subdivided into twelve 1m2 sectors, see Figure
3. Five beacons, denoted as ’Be07’, ’Be08’, ’Be09’, ’Be10’
and ’Be11’, were placed around the area. With the main goal
of identifying blind spots in the experimental field, and the
number of required beacons, we carried out six independent
trials: in the first configuration, we use five beacons while in
the following five trials, we removed one beacon at a time.
We set the Tx = 0x07. As already mentioned, by limiting
the maximum distance between the beacon and the target to
less than 8m, we avoid huge discrepancies on the distance
estimation.

RSSI samples were collected in each of the 12 sectors
during approximately five to six minutes. We evaluate and
store the arithmetic mean of all the collected samples. No
sample is discarded during this phase. Each sector has between
20-35 data vectors.

For each trial, the data training set consisted of 231 vectors
and a validation set of 99 vectors, randomly selected for each
experiment. The results show the mean error of the algorithm
executed 50 times. In this section we only show the best values
due to lack of space.

1) k-NN: In the case of this algorithm, we use three differ-
ent values of k, namely k = 1, k = 3 and k = 5. This should
allow us to identify the best value fitting our requirements.
Moreover, the experiment used two main criteria, namely, the
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Fig. 3. Experimental area 1.

statistical mode of the k values, and the WD between the k
values obtained.

Tables III shows the mean error over the whole experimental
area. Figures 4(a) and 4(b) show the error heatmaps for the
k-NN algorithm for the less mean errors. Other configurations
are not shown due to lack of space. From the results shown
in these tables and heatmaps, we can conclude:

• For k = 1 both modes report similar results, while for
k = 3 and k = 5, the WD mode reports better results for
all beacon’s configurations.

• A closer look at the heatmaps reveals very good results,
an estimation error as low as 0.4m.

• A minimum average error as low as 1.27m may be
obtained using only four beacons.

• With beacons from the corners we have the values in the
centre of the area.

• Sectors that are close to the beacons have the worst mean
error values.

TABLE III
k-NN - MEAN ERROR (M), USING MODE (MD) AND WEIGHTED DISTANCE

(WD), FOR THE DIFFERENT BEACON SETUPS FOR Tx = 0x07. BEST
RESULT ARE SHOWN IN BOLD.

MD (m) WD (m)
Configuration k=1 k=3 k=5 k=1 k=3 k=5

Be07,Be08,Be10,Be11 1.52 1.66 1.61 1.52 1.33 1.27
Be07,Be08,Be09,Be10 1.51 1.72 1.68 1.50 1.32 1.28

2) SVM: In this case, we use a linear kernel and two-degree
and three-degree polynomial kernels. Table IV shows the mean
error for each of the different beacons setups and Figures 5(a)
and 5(b) show the error heatmaps. As seen in this table, the
mean error obtained using SVM is a little higher than k-NN
algorithm using WD.

TABLE IV
SVM MEAN ERROR. BEST RESULTS ARE SHOWN IN BOLD.

Configuration Linear P. d=2 P. d=3
Be08, Be09, Be10, Be11 1.64 m 1.60 m 1.65 m
Be07, Be08, Be09, Be11 1.63 m 1.60 m 1.61 m

(a) WD - k=5 - without Be09. (b) MD - k=1 - without Be11.

Fig. 4. k-NN - positioning error (m), using weighted distance (WD) and
mode (MD), heatmaps for the different beacon setups for Tx = 0x07.

(a) P. d=2 - without Be10. (b) P. d=2 - without Be11.

Fig. 5. SVM - positioning error (m) heatmaps for the different beacon setups
for Tx=0x07.

A closer look at the heatmaps reveals that in the case of the
k-NN algorithm, see Figure 4, we can observe that positioning
error in all sectors is more constant in SVM than k-NN.
Moreover, the sector around the ’Be10’ exhibits worse results
than the ones obtained using the SVM algorithm. This may
result from the fact of taking into account the information
provided by samples obtained from neighbours further located.
However, the k-NN algorithm exhibits better results in the
sector around ’Be07’ and ’Be11’. Moreover, we can see that
the sector in the centre of the area has the lowest mean error.

3) Conclusions: Table V shows that the average execu-
tion time of the k-NN algorithm is lower by two orders
of magnitude than the one required by the SVM algorithm.
Furthermore, Figure 6 shows that with only four beacons, the
k-NN algorithm with k = 5 achieves an average precision
of approximately 1.5m. These two results are key on de-
veloping a real-time power-efficient localization mechanism.
Taking into account these results, we further explore a bigger
experimental area with a ’guard zone’ between sectors. A more
in-depth analysis clearly calls for a solution taking into account
the actual placement and density (beacons/m2) of the beacons.

B. Experimental Area 2

In this second experimental area, we further explore the
performance of the k-NN algorithm using two different power
settings, namely Tx = 0x04 and Tx = 0x07. We define



TABLE V
AVERAGE RUNTIME IN MILLISECONDS (MS).

Algorithm Average runtime (ms)
k-NN 0.22

SVM - Lineal 27
SVM - Polynomial 33
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Fig. 6. Positioning error for k-NN (with k=5) using WD excluding Be09.

an experimental area fragmented into 15 zones of 1m2 each
separated by a guard zone of 0.5m2 to better differentiate the
RSSI of joint sectors. The experimental setup consists of a
total area of 9.6m by 6.3m, the minimal distance between a
beacon and the mobile is 1.5m. In order to assess the impact of
the room occupancy, we asked a colleague to move back and
forth from ’Be07’ to ’Be10’ by keeping close to the left and
bottom end of the room, see Figure 7. By following the path,
our colleague blocked one at the time the signals of ’Be07’,
’Be08’, ’Be09’ and ’Be10’. The data collected should allow
us to evaluate the impact of the human body over the distance
estimation.

Be11

Be10

Be09

Be07

Be08

Fig. 7. Experimental area 2.

Similar to the previous experimental trials, we proceeded as
follows:

• The RSSI level was sampled during two to three minutes
at the centre of each of the fifteen zones.

• The mean of the captured RSSI values was evaluated
every second, if no samples had been obtained for a given
beacon, and RSSI value of -120 was set as the default
lowest value.

Table VI shows the RSSI and the size of the training and
validation data set used, using approximately 60 data vectors
per sector.

TABLE VI
TRAINING AND VALIDATION DATA.

Tx RSSI 1m (dBm) # Training data # Validation Data
0x07 -75 757 290
0x04 -57 608 261

In this section we only show the best values due to lack of
space.

1) k-NN: Table VII shows that for a given Tx level, the
setup consisting of five beacons shows better results than the
one using only four beacons. From this Table, it is clear that
using higher Tx level, the mean error using MD and WD may
decrease as much as 17cm, at the expense of increasing the
power consumption. Moreover, we continue to note that the
beacons from the corner are essential and the beacon from the
centre produces a lower error in this experimental area.

TABLE VII
k-NN - MEAN ERROR (M), USING MODE (MD) AND WEIGHTED DISTANCE

(WD), FOR THE DIFFERENT BEACON SETUPS FOR Tx = 0x04 AND
Tx = 0x07. BEST RESULT ARE SHOWN IN BOLD.

MD (m) WD (m)
Tx Configuration k=1 k=3 k=5 k=1 k=3 k=5

0x04 Be07,Be08,Be09,Be10,Be11 2.25 2.17 2.12 2.25 1.91 1.82
0x07 Be07,Be08,Be09,Be10,Be11 2.30 2.32 2.29 2.26 2.02 1.96
0x07 Be07,Be08,Be10,Be11 2.31 2.39 2.37 2.31 2.00 1.90

Different heatmaps error are showed in Figure 8. In this
case, we can see how the same behaviour, from the previous
experimental area, where a balanced mean error improve the
global mean error. Moreover the sectors close to the corners
have a higher error than the centres ones, because the RSSI
decreases and is differentiated between sectors, improving the
classification.

2) SVM: Table VIII shows the mean error values. We can
notice that the best results are given when the experimental
area has the beacons from the corners. Additionally, for Tx =
0x04 the beacon ’Be09’ gives us an improvement over the
other configurations. The heatmaps error behaviour is similar
to the experimental area 1.

TABLE VIII
SVM - MEAN ERROR (M) FOR THE DIFFERENT BEACON SETUPS FOR
Tx = 0x04 AND Tx = 0x07. BEST RESULTS ARE SHOWN IN BOLD.

Tx Configuration linear P. d=2 P. d=3
0x04 Be07,Be08,Be09,Be10,Be11 1.93 2.01 1.99
0x07 Be07,Be08,Be10,Be11 2.33 1.98 2.09



(a) WD - All beacons. (b) MD - All beacons.

Fig. 8. k-NN (with k=5) - positioning error (m), using mode (MD) and
weighted distance (WD), heatmaps for the different beacon setups for Tx =
0x04.

V. EXPERIMENTAL RESULTS

As it has been showed in the two previous sections, we
can notice how both, the selection of the sectors and the
distribution of the beacons, are two of the most important
aspects in order to improve localization.

Taking into account that experimental area 1 has a total of
12m2 and experimental area 2 a total areaof 60.48m2, we
have put a mean error coefficient, by the equation 1 with the
purpose to show the real improvement between them.

Coefficient = (
Error

Totalarea
) ∗ 100 (1)

Therefore, Table IX shows the coefficient for each experi-
mental areas taking into account the best mean error obtained
in the previous sections. Best result was in experimental area
2 for k-NN with k = 5 using WD, Tx = 0x04 and with all
beacons in the area.

TABLE IX
COEFFICIENT ERROR WITH THE BEST CONFIGURATIONS AND SETUPS FOR
k-NN, USING MODE (MD) AND WEIGHTED DISTANCE (WD), AND SVM.

BEST RESULT IS SHOWN IN BOLD.

Algorithm Area 1 Area2
k-NN(MD) [07,08,10,11-k=1]-12.58 [07,08,09,10,11-k=5]-3.51
k-NN(WD) [07,08,09,10-k=5]-10.58 [07,08,09,10,11-k=5]-3.01

SVM [08,09,(07-10),11-d=2]-13.33 [07,08,09,10,11-lin.]-3.19

Previous Table IX shows that experimental area 2 has the
best results. In fact, we can conclude with the following:

• A bigger area with guard zones between sectors provoke
the fall of RSSI and, in fact, the discretization between
sectors giving better results in classification time.

• The beacons from the corners are so essential to improve
the balance of mean error across the area.

• Large areas such as experimental area 2 with a beacon in
the middle, ’Be09’ in our case, allows us to differentiate
the RSSI between sectors, improving the classification.

• For k-NN, higher values for k reduce the mean error in
big areas with guard zones. Moreover, WD gives us better
results.

VI. CONCLUSIONS AND FUTURE PLANS

In this paper, we have explored the use of two supervised
learning algorithms towards the development of beacon based
location mechanisms. From our study, we have identified that
the use k-NN algorithm may prove effective on developing an
indoor location fingerprinting mechanism. Furthermore, our
results have provided us with some useful insight on the key
parameters of both, the physical infrastructure and the k-NN
supervised learning algorithm. The Tx level, the number and
placement of beacons are the main physical parameters to be
looked at, while the number of neighbours to be used play
a major role on the performance of the k-NN algorithm. Our
immediate research activities will focus on the impact of room
occupancy over the location estimation.
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Bluetooth Low Energy (BLE) 4.0 beacons will play a major role in the deployment of energy-efficient indoor localization
mechanisms. Since BLE4.0 is highly sensitive to fast fading impairments, numerous ongoing studies are currently exploring the
use of supervised learning algorithm as an alternative approach to exploit the information provided by the indoor radio maps.
Despite the large number of results reported in the literature, there are still many open issues on the performance evaluation of
such approach. In this paper, we start by identifying, in a simple setup, the main system parameters to be taken into account on
the design of BLE4.0 beacons-based indoor localization mechanisms. In order to shed some light on the evaluation process using
supervised learning algorithm, we carry out an in-depth experimental evaluation in terms of the mean localization error, local
prediction accuracy, and global prediction accuracy. Based on our results, we argue that, in order to fully assess the capabilities of
supervised learning algorithms, it is necessary to include all the three metrics.

1. Introduction

A large number of proposals have been reported in the
literature aiming to develop accurate indoor localization
mechanisms. Most recent studies are being developed using
the Received Signal Strength Indication (RSSI) of various
reference wireless transmitters as a mean of estimating the
position of a smartphone device. Among the technologies
being considered, Wi-Fi networks have attracted the atten-
tion of many researchers and practitioners over the last years.
Many experimental studies have been conducted to construct
radio maps and models enabling the estimation of the
distance between a reference transmitter and a smartphone
device. Due to the characteristics of the wireless signal, the
use of Kalman filters [1, 2], among others, have been required
to remove the noise. Novel Bluetooth Low Energy (BLE)
devices have become a strong alternative to Wi-Fi-based
indoor location mechanisms. Their lower cost, low energy
consumption, and size of the Bluetooth devices are among the

most important design features involving battery-operated
smartphone devices, mainly smartphones and tablets.

Several studies have been conducted aiming to develop
RSSI-based localization systems [3, 4] or simply computer
vision using Kalman [5] or particle filters [6]. Early studies
limited the use of Bluetooth localization mechanism to
determine the locations of stationary smartphone devices at
a room level [7]. Moreover, recent studies have shown that
BLE4.0 signals are very susceptible to fast fading impairments
making it difficult to apply the RSSI/distance models com-
monly used in the development of Wi-Fi-based localization
mechanisms [8, 9]. In [10] the authors explore various
methods used in smartphone-based indoor localization with
different techniques and technologies, analyzing in-depth
map, trilateration, and fingerprint techniques.

Other recent studies reported in the literature have
explored alternative methods. In [11], Pei et al. have proposed
a hybrid method combining fingerprinting with trilateration.
In [12], the same authors have explored the impact of the
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presence of people over the wireless signal used on the
development of the localization mechanism. In [13], Guo
et al. have analyzed the RSSI in different indoor environ-
ments, improving the accuracy and mean positioning error
for smartphones with BLE4.0 beacons. The authors of [14]
evaluate the mean localization error under various scenarios.
In [15], the authors distribute efficiently the BLE4.0 beacons
and make use of the information provided by additional
sensors attached to the smartphone devices. Finally, Pagano
et al. have proposed a system based on the ranging time of
arrival, between anchor nodes and BLE4.0 beacon node [16].

In this work, in order to properly justify our proposal,
we first study the signal propagation of the BLE4.0 beacon.
From this first analysis, we justify the use of supervised
learning algorithm as a feasible methodology to characterize
the BLE4.0 beacon signal propagation to be used as a basis
to develop indoor localizationmechanisms. Later, we analyze
the main configurable parameters based on BLE4.0 beacons
and algorithms.The results obtained in a real-world scenario
validate the proposal.

Figure 1 shows the overall schema proposal in this work.
The rest of the paper is organized as follows. Section 2

reviews the related work and describes the main contri-
bution of our work. Section 3 analyzes the BLE4.0 signal
propagation and justifies the use of classification algorithms
on developing BLE4.0 beacons-based indoor localization
mechanisms. Section 4 shows an in-depth RSSI attenua-
tion study analyzing the impact of physical materials in
our laboratory and noise introduced by other peripheral
devices. Subsequently, Section 5 describes the experimental
tools including the challenges to be faced when develop-
ing a BLE4.0 fingerprint-based localization mechanism. We
also include a brief description of the two classification
algorithms used on our proposal, experimental setups and
survey campaign characteristics. Based on these preliminary
results, Sections 6.1 and 6.2 present the results obtained in
two different scenarios using BLE4.0 beacons as transmit-
ter and smartphone as receiver. Moreover, we analyze the
performance of the two algorithms in terms of three main
metrics: (i) global accuracy; (ii) mean positioning error;
and (iii) local accuracy. Section 7 briefs the results obtained
in the two previous experimental areas and highlights the

main findings and lessons learned in two main areas: (i)
the system configuration of a BLE4.0 beacons-based indoor
localization setup and (ii) the performance evaluation of
supervised learning algorithms on the development of indoor
localization mechanisms. Finally, we conclude the paper in
Section 8 exhibiting the final conclusions and our future work
plan.

2. Related Work

Wireless indoor localization is a hot topic of research nowa-
days. Depending on the wireless sensor network technology,
the use of a technique/algorithm may be more suitable
or feasible with respect to others. In this section, we first
overview the major trends and results. We then overview
the various approaches being explored when using BLE4.0
beacons.

2.1. Standard Wireless Positioning. Nowadays, the main three
technologies being explored to develop indoor localization
mechanisms are ZigBee [17, 18], Wi-Fi, and Bluetooth. Main
localization techniques for indoor localization are based on
trilateration or indoor channel propagation models [9] or
by means of classification algorithms [19, 20]. Main metrics
used in indoor localization are global accuracy and mean
positioning error [19, 21].

In [22], the authors compare the performance of Wi-
Fi and BLE4.0 beacons and conclude that BLE4.0 beacons
outperformWi-Fi by 27% in terms ofmean positioning error.
In [19], the authors show that the positioning error of Wi-Fi
is around 5–10m and 1-2m using BLE4.0, that is, an overall
50% improvement. Nevertheless, in [23] good results are
presented for Wi-Fi fingerprint, obtaining an average error
of 2.5 meters. In [6], the authors make use of RANSAC with
the aim of improving the quality of the information to be
used to feed a particle filter. Their main goal has been to
enhance the mean positioning error and accuracy of Wi-Fi-
based indoor localization mechanisms. In [24], the authors
have shown that the use of particles filters or Kalman filter
algorithms may not always be a good choice for BLE4.0
beacon, where the use of different classification algorithms
seems to provide better results. From the above, it is clear
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that the development of accurate and robust wireless indoor
localization mechanisms is still a long way to go. Besides
the technological development, mainly radio systems and
antennas, the use of filtering and/or classification algorithms
is still one of the main research topics [25].

2.2. BLE4.0-Based Localization Mechanisms. Nowadays, it
is widely recognized that multipath fading is one of the
main challenges faced on the development of robust and
accurate BLE4.0-based indoor localization mechanisms [12].
In order to overcome this challenge, the research community
is actively exploring on defining the best system configu-
ration, for example, density of BLE4.0 beacons and relative
placement [26], and on identifying the most suitable data
processing methodologies, that is, filtering and classification
algorithms.

Some works have explored the use of regression model,
separate channel fingerprints supplemented by Extended
Kalman filters (EKF) [27] or particle filters [28]. In the later
work, the mean positioning error of less than 4m has been
reported. Both works have shown that the physical area plays
a major role on the results, not only the materials but also the
dimensions.

In order to reduce the mean positioning error, different
classification algorithms have been studied as new localiza-
tion techniques based on fingerprinting. However, one of the
main challenges is to properly tune the various parameters
of the classification algorithms, since they play a major
role in the achievable accuracy and mean positioning error
[29, 30]. In [29], the authors have compared three different
classification algorithms, Neural Networks, SVM, and 𝑘-NN.

Their results have shown that 𝑘-NN reports the best mean
positioning error, approximately 4m. In [30] better results
are presented by using a combination of BLE4.0 beacon and
Wi-Fi technologies and the same classification algorithms.
A more in-depth analysis on the parameters of different
classification algorithms is presented in [31], where the best
results have been obtained using a weighted distance (WD)
for 𝑘-NN. In [32], Peng et al. have obtained similar results
using 𝑘-NN, testing different values for “𝑘.”

In summary, all the abovementioned works present
localization results studying different parameters, ranging
from the dimensions of the area under study to the hyper-
parameters of the classification algorithms. In this paper,
we discuss in depth the impact of two sets of parameters:
(i) system configuration: the deployment and setting of the
BLE4.0 beacons, namely, density and transmission power,
and (ii) algorithms: the parameters governing the different
classification algorithms. In this context, Figure 2 shows the
overall system and algorithmic parameters studied in this
paper.

3. BLE4.0 Signal Characterization

Recent studies have shown that BLE4.0 beacon signals are
highly sensitive to interference and fast fading. Similar to
Wi-Fi, BLE4.0 operates in the 2.4GHz band divided into 40
channels, each 2MHz wide. In order to avoid interference
between BLE4.0 and Wi-Fi devices, BLE4.0 mainly uses
channels 37 (2402MHz), 38 (2426MHz), and 39 (2480MHz)
[21]. BLE4.0 devices transmit on these channels cyclically, and
they only make use of other channels when paired with other
devices.
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Figure 3: RSSI-distance correlation for three different transmission power (Tx) levels.

As for the multipath effect, it requires the development
of tools and methodologies enabling the setup planning
of robust and accurate BLE4.0-based indoor localization
systems. In this section, we experimentally study the channel
propagation of BLE4.0 signal. Our main goal is setting
a baseline experimental prototype allowing us to identify
the key system parameters. We then motivate the use of
supervised learning algorithms as a viable methodology to
enhance the accuracy and robustness of BLE4.0-based indoor
localization mechanisms.

3.1. Radiopropagation Model. A large number of recent
efforts on developing RSSI-based localization mechanisms
have made use of a RSSI-distance mapping function [9]
depicted in the following equation:

RSSI = 𝑈𝐿 − 10 ⋅ 𝑛 ⋅ log( 𝑑𝑑0) , (1)

where 𝑈𝐿 denotes the RSSI in dB at 𝑑0 distance (typically
1 meter), 𝑛 is the path loss coefficient factor, and 𝑑 is the
distance inmeters between twowireless devices: a transmitter
and a receiver.

All the parameters in (1) can be experimentally measured
except 𝑛, which needs to be estimated. Classical approaches

determine the 𝑛 value that minimizes the estimation error in
a set of ground truth preliminary measurements [24]. This is
usually done using the lowest squared error as metric.

3.2. BLE4.0 Beacon RSSI Distance Modelling. In order to
verify the suitability of applying this approach using BLE4.0
beacons, we conducted a preliminary experimental test. We
initially placed the smartphone device at 1m from the BLE4.0
beacon and, progressively, moved it away from the BLE4.0
beacon in steps of 1m up to the maximum distance of
15m. At each location, we sampled the RSSI level for a
period of one minute. We made use of an Android 5.1
smartphone, from now on referred to as the receiver. We
conducted three sets of independent measurements by vary-
ing the transmission power (Tx) level of the BLE4.0 beacon,
namely 0x01, 0x02, 0x03, 0x04, 0x05, 0x06, and 0x07, which,
respectively, correspond to 4 dBm, 0 dBm, −4 dBm, −8 dBm,
−12 dBm, −16 dBm, and −20 dBm [33]. All measurements
were conducted under Line-of-Sight (LoS) conditions.

Figures 3(a), 3(b), and 3(c) show the results for Tx = 0x01,
Tx = 0x04, and Tx = 0x07 transmission power levels,
respectively. As seen in the figures, the RSSI decreases as a
function the distance between the BLE4.0 beacons and the
target receiver. We also include in the figures the results of
adjusting the samples to the model given by (1).
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Table 1: Mean squared error and standard deviation obtained for a
distance of up to 15m for all transmission power (Tx) levels.

Tx Mean squared error (m) Standard deviation (m)
0x01 7.81 0.68
0x02 5.99 0.60
0x03 6.66 0.70
0x04 4.31 0.40
0x05 5.75 0.59
0x06 5.55 0.57
0x07 1.53 0.13

Table 2: Mean squared error and standard deviation obtained for a
distance of up to 8m for all transmission power (Tx) levels.

Tx Mean squared error (m) Standard deviation (m)
0x01 6.71 0.58
0x02 5.25 0.52
0x03 6.01 0.65
0x04 2.49 0.23
0x05 4.10 0.40
0x06 3.49 0.39
0x07 1.44 0.14

Table 1 provides the mean squared error and standard
deviation for all Tx tested. The results show the infeasibility
in looking for a direct relation using the aforementioned
RSSI-distance model in combination with a triangulation
technique: a given RSSI value may correspond to different
distance estimates [6]. Nevertheless, the results obtained
establish the basis to explore alternative solutions, as well
as the guidelines on setting the BLE4.0 beacons. In fact, a
closer look to the results depicted in Figure 3(c) show that the
RSSI-distancemodelmay hold up to an approximate distance
between 7 and 8 meters. In all cases, we notice that the RSSI
drops substantially between one and three meters, but it then
exhibits smaller variations in the range between three and
six meters. In the case when the transmission power is set
to Tx = 0x04 and Tx = 0x07, we notice a higher decrease
on the RSSI in the 6 to 8m interval than in the case when
Tx = 0x01. Beyond the distance of 8m, the RSSI levels show
severe discrepancy with the RSSI/distance model.

Table 2 provides the mean squared error and standard
deviation for all transmission power levels for a maximum
distance of 8m. According to these results, it is clear that
the use of the lowest transmission power, Tx = 0x07,
offers the best solution. This is an important result, since
one of our main aims is to limit the power consumption
as a means to span the lifetime of the BLE4.0 beacons. The
results also show that limiting the size of the experimental
area will play an important role in the localization process.
For instance, in the case of Tx = 0x07, a mean RSSI value of
−96 dBm may correspond to a distance of 8m when limiting
the maximum distance to 8m, while −95 dBm, a higher
RSSI, may correspond to 11m or 12m when we consider a
maximum distance of 15m.These results provide the basis on
determining the initial deployment and power setting of the

BLE4.0 beacons. In fact, this analysis provides us the basis to
configure the setup to obtain the data required to guide the
supervised learning algorithms.

4. Bluetooth Signal Attenuation

In this section we analyze in depth the RSSI fingerprint
throughout the experimental area and its behaviour at differ-
ent times of the day. Our main aim is to get an insight on the
factors that may drastically affect the localization process [23,
30]. For this experiment we choose a medium transmission
power level, that is, Tx = 0x04. We defined an experimental
area fragmented into 15 zones, of 1m2 each, separated by a
guard zone of 0.5m2 to better differentiate the RSSI of joint
sectors (see Figure 4 for details). The experimental setup
consists of a total area of 9.6m by 6.3m, where the minimal
distance between a BLE4.0 beacon and the receiver will be
1.5m.

In Figure 5, four different views of the physical area
represented in Figure 4 (our laboratory) are shown, which
are the perspective images taken from four different BLE4.0
beacons positions. As seen in the picture, BLE4.0 beacons
“Be10” and “Be11” have been placed by the window side while
BLE4.0 beacons “Be07,” “Be08,” and “Be09” have been placed
by the drywall side.

4.1. RSSI Fingerprint. During our first survey, we monitored
the RSSI of each BLE4.0 beacon at each one of the fifteen
sectors of our experimental area.

Figures 6(a)–6(e) depict the RSSI average values of each
of the five BLE4.0 beacons over the experimental area. Note
that the RSSI reported by the BLE4.0 beacons placed close to
the windows, namely, BLE4.0 beacons “Be10” and “Be11,” are
characterized by a lower signal strength; see Figures 6(d) and
6(e). In the case of BLE4.0 beacon “Be11,” the signal vanishes
quickly starting at neighbouring sectors.

Hence, from these figures we can extract the following
conclusions:

(i) We can easily identify the location of each BLE4.0
beacon from the RSSI fingerprint.

(ii) The RSSI level of the beacons placed by the drywall
side is higher than the one reported by the beacons
located by the window side.

These results show the need to evaluate the attenuation of
the BLE4.0 beacons under different conditions.

4.2. Intraday RSSI Surveys. In order to illustrate the chal-
lenges faced on developing RSSI-based indoor localization
mechanisms, we carried out three survey campaigns. Similar
to our previous survey campaign, we monitored the RSSI
levels of the various BLE4.0 beacons throughout the experi-
mental area.The campaignswere carried out at three different
times throughout a day: morning, midday, and afternoon.
We will refer to the sample traces as Take 1, Take 2, and
Take 3, respectively. In the following, we will discuss our
main findings on the analysis of the data obtained for BLE4.0
beacon “Be09.” Our choice has been based on the fact that
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Figure 4: Experimental area for Bluetooth signal attenuation experiments.

(a) From BLE4.0 beacon “Be07” (b) From BLE4.0 beacon “Be08”

(c) From BLE4.0 beacon “Be10” (d) From BLE4.0 beacon “Be11”

Figure 5: Pictures, each one of each of the four corners of the laboratory.

BLE4.0 beacon “Be09” was placed at the midpoint of the
drywall side. This should allow us to compare the RSSI levels
at the two opposite sides of the experimental area over the
same distance.

Figure 7 shows the RSSI traces for Sectors 1, 3, 9, and 15.
Recall that BLE4.0 beacon “Be09” is located at the right side of
Sector 7.We have also included themean RSSI corresponding

to each one of the traces. Table 3 summarizes the main
statistics of all three traces. From the analysis of the traces,
we can make the following observations:

(i) The RSSI varies substantially throughout the time.
The values reported for Sector 13, located close to the
corridor, exhibit the major differences between the
highest and lowest RSSI value; see Table 3.This clearly
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Table 3: Statistics for three different RSSI values (dBm) traces of BLE4.0 beacon “Be09” using Tx = 0x07.
Sector Take 1 Take 2 Take 3

Mean/variance Min/Max Mean/variance Min/Max Mean/variance Min/Max
1 −84.1/6.9 −106.0/−72.0 −84.5/7.1 −109.0/−72.0 −82.9/6.4 −105.0/−73.0
3 −90.7/6.9 −108.0/−76.0 −90.9/5.6 −108.0/−80.0 −88.6/6.8 −105.0/−74.0
7 −83.0/11.9 −110.0/−66.0 −85.0/9.2 −105.0/−67.0 −82.7/8.7 −107.0/−69.0
9 −86.8/7.3 −105.0/−73.0 −88.5/7.4 −110.0/−75.0 −82.0/9.4 −109.0/−68.0
13 −85.1/9.8 −110.0/−64.0 −88.2/10.1 −106.0/−68.0 −82.1/9.1 −110.0/−68.0
15 −84.0/7.3 −109.0/−70.0 −83.5/7.4 −101.0/−68.0 −80.4/7.4 −105.0/−70.0
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Figure 6: RSSI fingerprint for the BLE4.0 beacons.

shows the need of taking into account the floor plan
when developing an indoor localization mechanism.

(ii) The mean RSSI levels of sectors located at the same
distance from Be09 substantially vary from one to
another. For instance, the RSSI levels of Take 3 of
Sectors 3 and 15 located both at the same distance
from BLE4.0 beacon “Be09” exhibit a difference as

high as 8 dBm. The gap between mean of the three
traces for these two sectors consistently report a high
value.

(iii) The RSSI varies substantially from one survey cam-
paign to another in the sectors located by the win-
dows. We notice that the RSSI level of Sector 1, the
one located at the corner of two drywalls, exhibits a
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Figure 7: RSSI intraday traces for BLE4.0 beacon “Be09.”

more constant value. From these results, we confirm
that counting with the floor plan of the experimental
area is amust to be able to properly analyze the results.

According to the previous analysis and the experimen-
tation carried out in Section 3, we can remark the following
characteristics for the RSSI using BLE4.0 beacons:

(i) Some of the levels of the RSSI for the sectors close
to the window side are more than 10% lower than
the ones reported for the sector located close to the
drywall. This behaviour of the RSSI affects the classi-
fication process since the RSSI varies substantially.

(ii) The RSSI from BLE4.0 beacons is very sensitive
and depending on structural characteristics of the
surrounding walls.

(iii) The levels of the RSSI reported for sector located at
the same distance from the reference BLE4.0 beacon,

“Be09” in our case, may substantially vary from one
sector to another.

Our results show the need of exploring alternative data
processing mechanisms towards the development of a RSSI-
based localization solution. In order to be able to focus on
the characterization of the signal in an indoor environment
taking into account only the floor plan, we have restricted the
access to the lab premises during our experiments.

5. Experimental Apparatus and Algorithms

In this section, we introduce the specifications and technical
details of our experimental setting. Firstly, we describe the
experimental tools developed in our research. Next, the
two classification algorithms used in our experiments are
explained with their configurations and metrics analyzed in
the third and fourth part, respectively. Finally, we described
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the physical layout of the testbed we have used to carry out all
the indoor localization experiments.

5.1. Experimental Tools. From the previous sections analysis,
we argue that the following holds:

(i) Supervised learning algorithms are worth exploring.
We therefore suggest evaluating the use of Support
Vector Machine (SVM) and 𝑘-Nearest Neighbour (𝑘-
NN) algorithms.

(ii) The actual distance between the BLE4.0 beacon
transmitter and the target plays a central role in
the estimated RSSI. We should therefore consider
multiple experimental setups by varying the number
and distance between the reference BLE4.0 beacons
and the target.

(iii) Line-of-Sight seems to be an essential requirement in
order to get a first insight into the Bluetooth capa-
bilities towards the development of indoor location
fingerprints.

(iv) Data preprocessing. Given that our interest is to
evaluate the system configuration, beacons density,
and power, we have decided not to apply any filtering
or outliers detection technique. We therefore use the
raw data collected during our surveys.

(v) The transmission power (Tx) level should also be
carefully considered to ensure the long run of the
BLE4.0 beacons. We use Tx = 0x07 throughout our
first set of experiments and Tx = 0x04 and Tx =
0x07 during the second set of experiments.These two
transmission power levels offer the best characteris-
tics for our study: lower power consumption and an
almost monotonic decrease of the mean RSSI level as
a function of the distance in the 0–8m interval.

5.2. Supervised Learning Algorithms. In this work, we pro-
pose making use of supervised learning algorithms (SLAs)
to estimate the position of the receiver. SLAs consist of two
phases, a training phase, where input data should have been
previously annotated with their corresponding category.This
phase generates a classification model, which is subsequently
used to infer the category of provided test data during
the classification phase. That is to say, when applied to
localization, SLA is used to generate theRSSI fingerprint from
which the location can be obtained.

In this work, we explore the use of two popular SLAs,
namely, the 𝑘-Nearest Neighbour (𝑘-NN) [21, 29–31] and
the Support Vector Machine (SVM) [28, 29] algorithms. A
brief description of these two algorithms is included in the
following:

(i) 𝑘-NN: given a test instance, this algorithm selects
the 𝑘-Nearest Neighbours, based on a predefined
distance metric of the training set. In our case, we use
the Euclidean distance since our predictor variables
(features) share the same type, that is, the RSSI values,
properly fitting the indoor localization problem [34].
Although 𝑘-NN uses the most common neighbour

of the 𝑘 located categories (which is the mode of the
category), some variations are used (e.g., weighted
distance) to avoid removing relevant information.
In this paper, we have set the hyperparameter to
𝑘 with values 1, 3, and 5. We have verified that
further increasing 𝑘 does not improve our results. We
use both mentioned versions of the algorithm: the
weighted distance (WD) and mode (MD).

(ii) SVM: given the training data, a hyperplane is defined
to optimally discriminate between different cate-
gories. If a linear classifier is used, SVM constructs
a line that performs an optimal discrimination. For
the nonlinear classifier, kernel functions are used,
which maximize the margin between categories. In
this paper, we have explored the use of linear classifier
and polynomial kernel with two different grades,
namely, 2 and 3. Finally, we present only the best
results which were obtained with a polynomial kernel
with a quadratic function [34].

5.3. Experimental Setups. From our preliminary experimen-
tal analysis, it is clear that we should keep in mind the
following aspect. If the locations of the BLE4.0 beacons
change, we must carry out a new off-line/on-line sample
collection campaign. The measurement campaigns mainly
consisted of the following three steps.

(i) Off-Line. RSSI measurements collection phase: during this
phase, we use the receiver for collecting a set of RSSI samples
at predetermined locations spread over the experimental field
covered by𝑁 BLE4.0 beacons.

(ii) Data Storage. The data is organized into a𝑁th dimension
vector and labelled with the coordinates of the receiver
position.

(iii) Classification. We evaluate the performance of the two
SLAs using the RSSI measurements as our source data. The
evaluation will be measured in terms of the accuracy of the
estimated location of the target.

5.4. Classification Metrics. Prior to the training phase, RSSI
measurements are obtained by placing the receiver at differ-
ent locations. These captures are then stored in a database
during an off-line phase including the ⟨𝑥, 𝑦⟩ coordinates and
RSSI level for each sample. Afterwards, the RSSI receiver
measures are captured again in an on-line phase. These latter
instances are then compared with the model derived in order
to predict the location of the receiver, that is, generate the
RSSI-based location fingerprint.

We evaluate the localization performance of the two
classification algorithms in terms of the following metrics:

(i) Global accuracy: it is the algorithm’s precision in the
classification phase.Thevalue is calculated in percent-
age (%) between the exact positioning operations and
the total number of positioning operations over the
whole experimental area.
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(ii) Local accuracy: it is the individual algorithm’s pre-
cision in the classification phase for each sector of
the experimental area. The value is calculated in
percentage (%) too.

(iii) Mean positioning error: it is the average error for the
whole experimental area. This error is calculated in
meters (𝑚) taking into account the total dimensions
of each area. From now it is named as “mean error.”

5.5. Survey Campaign Characteristics. Our experiments were
conducted in a lab of our research institute. We placed
four BLE4.0 beacons at each one of the four corners in a
rectangular area, and we considered two experimental areas
with different dimensions. A fifth BLE4.0 beacon was placed
in the middle of one of the longest edges of the room.

For the experimental areas used in this paper, we carried
out a survey campaign as follows:

(i) We fixed the Tx of all BLE4.0 beacons to the same
level.

(ii) We placed the receiver at the center of each one of the
sectors, and we measured the RSSI of each one of the
five BLE4.0 beacons during 𝑥 minutes depending on
the experimental area.

(iii) The survey was carried out through a time period
of five days. The lab occupancy was limited to two
people, the same that were in charge of collecting the
data during the afternoon hours.

Once the initial parameters are established, in the next
sections we proceed to analyze other parameters for indoor
localization in the two different environments taking into
account the physical area represented in Figure 5.

6. Performance Evaluation Results

This section analyzes the results for the classification algo-
rithms in two different areaswith different physical character-
istics. This analysis has been performed taking into account
the three classification metrics: (i) global accuracy; (ii) local
accuracy; and (iii) mean error.

6.1. Experimental Area 1. In this first setup, we explore
the distribution and number of BLE4.0 beacons in the
experimental field. The total size of the experimental field
used for this first experiment is set to an area of 4m× 3m
subdivided into twelve sectors of 1m2, as shown in Figure 8.
Five BLE4.0 beacons, denoted by “Be07,” “Be08,” “Be09,”
“Be10,” and “Be11,” were placed around the area. With the
main goal of identifying blind spots in the experimental field
and the number of required BLE4.0 beacons, we carried out
six independent trials: in the first configuration, we used five
BLE4.0 beaconswhile, in the following five trials, we removed
one BLE4.0 beacon at a time. As already mentioned, by
limiting the maximum distance between the BLE4.0 beacon
and the target to lower than 8m, we avoid huge discrepancies
on the distance-estimation model.

RSSI samples were collected in each of the 12 sectors
during approximately five to six minutes. We evaluate and
store the arithmetic mean of all the collected samples. No
samples were discarded during this phase.

For each trial, the data training set consisted of 231 vectors
and a validation set of 99 vectors, randomly selected for each
experiment. The results show the classification metrics of the
algorithm executed 50 times.

6.1.1. Case 1: 𝑘-NN. Weuse three different values of 𝑘, namely
𝑘 = 1, 𝑘 = 3, and 𝑘 = 5. This should allow us to identify the
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Table 4: 𝑘-NN, global accuracy (%) for different BLE4.0 beacon
setups for Tx = 0x07. Best result is shown in bold.

Configuration 𝑘 = 1 𝑘 = 3 𝑘 = 5
Be07, Be08, Be09, Be10, Be11 12.96 12.82 12.32
Be08, Be09, Be10, Be11 10.06 10.12 9.79
Be07, Be09, Be10, Be11 11.67 10.54 10.92
Be07, Be08, Be10, Be11 13.83 11.81 11.75
Be07, Be08, Be09, Be11 14.20 12.82 12.78
Be07, Be08, Be09, Be10 13.17 12.28 12.64

best value fitting our requirements. Furthermore, the analysis
used global and local accuracy andmean error with twomain
criteria, namely, theMDof the 𝑘 values, and theWDbetween
the 𝑘 values obtained.
Global Accuracy. Table 4 shows the global accuracy according
to the different BLE4.0 beacons setups for Experimental Area
1 using the MD of the 𝑘 values. We can notice the best global
accuracy is obtained for 𝑘 = 1, being the best configuration
without BLE4.0 beacon “Be10.” Moreover, the worst setup
occurs when the BLE4.0 beacon “Be07” is eliminated, being
for 𝑘 = 5 the worst results. As seen from the results as the 𝑘
value is increased, the global accuracy decreases. In fact, this
case represents theworst case; it clearly shows that attempting
to estimate the position of the target using neighbouring
values without taking into account their relevance has a
negative impact on the results.

Mean Error. Table 5 shows themean error for different setups.
As seen from the table, increasing the number of neighbours
𝑘 has a negative impact on the mean error when using the
MD modality. On the contrary, the mean error is reduced by
approximately 20% in most cases when increasing 𝑘 from 1
to 5 in the WD modality. In this case, the setup with BLE4.0
beacons at the corners (i.e., without BLE4.0 beacon “Be09”)
gives us better results for 𝑘 = 5.Theworst results are obtained
when we remove one of the two BLE4.0 beacons, “Be07” or
“Be08,” placed by the drywall side of the experimental area.

Figure 9(a) shows the positioning error heatmap for the
best global accuracy and Figures 9(b) and 9(c) the best
positioning error using MD andWD, respectively.

From the results shown in tables and heatmaps, we can
conclude the following:

(i) A closer look at the heatmaps reveals very good
results, an estimation positioning error as low as
0.4m.

(ii) Table 5 shows that the lowestmean errors are obtained
using only four BLE4.0 beacons placed at the corners.

(iii) Table 5 shows that increasing 𝑘 from 1 to 5 has a
positive impact when using the WD modality of the
𝑘-NN algorithm but a negative impact when the MD
modality is preferred. This shows the importance of
weighting the information according to its relevance.

(iv) Figure 9(c) reveals that the use of theWDmodality of
the 𝑘-NN considerably improves the accuracy at the
center of the experimental area: fusioning the WD of
the BLE4.0 beacons proves effective.

(v) The heatmaps reveal a higher mean error in the sec-
tors close to the BLE4.0 beacons, being considerably
lower in the case of “Be10.”This latter BLE4.0 beacon
has exhibited the lowest RSSI level among all BLE4.0
beacons; see Figure 6(d). This may translate into the
estimation of a slight change on the distance as the
signal decreases.

Local Accuracy. In this section, we evaluate the local accuracy
for the best global accuracy and the lowest mean error
cases; see Figures 10(a), 10(b), and 10(c), respectively. We are
mainly interested in defining the guidelines to configure the
localization setup according to the user needs.

Figure 10(c), for 𝑘 = 5, shows that the sectors close to
“Be07” and “Be11” estimate a mean error of around 2.25m
(refer to Figure 9(c)), with an accuracy of 40% while the
accuracy at the center experimental area, corresponding to
the lowest mean error, is approximately 6%. We also notice
that the lowest accuracy is reported in the sector close to
BLE4.0 beacon “Be10.” Figure 10(a) shows that the accuracy
over thewhole experimental area with respect to the accuracy
of the other two figures can be improved by discarding
BLE4.0 beacon “Be10.” However, we notice that the mean
error in sectors close to BLE4.0 beacons “Be07” and “Be11”
gets severely affected. Figure 10(b) shows similar results to the
case when BLE4.0 beacon “Be10” is removed. These results
clearly show that the placement of four BLE4.0 beacons at
the corners of the experimental area provides amore uniform
localization accuracy over the whole area. However, from
Figure 10(c) it is also clear that it is important to consider the
relevance of the information provided by the BLE4.0 beacons,
that is, the difference on the initial RSSI levels of each BLE4.0
beacon.

6.1.2. Case 2: SVM. For the SVM classifier, we use three
different kernels: linear, polynomial of degree 2 (𝑑 = 2), and
polynomial of degree 3 (𝑑 = 3). As in the 𝑘-NN case, the
analysis has been developed for the same experimental area
and the same number of training and validation samples.

Global Accuracy. Global accuracy values for SVM are pre-
sented in Table 6. In all system configurations, but the one
not making use of “Be07,” the table shows that a polynomial
kernel of degree 𝑑 = 3 provides better results, that is, linear
and 𝑑 = 2. When comparing one to one the results for each
BLE4.0 beacon system configuration, we find that SVM (with
𝑑 = 2) reports a global accuracy approximately between 1%
and 4%, depending on the BLE4.0 beacons setup, lower than
the one obtained using 𝑘-NN with 𝑘 = 1.
MeanError. Table 7 shows themean error for different BLE4.0
beacon setups. As can be observed all mean error values are
very similar, but the lowest mean error is provided for the
SVM with a polynomial kernel with 𝑑 = 2. Furthermore, we
note that all values are higher than the ones reported by the
𝑘-NN algorithm using WDmodality.



12 Journal of Sensors

Table 5: 𝑘-NN, mean error (m), using statistical mode (MD) and weighted distance (WD), for different BLE4.0 beacon setups for Tx = 0x07.
Best results are shown in bold.

Configuration MD (m) WD (m)
𝑘 = 1 𝑘 = 3 𝑘 = 5 𝑘 = 1 𝑘 = 3 𝑘 = 5

Be07, Be08, Be09, Be10, Be11 1.52 1.74 1.69 1.52 1.34 1.29
Be08, Be09, Be10, Be11 1.64 1.73 1.75 1.64 1.40 1.35
Be07, Be09, Be10, Be11 1.56 1.71 1.68 1.56 1.36 1.30
Be07, Be08, Be10, Be11 1.52 1.66 1.61 1.52 1.33 1.27
Be07, Be08, Be09, Be11 1.54 1.64 1.63 1.54 1.32 1.28
Be07, Be08, Be09, Be10 1.51 1.72 1.68 1.51 1.32 1.28
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Figure 9: 𝑘-NN, positioning error heatmaps, using statistical mode (MD) and weighted distance (WD), for different BLE4.0 beacon setups
for Tx = 0x07.
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Figure 10: 𝑘-NN, local accuracy heatmaps for different BLE4.0 beacon setups for Tx = 0x07.
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Figure 11: SVM, positioning error heatmaps for different BLE4.0 beacon setups for Tx = 0x07.

Table 6: SVM, global accuracy (%) for different BLE4.0 beacon
setups for Tx = 0x07. Best result is shown in bold.

Configuration Linear Pol. 𝑑 = 2 Pol. 𝑑 = 3
Be07, Be08, Be09, Be10, Be11 10.00 9.29 11.21
Be08, Be09, Be10, Be11 8.38 10.60 10.70
Be07, Be09, Be10, Be11 10.80 9.39 9.49
Be07, Be08, Be10, Be11 9.29 9.79 10.51
Be07, Be08, Be09, Be11 9.70 10.50 10.71
Be07, Be08, Be09, Be10 9.70 10.60 12.32

Table 7: SVM, mean error (m) for different BLE4.0 beacon setups
for Tx = 0x07. Best results are shown in bold.

Configuration Linear Pol. 𝑑 = 2 Pol. 𝑑 = 3
Be07, Be08, Be09, Be10, Be11 1.65 1.64 1.65
Be08, Be09, Be10, Be11 1.64 1.60 1.65
Be07, Be09, Be10, Be11 1.63 1.64 1.62
Be07, Be08, Be10, Be11 1.65 1.62 1.62
Be07, Be08, Be09, Be11 1.63 1.60 1.61
Be07, Be08, Be09, Be10 1.64 1.66 1.64

Figure 11(a) shows the positioning error heatmaps for
the best global accuracy and Figures 11(b) and 11(c) for the
lowestmean error. Similar to the results reported by the 𝑘-NN
algorithm, sectors close to the BLE4.0 beacons exhibit higher
mean error. However, in contrast to the mean error heatmaps
for 𝑘-NN (see Figure 9), the heatmaps for SVM are more
uniform throughout the central sector of the experimental
area. Moreover, the sector around BLE4.0 beacon “Be10”
exhibits worse results than the other ones obtained using the
𝑘-NN algorithm. This clearly shows the benefits of taking
into account the RSSI levels reported by the various BLE4.0
beacons. These RSSI levels do not exclusively depend on

the distance but also on the structural characteristics of the
environment.

Local Accuracy. Figure 12 shows the local accuracy corre-
sponding to the highest global accuracy and the lowest mean
errors using SVM. Figure 12(a) shows similar behaviour to
the results depicted in Figure 10(b): the sectors close to
BLE4.0 beacons “Be07,” “Be08,” and “Be11” show better local
accuracy results. However, the local accuracy for the sectors
close to the BLE4.0 beacons is considerably lower than the
one obtainedwhen using the 𝑘-NN algorithm.This effect also
causes a lower global accuracy. Figures 12(b) and 12(c) show
similar behaviours, that is, lower local accuracies with respect
to the ones reported by the 𝑘-NN algorithm.

From the results obtained with both algorithms (𝐾-NN
and SVM), we can conclude that, in order to assess the
capabilities of BLE4.0-based wireless indoor mechanisms,
it is essential to count with all the three metrics: mean
error, global accuracy, and local accuracy. Up to date, most
studies limit their evaluation to report on the mean error and
global accuracy. We should argue that, by providing the local
accuracy, together with the system parameters, transmission
power, and actual placement of the BLE4.0 beacons, the
system designer should be able to identify the shortcomings
to overcome.

In the following, we will carry out a second set of
experiments. Our main aim is twofold:

(1) We aim to explore the system localization parameters.
In this case, we will consider a slightly larger exper-
imental area and the use of a medium transmission
power level, Tx = 0x04.

(2) We aim to use larger training and validation datasets
with respect to the one used in the previous study.

6.2. Experimental Area 2. In this second experimental setup,
we further explore the performance of the 𝑘-NN and SVM



14 Journal of Sensors

Be07

Be08 Be09 Be10

40

35

31

26

22

17

13

8

4

0

(a) P. 𝑑 = 3, no “Be11”

Be07

Be08

Be11

Be09

40

35

31

26

22

17

13

8

4

0

(b) P. 𝑑 = 2, no “Be10”

Be07

Be08 Be09 Be10

40

35

31

26

22

17

13

8

4

0

(c) P. 𝑑 = 2, no “Be11”

Figure 12: SVM, local accuracy heatmaps for different BLE4.0 beacon setups for Tx = 0x07.

Table 8: Average RSSI and training and validation data for two
transmission powers (Tx) level.

Tx RSSI 1m (dBm) # training data # validation data
0x04 −57 608 261
0x07 −75 757 290

algorithms using two different transmission power settings,
namely, Tx = 0x04 and Tx = 0x07. We define an
experimental area fragmented into 15 zones of 1m2 each
separated by a guard zone of 0.5m2 to better differentiate
the RSSI of joint sectors. The experimental setup consists of
a total area of 9.6m by 6.3m, where the minimal distance
between a BLE4.0 beacon and the receiver is 1.5m; see
Figure 13.

Similar to the previous experimental trials, we sampled
theRSSI during twominutes at the center of each of the fifteen
zones. Table 8 shows the RSSI and the size of the training
and validation dataset used for two transmission power levels
under study.

6.2.1. Case 1: 𝑘-NN. Similar to the previous study, we pro-
ceeded to analyze 𝑘-NN with the same classification metrics
for Tx = 0x04 and Tx = 0x07.
Global Accuracy. Table 9 shows different BLE4.0 beacon
setups used in our environment, where the best configuration
is obtained eliminating the BLE4.0 beacon “Be09” for Tx =
0x04. Furthermore, for both transmission power levels we
can see that the BLE4.0 beacons placed at the corners are
essential in this experimental area. Moreover, a higher value
of 𝑘 improves the global accuracy considerably.

Therefore, the use of a larger area with guard zones
enables an improvement on the global accuracy: the clas-
sification algorithm is able to better differentiate the RSSI
between the different sectors. Table 4 shows an improvement

as high as 7% with respect to the results obtained for the
Experimental Area 1 setup. Also, as expected, an intermediate
transmission power level and a higher value of 𝑘 improve
the global accuracy. Furthermore, our results also show that
the BLE4.0 beacons should be placed at the corners of the
experimental area setup.

Mean Positioning Error. Table 10 depicts the mean error for
all system configurations for the 𝑘-NN algorithm. As can be
observed, when MD is used, increasing the value of 𝑘 does
not always improve the mean error as in the previous case.
When WD is used, similar to the previous experiment, the
mean error is considerably reduced. Also, in this latter case,
the configuration with the four BLE4.0 beacons located at
the corners and the one using five BLE4.0 beacons, offers
very similar results. From this table, we also notice that better
results are obtained when a higher transmission power level
is used, that is, for Tx = 0x04. Then, better mean error results
are obtained at the expense of using a higher transmission
power level.

Figure 14 depicts different error heatmaps. Figures 14(a)
and 14(b) show the heatmaps for the best results when setting
Tx = 0x04 using MD andWD, respectively. The fact of using
WD proves effective in reducing the mean error across all the
experimental area. On the contrary, the heatmaps produced
when using the MD modality show that the classification
algorithm is unable to take into account the difference on
the RSSI levels of the different BLE4.0 beacons. The sectors
close toBLE4.0 beacon “Be07” are characterized by the largest
mean error. In other words, since the RSSI value of BLE4.0
beacon “Be07” is higher than the ones characterizing the
other BLE4.0 beacons, the estimated distance is longer than
expected. This effect is worsened by the inclusion of BLE4.0
beacon “Be09”; see Figure 14(c). Also, when MD is used,
the classification splits the area into two main sectors; see
Figures 14(a) and 14(c). Finally, the use of higher transmission
power, Tx = 0x07, results in a more uniform positioning
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Table 9: 𝑘-NN, global accuracy (%) for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07. Best results are shown in bold.

Tx Configuration 𝑘 = 1 𝑘 = 3 𝑘 = 5

0x04

Be07, Be08, Be09, Be10, Be11 17.38 19.45 20.02
Be08, Be09, Be10, Be11 14.15 17.26 18.64
Be07, Be09, Be10, Be11 15.54 17.84 18.76
Be07, Be08, Be10, Be11 16.92 18.07 21.29
Be07, Be08, Be09, Be11 16.57 16.46 17.84
Be07, Be08, Be09, Be10 15.42 14.96 17.72

0x07

Be07, Be08, Be09, Be10, Be11 15.21 15.44 16.11
Be08, Be09, Be10, Be11 13.87 14.09 15.32
Be07, Be09, Be10, Be11 14.32 12.64 13.87
Be07, Be08, Be10, Be11 13.98 14.54 15.77
Be07, Be08, Be09, Be11 15.21 15.21 13.76
Be07, Be08, Be09, Be10 13.09 11.52 12.98

Table 10: 𝑘-NN,mean error (m), using statistical mode (MD) and weighted distance (WD), for different BLE4.0 beacon setups for Tx = 0x04
and Tx = 0x07. Best results are shown in bold.

Tx Configuration MD (m) WD (m)
𝑘 = 1 𝑘 = 3 𝑘 = 5 𝑘 = 1 𝑘 = 3 𝑘 = 5

0x04

Be07, Be08, Be09, Be10, Be11 2.25 2.17 2.12 2.25 1.91 1.82
Be08, Be09, Be10, Be11 2.35 2.32 2.33 2.35 2.04 1.99
Be07, Be09, Be10, Be11 2.25 2.19 2.17 2.25 1.87 1.84
Be07, Be08, Be10, Be11 2.30 2.26 2.16 2.30 1.92 1.84
Be07, Be08, Be09, Be11 2.32 2.34 2.30 2.32 2.00 1.93
Be07, Be08, Be09, Be10 2.29 2.38 2.23 2.29 2.01 1.91

0x07

Be07, Be08, Be09, Be10, Be11 2.30 2.32 2.29 2.26 2.02 1.96
Be08, Be09, Be10, Be11 2.35 2.36 2.29 2.35 2.03 1.95
Be07, Be09, Be10, Be11 2.41 2.44 2.44 2.41 2.12 2.07
Be07, Be08, Be10, Be11 2.31 2.39 2.37 2.31 2.00 1.90
Be07, Be08, Be09, Be11 2.39 2.43 2.44 2.39 2.16 2.01
Be07, Be08, Be09, Be10 2.41 2.52 2.44 2.41 2.12 2.04

Be07

Be09

Be08

Be11

Be10

Figure 13: Configuration of Experimental Area 2.
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(c) MD, all beacons, Tx = 0x04
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(d) WD, all beacons, Tx = 0x07

Figure 14: 𝑘-NN (with 𝑘 = 5), positioning error heatmaps, using statistical mode (MD) and weighted distance (WD), for different BLE4.0
beacon setups for Tx = 0x04 and Tx = 0x07.

error throughout the whole area; see Figure 14(b). In fact, this
system configuration provides the best results in terms of the
mean positioning error, as shown in Table 10.

Local Accuracy. As already mentioned before in this section,
the BLE4.0 beacons located at the corners are essential, as can
be seen in Figure 15, which represent the behaviour of the
local accuracy throughout the experimental area. Specifically,
Figures 15(a) and 15(b) are related to the best global accuracy
and mean error for Tx = 0x04, respectively.

In this case, we notice that a more uniform local accuracy
results in a lower mean positioning error; see Figures 15(b)
and 14(b). More specifically, comparing Figures 15(c) with
15(d), we can see that the use of BLE4.0 beacon “Be09”
provides better local accuracy in remote sectors. The results
of local accuracy for Tx = 0x07 provided similar results.

6.2.2. Case 2: SVM. Similarly as with Experimental Area 1,
we have proceeded to analyze the SVM experimental results

with the same classification metrics for Tx = 0x04 and Tx =
0x07.
Global Accuracy. Table 11 shows the global accuracy for Tx =
0x04 and Tx = 0x07. We can see that the best results,
for both transmission power levels, are obtained when the
configuration of all BLE4.0 beacons is used.

Moreover, using a linear kernel for Tx = 0x04 provides
significantly better results than other SVM configurations.
For Tx = 0x07 the best result is obtained using a polynomial
(𝑑 = 2) kernel, but far from the results obtained with
Tx = 0x04. Comparing results with Experimental Area 1 (see
Table 6), we can see how SVM improve the accuracy a 10%
when using a bigger experimental area.

Mean Positioning Error. Table 12 shows themean error values.
Again, the best results for Tx = 0x04 are obtained when all
BLE4.0 beacons are used and with the linear kernel function,
but for Tx = 0x07 the best performance is obtained when
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Table 11: SVM, global accuracy (%) for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07. Best results are shown in bold.

Tx Configuration linear P. 𝑑 = 2 P. 𝑑 = 3

0x04

Be07, Be08, Be09, Be10, Be11 23.48 21.17 20.94
Be08, Be09, Be10, Be11 19.68 21.29 19.56
Be07, Be09, Be10, Be11 21.17 18.99 15.65
Be07, Be08, Be10, Be11 22.55 22.09 21.40
Be07, Be08, Be09, Be11 20.71 18.53 19.33
Be07, Be08, Be09, Be10 20.14 21.40 20.02

0x07

Be07, Be08, Be09, Be10, Be11 15.32 17.89 15.55
Be08, Be09, Be10, Be11 16.00 14.43 14.77
Be07, Be09, Be10, Be11 13.42 13.98 13.31
Be07, Be08, Be10, Be11 16.00 17.33 17.56
Be07, Be08, Be09, Be11 11.63 14.76 15.32
Be07, Be08, Be09, Be10 13.20 14.43 15.55
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Figure 15: 𝑘-NN (with 𝑘 = 5), local accuracy heatmaps for different BLE4.0 beacon setups for Tx = 0x04.
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Table 12: SVM, mean error (m) for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07. Best results are shown in bold.

Tx Configuration linear P. 𝑑 = 2 P. 𝑑 = 3

0x04

Be07, Be08, Be09, Be10, Be11 1.93 2.01 1.99
Be08, Be09, Be10, Be11 2.14 2.10 2.10
Be07, Be09, Be10, Be11 1.96 2.07 2.21
Be07, Be08, Be10, Be11 2.06 2.05 2.14
Be07, Be08, Be09, Be11 2.12 2.12 2.12
Be07, Be08, Be09, Be10 2.09 2.04 2.09

0x07

Be07, Be08, Be09, Be10, Be11 2.39 2.08 2.28
Be08, Be09, Be10, Be11 2.38 2.21 2.19
Be07, Be09, Be10, Be11 2.58 2.37 2.29
Be07, Be08, Be10, Be11 2.33 1.98 2.09
Be07, Be08, Be09, Be11 2.47 2.36 2.36
Be07, Be08, Be09, Be10 2.64 2.26 2.36
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(a) Linear, all beacons, Tx = 0x04
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(b) P. 𝑑 = 2, all beacons, Tx = 0x07
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(c) P. 𝑑 = 2, no Be09, Tx = 0x07

Figure 16: SVM, positioning error heatmaps for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07.

the BLE4.0 beacons are located at the corners (configuration
without BLE4.0 beacon “Be09”) of the experimental area and
using a polynomial (𝑑 = 2) kernel function.

Figure 16(a) depicts the positioning error heatmaps for
the best global accuracy for Tx = 0x04, which is also the
same with lowest mean error. Figures 16(b) and 16(c) depict
the best global accuracy and lowest mean error for Tx =
0x07, respectively. Similar results are obtained as in previous
experiments, where we can observe that a good global accu-
racy does not provide a lower mean error (in general), but
a balanced mean error throughout the area provides better
results. In this ExperimentalArea 2, comparing Figure 14with
Figure 16, we also observe that 𝑘-NN have a more uniform
mean error than SVM, since the central sectors normally have
lower mean error. Finally, comparing SVM for Experimental
Areas 1 and 2 (see Figures 11 and 16) we observe that themean
error is improved in bigger areas, specially in sectors close to
the BLE4.0 beacons, with themean error beingmore uniform
throughout the whole area.

Local Accuracy. Figure 17 shows the local accuracy behaviour
for different setups and transmission power levels.

We obtained similar results as in previous sections,
where in general a balanced local accuracy provides lower
mean error (comparing Figures 17(a) and 16(a)). Typically,
sectors placed in the corners have higher local accuracy, and
BLE4.0 beacon “Be09” usually improves the local accuracy
throughout the area as we can see in 𝑘-NN experiments,
comparing Figure 15 with Figure 17.

7. Lessons Learned

In this section, we summarize the main guidelines on setting
the system configuration and algorithm parameters enabling
the setting of a more accurate and robust localization mech-
anism. In our discussion, we will present our main findings
by following the parameters related to the classification
algorithms and the localization system setup. In order to
guide our discussion, we will follow Figure 2, where we have
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Figure 17: SVM, local accuracy (%) heatmaps for different BLE4.0 beacon setups for Tx = 0x04 and Tx = 0x07.

listed the main parameters to be set. Furthermore, we will
refer to the setting of our experimental system as a means to
illustrate the applicability of our guidelines. Since the results
obtained using the second experimental setup were clearly
superior to those obtained in the first setup, we will derive
the main guidelines from the lessons learned through our
experimental trials. Our main aim is to provide guidelines
allowing us to identify the main system and algorithm
parameters to be tuned on the development of a robust and
accurate BLE4.0-based indoor localization mechanism.

Table 13 summarizes the best system and algorithms
setups derived from our study. As already mentioned, we
focus on our second experimental setting. In fact, the size
and organization of the experimental area were among the
first parameters to be set; see Figure 2. From our preliminary
study on the channel characterization, Section 3, we were
able to identify the signal propagation allowing us to better
distinguish the various sectors. As for the actual organization
of the experimental area, our results have shown that the
use of a guard zone proves to be effective in improving the
classification process.

As for all the other parameters related to the system
setting, the following guidelines can be derived.

(i) BLE4.0 Beacon Transmission Power. The setting of this
parameter has to be derived taking into account the infor-
mation that it may provide in order to enable the classifica-
tion of the process. In this case, it should provide enough
information to enable distinguishing the various sectors of
interest. In our particular study, we found out that the use of
a medium power level showed slightly better results in terms
of the mean positioning error for the case of the 𝑘-NN (WD)
and the SVM classification algorithm setups. In the case of
the 𝑘-NN (MD) algorithm, the results exhibited a higher
discrepancy. For this latter setup, we notice that both system
configurations include all five BLE4.0 beacons. It is therefore
clear that the information of BLE4.0 beacon “Be09” helps to
compensate the discrepancies on the RSSI levels reported by

the BLE4.0 beacons located close to the windows and those
located close to the drywall. As for the accuracy reported for
the two transmission power setups, we notice that the use of a
medium transmission power level considerably improves the
accuracy of the localization mechanisms; see Tables 9 and 11.

(ii) BLE4.0 Beacons Position and Topology. From our prelim-
inary study, Section 3, we have found out the importance
of identifying the materials composing the various walls.
In a more complex setup where, for instance, big metal
cabinets may be present, the designers should take care
of evaluating the RSSI levels close to and around such
objects. The information obtained from such preliminary
study should condition the actual topology of the system. In
our case, we have foundout that the levels of theRSSI detected
may considerably vary depending on whether the BLE4.0
beacon has been placed close to a drywall or window. As seen
in Table 13, the system configurations for the 𝑘-NN (WD)
and SVM algorithms when using transmission power level
Tx = 0x07 do not include BLE4.0 beacon “Be09.” Since in
this case the RSSI levels reported by the BLE4.0 beacons close
to the window and those to the drywall do not greatly differ,
there is no requirement for BLE4.0 beacon “Be09.” However,
in the case when Tx = 0x04 is preferred, the inclusion of
BLE4.0 beacon “Be09” provides some extra information and
therefore compensates for the discrepancies on theRSSI levels
reported by all the other BLE4.0 beacons.

(iii) BLE4.0 Beacons Density and Spacing. From our results,
it is clear that the number of required BLE4.0 beacons to
cover a given area will depend on the size of the area to cover,
the transmission power, and the RSSI levels reported by the
BLE4.0 beacons. As our results show, the discrepancies on the
RSSI reported by the BLE4.0 beacons due to the structural
characteristics of the surrounding walls will require the use of
additional BLE4.0 beacons. In our case, the use of four BLE4.0
beacons placed at the four corners provided the best results
when using the lowest transmission power; see Table 13.
The inclusion of BLE4.0 beacon “Be09” under these latter
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Table 13: Mean positioning error (m) for the best configurations and setups for 𝑘-NN, using statistical mode (MD) and weighted distance
(WD) and SVM.

Algorithm Power Tx = 0x04 Power Tx = 0x07
𝑘-NN (MD), 𝑘 = 5 [07, 08, 09, 10, 11] ⇒ 2.12 [07, 08, 09, 10, 11] ⇒ 2.29
𝑘-NN (WD), 𝑘 = 5 [07, 08, 09, 10, 11] ⇒ 1.82 [07, 08, 10, 11] ⇒ 1.90
SVM, 𝑑 = 2 [07, 08, 09, 10, 11] ⇒ 1.93 [07, 08, 10, 11] ⇒ 1.98

Algorithms parameters

Technique for indoor
�ngerprinting

Training phase

SVM hyperparameters

k-NN classifier

k-NN hyperparameter
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Figure 18: Overall recommended values for the parameters.

conditions exhibited slightly worse results; see Tables 10 and
12.

Regarding the operation and setting of the algorithm
parameters, the following guidelines can be derived:

(i) Classification algorithms: a classification process
needs to be able to differentiate the RSSI levels of
the BLE4.0 beacons at different sectors. Therefore,
a steeper fall on the RSSI should provide the best
results. Furthermore, ambiguities should be removed
in order to reduce errors on the classification process.
In our particular setup, we had to limit the distance
to 8m and use medium and low transmission power
levels.

(ii) 𝑘-NN classifier: the use of values of 𝑘 higher than
or equal to five provides good results given the lim-
itations on the mean positioning error and accuracy
reported by BLE-based localization mechanisms. In
our setup, we have observed that the use of 𝑘 = 5
may compensate the discrepancies on the reported
RSSI levels when using low transmission power levels.
In fact, in the case when using Tx = 0x07, the best
configuration for 𝑘-NN (WD) does not make use
of BLE4.0 beacon “Be09.” However, the overall best
results were obtained for the system configuration

𝑘-NN (WD), with 𝑘 = 5 and using all the five
BLE4.0 beacons. This clearly shows that the use of a
transmission power level enabling differentiating the
various sectors together with the use of a compensat-
ing BLE4.0 beacon “Be09” proves effective.

(iii) WD criteria work better than MD criteria due to the
fact that the first one use all the 𝑘 neighbours in
order to polish the final result with a weighted average
distance.

(iv) SVM algorithm: similar to the results obtained for
the 𝑘-NN algorithm, the choice of the transmission
power plays a major role in the setting of the algo-
rithm parameters. In the case when the lower trans-
mission power is used, the best results are obtained for
a system configuration not making use of the BLE4.0
beacon “Be09.” Furthermore, the use of a higher
transmission power level simplifies the configuration
of the SVM. In this latter case, a linear classifier is
used.

Finally, Figure 18 summarizes the recommendations for
tuning up the indoor localization mechanism. The recom-
mendations include the setting of the parameters of the
classification algorithms and configuration of the BLE4.0
beacons.
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8. Conclusions and Future Plans

In this paper, we have explored the use of two supervised
learning algorithms towards the development of BLE4.0
beacon-based locationmechanisms. From our study, we have
identified that the use of 𝑘-NN and SVM algorithms may
prove effective in developing an indoor location fingerprint-
ing mechanism. Furthermore, our results have provided us
with some useful insight on the key parameters of both,
the physical infrastructure and the supervised learning algo-
rithm.The Tx level and the number and placement of BLE4.0
beacons are the main physical parameters to be looked at,
while the number of neighbours to be used plays a major role
in the performance of the 𝑘-NN algorithm.

Moreover, with the purpose of improving indoor local-
ization parameters, it is necessary to count with a floor plan
defined, for example, guard zones, for the data acquisition
phase, in order to differentiate the RSSI in contiguous sectors.

With respect to the environment, we can say that it
must be configured so that we have a fall on the RSSI.
This is due to the fact that sectors that are close to the
transmitters do not provide good results. Other important
aspects to improve the indoor localization mechanisms are
the topology, the Tx levels, and, above all, the classification
algorithms hyperparameters.

Our immediate research activities will focus on the
impact of room occupancy using multiple additional sensors
and the impact of using different and much more Machine
Learning algorithms for the location estimation.
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[6] J. Mart́ınez-Gómez, M. M. Del Horno, M. Castillo-Cara, V.
M. B. Luján, L. O. Barbosa, and I. Garćıa-Varea, “Spatial
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Abstract: Nowadays, there is a great interest in developing accurate wireless indoor localization
mechanisms enabling the implementation of many consumer-oriented services. Among the many
proposals, wireless indoor localization mechanisms based on the Received Signal Strength Indication
(RSSI) are being widely explored. Most studies have focused on the evaluation of the capabilities
of different mobile device brands and wireless network technologies. Furthermore, different parameters
and algorithms have been proposed as a means of improving the accuracy of wireless-based localization
mechanisms. In this paper, we focus on the tuning of the RSSI fingerprint to be used in the implementation
of a Bluetooth Low Energy 4.0 (BLE4.0) Bluetooth localization mechanism. Following a holistic approach,
we start by assessing the capabilities of two Bluetooth sensor/receiver devices. We then evaluate the
relevance of the RSSI fingerprint reported by each BLE4.0 beacon operating at various transmission
power levels using feature selection techniques. Based on our findings, we use two classification
algorithms in order to improve the setting of the transmission power levels of each of the BLE4.0
beacons. Our main findings show that our proposal can greatly improve the localization accuracy by
setting a custom transmission power level for each BLE4.0 beacon.

Keywords: indoor positioning; location fingerprinting; bluetooth; BLE4.0; supervised learning
algorithm; signal processing; RSSI; multipath fading; transmission power

1. Introduction

Nowadays, there is great interest in developing indoor localization algorithms making use of the
latest developments on low-power wireless technologies. Among the latest developments, Bluetooth
technologies are attracting the attention of many researchers. Their wide availability, practically all
smartphones incorporate a Bluetooth interface, is behind the increasing interest in developing indoor
localization-based services.

Most recent Bluetooth indoor localization systems are based on the Received Signal Strength
Indication (RSSI) metric [1,2]. Recent studies have shown that Bluetooth Low Energy 4.0 (BLE4.0)
signals are very susceptible [3] to fast fading impairments. This fact makes it difficult to
apply the RSSI-distance models commonly used in the development of Wi-Fi-based localization
mechanisms [4,5]. Recent studies proposed alternative methods, as, for example, the use of Voronoi
diagrams [6] or the use of a probability distribution to match the best solution to the localization
problem [7]. In the context of BLE4.0 beacons, in [8], a proposal based on the use of an Isomap and a
Weighted k-Nearest Neighbor (WKNN) is presented. As in previous related works [9,10], we explore

Sensors 2017, 17, 1318; doi:10.3390/s17061318 www.mdpi.com/journal/sensors
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the use of two supervised learning algorithms: the k-Nearest Neighbour (k-NN) and the Support
Vector Machine (SVM) algorithms [11]. We go a step further by exploring the benefits of individually
setting the transmission power as a means to improve the quality of the RSSI fingerprint to be used by the
learning algorithms.

Figure 1 shows the overall proposed methodology. First, we analyse the capabilities of two mobile
devices: a smartphone and a Raspberry Pi with a BLE4.0 antenna. Once the best device (in terms
of the accuracy performance) has been selected, we study the relevance of every BLE4.0 beacon in our
experimental environment. From this analysis, we conclude that an ad hoc setting of the transmission
power level of the BLE4.0 beacons plays a major role on the quality of the signal fingerprint. In order to
get a better insight on our findings, we pay particular attention on describing the floor plan of the lab
premises. In fact, recent results show that the use of the floor plan as a basis to identify the multipath
components may be exploited to enhance the accuracy of wireless indoor localization scheme [12].
Although the use of such schemes are still at their infancy and limited to wideband communications,
they have revealed some insight on the impact of the structural features over the RSSI metric. In [12],
Leit et al. have conducted several trials making use of ultra-wide band communications transceivers.
Our main aim regarding this latter issue is to provide some insight on the impact of architectural
features over the transmission power setting of the BLE4.0 beacons. To the best of our knowledge,
this is the first study proposing an asymmetric transmission power setting of the BLE4.0 beacons.
We then make use of two supervised learning algorithms to characterize the BLE4.0 beacon signal
propagation. These algorithms will then be used for developing indoor localization mechanisms.
The results obtained in a real-world scenario validate the proposal.

Figure 1. Overall schema proposal.

In the following, the paper is organized as follows. Section 2 reviews the related work and describes
the main contribution of our work. Section 3 describes the experimental set-up including the challenges
we can face when developing a BLE4.0 fingerprint-based localization mechanism. We also include
a brief description of the two classification algorithms used on our proposal. In Section 4, we
examine the adequacy of the experimental set-up on developing the localization scheme. Two main
parameters are studied: (i) the contribution of each BLE4.0 beacon deployed in the environment;
and (ii) the transmission power level of each BLE4.0 beacon. From this preliminary analysis, we
conclude, in Section 5, that the accuracy of the localization mechanism can be improved by setting the
transmission power of each BLE4.0 beacon at an appropriate level.

2. Related Work

Nowadays, the design of robust wireless indoor localization mechanisms is a very active research
area. Among the many technologies available in the market nowadays, BLE4.0 beacons have spurred the
interest of many practitioners and researchers. The main benefits of the technology rely on the installation
and maintenance cost of the battery-operated BLE4.0 beacons. The development of a BLE-based indoor
localization make use of the RSSI reported by the mobile devices—then, followed by one of two
main approaches: Triangulation [13] and fingerprinting [14–16]. Lately, other approaches, such as
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context [17] and crowdsensing [18], are also being actively explored. Despite the efforts being carried
out by the research community, the robust development of wireless indoor localization mechanism
remains a major challenge. In this work, we are interested on improving the information obtained from
the fingerprint of each individual BLE4.0 beacon. Since our goal is to develop the localization scheme
based on a classification algorithm, we explore the benefits of setting the transmission power setting of
each individual BLE4.0 beacon to improve the quality of the radio map (fingerprint). As in previous
related works [10,15], we explore the use of two supervised learning algorithms: The k-Nearest
Neighbour (k-NN) and the Support Vector Machine (SVM) algorithms [11]. In the sequel, we briefly
review the most relevant works recently reported in the literature and point out the main aim of
our work.

In [14], Kriz et al. have developed a localization comprising a set of Wi-Fi Access Points (AP)
supplemented by BLE4.0 devices. The localization mechanism was based on the Weighted-Nearest
Neighbours in Signal Space algorithm. Two of the main goals of this study have been to enhance
the accuracy of wireless indoor localization by introducing the use of the BLE4.0 devices and the
deployment of an information system being continuously updated by the RSSI levels reported by the
mobile devices. Two main system parameters related to the BLE4.0 devices were varied to verify the
performance of the indoor localization mechanism, namely, the scanning duration and the BLE4.0
beacons density. However, the transmission power was set to its maximum value all along the
experimental trials.

In [15], the authors conduct an experimental study using 19 BLE4.0 beacons. Their study includes
an analysis of the transmission power used by the BLE4.0 beacons over the accuracy of a BLE-based
indoor localization scheme. Their results show that their initial power setting, set at the highest available
level, was unnecessarily high for their deployment and that an attenuation of up to 25 dB would
have had a low impact on the positioning accuracy. Different to our main aim, they were interested
in identifying the attenuation bounds ensuring 100% availability of positioning, while avoiding a
configuration consisting of proximity “islands”. All along their experimental fields trials, all BLE4.0
beacons were configured using the same transmission power setting. Their results also provide some insights
on the tradeoffs between the number of BLE4.0 beacons required and the transmission power settings.

In [16], Paek et al. evaluate the accuracy in proximity and distance estimation of three different
Bluetooth devices. Towards this end, they explore the setting of various transmission power levels.
Besides finding that the three device brands vary substantially in the transmission power configuration,
they conclude that the best power setting will depend on the actual aim of the localization mechanism.
They conclude that higher transmission power will better fit to cover larger areas, while low transmission
power should be used to detect the proximity of the target to a given area (BLE4.0 beacon). They conclude
that the accuracy and efficiency of location estimation heavily depend on the accuracy of the measured
RSSI measurements and the model used to estimate the distance and other environmental characteristics.
In fact, one of their main claims is the need of a novel approach to overcome some of the main
challenges faced by RSSI dynamics. In this work, we first examine the RSSI dynamics using two
different devices: A commercial Android smartphone and a Raspberry Pi equipped with a BLE4.0
antenna. From a preliminary analysis, and one having identified the benefits of using the BLE4.0
antenna, we introduce a novel approach based on the use of an asymmetric transmission power setting
of the BLE4.0 beacons. Our main aim to improve the quality of the information to be used to feed the
classification algorithms. To the authors knowledge, the use of an asymmetric transmission power
setting has not been explored on improving the accuracy of a BLE-based indoor localization algorithm.

3. BLE4.0 Indoor Localization: Set-Up, Tools and Algorithms

In this section, we introduce the specifications and technical details of our experimental setting.
First, we describe the physical layout of the testbed that we have used to carry all indoor localization
experiments. Next, the capabilities of two different mobile devices are experimentally assessed. Finally,
the two classification algorithms used in our experiments are described.
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3.1. Experimental Indoor Set-Up

Our experiments were conducted in a lab of our research institute. We placed four BLE4.0 beacons
at each one of the four corners of a 9.3 m by 6.3 m rectangular area. A fifth BLE4.0 beacon was placed
in the middle of one of the longest edges of the room. Figure 2 depicts the experimental area where
the five BLE4.0 beacons have been labelled as ’Be07’, ’Be08’, ’Be09’, ’Be10’ and ’Be11’. We divided
the experimental area into 15 sectors of 1 m2 each separated by a guard sector of 0.5 m2. A 1.15 m-wide
strip was left around the experimental area. This arrangement will allow us to better differentiate the
RSSI level of joint sectors when reporting our results. Measurements were taken by placing the mobile
device at the centre of each one of the 15 sectors as described below. The shortest distance between
a BLE4.0 beacon and the receiver was limited to 1.5 m. Figure 3 shows four views taken from each
one of the four corners of the lab. As seen from the figure, we have placed BLE4.0 beacons ’Be10’ and
’Be11’ in front of a window, Figure 3a,b, while all of the other BLE4.0 beacons have been placed in
front of the opposite plasterboard wall. We further notice that BLE4.0 beacon ’Be08’ has been placed
by the left edge of the entrance door, close to the a corridor with a glass wall, Figure 3d. Our choice
has been based on recent results reported in the literature claiming that knowing the geometry of
the experimental environment space may be exploited to develop more accurate indoor localization
mechanisms [12].

Figure 2. BLE4.0 beacon indoor localization set-up.

According to the specifications of the five BLE4.0 beacons used in our experiments, they may
operate at one of eight different transmission power (Tx) levels. Following the specifications,
the transmission power levels are labelled in consecutive order from the highest to the
lowest level as Tx = 0x01, Tx = 0x02, · · · , Tx = 0x08 [19]. During our experiments, we conducted
various measurement campaigns by fixing the transmission power level of all of the BLE4.0
beacons at the beginning of each campaign. Furthermore, all measurements were taken under
line-of-sight conditions.
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(a) (b)

(c) (d)

Figure 3. Pictures from each one of the four corners of the lab. (a) from Be07; (b) from Be08; (c) from
Be10; (d) from Be11.

3.2. Bluetooth Receiver’s Characteristics

Receiver devices are very sensitive when used in indoor localization [20]. We start by assessing
the capabilities of the two mobile devices: a smartphone running the Android 5.1 operating system,
and a Raspberry Pi 2 equipped with a USB BLE4.0 antenna [21], from now on referred to as the smartphone
and the BLE4.0 antenna, respectively. Furthermore, we will refer to each one of the 151 m2 sectors
by a number from 1 to 15, where the sectors are numbered from left to right starting from the upper
left corner.

We carried out a survey campaign as follows:

• We fixed the transmission power of all BLE4.0 beacons to the same level.
• We placed the mobile device at the centre of each one of the 151 m2 and measured the RSSI of

each one of the five BLE4.0 beacons for a time period of one minute.
• We evaluated the mean and standard deviation of the RSSI for each one of the five BLE4.0 beacons.

The survey was carried out through a time period of five days evenly distributed between the
morning and evening hours. The lab occupancy was limited to six people: Two of them were in charge
of collecting the data, two other scientists working at the room located at one end of the lab, and the
other two scientists at a different area connected with our scenario by means of a corridor. Sporadically,
these people passed through the lab during the measurement campaign. This survey campaign was



Sensors 2017, 17, 1318 6 of 22

repeated three times in a time span of one month in order to provide different real life conditions and
variability to the data gathering process.

It is worth mentioning that the sampling rate of the smartphone is limited to 15 samples/second,
while we have set a sampling rate of the BLE4.0 antenna to 86.6 samples/second. In fact, we were
unable to match the sampling rates of both devices. Figure 4a,b show the average and standard
deviation of the RSSI values for BLE4.0 beacons ’Be07’ and ’Be09’, respectively, using Tx = 0x04.
Since the purpose of this first experiment was to evaluate the capabilities of both mobile devices, the
use of mid-power seemed to be the best choice. The figures show that the BLE4.0 antenna offers better
results than the smartphone, higher RSSI levels and lower standard deviation.

(a) (b)

Figure 4. RSSI (dBm) for BLE4.0 Antenna and smartphone with transmission power Tx = 0x04 for
each sector (1.15) of our environment. (a) for Be07; (b) for Be09.

3.3. Bluetooth Signal Attenuation

In the previous section, we have found that the first moment and standard deviation of the RSSI
does not provide us with the means to determine the distance of a target device from a reference
beacon. In this section, we further analyse the challenges faced when developing a localization scheme
using as the main source of information the BLE4.0 RSSI levels. This analysis will allow us to motivate
the use of supervised learning algorithm as a basis to develop wireless indoor localization mechanisms.

We focus now on the analysis of the traces of the RSSI data collected for BLE4.0 beacon ’Be07’ and
’Be10’. Our choice has been based on the fact that BLE4.0 beacon ’Be07’ and ’Be10’ have been placed
at the two opposite corners of the lab. As seen in Figure 3c, BLE4.0 beacon ’Be07’ was placed close to
the entrance of two office spaces, while ’Be10’ was placed by the window (see Figure 3a).

In the following, we analyse two different snapshots of the three data captures, denoted, from now
on, as Take 1 and Take 2. The traces correspond to the data collected at sectors 4, 8 and 15. Be aware
that, since we just counted with a BLE4.0 antenna, all traces were taken at different times of the day
and at different dates. For simplicity, we will refer to Take 1 to the traces corresponding to the first data
capture campaign; and by Take 2 to the traces resulting from the second data gathering campaign.

Case 1: Sector 8

We start our analysis by examining the RSSI traces taken at Sector 8, the one corresponding to
the sector located at the centre of the experimental area. Figure 5a,b show the two RSSI traces for
each one of the two BLE4.0 beacons. We notice that, for a given BLE4.0 beacon, both traces show
similar RSSI mean values (dashed lines). Since both BLE4.0 beacons were located at the same distance
from the centre of the experimental area, we may expect to get similar average RSSI values for both
BLE4.0 beacons. However, as seen from the figure, the RSSI average reported for BLE4.0 beacon ’Be10’
is higher than the one reported for BLE4.0 beacon ’Be07’. The main reason for this discrepancy may be
explained by the fact that the BLE4.0 signals are highly sensitive to fast fading impairment: an issue
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that we will address in the following sections. This result is highly relevant since it clearly shows
that we were quite successful in replicating our experiments: a must to set up a baseline scenario
aiming to explore the impact of a given parameter over the performance of our proposal. It is also an
important source of information to be exploited by the classification process.
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Figure 5. Sector 8: Comparison of the RSSI from different BLE4.0 beacons for Tx = 0x04. (a) for Be07;
(b) for Be10.

Case 2: Sector 4

Figure 6a,b show the traces for both BLE4.0 beacons at Sector 4. In this case, BLE4.0 beacon ’Be07’
is closer to this sector than BLE4.0 beacon ’Be10’. However, as seen in the figures, the RSSI traces
for BLE4.0 beacon ’Be07’ exhibit lower values than those reported for BLE4.0 beacon ’Be10’. It is
also important to mention that, despite the captures for both beacons having been taken at different
times, the average RSSI signal levels (dashed lines) of BLE4.0 beacon ’Be07’ for both traces were lower
than the ones reported for the traces for BLE4.0 beacon ’Be10’. However, a more in-depth analysis of
the impact of external actors over the signal should be conducted. For instance, a more in-depth study of
the impact of the room occupancy and more importantly on how to integrate this parameter into the
information to be fed to the classification algorithms should be studied.
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Figure 6. Sector 4: Comparison of the RSSI from different BLE4.0 beacons for Tx = 0x04. (a) for Be07;
(b) for Be10.

Case 3: Sector 15

In this case, we analyse the traces collected at Sector 15, the closest sector to BLE4.0 beacon ’Be10’.
As can be seen in Figure 7a,b, it is surprising that the average signal level (dashed lines) of BLE4.0
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beacon ’Be07’ is higher than the average of the BLE4.0 beacon ’Be10’. This confirms once again that the
signal is highly sensitive to the fast fading impairment. We also notice that the traces Take 1 for both
BLE4.0 beacons are smoother than the traces obtained during the second campaign, Take 2. The high
variance of Take 1 of BLE4.0 beacon ’Be07’ can be explained by the fact that the way from the main
door of the lab into the offices passes between the location of BLE4.0 beacon ’Be07’ and Sector 15. This
shows the importance of counting with an estimate of the room occupancy as a key parameter to
develop accurate wireless indoor localization mechanisms. It also shows the benefits of counting with
a baseline scenario to guide the classification task and identify the relevance of other key parameters.
In our case, we are interested here in exploring the proper setting of the transmission power of the
BLE4.0 beacons.
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Figure 7. Sector 15: Comparison of the RSSI from different BLE4.0 beacons for Tx = 0x04. (a) for Be07;
(b) for Be10.

The above analysis of the statistics of the data collected reveal that Bluetooth signals are very
susceptible to fast fading impairments. They also show, up to a certain extent, the impact of the occupancy
over the signal level: a well-known fact, but still difficult to characterize and more importantly to mitigate.
Current studies are being carried by several groups on developing efficient methods to generate RSSI
fingerprint databases. In this work, we should focus on fusing the fingerprint of the beacons by varying
the power settings as a means to mitigate the fast fading impairment. We then evaluate the performance
of two supervised learning algorithms as a basis to develop an indoor localization mechanism.

3.4. Supervised Learning Algorithms

As already stated, the statistics of the Bluetooth signal, mean and standard deviation, show
the need of exploring alternative data processing mechanisms towards the development of an
RSSI-based localization solution. We base our proposal on the use of the two following classification
algorithms [22]:

• k-NN: Given a test instance, this algorithm selects the k nearest neighbours, based on a pre-defined
distance metric of the training set. In our case, we use the Euclidean distance since our
predictor variables (features) share the same type, i.e., the RSSI values, properly fitting the indoor
localization problem [22]. Although k-NN uses the most common neighbour of the k located
categories (that is the mode of the category) to classify a given test instance, some variations are
used (e.g., weighted distances) to avoid removing relevant information. In this paper, we have set
the hyperparameter to k = 5 as the best solution, based on some of our preliminary numerical
analysis. We use both mentioned versions of the algorithm: the weighted distance (WD) and
mode (MD).

• SVM: Given the training data, a hyperplane is defined to optimally discriminate between
different categories. If linear classifier are used, SVM constructs a line that performs an optimal
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discrimination. For the non-linear classifier, kernel functions are used, which maximize the margin
between categories. In this paper, we have explored the use of linear classifier and Polynomial
kernel with two different grades, namely, 2 and 3. Finally, we present only the best results,
which were obtained with a Polynomial kernel with a quadratic function [22].

In order to properly justify which of the two mobile devices best fit our needs, we evaluate the
accuracy of our proposal using the two classification algorithms. Both devices, BLE4.0 antenna and
smartphone, were tested using k-NN and SVM, where k-NN was proven to be the most optimal
and efficient algorithm for these types of problems because it works well in a low-dimensional space
(in this case, five features) avoiding the curse of dimensionality (the more volume of input, the more
training time since it increases at an exponential rate). Although SVM gives a similar precision to
k-NN, its runtime is higher because with a view to having a well separated hyperplane, the input
space should be high enough [11,23]. We used the data collected during the previously described
experimental campaign. For each trial, the data training set consisted of two-thirds and a validation
set of one-third of the vectors, randomly selected for each experiment. The results show the mean error
of the algorithm executed 50 times.

Table 1 shows that the use of the device equipped with the BLE4.0 antenna provides much better
results. A greater accuracy is reported by the BLE4.0 antenna device than for the smartphone. In fact,
the results show that the accuracy is almost three times better than the one reported by the smartphone.
Based on these results, we decided to use the BLE4-0 antenna device as our experimental tool.

Table 1. Global accuracy for k-NN using mode (with k = 5) and SVM (with a quadratic polynomial
kernel function) algorithms for transmission power Tx = 0x04. Best results are shown in bold.

Algorithm Smartphone BLE4.0 Antenna

k-NN 21% 64.6%
SVM 22.4% 60.6%

4. On the Adequacy of the Bluetooth-Based Localization Platform

This section is devoted to analyse the adequacy of our experimental platform. To do that, first,
we performed a preliminary analysis to assess the relevance of each of the five BLE4.0 beacons
with respect to a classification model. This analysis has been done using the RSSI reported using
different transmission power levels. Furthermore, this study should set the basis for exploring
an asymmetric setting of the transmission power. In other words, it is worth exploring if the precision
of the localization mechanisms may be improved using different transmission power levels. Obviously,
the resulting configuration should be derived from the signal fingerprint of each BLE4.0 beacon.

4.1. Relevance of BLE4.0 Beacons

We propose the use of feature selection techniques in order to assess the relevance of each BLE4.0
beacon in the classification model [24]. Although these techniques are used mainly to improve a
model, they are also used to identify the importance of the features with the response variable [25].
Here, we use two well-known techniques: the ExtraTrees [26] and Gradient Boosting Classifier [27].
Our choice is based on the fact that both algorithms are robust and accurate. In addition, differently to
the Principal Component Analysis and SelectKBest algorithms [28], they do not require any previous
parameter tuning. In the following, a brief description of these two algorithms is presented:

• ExtraTrees stands for Extremely Randomized Trees, which is an ensemble method that builds
multiple models (random trees) for each sample of the training data. Then, all of the predictions
are averaged. Default sklearn python library hyperparameters were used.
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• Gradient Boosting Algorithm is also an ensemble method using decision trees as base models
and weighted voting selection method. Furthermore, it makes a prior model every time it is
executed. Default sklearn python library hyperparameters were used.

Both algorithms compute a score associated to each feature, which represents the relevance, in
percentage, of this feature to the classification process [29].

Table 2 shows the number of samples per BLE4.0 beacon captured at different transmission power
levels using the BLE4.0 antenna device. Although the BLE4.0 beacons may operate at eight different
transmission power levels, we have not made use of the two lowest levels, namely, Tx = 0x07 and
Tx = 0x08, since they have not been detected over the whole experimental area.

Table 2. Sample sizes of the RSSI captured using the BLE4.0 at various transmission power (Tx) levels.

Transmission Power Sample Size per BLE4.0 Beacon

Tx = 0x01 5003
Tx = 0x02 5246
Tx = 0x03 4844
Tx = 0x04 5134
Tx = 0x05 4697
Tx = 0x06 4198

The ideal situation would be when all BLE4.0 beacons have the same relevance to the classification
model, or similarly to find a uniform distribution in the relevance scores. Figures 8 and 9 show
the scores for the five BLE4.0 beacons over the six different transmission power levels under study.
An analysis of the results clearly show that the transmission power plays a significant role. For instance,
Figure 8a shows that, when Tx = 0x01, the BLE4.0 beacon ’Be011’ is more relevant to the classification
model than all of the other BLE4.0 beacons. However, in the case when the when Tx = 0x02, the
BLE4.0 beacon ’Be010’ becomes more relevant. Moreover, Figures 8d and 9d, with Tx = 0x04, exhibit a
more uniform distribution, and all BLE4.0 beacons have a similar relevance in the classification model.
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Figure 8. Relevance score of each BLE4.0 beacon for ExtraTrees algorithm for different transmission
power (Tx) levels. (a) Tx = 0x01; (b) Tx = 0x02; (c) Tx = 0x03; (d) Tx = 0x04; (e) Tx = 0x05;
(f) Tx = 0x06.
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From these results, it is clear that all BLE4.0 beacons exhibit similar relevance scores. They do
not deviate more than 5% from the others and none of them exceeds a 30% of the total relevance.
These figures allow us to confirm that the experimental set-up is balanced and therefore suitable for
exploring the performance of our proposed indoor localization mechanism.
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Figure 9. Relevance score of each BLE4.0 beacon for Gradient Boosting Classifier algorithm for different
transmission power (Tx) levels. (a) Tx = 0x01; (b) Tx = 0x02; (c) Tx = 0x03; (d) Tx = 0x04;
(e) Tx = 0x05; (f) Tx = 0x06.

4.2. Baseline Evaluation

In this section, we evaluate the accuracy of the two classification algorithms for each one of
the six different transmission power levels, i.e., all BLE4.0 beacons operate at the same transmission
power level. Table 3 shows that the best accuracy for the k-NN and the SVM algorithms are 65% for
Tx = 0x03 and 61.7% for Tx = 0x06, respectively.

Table 3. Global accuracy using BLE4.0 antenna for k-NN (with k = 5) using mode and SVM (with a
quadratic polynomial kernel function) algorithms for different transmission power (Tx) levels. Best
results are shown in bold.

Transmission Power
Algorithm

k-NN SVM

Tx = 0x01 62.3% 57.7%
Tx = 0x02 61.5% 52.6%
Tx = 0x03 65.0% 58.0%
Tx = 0x04 64.6% 60.6%
Tx = 0x05 56.6% 50.4%
Tx = 0x06 63.8% 61.7%

Figure 10 shows the RSSI values for BLE4.0 beacons ’Be07’, ’Be09’ and ’Be11’ when operating
at Tx = 0x03 and Tx = 0x05, i.e., the transmission power levels reporting the best and worst results
for the k-NN algorithm.
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Figure 10. RSSI values for the best (top) and worst (bottom) transmission power (Tx) level for BLE4.0
beacons ’Be07’, ’Be09’ and ’Be10’ throughout the area captured by the BLE4.0 antenna. (a) Be07 with
Tx = 0x03; (b) Be09 with Tx = 0x03; (c) Be10 with Tx = 0x03; (d) Be07 with Tx = 0x05; (e) Be09 with
Tx = 0x05; (f) Be10 with Tx = 0x05.

From the figures, it is clear that better results are obtained when the RSSI reported for the various
sectors are clearly differentiated. In particular, Figure 10a–c allows us to properly identify the actual
location of the BLE4.0 beacons: the highest RSSI value of the footprint is closely located to the BLE4.0
beacon. However, Figure 10d–f does not exhibit this feature: some of the highest RSSI values are
reported far away from the actual BLE4.0 beacon physical location. More specifically, in all these latter
cases, the highest RSSI values are reported at two different points. For instance, in the case of BLE4.0
beacon ’Be10’ operating at Tx = 0x05 (see Figure 10f), the highest RSSI values are reported at two
opposite corners of the experimental area. This signal impairment, known as deep multipath fading,
is one of the main obstacles towards the development of robust and accurate BLE-based location
mechanisms [7]. In the presence of multipath fading, the information to be derived from the RSSI
values of each individual BLE4.0 beacons will definitely mislead the classification process.

Among the various proposals reported in the literature, transmission power control is theoretically
one of the most effective approaches for mitigating the multipath effect [30]. However, this process is
not as straightforward as it seems. For instance, the results for the BLE4.0 beacon ’Be10’, show that
the use of Tx = 0x02 may provide some of the best results (see Figures 8b and 9b). However, setting
the transmission powers of the BLE4.0 beacons to Tx = 0x02 results on the second lowest ranked
power transmission configuration (see Table 3). This clearly shows that the setting of the other BLE4.0
beacons play a major role on the overall outcome.

From the previous analysis, it is worth exploring if an asymmetric transmission power setting has
a positive impact on the classification. As seen from Figure 10, the different settings of the transmission
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power of the BLE4.0 beacons may provide lower or higher relevance to the classification process.
In the next section, we undertake an in-depth study on this issue.

5. Asymmetric Transmission Power

In this section, we start by motivating the study of an asymmetric transmission power setting of
the BLE4.0 beacons over the accuracy of the classification model. We then find the setting by examining
all of the transmission power setting/BLE4.0-beacon combinations. Our results are reported in terms of
the local and global accuracy. The former provides the accuracy of the classification model per each one
of the 15 sectors, while the latter refers to the accuracy over the whole experimental area.

5.1. Fingerprint as a Function of the Transmission Power

In the previous section, we have found that the accuracy of the classification process heavily
depends on the transmission power of the BLE4.0 beacons. More specifically, we noticed that, in the
presence of the multipath fading impairment, the classification process is heavily penalized. It is
therefore worth exploring an asymmetric transmission power setting of the BLE4.0 beacons. Such a
setting should allow us to exploit the characteristics of the fingerprint as a means to improve the
accuracy of the identification process.
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Figure 11. RSSI values for different transmission power levels (Tx) for BLE4.0 beacons ’Be11’, ’Be07’
and ’Be08’. (a) ’Be11’ with Tx = 0x03; (b) ’Be07’ with Tx = 0x01; (c) ’Be08’ with Tx = 0x05; (d) ’Be11’
with Tx = 0x04; (e) ’Be07’ with Tx = 0x04; (f) ’Be08’ with Tx = 0x01.

In order to further motivate our work, we start by visually examining the RSSI values associated
to the fingerprint of three of the five BLE4.0 beacons used in our testbed, namely, BLE4.0 beacons
’Be11’, ’Be07’ and ’Be08’ (see Figure 11). Figure 11a,d show the RSSI values for BLE4.0 beacon ’Be11’
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when operating at two different transmission power levels. The values shown in Figure 11d exhibits
better characteristics: the highest RSSI value is closely located and delimited around the area where
the BLE4.0 beacon ’Be11’ is placed, i.e., the upper right corner of the figure. On the contrary, the values
shown in Figure 11a does not allow us to easily identify the location of the BLE4.0 beacon ’Be11’.
The results for the other two BLE4.0 beacons exhibit similar characteristics. We further notice that
the most useful fingerprints for BLE4.0 beacon ’Be07’ and ’Be11’ share the same transmission power
level Tx = 0x04. However, in the case of BLE4.0 beacon ’Be08’, the transmission power setting that
provides better results is Tx = 0x01. Therefore, it is worth exploring the setting of the transmission
power setting as a way to improve the accuracy of the identification algorithms.

5.2. On Deriving the Best Asymmetric Transmission Power Setting

In this section, we conduct an ad hoc process to find the best transmission power setting
by evaluating all the transmission power setting/BLE4.0-beacon combinations. Each combination
is evaluated in terms of its local and global accuracy. In our case, our platform consists of five
BLE4.0 beacons operating at one of six possible transmission power levels. This involves a total of
7776 combinations to be processed.

Case 1: Asymmetric Transmission Power for k-NN

Figure 12 shows the overall cumulative positioning error for the three best and the three worst
combined transmission power levels for k-NN, using both versions of the classification algorithm,
namely, weighted distance (a) and mode (b). The most relevant transmission power level combination
is the one with the configuration: BLE4.0 beacon ’Be07’ with Tx = 0x04, BLE4.0 beacon ’Be08’
with Tx = 0x01, BLE4.0 beacon ’Be09’ with Tx = 0x02, BLE4.0 beacon ’Be10’ with Tx = 0x01
and BLE4.0 beacon ’Be11’ with Tx = 0x01, which, in the following, will be represented by [4, 1, 2, 1, 1]
for short. This vector contains the transmission power level assigned to BLE4.0 beacons ’Be07’,
’Be08’, ’Be09’, ’Be10’, and ’Be11’, respectively. The figure shows that this setting limits the positioning
error to less than 3 m in 95% of the times, for both versions of the k-NN classification algorithm.
For the worst configurations, the 95% of the cumulative error is achieved with errors of 4 m (WD)
and 5.5 m (MD), respectively.
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Figure 12. Positioning error for k-NN (with k = 5) using (a) weighted distance; (b) mode. In both plots,
the three best and the three worst combined transmission power for each BLE4.0 beacon are shown.

Figure 13 shows the RSSI values for the most relevant transmission power levels. The results
show that the location of each BLE4.0 beacon is properly identified by the RSSI fingerprint. That is,
such sectors are quite relevant to the classification algorithms.
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Figure 13. RSSI values using the most relevant transmission power (Tx) level setting for each BLE4.0 beacon:
[4,1,2,1,1]. (a) ’Be07’ with Tx = 0x04; (b) ’Be08’ with Tx = 0x01; (c) ’Be09’ with Tx = 0x02; (d) ’Be10’
with Tx = 0x01; (e) ’Be11’ with Tx = 0x01.

Table 4 shows the local accuracy for each sector (15 in total) using the most relevant transmission
power levels. The results show that the best accuracy is reported for the sectors close to the BLE4.0
beacons, while the accuracy deteriorates as a function of the distance.

Table 4. Local accuracy in each sector of our experimental area with the most relevant transmission
power level for k-NN using mode (with k = 5). The centre shows the accuracy (in %) of each sector.
Corners and middle-left hand are the position of BLE4.0 beacons with BeXY name. The most relevant
transmission power level was [4,1,2,1,1].

Be07 Be11
81.31 71.43 84.62
30.10 70.69 84.11

Be09 100.00 18.10 52.88
28.95 71.17 53.19
72.10 86.92 77.59

Be08 Be10

Comparing the results in Table 4 with those in Figure 13, we notice that the midpoint sector,
with an accuracy of 18.10%, does not have a distinctive RSSI differentiated from the others, i.e., the RSSI
values of all the BLE4.0 beacons are very constant in this sector.

In the case of BLE4.0 beacon ’Be09’, Figure 13c, we have a representative RSSI totally different
from the one reported for the other sectors. This guarantees a good classification at this sector
with a 100% of local accuracy (see Table 4). Moreover, from Figure 4b, we can observe that sector 7
(the closest to BLE4.0 beacon ’Be09’) has a characteristic RSSI totally different from the others. This
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result confirms the benefits of counting with a sector with a distinctive RSSI fingerprint: a substantial
improvement, locally and globally, on the positioning accuracy.

Case 2: Asymmetric Transmission Power for SVM

Similarly to the previous section, we carried out an analysis using the SVM algorithm. In this
case, we found that the most relevant transmission power levels were exactly the same as for the k-NN
algorithm: [4,1,2,1,1]. The global accuracy was 75.57% and the RSSI propagation heatmap is also
shown in Figure 13.

Figure 14 shows the positioning error for the three best and worst combined transmission power
levels for SVM, which are very similar to the ones obtained with k-NN. The figure shows that,
for the three best transmission power level settings, the positioning error is lower than 3 m in 95%
of the times. For the three worst configurations, a positioning error of less than 6 meters is obtained
with a cumulative probability of 0.95.
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Figure 14. Positioning error for SVM (with a quadratic polynomial kernel function). In both plots, the
three best and the three worst combined transmission power for each BLE4.0 beacon are shown.

Table 5 shows the local accuracy for each sector (15 in total) using the most relevant transmission
power level setting ([4,1,2,1,1]), showing a very similar behaviour as k-NN. We can observe that the
areas that have a weak characterization by RSSI propagation will have a worst local accuracy, as
observed for the midpoint with only a 19.83% of local accuracy.

Table 5. Local accuracy in each sector of our experimental area with the most relevant transmission
power level for SVM (with a quadratic polynomial kernel function). The centre shows the accuracy
(in %) of each sector. Corners and middle-left hand are the position of BLE4.0 beacons with BeXY name.
The most relevant transmission power level was [4,1,2,1,1].

Be07 Be11
85.00 80.70 99.07
11.50 69.17 76.64

Be09 70.43 19.83 51.97
20.18 68.38 27.66
52.33 87.85 91.38

Be08 Be10

Our results confirm that a proper setting of the transmission power of each BLE4.0 beacon has
a positive impact on the performance of both classification algorithms SVM and k-NN by a proper
setting, we mean to make use of the RSSI map of each BLE4.0 beacon allowing us to differentiate one
sector from another.

Although we do not have conclusive evidence on the nature and extend of the impact
of the architecture of our lab premises over the signal, we notice that the highest power levels have
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been assigned to BLE4.0 beacons ’Be08’, ’Be10’ and ’Be11’, the ones closer to the window and the
open corridor, while lower transmission power levels have been assigned to BLE4.0 beacons ’Be07’
and ’Be09’, the ones located at the plasterboard wall. As mentioned in the introduction, recent studies
have shown that the use of a priori floor plan information may enable the development of more
accurate wireless indoor localization schemes [12].

5.3. Asymmetric Transmission Power Setting

Tables 6 and 7 show the results for different transmission power settings obtained for both
classification algorithms: k-NN and SVM. For each algorithm, two different transmission power
settings were used: best configuration using symmetric transmission power setting ([3,3,3,3,3]
for k-NN and [6,6,6,6,6] for SVM; and best configuration using asymmetric transmission power level
setting ([4,1,2,1,1] for both k-NN and SVM). From the results in Table 6, it is clear that properly setting
the transmission power of each BLE4.0 beacon, the cumulative positioning error can be substantially
reduced. Furthermore, k-NN (MD) reports in general slightly better results than k-NN (WD) and SVM.
These results are corroborated with the ones presented in Table 7. The results show that k-NN (MD)
with the asymmetric transmission power setting exhibits a lower mean error, approximately 0.07 m
lower than the obtained by SVM.

Table 6. Cumulative positioning error with different transmission power (Tx) level settings for k-NN
(with k = 5) using weighted distance (WD) and mode (MD); and SVM (with a quadratic polynomial
kernel function). Best results are shown in bold.

Algorithm - Tx Setting
Cumulative Positioning Error

0 m ≤1 m ≤2 m ≤3 m ≤4 m

k-NN (WD) - [3,3,3,3,3] 33.27% 57.22% 77.53% 88.15% 95.12%
k-NN (WD) - [4,1,2,1,1] 36.15% 64.47% 82.92% 94.03% 98.70%
k-NN (MD) - [3,3,3,3,3] 65.00% 65.00% 74.57% 81.36% 89.26%
k-NN (MD) - [4,1,2,1,1] 77.89% 77.89% 86.74% 92.52% 99.68%

SVM - [6,6,6,6,6] 61.70% 61.70% 72.81% 77.22% 88.40%
SVM - [4,1,2,1,1] 75.57% 75.57% 84.92% 90.33% 99.12%

Table 7. Mean error for k-NN (with k = 5) using weighted distance (WD) and mode (MD); and SVM
(with a quadratic polynomial kernel function) with the same and the most relevant transmission power
level (Tx). Best results are shown in bold.

Algorithm - Tx Setting Mean Error (m)

k-NN (WD) - [3,3,3,3,3] 1.16
k-NN (WD) - [4,1,2,1,1] 0.57
k-NN (MD) - [3,3,3,3,3] 1.11
k-NN (MD) - [4,1,2,1,1] 0.51

SVM - [6,6,6,6,6] 1.17
SVM - [4,1,2,1,1] 0.58

Finally, Table 8 shows the global accuracy using different asymmetric transmission power level
settings (the five worst and the five best results), and using all symmetric transmission power settings.
We can observe that, for SVM, the worst and best asymmetric transmission power settings report
an accuracy rate of 35.70% and 75.57%, respectively: the latter being substantially better to the 61.70%
reported using the best results using a symmetric transmission power setting, i.e., [6-6-6-6-6]. From the
results shown in the table, we notice that the k-NN algorithm reports higher scores in all transmission
power settings—for both, the five worst and five best settings than those reported when the SVM
algorithm is applied. We further notice that both algorithms rank the same transmission power setting,
namely, [4-1-2-1-1] as the best one.
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Table 8. Accuracy results for the k-NN using mode (with k = 5) (right) and SVM localization
(with a quadratic polynomial kernel function) (left) algorithms. Worst and best settings using different
asymmetric transmission power settings, and the best symmetric transmission power level settings
(shown in italic font). Best results are shown in bold.

SVM k-NN

Tx Setting Accuracy Tx Setting Accuracy

[1-2-4-5-3] 35.70% [1-5-4-5-3] 43.23%
[1-5-4-5-3] 35.91% [1-2-4-5-3] 44.48%
[1-5-5-5-3] 36.28% [1-5-4-5-5] 44.53%
[1-5-5-2-3] 36.69% [1-3-4-5-3] 44.54%
[1-2-4-2-3] 36.73% [1-3-4-2-3] 44.58%
[2-2-2-2-2] 52.68% [5-5-5-5-5] 56.70%
[5-5-5-5-5] 50.41% [2-2-2-2-2] 61.50%
[1-1-1-1-1] 57.74% [1-1-1-1-1] 62.10%
[3-3-3-3-3] 57.90% [6-6-6-6-6] 63.80%
[4-4-4-4-4] 60.70% [4-4-4-4-4] 64.70%
[6-6-6-6-6] 61.70% [3-3-3-3-3] 65.00%
[4-1-2-3-2] 73.86% [3-1-2-1-1] 75.96%
[4-1-4-1-1] 74.29% [4-1-2-3-4] 76.87%
[4-1-2-6-1] 75.36% [4-1-2-6-1] 77.23%
[4-1-2-3-1] 75.36% [4-1-2-1-4] 77.45%
[4-1-2-1-1] 75.57% [4-1-2-1-1] 77.89%

A further analysis of the results depicted in Table 8 show that both algorithms clearly classify
the transmission power of some of the BLE4.0 beacons as the best choices. This is the case, for instance,
for BLE4.0 beacons ’Be08’ whose best transmission power is Tx = 0x01 for all five best settings reported
by both algorithms. As for the case of BLE4.0 beacons ’Be07’ and ’Be09’, the most recommended
values are Tx = 0x04 and Tx = 0x02, respectively. As previously discussed for the case of BLE4.0
beacon ’Be09’ (see Figure 13c), the classification process greatly benefits when the RSSI provides
the means to identify the location of the reference BLE4.0 beacon. Our results seem to confirm the
benefits of using the transmission power setting whose RSSI better contribute to the classification
process. However, in the case of the SVM algorithm, we notice that the transmission power value used
by BLE4.0 beacon ’Be09’ in the fourth best ranked setting is the same as the one used in the worst
ranked setting. We should further explore the relevance of the individual transmission power level
as a major source of information and more importantly, the impact of the asymmetric power levels
setting as a means to overcome the multipath fading impairment.

5.4. On the Relevance of the Individual RSSI Values

With the purpose of evaluating the relevance of the information provided by the RSSI values as a
major source of information to guide the classification process, we look at the ranking of the individual
transmission power values used by each one of the BLE4.0 beacons. In the previous section, we noticed
that in the worst and fourth best transmission power settings reported by the SVM results, the
transmission power of BLE4.0 beacon ’Be09’ has been set to Tx = 0x04. In order to explore further this
issue, we looked for each one of the BLE4.0 beacons, and the worst ranked setting making use of the
transmission power values for each of the BLE4.0 beacons. We carry out this study only for the k-NN
algorithm use mode. Similar conclusions may be derived from an analysis of the results reported by
SVM. In fact, the aforementioned case for BLE4.0 beacon ’Be09’ provided us the basis of our analysis.

Table 9 shows the rankings among the worst transmission power settings of the transmission
power used in the best setting by each BLE4.0 beacon. As seen from the table, the transmission
power used in the best case for all BLE4.0 beacons also make part of a reduced number of the worst
settings. For instance, in the case of BLE4.0 beacon ’Be09’, the transmission power value, Tx = 0x02,
having been visually characterized as an excellent source of information, makes up part of the 0.5%
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worst settings. These results clearly show that the RSSI derived from the transmission power used
by an individual source does not guarantee by itself the best classification process. We should then
further explore the use of an asymmetric transmission power setting as a means to mitigate the
multipath fading impairment. This analysis should provide us a basis to identify the approach to be
used to improve the classification process.

Table 9. Ranking of the transmission power values used by each BLE4.0 beacon for k-NN using mode
(with k = 5) results.

BLE4.0 Beacon Ranking

Be07 3.7%
Be08 0.9%
Be09 0.5%
Be10 5.0%
Be11 2.5%

5.5. On Mitigating the Multipath Fading Impairment

In this section, we start by taking a closer look at the transmission power setting [1-1-1-1-1].
Our choice is based on the fact that both classification algorithms ranked this setting as the fourth best
symmetric setting (see Table 8). Furthermore, we notice that, in the best setting, the transmission power
of three out of the five beacons has been set to Tx = 0x01. Our main aim is therefore to provide a further
insight on the improvement on the quality of the information provided to the classification algorithms.

From Figure 11b,e, we can clearly identify the presence of the multipath fading effect. From the
figures, one may think that changing the transmission power of BLE4.0 beacon ’Be07’ to Tx = 0x04 will
lead to similar or even worse results than the ones reported for Tx = 0x01. However, our results show
that by simply changing the setting of BLE4.0 beacon ’Be07’, i.e., using the setting [4-1-1-1-1], the global
accuracy reported by the k-NN algorithm considerably improves from 62.10 to 69.9%. This can be
explained by a close look at the results reported in Figure 13 for BLE4.0 beacons ’Be07’ and ’Be08’.
From the figures, it is clear that by setting the transmission power of BLE4.0 beacon ’Be07’ to Tx = 0x04
and ’Be08’ to Tx = 0x04, the highest RSSI levels of BLE4.0 beacon ’Be08’ located at the bottom part of
the figure help to mitigate the effect of the multipath fading impairment.

Let us now consider the transmission power setting [4-4-4-4-4]. As shown in Table 8, both
classification algorithms have ranked this setting as the second best one among the symmetric
transmission power settings. Our results reported that by simply changing the power setting
to [4-4-2-4-4], the global accuracy of increases from 64.7% (see Table 8) to 69.2%, i.e., an improvement
of almost 5%. However, if we set the transmission power to [1-4-4-4-3], the global accuracy drops
to 62.2%, i.e., a decrease close to 2.5%. In fact, we could expect a higher drop since the RSSI values
for BLE4.0 beacon ’Be07’ (see Figure 11a) does not allow us to clearly identify the actual location
of BLE4.0 beacon ’Be11’. Let us now consider the setting [1-4-4-4-4]. From our previous analysis and
the RSSI values of BLE4.0 beacon ’Be07’ when using Tx = 0x01 (see Figure 11b), we may not expect
a higher drop than the one reported for the previously analysed [4-4-4-4-3] setting. However, our
results report a global accuracy of 57.5% for this latter setting. That is to say, the accuracy drops more
than 7% with respect to the symmetric setting [4-4-4-4-4].

The above analysis sets the basis towards deriving a methodology allowing us to enhance
the performance of the classification algorithms. From the results reported in Table 8, we may start by
setting the transmission power of all the BLE4.0 beacons to the same values; all symmetric settings
rank around the median. The use of a database of RSSI values of all of the BLE4.0 beacons at different
transmission power levels may be used to derive a setting offering better results. In fact, various works
recently reported in the literature are working on the creation of such databases [31]. Since finding
the best setting depends on the combination and features of the RSSI maps, one of the first approaches
is to study different combinatorial optimization algorithms, e.g., genetic algorithms. In other words,
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one may start by setting a symmetric transmission power setting, and, based on the RSSI levels
reported using different transmission power settings, the quality of the information to be provided to
the classification algorithms may be enhanced.

From this analysis, we can conclude that:

• Although it is important to classify the sectors with a distinctive RSSI, the percentage of settings
obtained is not a considerable matching of the combinations between the two classification algorithms.

• The RSSI value of a given BLE4.0 beacon proves to be a useful, but not definitely, the main source
of information on setting the best transmission power setting.

• An asymmetric transmission power setting may prove useful on mitigating the information to be
provided to the classification algorithms due to the multipath fading effect.

6. Conclusions

This study has revealed some useful insight on the required tool characteristics to calibrate an
accurate BLE4.0-assisted indoor localization mechanism. Based on the constraints imposed by the
smartphones, mainly the limited sampling rate and antennas, the basic requirements of the calibration
platform can be simply stated as: (i) the use of a hardware transmitter with different transmission power
levels; (ii) the use of BLE4.0 antenna; and (iii) an evaluation of the relevance of the RSSI of each BLE4.0
beacon to the classification models taking into account their placement and transmission powers.

Although we have not been able to fully explain the extent and nature of the impact
of the architectural features over the RSSI metric, we have paid attention to describing the lab floor.
Our results provide some insight on the relevance of knowing the placement of the BLE4.0 beacons
with respect to reflective surfaces, e.g., windows and plasterboard walls.

In this work, we have presented the importance of using a good BLE4.0 receiver—in this case, a
BLE4.0 antenna, for indoor localization, improving the accuracy significantly over the one obtained
using a smartphone.

Our approach integrates the study of a balanced Bluetooth sensor topology analysing the relevance
of this BLE4.0 beacons for the classification algorithms, Gradient Boosting Classifier and Extra Trees
being a robust and accurate solution.

Our immediate research efforts will be focused on improving the experimental set-up to further
evaluate the use of different transmission power levels using the classification algorithms. Our main
goal is to develop a methodology allowing us to find the optimal setting of the transmission power
levels and placement of the BLE4.0 beacons. We believe that these two parameters should greatly
improve the local and global accuracy of our proposal.

Moreover, we also have in mind to extend this research to incorporate different study
of the Bluetooth network topology, trying to improve the local and global accuracy. The use of other
Machine Learning algorithms is quite important to improve the accuracy and, of course, the different
filters to identify the outliers.

Another major task in our immediate research plans is to study different combinatorial
optimization algorithms (e.g., genetic algorithms) to perform the asymmetric assignment optimally
and automatically.
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Abbreviations

The following abbreviations are used in this manuscript:

RSSI Received Signal Strength Indication
BLE4.0 Bluetooth Low Energy 4.0
k-NN k-Nearest Neighbour
SVM Support Vector Machine
AP Access Point
Tx Transmission Power
dB Decibel
dBm Decibel-milliwatts
MD Mode
WD Weighted Distance

References

1. Shuo, S.; Hao, S.; Yang, S. Design of an experimental indoor position system based on RSSI. In Proceedings
of the 2nd International Conference on Information Science and Engineering, Hangzhou, China,
4–6 December 2010; pp. 1989–1992.

2. Feldmann, S.; Kyamakya, K.; Zapater, A.; Lue, Z. An indoor bluetooth-based positioning system: Concept,
implementation and experimental evaluation. In Proceedings of the International Conference on Wireless
Networks, Las Vegas, NV, USA, 23–26 June 2003; pp. 109–113.

3. Shukri, S.; Kamarudin, L.; Cheik, G.C.; Gunasagaran, R.; Zakaria, A.; Kamarudin, K.; Zakaria, S.S.; Harun, A.;
Azemi, S. Analysis of RSSI-based DFL for human detection in indoor environment using IRIS mote.
In Proceedings of the 3rd IEEE International Conference on Electronic Design (ICED), Phuket, Thailand,
11–12 August 2016; pp. 216–221.

4. Rappaport, T. Wireless Communications: Principles and Practice, 2nd ed.; Prentice Hall PTR: Upper Saddle
River, NJ, USA, 2001.

5. Martínez-Gómez, J.; del Horno, M.M.; Castillo-Cara, M.; Luján, V.M.B.; Barbosa, L.O.; García-Varea, I. Spatial
statistical analysis for the design of indoor particle-filter-based localization mechanisms. Int. J. Distrib.
Sens. Netw. 2016, 12, doi:10.1177/1550147716661953.

6. Onishi, K. Indoor position detection using BLE signals based on voronoi diagram. In Proceedings of the
International Conference on Intelligent Software Methodologies, Tools, and Techniques, Langkawi, Malaysia,
22–24 September 2014; pp. 18–29.

7. Palumbo, F.; Barsocchi, P.; Chessa, S.; Augusto, J.C. A stigmergic approach to indoor localization using
bluetooth low energy beacons. In Proceedings of the 12th IEEE International Conference on Advanced
Video and Signal Based Surveillance, Karlsruhe, Germany, 25–28 August 2015; pp. 1–6.

8. Wang, Q.; Feng, Y.; Zhang, X.; Su, Y.; Lu, X. IWKNN: An effective bluetooth positioning method based on
isomap and WKNN. Mob. Inf. Syst. 2016, 2016, 8765874:1–8765874:11.

9. Faragher, R.; Harle, R. An analysis of the accuracy of bluetooth low energy for indoor positioning applications.
In Proceedings of the 27th International Technical Meeting of The Satellite Division of the Institute of
Navigation, Tampa, FL, USA, 8–12 September 2014; Volume 812, pp. 201–210.

10. Peng, Y.; Fan, W.; Dong, X.; Zhang, X. An Iterative Weighted KNN (IW-KNN) Based Indoor Localization
Method in Bluetooth Low Energy (BLE) Environment. In Proceedings of the 2016 International IEEE
ConferencesUbiquitous Intelligence & Computing, Advanced and Trusted Computing, Scalable Computing
and Communications, Cloud and Big Data Computing, Internet of People, and Smart World Congress,
Toulouse, France, 18–21 July 2016; pp. 794–800.

11. Zhang, L.; Liu, X.; Song, J.; Gurrin, C.; Zhu, Z. A comprehensive study of bluetooth fingerprinting-based
algorithms for localization. In Proceedings of the 27th IEEE International Conference on Advanced
Information Networking and Applications Workshops (WAINA), Barcelona, Spain, 25–28 March 2013;
pp. 300–305.

12. Leitinger, E.; Meissner, P.; Rüdisser, C.; Dumphart, G.; Witrisal, K. Evaluation of position-related information
in multipath components for indoor positioning. IEEE J. Sel. Areas Commun. 2015, 33, 2313–2328.



Sensors 2017, 17, 1318 22 of 22

13. Wang, Q.; Guo, Y.; Yang, L.; Tian, M. An indoor positioning system based on ibeacon. In Transactions on
Edutainment XIII; Pan, Z., Cheok, A.D., Müller, W., Zhang, M., Eds.; Springer: Berlin/Heidelberg, Germany,
2017; pp. 262–272.

14. Kriz, P.; Maly, F.; Kozel, T. Improving indoor localization using bluetooth low energy beacons. Mob. Inf. Syst.
2016, 2016, 2083094:1–2083094:11.

15. Faragher, R.; Harle, R. Location fingerprinting with bluetooth low energy beacons. IEEE J. Sel. Areas Commun.
2015, 33, 2418–2428.

16. Paek, J.; Ko, J.; Shin, H. A measurement study of ble ibeacon and geometric adjustment scheme for indoor
location-based mobile applications. Mob. Inf. Syst. 2016, 2016, 1–13.

17. Perera, C.; Aghaee, S.; Faragher, R.; Harle, R.; Blackwell, A. A contextual investigation of location in the
home using bluetooth low energy beacons. arXiv 2017, arXiv:cs.HC/1703.04150.

18. Pei, L.; Zhang, M.; Zou, D.; Chen, R.; Chen, Y. A survey of crowd sensing opportunistic signals for indoor
localization. Mob. Inf. Syst. 2016, 2016, 1–16.

19. Jaalee. Beacon IB0004-N Plus. Available online: https://www.jaalee.com/ (accessed on 6 March 2017).
20. Anagnostopoulos, G.G.; Deriaz, M.; Konstantas, D. Online self-calibration of the propagation model for

indoor positioning ranging methods. In Proceedings of the International Conference on Indoor Positioning
and Indoor Navigation (IPIN), Alcala de Henares, Spain, 4–7 October 2016; pp. 1–6.

21. Trendnet. Micro Bluetooth USB Adapter. Available online: https://www.trendnet.com/products/USB-
adapters/TBW-107UB/ ( accessed on 6 March 2017).

22. Brownlee, J. Spot-check classification algorithms. In Machine Learning Mastery with Python; Machine Learning
Mastery Pty Ltd.: Vermont Victoria, Australia, 2016; pp. 100–120.

23. Breiman, L. Statistical modeling: The two cultures (with comments and a rejoinder by the author). Stat. Sci.
2001, 16, 199–231.

24. Brownlee, J. Feature selection. In Machine Learning Mastery with Python; Machine Learning Mastery Pty Ltd.:
Vermont Victoria, Australia, 2016; pp. 52–56.

25. Rivas, T.; Paz, M.; Martín, J.; Matías, J.M.; García, J.; Taboada, J. Explaining and predicting workplace
accidents using data-mining techniques. Reliab. Eng. Syst. Saf. 2011, 96, 739–747.

26. Geurts, P.; Ernst, D.; Wehenkel, L. Extremely randomized trees. Mach. Learn. 2006, 63, 3–42.
27. Brownlee, J. Ensemble methods. In Machine Learning Mastery with Python; Machine Learning Mastery Pty

Ltd.: Vermont Victoria, Australia, 2016; pp. 91–95.
28. Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.;

Weiss, R.; Dubourg, V.; et al. Scikit-learn: Machine learning in python. J. Mach. Learn. Res. 2011, 12, 2825–2830.
29. Li, J.; Cheng, K.; Wang, S.; Morstatter, F.; Trevino, R.P.; Tang, J.; Liu, H. Feature selection: A data perspective.

arXiv 2016, arXiv:1601.07996.
30. Rahim, A.; Dimitrova, R.; Finger, A. Techniques for Bluetooth Performance Improvement. Available online:

https://pdfs.semanticscholar.org/3205/2262d3c152a3cc947acbc7b325debe9cbeef.pdf (accessed on 7 June 2017).
31. Chen, L.; Li, B.; Zhao, K.; Rizos, C.; Zheng, Z. An improved algorithm to generate a Wi-Fi fingerprint

database for indoor positioning. Sensors 2013, 13, 11085–11096.

c© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).



110 Chapter 2. Publications

2.6 FROG: A Robust and Green Wireless Sensor

Node for Fog Computing Platforms

• Title: FROG: A Robust and Green Wireless Sensor Node for Fog

Computing Platforms.

• Authors: Manuel Castillo-Cara, Edgar Huaranga-Junco, Milner

Quispe-Montesinos, Luis Orozco-Barbosa and Enrique Arias Antúnez.
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Over the past few years, we have witnessed the widespread deployment of wireless sensor networks and distributed data
management facilities: two main building blocks of the Internet of things (IoT) technology. Due to the spectacular increase on
the demand for novel information services, the IoT-based infrastructures are more and more characterized by their geographical
sparsity and increasing demands giving rise to the need of moving from a cloud to a fog model: a novel deployment paradigm
characterized by the provisioning of elastic resources geographically located as close as possible to the end user. Despite the
large number of wireless sensor networks already available in the market, there are still many issues to be addressed on the
design and deployment of robust network platforms capable of meeting the demand and quality of fog-based systems. In this
paper, we undertake the design and development of a wireless sensor node for fog computing platforms addressing two of the
main issues towards the development and deployment of robust communication services, namely, energy consumption and
network resilience provisioning. Our design is guided by examining the relevant macroarchitecture features and operational
constraints to be faced by the network platform. We based our solution on the integration of network hardware platforms
already available on the market supplemented by smart power management and network resilience mechanisms.

1. Introduction

Over the past years, the development of wireless networks,
mobile devices, and computing paradigms have given rise
to the introduction of a large amount of information and
communication-assisted services. From Smart City applica-
tions to the management of rural areas, Internet of things
(IoT) technologies are being deployed to monitor or assist
the operation of a wide variety of control and production
processes. Nowadays, behind city traffic control and food
production tasks, IoT systems are being used to monitor
the resources and effectiveness of the actions that are manu-
ally or automatically being taken in response to the informa-
tion provided by tiny sensors deployed across the monitored
area. For instance, the use of IoT systems have been used to
monitor the environmental conditions of vineyards and the
growth of grape bunches over a season [1].

Despite the promising results that have been obtained
up-to-date, there are still many issues to be addressed on
the design and implementation of robust IoT-based systems
capable of meeting the end-user application requirements.
Besides the issues to be addressed in order to improve the
operation of the underlying communication platforms,
another major issue has to deal with the design of a scalable
and robust data processing architecture. Towards this end,
the data processing architecture of IoT systems has moved
from a cloud paradigm to a fog paradigm. The latter has been
designed bearing in mind that for a large number of applica-
tions, the main consumers of the information obtained from
the sensor data may be located close to the data sources.
Furthermore, many application may have stringent quality-
of-service requirements, such as real-time, security, and
nonstop operation requirements. Some applications may
also be characterized by their high data rates; for example,
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a city traffic monitoring system may have to report on
events rising during the peak hours: traffic jams, accidents
among others.

From the above, it is clear that the services to be provided
by the IoT platforms will heavily depend on the underlying
communication facilities. In this paper, we focus at two main
network design parameters: power management and net-
work resilience mechanisms. The former plays a key role on
the robustness of a wireless sensor network deployed in areas
of difficult access and often exclusively powered by batteries.
Our solution takes into account the application profile as a
means to define an application-aware power management
mechanism [2]. As for the second issue, network resilience,
it is well known that such networks will often have to self-
heal based on events, such as the energy depletion of a node
providing relay services to other nodes; or due to upgrade or
architectural changes, such as a change on the number of
nodes covering a certain area or the change of the geograph-
ical location of a data processing server. It should be clear
that the nodes should collaborate in order to be able to
deliver the data service as required by the end-user applica-
tion. Both of these two design parameters are clearly interre-
lated. The power consumption of a given node heavily
depends on the network mechanisms to be performed by
the nodes; that is, a node serving as a router will be required
to forward the packets generated by their neighbors while a
leaf node only has to take care of its own traffic. As for the
self-healing network mechanisms, they will require to get to
know the power resources at the time of deciding the role
to be assigned to a node; for example, an end node may be
called to operate as a router.

Since one of our goals is to develop a robust and self-
healing fog platform to be used in various Smart City and
Smart Farming applications, we take as basis the open-
source communication hardware platform. This decision
has been motivated by the large number of different sensors
available in the market offering larger coverage range: two
main features towards the deployment of an ever increasing
number of citywide applications.

Numerous works have been already reported on the use
of open-source hardware and software technologies in Smart
City and Smart Farming applications [3–6], implementation
of protocol mechanisms [7], or using data fusion to reduce
the power consumption [8].

Due to the increasing number of parameters to be mon-
itored, we also address the design of a configurable sensor
node platform: a platform consisting of a configurable array
of sensors, from now on sensor node. This is an important
issue to be taken into account when developing platforms to
be deployed in the fields, for example, Smart Farming appli-
cations [9] as well as in numerous Smart City applications
and weather and pollution monitoring, [10–12]. Our work
therefore undertakes a holistic approach towards the design
of configurable wireless node platforms integrating power
management and network resilience mechanisms. Figure 1
shows the overall proposed methodology. The ultimate goal
is to develop smart fog computing platforms capable of pro-
viding a wide range of end-user applications including the
monitoring of complex event processing (CEP) and the pro-
visioning of edge-to-core communications.

In this paper, we focus on the design and integration
of the three building blocks, bottom boxes in Figure 1.

Fog computing: edge level

Edge and
edge-to-core

communication

Fog nodes

CEP

Array of sensors: phases

Electronic

Power-aware network
resilence management

Power management

FROG: a robust and green
wireless sensor node platform

Mechanical

Green and energy
harvesting wireless network

ProgrammingCommunication

Wireless sensor network

Mesh network
topology

Empirical number of
router nodes

Optimal load-balance
game algorithm

Router

Coordinator

End

Wireless sensor network

Figure 1: Overall schema proposal.
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We start by designing a configurable node platform inte-
grating off-the-shelf components, that is, sensors and wireless
network platforms. We then incorporate into our design
the aforementioned power management and network resil-
ience mechanisms.

In the following, the paper is organized as follows. Sec-
tion 2 reviews the related work and describes the main con-
tribution of our work. Section 3 reviews the principles and
architecture of the fog computing paradigm. We also explain
the role played by each node making a part of the edge net-
work infrastructure. Section 4 details our proposal. We first
introduce the power management mechanism and explain
its implementation based on the functionalities of the Ardu-
ino platform. In the second part of this section, we provide
the rationale behind the design of the power-aware network
resilience mechanism. Based on our discussion, we specify
the operation of our proposal.

In Section 5, we first evaluate the benefits of an onboard
power management mechanism. This first evaluation shows
the benefits of our application-aware power management
mechanism. We then evaluate the power-aware resilience
mechanism. We finally spell out our conclusions and future
research plans in Section 6.

2. Related Work

Power consumption management of wireless sensor net-
works has long attracted the attention of many research
groups. While many studies have looked into solutions rang-
ing from the use of alternative power sources, that is, solar
energy [13], other studies have centered on the design of
power-aware protocol mechanisms [14, 15]. With the main
goal of improving the overall network operation, fog com-
puting has emerged to extend the cloud computing paradigm
to the edge of the network [16]. Fog computing has been cre-
ated to address, among others, the mobility, geographical,
and latency requirements of most IoT applications [17].
Due to the requirement when deploying an increasing num-
ber of interconnected devices, power management and self-
healing mechanisms have become two of the key design
parameters of fog computing platforms [18–20]. In [18],
the authors have identified the main features of the underly-
ing network mechanisms of a fog computing platform,
namely, location, distribution, scalability, density of devices,
mobility support, real-time, and standardization. Moreover,
the network infrastructure in a fog computing platform must
be autonomous and efficient in terms of the energy consump-
tion and network resilience [21].

As for the available communication technologies, the
IEEE 802.15.4 ZigBee standard, from now on ZigBee, has
attracted the attention of many designers. Various studies
have shown the benefits of ZigBee in the context of various
Smart City and Smart Farming applications. In [22], the
authors have evaluated the connectivity, packet loss rate,
and transmission throughput in an indoor experimental area.
A hybrid network approach, ZigBee/5G, has been described
in [23]. The authors have shown the effectiveness of integrat-
ing various protocol mechanisms aiming at reducing the
power consumption. On the other hand, the authors from

[24] have evaluated and compared the power consumption
of ZigBee versus the Advanced and Adaptive Network Tech-
nology (ANT). According to their analysis, ANT outper-
forms ZigBee in terms of the energy consumption
implemented through a sleep/wake algorithm. However,
their study has also revealed that by properly managing the
overall platform, radio, and sensors, the power consumption
reported by the ZigBee systems can be considerably reduced.
These results make ZigBee an excellent experimental plat-
form to study the benefits of integrating power consumption
management mechanisms. Furthermore, the wider coverage
range of ZigBee makes it an excellent development platform
for the development of Smart City and Smart Farming
applications.

In a recent work, Piromalis and Arvantis have introduced
a scalable hardware architecture for wireless sensor and actu-
ator networks to be used in Smart Farming applications [21].
While our work follows a similar approach on the design of
the sensor node platform, our work focuses on the power
consumption management and network resilience mecha-
nisms taking into account the latest trends on the fog com-
puting paradigm. That is to say, our approach brings into
the design of the sensor node platforms, some of the major
features of the fog computing paradigm, mainly, geographi-
cal location, latency, and power management.

3. Fog Computing: Principles and Technologies

The fog computing paradigm can be simply defined as a nat-
ural extension of the cloud computing paradigm. Under the
fog computing paradigm, the data processing and user ser-
vices are performed by smart devices, called fog nodes,
closely located to the end users.

In this context, the fog computing architecture is divided
into two levels, core and edge [19]. The components and
technologies of each level are adapted to the services to be
provided by each one of them, see Figure 2. The core com-
prises the main computing components of the system, for
example, the main database and broker, among others [18],
while the edge level is comprised by other components: wire-
less sensor and actuators networks and the fog nodes. The
latter comprises a local broker, local databases, and a process-
ing and visualization server [18, 25, 26]. The fog nodes are in
charge of processing the time-sensitive data while making a
better use of the underlying network infrastructure.

In this work, we focus on the edge level of fog computing
architectures and in particular on the features and operation
of each one of the edge elements. In fact, this work contrib-
utes on enhancing the intelligence of the network nodes
and the autonomy, including the self-healing mechanisms,
of the wireless network infrastructure. In order to fully justify
our contribution, we start by briefly describing the main pro-
cessing tasks of the two main components of an edge infra-
structure: the fog nodes and the wireless sensor network.
We will also highlight the features and processes to benefit
from our proposal.

3.1. Fog Nodes. The fog nodes are the main processing units
located closely to the data nodes. They process the data
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captured by the sensor node and are also responsible for
filtering and delivering the relevant data to be stored in the
cloud. Their two main tasks can be described as follows:

(i) Complex event processing (CEP). This task refers to
the processing fusion of the data collected by the sen-
sor nodes. The main outcome of this task is to notify
stakeholders of patterns derived from events of the
lower level [25]. Tools, such as Apache Flink, are
being used as a CEP motor in the fog node for local
events and in the cloud level for general events. A
fog node processes the different events based on the
information extracted from the data collected by the
sensor nodes. At the edge level, an initial analysis is
carried out. As the second step, the fog node sends
the data and events to the core level via the Internet
reducing the processing and analysis to be done at
the core level.

(ii) Edge and edge-to-core communications. Fog nodes
are in charge of sending (1) local alerts to the
subscribers and (2) the sensed data and events to
the core level via the Internet [26]. Nowadays,
many platforms use the MQTT protocol: a light-
weight protocol where the devices send (publish)

information with a label (topic) to a server that
works as a broker. The broker sends information
to all subscribers to the referred topic [19]; that
is, (i) the communication mechanisms are imple-
mented in a local broker implemented at the fog
node and (ii) a global broker built into the cloud
facilities [26].

3.2. Wireless Sensor Network. In the following examples, we
based our design on the ZigBee standard. This standard
provides the following advantages for our proposal: (i) long
distances between sensors because of the low frequency; (ii)
a hierarchical topology that can be deployed in environments
with high dimensions such as a Smart City or Smart Farming;
and (iii) a hierarchical definition of the roles played by the
various node elements enabling the natural interconnection
with the fog nodes. The three node roles can be simply
described as follows:

(i) Coordinator node. Every ZigBee network needs to
have a single coordinator node. This device has the
following features whose main functions are net-
work initialization, distribution of addresses, and
management operations.

Coordinator node

Edge level

Core level

Rounter node

End node

Fog nodesWSN
MQTT
HTTPS

Cloud

Figure 2: General fog computing architecture.
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(ii) Router node. Router nodes receive the data packets
generated by the sensor nodes and deliver them to
the coordinator node. In order to ensure the reliable
delivery of the data generated by the end nodes,
every end node should be able to communicate with
at least one router node. In our configuration, the
router node has been implemented using an off-
the-shelf hardware platform equipped with various
sensor devices and a long-range RF interface. A cus-
tomized programmable on/off switch has been
designed in order to implement the power manage-
ment mechanism. The implementation of this latter
switch was deemed necessary to enable the use of
analog sensor devices. The routers also implement
the self-healing network mechanism.

(iii) End node. The main mission of an end node is
to monitor its environment. An end node always
relies on a router node or coordinator node to
make part of the network. The end nodes have also
been implemented using off-the-shelf hardware
platforms. Similarly to the router nodes, the end
nodes also implement the dynamic power manage-
ment mechanism.

Based on the above discussion, we will proceed to explain
the twomain contributions of ourproposal, namely, thepower
management mechanisms and the self-healing protocol.

4. FROG: A Robust and Green Wireless
Sensor Platform

In this section, we first introduce the power management
mechanism of our proposal. Our design also includes the
implementation of the required electronics to properly cou-
ple the sensor nodes to the platform. In the second part, we
describe the network resilience-provisioning mechanism.

4.1. Power Management. A large number of works have been
reported in the literature aiming to manage the power con-
sumption of sensor nodes. Many of such works have defined
mechanisms to turn on/off the radio system, see for instance
[27]. Many works were initiated at the time when the sensor
nodes comprised a limited number of sensors, typically rang-
ing between two or three sensors. In the last few years, the
number of sensors that can be integrated into one node plat-
form has considerably increased. The main reason behind
this trend has been motivated by the development of novel
applications in sectors, such as Smart Cities and Smart Farm-
ing. This increase has resulted in a higher energy demand to
power the onboard processing and monitoring functions [2].
Furthermore, the data acquisition requirements, time, and
data amount to be processed, greatly vary from one applica-
tion to another.

In this work, we follow the latest trends on developing a
multiple-purpose sensor platform capable of dynamically
adapting its duty cycle to the application [28]. Different from
the early proposals introduced in the literature, the proposed
power management mechanism consists basically on turning
on/off the power to be delivered to the sensors, rather than

dealing with the radio system. This choice has also been
made taking into account the latest development on low
power radio transceivers.

In order to illustrate the benefits of the proposed mecha-
nism, we will take the case depicted in Figure 3 where we
have plotted the level of CO2 reported by the sensors placed
in our premises using three different sampling periods, 5 s,
10 s, and 20 s. As seen from Figure 3, the trend of the data
is for the most predictable; that is, from the data reported
with the lowest sampling resolution, we could easily predict
other values. We further notice that there are few exceptions
where there is a significant change on the values reported by
the sensors. Based on the previous analysis and bearing in
mind the wide spectrum of applications, including the mon-
itoring of sensitive data, we proceed to define a dynamic
power management scheme meeting the requirements of a
large number of potential applications. In other words, the
design should take into account all the safety requirements
by properly fixing the sampling rate and transmission
periods. Accordingly, the management mechanism only
applies to the sensor nodes; the main controllers should
always be powered up. In this way, we should be able to inte-
grate into our platform both paradigms: synchronous and
asynchronous event scheduling.

In this context, many commercial sensors already count
with the logic to program the on/off periods. For instance,
Figure 4 depicts the connection diagram of a digital sensor
based on the well-known I2C protocol. However, the connec-
tion of simpler sensor devices require the development of a
programmable digital switch, see Figure 5.

The switch is simply controlled by the programmable
power management mechanism. The duty cycle is com-
manded using the digital signal generated by the main
onboard processor connected to the base of the NPN (nega-
tive-positive-negative) transistor Q1. When the pulse is gen-
erated, the circuit is activated. The sensors are powered by
connecting the power input of the sensors to the collector
of Q2 and to the common ground, GND. It is important to
mention that the collector voltage decreases although transis-
tor emitterQ2 is connected to the 5V source. This fact occurs
because when the transistor switches to the onmode, there is
a potential drop between the emitter and the collector of Q2
whose value is VEC=0.7V approximately. Nevertheless, the
sensor operation is not affected by this slight potential drop
[29]. In fact, multiple sensors can be connected to the transis-
tor collector Q2 and a common ground.

Finally, Figure 6 shows the sensor node platform devel-
oped in this work. The same platform may be used to imple-
ment the router nodes and end nodes. As for the packaging,
we have designed a box facilitating the installation of various
sensors. We have also designed the chambers to store the vol-
ume of air required to determine the level of concentration
meeting the specifications of most gas sensors. Moreover,
we have also provisioned the platform with a battery charger
to be integrated with the follow-up of our project.

4.2. Power-AwareNetworkResilienceManagementMechanism.
Based on the underlying programmable power manage-
ment facility presented in Section 4.1, we developed herein
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a power-aware network-wide resilience mechanism. The
main goal of this latter mechanism is to provide the means
to enhance the robustness of the wireless sensor network.

Figure 7 depicts the general topology of the wireless sen-
sor network on which we base the description of our pro-
posal. As seen in Figure 7, the network is composed of
three types of sensor nodes, namely, the coordinator, router,
and end nodes. The coordinator node is responsible of ini-
tializing the sensor network and ensuring its connectivity to
the fog premises. This type of nodes is normally implemented
by a highly reliable node. The other two types of nodes,
routers and end nodes, are the subject of our proposal.

Since the router nodes are in charge of forwarding the
data collected by the end nodes and monitoring the environ-
ment, it is obvious that they are exposed to higher load
demands than the ones handled by the end nodes. We then
propose to replicate the number of router nodes providing
service to a given number of end nodes. At all times and in

order to get the most of the available resources, the router
and end nodes will monitor the environment making use of
their onboard sensors.

In order to show the benefits and gains in terms of power
consumption, let us define the following relation assuming
that the sensor nodes are initially fully charged:

Er t = 100 − Kr × t,
Ee t = 100 − Ke × t,

1

where Er is the energy level of the router node at time t, Ee is
the energy level of the end node at time t, Kr is the discharge
rate as router node, and Ke is the discharge rate as end node.

Since the discharge rate depends on the task performed
by the sensor nodes, it is clear that given that a router node
provides service to one or more end nodes, the discharge rate
of a router node is higher than the discharge rate of an end
node. The relation between the discharge rate of a router
node and an end node can be simply expressed as follows:

Kr = Ke +Ne ×M, 2

where Ne is the number of end nodes connected to the
router node and M denotes the average energy consumed
at the router node by each end node connected to it up to
time t.

As seen in Figure 7, three sensor nodes may play the role
of router nodes, while six sensor nodes always operate as end
nodes. Our goal is to find the number of routers required to
guarantee the robustness of the network without leaving
out of service any end node. Let us take the following three
scenarios. Notice that in our analysis, we do not include the
energy consumed by the router node(s) to serve the six end
nodes, since this energy consumption will be the same for
all the three scenarios under study.

(i) One router node and two end nodes: only one of the
three sensor nodes located at the group of router/end
nodes operates as a router node. The other two end
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GND

Figure 4: Physical connection of a digital sensor using the I2C
protocol.
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Figure 3: Data traces for CO2 concentration using three different sampling periods, from top to bottom: 5, 10, and 20 seconds.
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nodes are connected to the active router node. The
power consumption for this case can be simply
stated as follows:

E1 router
level 2 t = 100 − Kr × t + 2 × 100 − Ke × t

= 300 − Kr + 2Ke t

3

(ii) Two router nodes and one end node: L of the end
nodes located at the group of nodes are connected
to one of the two router nodes, while (8 − L) sensor
nodes are connected to the second router node.
The third sensor node located at the group of the
router/end node is connected to one of the two

active router nodes. The overall energy demand
can be simply expressed as follows:

E2 routers
level 2 t = 2 × 100 − Kr × t + 100 − Ke × t

= 300 − 2Kr + Ke t
4

(iii) Three router nodes: L1 end nodes are connected to
the first router node, L2 to the second router node,
and L3 to the third router node. Then, the overall
energy demand is expressed as follows:

E3 routers
level 2 t = 3 × 100 − Kr × t = 300 − 3Kr t 5

Summarizing, for every possible configuration on the sec-
ond level, we have the following power consumption:

(i) One router node + two end nodes = Kr + 2Ke t

(ii) Two router nodes +one end node= 2Kr + Ke t

(iii) Three router nodes = 3Kr t

Since Kr > Ke, we have the following power consumption:

Kr + 2Ke < 2Kr + Ke < 3Kr 6

From (6), it is clear that the use of one router node
exhibits the best results in terms of the power requirements.
The implementation of a lightweight protocol should provide
the means to take over the role of the router node by another

Figure 6: FROG node platform.
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sensor node located within the coverage range of the current
router node.

In order to design and develop the network resilience
algorithm, we must take into account that the coordinator
node is the one in charge of controlling the network. In order
to take the decision of replacing a router node, we must verify
the status of the batteries of the current sensor node and the
one of all those sensor nodes that may take over the routing
task. Algorithm 1 specifies the operation of our network resil-
ience mechanism.

One of the main characteristics of our proposal is its sim-
plicity. Since the number of sensor nodes involved on the
role-changing task is fixed to three sensor nodes, the reliabil-
ity of the mechanism is practically guaranteed. In fact, such
configuration allows us to schedule maintenance tasks while
ensuring the presence of the backup node at all times. That is
to say, the sensor node taking over the routing task will be the
one in charge of taking over the in-transit traffic ensuring
that no packets get lost. Furthermore, our algorithm prevents
the presence of potential loops involving end nodes and
router/end nodes.

5. Experimental Evaluation

In this section, we start by describing our experimental setup.
We first conduct the evaluation of the sensor node platform
in terms of onboard power savings, and then, the evaluation
of the power-aware network resilience mechanism.

5.1. Experimental Setting. Our experimental setting counted
with the following elements:

(i) FROG platforms. We have assembled nine FROG
units. Each FROG unit comprises a set of sensors

with a total current consumption requirement of
475.48mA. We implemented the processor and
communications platform using an Arduino Fio
V3 and an XBee-PRO XSC radio system whose cur-
rent consumption requirements add up to 266.5mA.

1: procedure BALANCEGAME

2: timeLoop← 1
3: lookForRouter← FALSE
4: whileTRUEdo
5: secondLevelDevices← coordinatorDevice.
findConnectedDevices()
6: indexDevice← 0
7: forindexDevice< secondLevelDevices.size() do
8: device← secondLevelDevices[indexDevice]
9: ifdevice.getRole() ==ROUTER-NODE then
10 ifdevice.getBatteryLevel() <= 50 then
11: device.setRole(END−NODE)
12: lookForRouter←TRUE
13: end if
14: else
15: iflookForRouter==TRUEthen
16: ifdevice.getBatteryLevel() >= 70 then
17: device.setRole(ROUTER−NODE)
18: lookForRouter← FALSE
19: end if
20: end if
21: end if
22: end for
23: sleep(timeLoop)
24: end while
25: end procedure

Algorithm 1: (Network Resilience Algorithm).

Coordinator node

Router node

End node

Group of router node/
end nodes

Xbee mesh network Group of end node

Figure 7: Wireless sensor network topology.
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The total FROG node consumption is, processor
plus sensors, 741.98mA. Following the baseline
topology depicted in Figure 7, we have placed three
FROG platforms within the router/end node sector.
Throughout our experiments and based on our pre-
vious analysis, we have considered the case where
only one of the three sensor nodes will act as a router
node at a given time. In the case when the power
management mechanism is enabled, the duty cycle
is set with an off period of 5 s and an on period of
1 s. We have further implemented a coordinator
node using a single-board computer, Raspberry Pi
3 Model B. This latter system has been plugged into
the power line. As already mentioned, we will add a
battery charger as part of our future plans.

(ii) Batteries. Table 1 summarizes the main characteris-
tics of the Li-Po batteries used throughout our trials.

(iii) Voltage level monitoring circuit. An Arduino UNO
shield was used to monitor the voltage level of the
batteries during our experiments. In order to be able
monitor the voltage values in the range of 0 to 5V
using the 12V batteries, we implemented a voltage
divider consisting of a 2 kΩ resistor and a potenti-
ometer, R2, see Figure 8.

Since the battery voltage diminishes during the experi-
ments, the setting of the potentiometer had to be adjusted
accordingly. A Matlab script was used to dynamically change
the setting of R2. A second Matlab script was used to monitor
and plot the battery voltage as a function of time.

5.2. Onboard Power Consumption Evaluation. In the first set
of experiments, we monitored the discharge of the batteries
by first disabling the power management mechanism, and
then enabling the power management mechanism of FROG.
We repeated our experiments ten times. It is worth mention-
ing that the results were very similar in all ten trials.

Figures 9(a) and 9(b) show the results for both platform
configurations using Li-Po batteries. In the case when the
platform does not implement the proposed power manage-
ment mechanism, the first deep voltage drop is reported after
3.5× 104 s from the beginning of the test. As seen in
Figure 9(a), the discharge time for this type of battery is
approximately 9× 104 s. This result confirms the theoretical
bound given by the ratio of the battery rate being used,
20C, divided by the current consumption of our platform,
741.98mA [30]. In our case, this ratio is approximately equal
to 9.7× 104 s (26 hours).

Figure 9(b) shows the results for the FROG platform. As
seen from Figure 9(b), the battery voltage slowly diminishes
and no deep drop is reported during the evaluation period.
These results clearly show the benefits of our proposal. How-
ever, we should realize that the optimal setting of the power
management mechanism depends on various factors, such
as the sampling rate (latency) of the actual data to be reported
and number of sensors integrated into the platform for a
given target application. Furthermore, the integration of
asynchronous handling of events, such as the CEP to be

integrated into our system, will play a major role on the
actual duty cycle and more specifically on the sensors being
powered during a given period of time. Take for instance,
the general case where each sensor may be turned on at dif-
ferent time instances and for periods of variable length. Fol-
lowing the discussion similar to the one in [30], the power
management strategy will prove beneficial if the following
condition holds for the period of operation of the system, t:

〠
n

i=1
Pi
on ⋅ t

i
on + 〠

n

i=1
Pi
of f ,on ⋅ t

i
of f ,on ≤ 〠

n

i=1
Pi
on ⋅ t, 7

where tion denotes the time during which the sensor, i, is
powered up; the corresponding power consumed by sensor
i during this period of time by Pi

on, and the cost of the transi-
tion and time delay from off to on is expressed by Pi

of f /on and

tiof f /on, respectively. Finally, t denotes the total running time.
Our experimental results have shown that considerable
power saving can be achieved by simultaneously turning
on/off all the sensor devices. In fact, several of the sensor
devices we have used comprise numerous sensors. Fur-
thermore, the power consumed during the off/on transi-
tion is due to the electronic switch we have developed.
We can therefore rewrite (7) to reflect our platform oper-
ation as follows:

ton 〠
n

i=1
Pi
on + tof f ,on 〠

n

i=1
Pi
of f ,on ≤ 〠

n

i=1
Pi
on ⋅ t 8

As seen from the last expression, the fact of turning on all
the sensors at the same time reduces considerably the power
consumption. The second term of the left-hand side of (8)
only contributes once during a duty cycle.

From the above analysis, it is clear that the proper sched-
uling of the data gathering process and setting of the duty
cycle play a major role on the power consumption. However,
the solution best fitting the needs of a specific application will
have to take into account other requirements, such as the
latency and sampling rate. Furthermore, the implementation
of a CEP engine will require the handling of both synchro-
nous and asynchronous events.

5.3. Network Resilience Mechanism Evaluation. In this sec-
tion, we evaluate the performance, in terms of the energy
consumed, of the FROG platform operating in each one of
the two roles: router node and end node. In this case, we
placed the nine FROG nodes throughout the hall of our Fac-
ulty department. The duty cycle was set with an on period of
1 s and an off period of 5 s. All the nodes transmit a packet

Table 1: Technical specifications of the batteries.

Specification Li-Po battery

Nominal voltage 11.1V

Voltage per cell 3.7 V

Number of cells 3

C rate 20C

Capacity 6400mAh
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conveying the data generated by the sixteen sensors: one
sample for each one of the nine sensor devices. Similarly to
the previous evaluation trials, we repeated ten times the trials
under a given setup. At the beginning of each trial, the battery
was replaced by brand new ones.

The experiment ran for a period of 8.5× 104 s
(23.61 hours). Figure 10(a) shows the energy consumption

for the end node and Figure 10(b) shows the results for the
router node. As seen from the results, the router node con-
sumes much more energy than the end node. We also mon-
itored the number of packets having been successfully
received. No losses were reported despite the handover per-
formed as the battery of the router crosses the threshold
defined in the algorithm. These results confirm once again
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the need to dynamically change the role played by the sensor
nodes at times, as specified in Algorithm 1, when they
encounter power provisioning problems.

6. Conclusions and Future Plans

In this paper, we have developed FROG: a robust and green
wireless sensor network platform to be integrated into the
fog architecture. Our design has been fully justified after a
review of the current trends on the use of IoT technology in
various types of Smart City and Smart Farming applications.

We based our design on the use of open software and
open hardware platforms. We therefore made use of some
of the facilities and functionalities already available on the
market. We then design and develop a power manage-
ment mechanism and a network resilience algorithm. We
show that the use of a reduced number of sensor nodes
capable of acting as a relay or end node as required will
provide the means to considerably improve the network
operation while lowering the power required for the over-
all network operation.

Our immediate research will focus on developing an
experimental platform including Smart City applications.
The system will include various end-user services based on
a complex event processing (CEP) system and the fog com-
puting paradigm. We will also explore the use of software
defined networks (SDNs).
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Jesús Lovón-Melgarejo, Alonso Tenorio-Trigoso, Manuel Castillo-Cara, Daniel Miranda
Center of Information and Communication Technologies

Universidad Nacional de Ingenierı́a, Av. Tupac Amaru, 210, Rimac, Lima, 25, Perú
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F

Resumen—El siguiente trabajo establece algoritmos de Machine Lear-
ning como herramienta para una posible solución al problema de
seguridad vial en una ciudad a través de datos abiertos. El propósito
del análisis desarrollado es reducir el riesgo de amenaza de la inte-
gridad fı́sica de los peatones mediante la geolocalización en tiempo
real, tomando en cuenta los lugares más seguros para transitar. Se
estudió una base de datos de disposición libre (portal de datos abiertos
de San Isidro, distrito de Lima, Perú). Estos datos guardan registros
de distintos tipos de accidentes (la mayorı́a del tipo automovilı́stico)
ocurridos en diferentes lugares de este distrito, los cuales se analizarán
para establecer un recorrido seguro, disminuyendo la probabilidad de
que un usuario sufra un accidente.

Por tanto, para este trabajo se han usado técnicas de algoritmos de
aprendizaje No Supervisado (Clustering): k -Means. Asimismo, previa-
mente, se ha realizado un tratamiento de datos utilizando la técnica de
Análisis de Componentes Principales (PCA).

Index Terms—Machine learning; Smart City; Open Data; PCA; k-
Means; safe routes; Data Mining; citizen security.

1. INTRODUCCIÓN

En la actualidad todas las ciudades a nivel mundial
buscan crear un entorno más ergonómico, eficiente y
centrada en el ciudadano [1]. Para ello, el Internet of
Things (IoT), los datos y la participación ciudadana son
los pilares básico para una Smart City[2], [3]. Todos estos
datos generados por las Tecnologı́as de la Información
y Comunicación (TICs) desplegadas en la ciudad han
supuesto un gran reto a la hora de poder analizar y
sacar conclusiones centradas en el ciudadano [4]. Para
ello, las infraestructuras de computación distribuidas
han adquirido gran interés por la comunidad académica
y tecnológica, sobre todo con el despliegue de IoT para
las Smart Cities y Agricultura de precisión. Entre estas
infraestructuras, actualmente se encuentra trabajando, en
mayor medida, el paradigma Fog Computing, ya que
permite una optimización de recursos en nivel edge
(edge computing) [5], dejando libre para análisis de
datos de una o más dimensiones al nivel core (cloud
computing) [6], [7].

En este sentido, para el análisis en macrodatos en
el core level, podemos encontrar numerosas técnicas
algorı́tmicas que permiten analizar todos estos datos que

tenemos a nuestra disposición, normalmente obtenidos
a través de las bases de datos abiertas. Estos tipos
de técnicas de análisis de datos pueden clasificarse en
dos técnicas basadas en el aprendizaje: (i) algoritmos
de aprendizaje supervisado (SLAs); y (ii) algoritmos
de aprendizaje no supervisado (ULAs); que tienen el
objetivo principal de realizar una toma de decisiones
basadas en el aprendizaje.

Por un lado, las técnicas SLAs resuelven un gran
ámbito de problemas en la actualidad, no solamente en
Smart Cities, sino también en temas de seguridad para
TICs como se expone en [8]. Más cercano a la temática de
este trabajo, podemos observar como los autores de [9]
establecen las rutas más seguras a los ciudadanos por
geolocalización realizando un análisis a través de una
base de datos abierta con los modelos Random Forest
(RF) y Multiple Logistic Regression (LoR).

Por otro lado, los ULAs son utilizados en problemas
donde los datos no se encuentran etiquetados (clasifi-
cados). Este tipo de algoritmos también se utilizan en
problemas de muy diferente ı́ndole. Por ejemplo, para
análisis sismológicos se logró obtener en Irán nuevos pa-
trones de comportamiento que permitieron un compor-
tamiento diferente de los sismos. Este proceso se realizó
debido a la gran cantidad de datos que se tienen sobre
la ocurrencia de sismos en diferentes partes del mundo
[10], [11]. Otro trabajo importante se puede observar en
los autores [12], [13], quienes desarrollan una aplicación
para comprimir una imagen en formato PNG, es decir,
una imagen de miles de colores es reducida a 16 colores,
disminuyendo ası́ considerablemente la cantidad de bits.

Como se observa en la literatura, los algoritmos ba-
sados en aprendizaje han tenido muy diferentes usos y
aplicaciones. En este trabajo, se va a analizar un caso
de uso en el cual se desea realizar una aplicación de
Seguridad Vial como la que se ha desarrollado en [9]. Sin
embargo, para una mejor predicción se utilizarán ULAs,
ya que estos algoritmos son óptimos cuando no hay una
etiqueta o clasificación previa y solo existen los datos;
como son los datos de Seguridad Vial en el distrito de
San Isidro en Lima (Perú) [14]. Para ello, se han eva-
luado dos algoritmos ULAs: Análisis de componentes
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principales (PCA) [15] y k-Means [16]; los cuales, PCA
simplifica la complejidad de los datos manteniendo su
relación y realizando k-Means la clasificación de estos.

Por tanto, al igual que en [9], se ha utilizado la
base de datos que provee información de los accidentes
ocurridos en el distrito, lugar, fecha, hora, etc. Todos
estos datos serán nuestras dimensiones originales, trans-
formándolos con PCA y agrupándolos con k-Means para
ası́ evaluar las zonas de riesgo.

En este contexto, el trabajo se encuentra estructurado
como muestra la Figura 1. En la Sección 2 se especifi-
carán la metodologı́a de desarrollo del trabajo, es decir,
algoritmos y el objetivo de estos. La Sección 3 muestra
un primer análisis de las tablas y los datos seleccionados,
realizando un primer tratamiento para, posteriormente,
en la Sección 4 evaluar el resultado obtenido por PCA
y k-Means; discutiendo las primeras conclusiones sobre
la importancia de estas técnicas algorı́tmicas para este
tipo de datos. Finalmente, en la Sección 5 se discutirán
cuales son las conclusiones obtenidas de este trabajo,
estableciendo posteriormente la lı́nea de trabajo a futuro.

Figura 1. Esquema general.

2. METODOLOGÍA DESARROLLO

Los ULAs, a diferencia de los SLAs, no utilizan datos
históricos, sino que ellos tienen que descubrir patro-
nes y tendencias en los datos a analizar, por tanto,
los datos no se encuentra etiquetados [17]. Por ello,
una clasificación de los datos (Clustering) agrupándolos
por caracterı́sticas afines no directamente identificables,
permitirá separarlos en clases. Las técnicas de clustering
buscan agrupar un conjunto de datos en un número
de clústers. Este agrupamiento se basa en la idea de
distancia entre datos y la cantidad de clústers depende
de la técnica utilizada[18].

Por otro lado, en muchas ocasiones los datos tienen
muchos atributos, por lo que es necesario reducir el
número de estos. Entre estas técnicas de reducción las
más destacadas son:

Selección de Atributos, que se seleccionan directa-
mente los atributos más representativos y descarta
el resto.

Reducción de Dimensiones: que a partir de nuestros
atributos se crean nuevos, los cuales son combina-
ciones lineales de los originales.

En nuestro estudio vamos a comparar la eficiencia
de estos 2 procesos. Respecto al segundo proceso, se
analizará con la técnica PCA.

2.1. Análisis de Componentes Principales (PCA)

PCA es un método de análisis multivariante, su objetivo
es encontrar las dimensiones con máxima varianza en
los datos[19]. Primero encuentra el componente (vector
propio) con mayor varianza, este es el componente
principal, luego se encuentra un componente con la
segunda mayor varianza entre todos, de nuevo se busca
otro componente ortogonal a los primeros con la tercera
mayor varianza, y ası́ sucesivamente. Después de este
proceso, es posible reducir el número de dimensiones
con un sistema de ejes modificados, donde generalmente
se eliminan los ejes de los datos originales que no
generan mucha varianza. Además, como propone [20], se
realizó un estandarizado de los datos extraı́dos para ası́
uniformizarlos con una preparación óptima para PCA.

2.2. k -Means

En la actualidad es la técnica de clustering más utilizada
debido a su simplicidad y eficiencia. Lo primero que se
debe hacer en esta técnica es definir los k centroides
al azar (uno para cada clúster), luego se toma cada
punto de la base de datos y se sitúa en el que tiene
el centroide más cercano (distancia euclı́dea). Luego, se
recalcula el centroide de cada clúster (la media de todos
los datos que lo componen, teniendo en cuenta que se
quiere minimizar) y se vuelve a distribuir el centroide
más cercano y ası́ sucesivamente hasta que no haya más
datos [21].

Teniendo en cuenta estos algoritmos, en este artı́culo
se ha utilizado lenguaje de programación Python para el
análisis y tratamiento de los datos y la librerı́a scikit-learn
para el desarrollo algorı́tmico.

3. ANÁLISIS Y TRATAMIENTO DE DATOS

Como se ha comentado el siguiente trabajo busca aplicar
PCA y k-Means a la base de datos de seguridad vial.
En esta base de datos podemos observar cuantificados
los datos de los accidentes de tránsito ocurridos, por lo
que a través de estas técnicas se evaluarán los accidentes
de tránsito que van a ocurrir en un dı́a determinado.
Una vez utilizada esa información, se determinará la
ruta óptima, para que el ciudadano pueda movilizarse de
manera más segura con el sistema expuesto en [9]. Antes
de poder procesar las técnicas algorı́tmicas, se estudiará
como se encuentran estructurados el conjunto de datos.
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Figura 2. Distribución de los datos.

3.1. Análisis de los datos
Lo principal es poder observar como están distribuidos
los datos y qué diferentes caracterı́sticas tienen. En este
sentido, la Figura 2 muestra la estructura de la tabla
”APOYO BOMBEROS”.

Bajo este contexto, y teniendo en cuenta que los datos
que interesan para nuestro trabajo son los de seguridad
vial, podemos observar en la Figura 3(a) como están dis-
tribuidos según el tipo de accidente; y en la Figura 3(b)
según la modalidad. Por ejemplo, puede verse Accidente
de Transito Choque como la clase principal de accidentes
y Exceso de velocidad e Imprudencia del conductor como la
modalidad.

Por otro lado, podemos ver como es el comportamien-
to por sectores, subsectores o zonas del distrito. Asimis-
mo, dónde ocurren más accidentes y cuándo ocurren
estos accidentes, ver Figura 4.

Ası́, la Figura 4(a) muestra que el sector 1 es el más
peligroso ya que tienen un número mayor de accidentes
que los otros. Además, en los sectores 1− 6 y 3− 1, ver
Figura 4(b), tienen mayor tasa de accidentes. Respecto
al dı́a de la semana, ver Figura 4(c), se tiene que los
jueves son los dı́as cuando ocurren más accidentes, y los
domingos los que menos. Sin embargo, la varianza de
estos datos es menor en comparación con las categorı́as
de accidente, en donde Accidente de Transito Choque ab-
sorbe la gran mayorı́a de los datos.

En resumen, se ha notado que hay una sobreabundan-
cia de Categorı́a de Accidente, por Accidente de Transito
Choque y modalidades, por Exceso de velocidad e Impru-
dencia del conductor a diferencia de los demás datos que
son muy escasos, motivo principal por el que se evitará
trabajar en base a estas columnas, además de tener que
realizar un tratamiento previo.

3.2. Tratamiento de los datos
Como se puede observar en la Figura 2, se tienen datos

faltantes (nulos) por columnas (variables). Además, la
Figura 5(a) muestra resumidamente la distribución de es-
tos tipos de datos por sectores. Por tanto, se mantendrán
sólo las filas que tengan las columnas: CATEGORIA,
SECTOR y HORA como no nulos, ya que no deseamos
trabajar con datos que no indique dónde y a qué hora
ocurrió el accidente. Ası́, la Figura 5(b) muestra las
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(a) Distribución por tipo de accidente.
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(b) Distribución por modalidad de accidente.

Figura 3. Distribución de los datos respecto al valor
accidente.

columnas donde sı́ fueron permitidas los datos nulos y
las que no.

Seguidamente, se han realizado las siguientes opera-
ciones (en este orden):

Se eliminan las columnas innecesarias: TIPO, No,
CASO, MEDIO, DIRECCION e ID.
Se convierte las columnas SECTOR y SUBSECTOR
en tipo entero. Posteriormente, se crea la columna
(variable) SS para comprimir SECTOR y SUBSEC-
TOR en una sola columna, ver Figura 6(a), eliminan-
do finalmente las columnas SECTOR Y SUBSEC-
TOR.
Se crea una columna TM que es la hora convertida
en minutos, es decir, se convierten las horas en
enteros.

La Figura 6(b) muestra la tabla actualizada con las
nuevas columnas después del tratamiento anterior.

3.3. Aplicación de Datos

Respecto a la aplicabilidad de los datos, el presente
trabajo realizó dos análisis: (i) en base a los dı́as en los
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(c) Por dı́a de la semana.

Figura 4. Distribución de datos.

que ocurrieron accidentes para predecirlos en un dı́a y
visualizar qué fechas tienen rasgos parecidos; y (ii) en
base a los sectores en donde ocurrieron los accidentes,
para predecir las caracterı́sticas de un nuevo sector y
visualizar qué sectores son más parecidos. Por tanto,
en la agrupación por fechas se obtienen las siguientes
columnas:

total sectores: El total de sectores en donde ocurrió
un accidente en ese dı́a.
total unique accidentes: El total de tipos de acciden-
tes.
total accidentes: Total de accidentes ocurridos en un

(a) Reconocimiento de
datos nulos.

(b) Eliminación de datos
nulos.

Figura 5. Tratamiento de datos nulos.

(a) Compresión de sectores y subsectores.

(b) Conversión de tiempo a minutos.

Figura 6. Tratamiento general de los datos.

dı́a.
total modalidades: Total de modalidades de acciden-
tes.

La Figura 7(a) muestra la tabla de los datos agrupados
por fechas. Análogamente, en la agrupación por sectores
colocamos las columnas:

total dias: El total de dı́as en que hubo accidentes
en ese sector.
total unique accidentes: Total de tipos de accidente.
total accidentes: Total de accidentes en ese sector.
total modalidades: Total de modalidades de acciden-
tes.

La Figura 7(b) muestra los datos agrupados por sec-
tores.

Una vez realizado el análisis y tratamiento de datos
y seleccionadas las variables que se van a evaluar, en la
siguiente sección se procederá a discutir los resultados
obtenidos de las técnicas algorı́tmicas.
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(a) Agrupación por fechas.

(b) Agrupación por sectores.

Figura 7. Agrupación de Datos.

4. MINERÍA DE DATOS

En esta sección se muestran los resultados después de
utilizar los algoritmos PCA y k-Means, analizando los
resultados obtenidos de las agrupaciones seleccionadas,
es decir, fechas y sectores.

4.1. Análisis de Componentes Principales
Como se indicó en la Sección 2, existen dos procesos
para reducir la complejidad de las variables: Selección
de Atributos y Reducción de Dimensiones. El primero es
directo, mientras que para el segundo se utilizará PCA.

Reducción de variables
Antes de analizar PCA, se añadirán las horas y cantidad
en las que ocurrió un accidente con la finalidad de tener
una mejor valoración de cada dı́a en el que ocurrió
el evento. Luego, se transforma la variable categórica
HORAS en variable indicador, es decir, cada una de
las horas que tenı́a un accidente es ahora una variable.
Posteriormente se agrupará por fechas, ver Figura 8(a),
y sectores, ver Figura 8(b).

Finalmente, de esta forma se puede visualizar la canti-
dad de veces en que ocurrió un accidente a determinada
hora. Por ejemplo, la Figura 9 muestra las horas en que
ocurrieron mayor cantidad de accidentes.

Selección de atributos
Este proceso selecciona directamente los atributos que
identificamos como relevantes. En nuestro caso de es-
tudio, seleccionamos las columnas en donde hay más
variación, es decir, las 20 horas en donde ocurren ac-
cidentes con más frecuencia y eliminamos el resto. La
Figura 10(a) muestra los datos agrupados por fechas
con las 20 horas de mayor accidente; y la Figura 10(b)

(a) Agrupación por fechas.

(b) Agrupación por sectores.

Figura 8. Agrupación de Datos después de la reducción
de variables.

Figura 9. Ejemplo de cantidad de accidentes por hora.

muestra los datos agrupados por sectores con las 20
horas de mayor accidente.

(a) Por fechas.

(b) Por sectores.

Figura 10. Resultado de Selección de Atributos.
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Reducción de dimensiones
Para esta técnica existen varios algoritmos, pero el más
conocido es PCA. Antes de aplicar PCA, se realiza la
estandarización de los datos[20]. Una vez estandari-
zados, se inicializa PCA y se ajusta a nuestros datos
estandarizados, en este caso se utilizó los parámetros por
defecto que tiene PCA en scikit-learn.

Finalmente, se visualiza la varianza acumulada para
una mejor visualización de cómo cambia esta acorde
a la cantidad de componentes, es decir, determinar el
porcentaje de variación de cada nueva columna (va-
riable) y realizando una suma acumulada. Las Figuras
11(a) y 11(b) muestran la varianza explicada acumulada
tanto en los datos agrupados por fecha, como por sector,
respectivamente.
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(a) En agrupación por fecha

0 5 10 15 20

0.2

0.4

0.6

0.8

1.0

(b) En agrupación por sector

Figura 11. Varianza explicada acumulada para PCA.

En este sentido, se puede observar la cantidad de
componentes con la cual existe al menos un 0,75 de
varianza acumulada. Se observa que en el caso de la
agrupación por fechas, ver Figura 11(a), se necesitaron
168 componentes para conservar 0,75 de la varianza
acumulada, mientras que en la agrupación por sectores
con 14 componentes se tuvo 0,77 de la varianza acu-
mulada. Por tanto, en el primero se observa un total de
componentes de más de 350, mientras que en el segundo
sólo son 24 componentes.

En este contexto, se realiza el algoritmo PCA conser-
vando la cantidad designada para cada tipo de agru-
pación; número de componentes de 168 y 14. Es de-
cir, se hace una reducción de dimensiones a 168 para,
posteriormente, ajustar y transformar estos datos. La
Figura 12(a) y 12(b) muestran los resultados de realizar
la transformación PCA en las agrupaciones por fecha y
por sector. El análisis de este resultado se detallará en la
siguiente sección.

4.2. k -Means
En esta sección se discutirán los resultados de aplicar k-
Means en los datos, procesados anteriormente. Por tanto,
se aplicará este algoritmo para los datos originales, los
transformados por el proceso de Selección de Atributos y
los transformados por PCA, tanto para las agrupaciones
por Fecha como por Sector.

Para esta finalidad, se utilizó la función
KMeans(n clusters = 2, random state = 123), donde

(a) Resultado en agrupación por fechas.

(b) Resultado en agrupación por sectores.

Figura 12. Resultado de PCA.

n clusters = 2 es debido a que solo se desea 2 grupos de
datos: peligrosos y seguros. Además, cuando se intentó
con mayor número de clústers se obtuvo clústers con
1 elemento, es decir, se comprobó que el k óptimo
para el trabajo realizado era 2. Luego, el parámetro
random state = 123 se utiliza para que se queden
almacenados los números aleatorios generados, y se
utilicen los mismos en otros tipos de agrupamiento. Los
demás hiperparámetros de k-Means fueron establecidos
por defecto.

La Figura 13 muestra todo este proceso descrito.

Caso 1: Datos sin modificar
En la Figura 13(a) se obtuvieron bastantes fechas peligro-
sas, en total fueron 141 fechas, las cuáles fueron: el 28 de
Abril, el 28 de Junio, el 28 de Octubre, el 29 de Enero, el
29 de Abril, el 29 de Setiembre, el 29 de Octubre, el 30
de Junio, el 31 de Agosto y el 31 de Octubre. Por otro
lado, la Figura 13(b) muestra los sectores peligrosos, en
total fueron 17 sectores: 1− 1, 1− 2, 1− 3, 1− 4, 1− 5, 1−
6, 2−2, 2−7, 3−1, 3−2, 3−3, 4−1, 4−2, 4−3, 4−4, 5−1
y 5− 2.

Caso 2: Datos con Selección de atributos
En este caso, la Figura 13(c) se muestra menos fechas
peligrosas que con los datos originales, en total fueron
127 fechas peligrosas, entre ellas están: el 22 de Enero, el
22 de Abril, el 22 de Agosto, el 23 de Febrero, el 23 de
Junio, el 24 de Abril, el 24 de Agosto, el 24 de octubre, el
25 de Enero y el 26 de Febrero. Respecto a los sectores, la
Figura 13(d) muestra menos sectores peligrosos que con
los datos originales, en total fueron 12: 1 − 1, 1 − 2, 1 −
3, 1− 5, 1− 6, 2− 2, 3− 1, 3− 3, 4− 1, 4− 2, 4− 3 y 5− 1.

Caso 3: Datos transformados con PCA
Finalmente, con PCA, ver Figura 13(e), se obtuvieron una
cantidad sumamente inferior para las fechas peligrosas
que con los datos originales y con los datos modificados
con selección de atributos, en total fueron 2: el 18 de Julio
y el 21 de Enero. Respecto a los sectores, ver Figura 13(f),
se obtuvieron una cantidad inferior que con los datos
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(a) Datos originales en agrupación
por fechas.
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(b) Datos originales en agrupación
por sectores.
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(c) Datos con Selección de Atribu-
tos en agrupación por fechas.
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(d) Datos con Selección de Atribu-
tos en agrupación por sectores.
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(e) Datos transformados con PCA
en agrupación por fechas.
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(f) Datos transformados con PCA
en agrupación por sectores.

Figura 13. Resultado de k -Means.

anteriores, en total fueron 11: 1− 1, 1− 3, 1− 5, 1− 6, 2−
2, 3− 1, 3− 2, 3− 3, 4− 1, 4− 2 y 4− 3.

4.3. Análisis de los resultados
Una vez obtenidos los resultados derivados de PCA y

k-Means, en esta sección se va a discutir los resultados
obtenidos. Para ello realizaremos un análisis de los resul-
tados por sectores y fechas para, posteriormente, evaluar
qué tratamiento de datos es el óptimo en este tipo de
problemas.

Análisis por Sectores y fechas
Por un lado, en las gráficas de los datos agrupados

por fechas, ver Figuras 13, se obtiene la percepción que
se han agrupado más fechas peligrosas. Sin embargo,
al examinar la cantidad de datos de cada clúster, ob-
servamos que son menor cantidad. La razón por la que
hay pocos datos dentro del clúster de las fechas seguras
se justifica porque muchas fechas repiten la cantidad
de sectores en los que hubieron accidentes y el total
de accidentes, aunque en realidad la cantidad de fechas
seguras es mayor.

Por otro lado, en las gráficas de los datos agrupados
por sectores los datos no se sobreponen, esto se debe
a que son sólo 24 datos (sectores) y en el eje X se
encuentran el total de dı́as en vez del total de sectores. El
total de dı́as, puede variar de 1 a más de 60, mientras que
el total de sectores solo varı́a de 1 a 9 (es el máximo total
de sectores en donde ocurrieron accidentes el mismo
dı́a).

En este último caso, se puede ver que tanto en los
datos originales como en los que se realizaron selección
de atributos, más de la mitad son sectores peligrosos. Sin
embargo, en el caso de los datos con transformación PCA
se obtuvo un clúster más refinado, con los 11 sectores
más peligrosos. En este contexto, la Figura 14 se muestra
el mapa de San Isidro con los sectores más peligrosos
señalizados.

Igualmente en el caso de los datos agrupados por
fecha, se prefiere el resultado obtenido por los datos
transformados por PCA, ya que muestran con claridad
las dos fechas más peligrosas que se tiene registradas: 21
de Enero y 18 de Julio del año 2016.

Análisis de los clústers

Utilizando la función adjusted rand score de scikit-
learn podemos mostrar el parecido que hay entre los
datos de un conjunto y de otro. Con esta función ob-
servamos el resultado mostrado en la Tabla 1. En este
caso podemos ver que si el resultado está más cerca este
del 0 indica que sus clústers son aleatoriamente inde-
pendientes y, por tanto, es bueno ya que justamente se
quiere que cada clúster tenga sus propias caracterı́sticas.
Sin embargo, más a 1 indica que los clústers son casi
idénticos. La Tabla 1 muestra los resultados tanto en el
que se agruparon por fechas como en el de sectores.

Similaridad entre Por fechas Por sectores
Originales y Sel. de Atr. 0.4664 0.3157
Originales y PCA 0.0340 0.2213

Tabla 1
Similaridad entre los Datos Originales, con Selección de

Atributos y transformados con PCA.

En esta Tabla se puede apreciar que en la agrupación
por fechas, la similaridad entre los datos originales y los
datos transformados por PCA es cercano a cero; mientras
que la similaridad entre los datos originales y los datos
con selección de atributos es casi la mitad. Esto significa
que los clústers del PCA tienen más independencia que
los clústers de la selección de atributos.

Por otro lado, en la agrupación por sectores, la simi-
laridad entre los datos originales y los datos transfor-
mados por PCA es más de 0,2. Esto quiere decir que
los clústers no son independientes, se puede apreciar
cuando se mostró la cantidad de sectores peligrosos en
cada uno, donde la diferencia era sólo de uno. En este
caso, es casi lo mismo que utilizar selección de atributos
en donde el resultado fue un poco más de 0,3. Sin
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Figura 14. Mapa de San Isidro con los sectores más peligrosos señalados

embargo, se sigue prefiriendo la transformación PCA por
ser más óptimo.

5. CONCLUSIONES Y TRABAJO FUTURO

Como se ha visto a lo largo de este trabajo el análisis y
tratamiento de datos son una herramienta fundamental
a la hora de poder realizar técnicas de minerı́a de datos
para sacar nuestras propias conclusiones. Este trabajo se
ha evaluado junto a [9] para mejorar la aplicación móvil
y ası́ poder identificar mejor sectores y fechas peligrosas
a la hora de crear rutas óptimas a los ciudadanos.

En cuanto a las técnicas utilizadas en este trabajo
hemos podido observar que es de suma importancia
realizar la estandarización de los datos antes de aplicar
PCA. En cuanto a PCA, una mayor cantidad de datos
ayudarı́a a mejorar los resultados en los clústers, tenien-
do mayor independencia entre ellos, otro aspecto de la
importancia de que exista gran cantidad de datos.

Sin embargo, en situaciones en donde no se cuente
con muchos datos, como el caso donde se agruparon
por sectores, es casi igual de efectivo utilizar el proceso
de selección de atributos que PCA. De lo anterior se
extrapola que la selección de atributos es efectivo cuando
se tienen muy pocos datos.

En cuanto al algoritmo k-Means, fue efectivo utilizar
k = 2 ya que se debı́a dividir en 2 clases de grupos: peli-
grosos y seguros. Sin embargo, no se puede generalizar
que este k siempre se deba utilizar. Es necesario realizar
pruebas con distintas cantidad de centroides.

Comparando estos resultados con [9], podemos ver
como los resultados obtenidos con los ULAs fueron más
significativos que los Supervisados, ya que se obtuvo
una mejor visión del comportamiento de los datos.
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wireless sensor node for fog computing platforms,” Journal of
Sensors, vol. 2018, 2018.



9

[6] S. Yi, C. Li, and Q. Li, “A survey of fog computing: Concepts,
applications and issues,” in Proceedings of the 2015 Workshop
on Mobile Big Data, ser. Mobidata ’15. ACM, 2015, pp. 37–42.
[Online]. Available: http://doi.acm.org/10.1145/2757384.2757397

[7] B. Tang, Z. Chen, G. Hefferman, T. Wei, H. He,
and Q. Yang, “A hierarchical distributed fog computing
architecture for big data sis in smart cities,” in Proceedings
of the ASE BigData &#38; SocialInformatics 2015, ser. ASE
BD&#38;SI ’15. ACM, 2015, pp. 28:1–28:6. [Online]. Available:
http://doi.acm.org/10.1145/2818869.2818898

[8] F. Camastra, A. Ciaramella, and A. Staiano, “Machine learning
and soft computing for ict security: an overview of current
trends,” Journal of Ambient Intelligence and Humanized Computing,
vol. 4, no. 2, pp. 235–247, Apr 2013.

[9] G. B. Rocca, M. Castillo-Cara, R. A. Levano, J. V. Herrera, and
L. Orozco-Barbosa, “Citizen security using machine learning al-
gorithms through open data,” in 2016 8th IEEE Latin-American
Conference on Communications (LATINCOM), Nov 2016, pp. 1–6.

[10] A. V. Calcines et al., “Algoritmos de aprendizaje automático: apli-
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Chapter 3

Conclusions and Future Directions

This section summarizes the main conclusions and outlines the main future

research directions.

3.1 Conclusions

Wireless technologies have evolved enormously with the arrival of the Internet

of Things and the wide range of applications, from Smart Cities to Smart

Farming.

This thesis reports on the main contribution to two key building blocks of

many IoT applications: RSSI fingerprint-based indoor localization techniques

and Fog Computing systems. The former should enable the development

of context-based applications, while the second will provide the required

infrastructure to enable the deployment of ubiquitous applications.

Indoor localization

Beginning with the complexity of indoor localization, this Doctoral dissertation

reveals some useful insight into the characteristics required to calibrate

BLE4.0-based indoor localization mechanisms. Based on the disadvantages

imposed by the smartphones, mainly the limited sampling rate and values of

the RSSI, the study was conducted with the following specifications: (i) the

use of a hardware transmitter with different transmission power levels; (ii) the

use of BLE4.0 dedicated antenna; and (iii) an evaluation of the importance of
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the RSSI for the classification models taking into account the positions and

transmission power setups for beacon transmitters. As we have not been

able to fully explain the extent and nature of the impact of the architectural

features on the RSSI metric, we have focused on describing the lab floor. The

results provide insights into the impartance of determining the placement

of the BLE4.0 beacons with respect to reflective surfaces, e.g., windows and

plasterboard walls.

In this context, the present Thesis has contributed to the mitigation of the

multipath fading effect based on asymmetric transmission power setups. The

results show a remarkable improvement in the accuracy of the classification

models. Therefore, and in order to perform an optimized search between

the different Beacons and transmission power levels, two algorithms based

on metaheuristics were evaluated: (i) Estimation of Distribution Algorithm;

and (ii) Evolutionary Algorithm. The results evidence that an evolutionary

algorithm achieves an almost perfect transmission power setup reducing the

high number of executions compared to the simple combinatorial techniques.

Finally, with the aim of further improving the performance of the

localization mechanism, a Benchmark was performed on energy and CPU

consumption and instructions per cycle, verifying that the Boosted Aggregation

algorithms from Ensemble Models present a useful relationship between

metrics and computational consumption. All the algorithms studied, especially

the Non-Linear and Ensemble models, are a good option, although their

very high computational consumption opens a new challenge in the actual

deployment based on embedded devices. Consequently, it was proposed to

develop a Fog Computing architecture in order to use these techniques in these

systems with very low computational resources.

Distributed Computing

Distributed computing is a concept linked to continuously evolving computer

infrastructures. In this type of infrastructure, this research worked on Fog

computing architecture, above all, developing FROG: a robust and green
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wireless sensor network platform to be integrated into the Fog architecture. The

design has been fully justified after a review of the current trends on the use of

Internet of Things technologies in various types of Smart City and Farming

applications.

The design was based on the use of open software and open hardware

platforms. Moreover, it is important to use of some of the facilities and

functionalities already available on the market. In this context, it was proved

that the use of a reduced number of sensor nodes capable of acting as a relay

or end node as required will provide the means to considerably improve the

network operation while lowering the power required for the overall network

operation.

3.2 Future Directions

The main purpose of the development of the distributed platform is to design

indoor localization applications based on Fog computing architectures. As

has been observed in the literature and in this Doctoral dissertation, both

concepts can be closely connected. For example, traditional approaches use

a cloud-like architecture for data storage and processing, while a future work

of this Doctoral Thesis is to perform this data processing at the edge level,

taking final decisions near the receiver. Moreover, in order to minimize energy

consumption in the edge level, microcomputers can be used to make real-time

decisions.

Moreover, novel technologies can be incorporated into the Fog Computing

platform, such as the emerging Bluetooth 5.0. The use of other Machine

Learning algorithms may improve the accuracy and, of course, the different

filters to identify the outliers/inliers. In this context, the future work is

to develop the use of this type of algorithms for real-time localization in

autonomous navigation and that can be compared to other techniques already

used such as particle filter or Kalman filter.
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Finally, the work may be extended to develop end-user services based on

a Complex Event Processing (CEP) system and the Fog computing paradigm.

Furthermore, Software Defined Networks (SDNs) may certainly contribute to

the development of Smart location-aware systems and applications.
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