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Resumen

Las redes de sensores inalámbricos (WSNs, Wireless Sensor Networks) tienen como objetivo
la correcta recopilación y representación de una o múltiples variables físicas del medio ambiente,
midiendo los sensores y transmitiendo de forma inalámbrica de los paquetes de datos a un centro de
fusión de datos (DFC, Data Fusion Center). Por norma general, no existe un conjunto exhaustivo
de requisitos comunes para todas las WSNs, ya que éstos dependen de la aplicación final. Además,
debido a las caracterísitcas específicas de los nodos o a las restricciones en el consumo energético,
varias disyuntivas se han de considerar durante el diseño, y en particular, el precio de los nodos
sensores es un factor determinante. La distinción entre WSNs de pequeña y gran escala no
solo se refiere a la cantidad de nodos sensores, sino que también establece los principales retos
de diseño para cada caso. Por ejemplo, la organización de los nodos es un tema clave en las
WSNs de gran escala, donde muchos nodos de bajo coste tienen que trabajar adecuadamente de
forma coordinada. En cuanto a la cantidad de datos y de la precisión requerida, también existe
una diferencia significativa entre las redes de pequeña y de gran escala, y diferentes técnicas de
procesado de datos dentro de la red son necesarias, bien sea para proteger la calidad de los datos
o para comprimirlos con el fin de transmitir menos bytes. Por último, las fuentes de alimentación,
que suelen ser irreemplazables en WSNs de gran escala, causan inconvenientes en el consumo
energético y la eficiencia energética se convierte en un requisito de diseño relevante.
El objetivo principal de esta tesis es el desarrollo de algoritmos distribuidos de procesado da
datos para WSNs de escalas extremas, para la organización de los nodos y la recopilación correcta
de los datos. En este trabajo, la expresión escalas extremas se emplea para denominar tanto la
pequeña y como la gran escala, desde el punto de vista del tamaño de la red. Para lograr este
objetivo, se tienen en cuenta las necesidades y los retos de diseño de cada caso. Las áreas de
aplicación consideradas son la monitorización del medio, la climatología y la bioingeniería, campos
de relevancia actual y con alto impacto económico y social.
Debido a la naturaleza de las diferentes WSNs y de las aplicaciones seleccionadas, se establecen
los siguientes objetivos específicos. El primer objetivo específico comprende el desarrollo de un algoritmo de clustering auto-organizado, llamado Second-Order Data-Coupled Clustering (SODCC).
Este algoritmo utiliza los datos medidos por los nodos para la partición de la red, de tal manera que
la matriz de autocorrelación de cada cluster es invertible. Con esta configuración, el algoritmo de
procesado de datos dentro de la red implementado se encuentra con las condiciones óptimas para
comprimir datos. La evaluación experimental de SODCC utiliza datos reales de temperatura del
aire recogidos por una WSN de gran escala y confirma la relación de ley de potencias esperada para
la distribución estadística del tamaño de los clusteres. Además, la combinación de SODCC con el
algoritmo de procesado de datos dentro de la red Compressive-Projections Principal Component
Analysis (CPPCA) logra un perfecto equilibrio entre la calidad de los datos reconstruidos en el DFC
y la energía consumida por el proceso de recopilación de datos. Este objetivo está relacionado con
la aplicación de monitorización del medio.
El segundo objetivo específico se refiere a la aplicación de climatología. Datos históricos
de temperatura medidos por estaciones meteorológicas repartidas por Europa y Asia occidental
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son analizados con el algoritmo SODCC. La idea es identificar los diferentes tipos de correlación
espacio-temporal de los datos existentes, en función de su extensión geográfica. Este análisis
perimte detectar los cambios en la correlación de los datos a lo largo de las décadas y vincularlos
con eventos climáticos conocidos. Este análisis permite identificar un cambio en la tendencia de la
temperatura del aire para las estaciones de la Península Ibérica y del sur de Francia. Este cambio
se puede asociar con un aumento del riesgo de extinción de especies de plantas, y apunta a una
evidencia para un patrón de cambio climático.
El tercer objetivo específico se centra en el análisis de la marcha humana dentro del campo
de la bioingeniería, la primera aplicación de esta tesis para WSNs de pequeña escala. La principal
contribución a este objetivo es el análisis de la variabilidad de la marcha humana y el desarrollo de
un sistema de medidas de la marcha de forma ambulatoria. El potencial de este sistema se muestra
mediante dos pruebas de concepto que incluyen experimentos de diversa duración temporal. El
análisis realizado de la variabilidad de la señal sobre los datos de aceleración muestra que este
sistema podría ser utilizado como sistema de apoyo al diagnóstico, ya que es posible analizar
diferentes supuestos de la marcha, como la simetría.
El cuarto y último objetivo específico de esta tesis se refiere a las WSNs de pequeña escala
para la medida del electrocardiograma (ECG, Electrocardiogram). Esta aplicación de bioingeniería
requiere una alta calidad de la señal, ya que las consecuencias de que un médico emita un posible
diagnóstico incorrecto serían graves. Por tanto, las técnicas de Compressed Sensing (CS) y la
transformada wavelet (WT, Wavelet Transform) se utilizan, con una configuración de parámetros
adecuadas, para incrementar la calidad diagnóstica de los ECGs medidos. Los resultados muestran
que las métricas de calidad basadas en parámetros estadísticos de tendencia central no son apropiados para evaluar este tipo de sistemas debido a su alta varianza, presente incluso entre sujetos
sanos.

Abstract

Wireless Sensor Networks (WSNs) aim for accurate data gathering and representation of one
or multiple physical variables from the environment, by means of sensor reading and wireless data
packets transmission to a Data Fusion Center (DFC). There is no comprehensive common set
of requirements for all WSN, as they are application dependent. Moreover, due to specific node
capabilities or energy consumption constraints several tradeoffs have to be considered during the
design, and particularly, the price of the sensor nodes is a determining factor. The distinction
between small and large scale WSNs does not only refers to the quantity of sensor nodes, but
also establishes the main design challenges in each case. For example, the node organization
is a key issue in large scale WSNs, where many inexpensive nodes have to properly work in a
coordinated manner. Regarding the amount of data and the required accuracy, there is also
a significant difference between small and large scale networks, and different in-network data
processing techniques are essential, either to protect the data quality or to compress it in order to
transmit less bytes. Finally, irreplaceable power supplies that are common in large scale WSNs,
lead to energy consumption issues and the energy efficient operation becomes a relevant design
requirement.
The main goal of this thesis is the development of distributed processing algorithms for WSNs
of extreme scales, for node organization and accurate data gathering. The term extreme scales is
used in this work to denote both small and large scale, from network size point of view. To achieve
this goal the research takes into account the requirements and design challenges in each case. The
considered areas of application are the environmental monitoring, climatology, and bioengineering,
fields of current relevance and with high economic and social impact.
Due to the diverse nature of the WSNs and the selected applications, the following specific objectives are established. The first specific objective comprises the development of a self-organized
clustering algorithm, named Second-Order Data-Coupled Clustering (SODCC). This algorithm uses
the data measured by the nodes for clustering the network such that the autocorrelation matrix
of each cluster is invertible. With this configuration, the in-network data processing algorithm implemented is optimally conditioned to compress the data. The experimental evaluation of SODCC
uses actual air temperature data gathered by a large scale WSN and confirms the expected powerlaw behavior of the cluster size statistical distribution. Moreover, the combination of SODCC with
the Compressive-Projections Principal Component Analysis (CPPCA) in-network processing algorithm achieves a perfect balance between the quality of the reconstructed data at the DFC and the
energy consumption of the data gathering process. This objective is related to the environmental
monitoring application.
The second specific objective refers to the climatology application. Historical temperature
data gathered by weather stations spread all over Europe and Western Asia are analyzed with
the SODCC algorithm. The motivation is to identify the existing types of spatio-temporal data
correlations based on their geographical extent. This enables the possibility to detect changes in
the data correlation over the decades, and to link them with known climate issues. With this
analysis it is possible to identify a change in the trend of air temperature for the stations in the
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Iberian Peninsula and Southern France. This change can be associated with a increased risk of
extinction for plant species, and points to an evidence of a climate-change pattern.
The third specific objective focuses on the analysis of the human gait within the bioengineering
field, the first application of this thesis for small scale WSNs. The main contribution towards this
goal is the analysis of the variability of the human gait, and the development of an ambulatory gait
measurement system. The potential of this system is shown, by means of two proofs of concept that
include actual experiments of diverse temporal duration. The signal variability analysis performed
over the acceleration data shows that this system may be used as a diagnostic support system, as
different issues as the gait symmetry can be analyzed.
The fourth and last specific objective of this thesis is related to the small scale WSNs for
Electrocardiogram (ECG) measurement. This bioengineering application requires a high signal
quality, as the consequences of a possible incorrect diagnostic issued by a physician would be
severe. Therefore, the Compressed Sensing (CS) and Wavelet Transform (WT) techniques with a
suitable parameter configuration are used to increase the diagnostic capabilities of the measured
ECGs. The results show that quality metrics based on central tendency statistics are not appropriate
to evaluate this kind of systems due to their high variance, even among healthy subjects.
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Chapter 1
Introduction

This Doctoral Thesis is in the field of the distributed processing within Wireless Sensor Networks (WSNs), and analyzes their performance in various applications: environmental monitoring,
climatology and bioengineering. This first chapter starts with a general introduction to WSN and a
brief review of the state of the art, focusing in the elements of these networks that will participate
to a greater extent in the subsequent research. Next, in order to show the raison d’être of this
Thesis, both the motivation and the objectives pursued are proposed. The chapter ends with a
presentation of the outline of this document, and an enumeration of the main contributions.
1.1

Wireless Sensor Networks

The history of WSNs starts with the so called “packet radio” networks, the first project of
wireless ad hoc networks funded by the Defense Advanced Research Projects Agency, in the 1970s
[Jub87]. The term “ad hoc” is a Latin phrase meaning "for this", and in this case indicates the
high reliance between each particular deployment and the corresponding application. During the
subsequent years, research regarding wireless ad hoc networks has been extensive, and issues as
device mobility, Quality of Service (QoS) or energy efficiency, among others, have been addressed.
The application scenarios of these networks include military applications, crisis response, medical
care or conference meetings. Due to this high interest, in the 1990s the Mobile Ad Hoc Networking
[Iet] working group was established in order to standardize protocols for these type of networks.
A WSN is a subtype of wireless ad hoc networks, i.e. a decentralized network with no infrastructure that is formed by a given amount of devices endowed with sensing capabilities, also known
as sensor nodes. The communication between sensor nodes is performed in a wireless fashion and
all devices in the network can take part in a data transmission, acting as intermediate routers.
One main goal of a WSN is the data gathering to obtain accurate representations of one
or multiple variables from the environment. Due to the wide range of possible applications and
their particular requirements, it is mandatory for a WSN to be application dependent [Kar07].
Despite this fact, multiple research has been made in this field with significant achievements
[Phi02, Ing10, Mam11, Bie, Muk15]. Figure 1.1 shows the schematic view of the operation of a
generic WSN. The sensor nodes (blue dots) deployed in a given environment measure the field
of interest, process the measurements and transmit them to the Data Fusion Center (DFC). This
figure also shows the five main components of a sensor node, that are:
• Sensors that measure the environment. Some examples include: temperature, humidity
or other environmental variables [Bod, Ing10, Ade14], presence [Nat13, Du15], gases and
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Figure 1.1: Schematic view of the operation of a WSN. The sensor nodes (blue dots) measure the environment, process and transmit their measurements to the DFC, where the environment is analyzed from the
data gathered.

fumes [Bie, Kum14], location [Phi02, Som14], velocity [Sta13, Anc14], physiological signals
[Mam11, Ata12, Muk15], and many others.
• Memory, used to store the data and the programs that process it. Multiple types of memory
can be used, such as Flash [Mem07, Sun], RAM [Mem07, Sun], external SD cards [Vir, Libb],
among others.
• Communication is required as the information measured has to be transmitted where it is
needed, i.e. the DFC. For it, either proprietary or standard technologies can be used, i.e.
the Institute of Electrical and Electronics Engineers (IEEE) 802 standards such as 802.15.4
[Ieeb] or 802.11 [Ieea], or their commercial implementations such as Bluetooth [Blu], Zigbee
[Zig] or Wi-Fi [Wf].
• Controller, the brain of the sensor node, is responsible for taking the measurements from the
sensors at the appropriate time, performing the required computations over them, storing
the data in the memory, and ordering the transmission to the DFC to the communication
component. All these tasks depend on the application requirements and, for example, there
are applications that omit the data processing [Liu07] and applications that perform different
calculations over the data [Bou03], in both cases to reduce the energy consumption by using
different approaches.
• Power supply gives energy to all other components. Depending on the application, the power
supply is usually irreplaceable or unchangeable making compulsory the energy efficiency of
the sensor node, achieved through multiple approaches [Bou03, Mam11, Hun12, Som14].
The most salient characteristic of WSNs is the tradeoff between multiple design requirements
or node features such as: price, size, weight, process capability, amount of memory, quality of
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the data reconstructed by the DFC, etc.. For example, the price is one of the main constraints
and the most common tradeoff with the node capabilities, and it is quite usual for WSNs to be
formed either by many inexpensive and dumb nodes [Bod, Ing10, Ade14, Bie] or by few expensive
and intelligent nodes [Phi02, Mam11]. On the other hand, if a long lifetime is required the node
operation is also affected, as a tradeoff between fewer data processing, fewer memory usage and
fewer communications leads to a higher energy efficiency. There is no set of common requirements
for all WSN applications, but in general there is some constraint that determines the entire design
process.
There are also remarkable differences between WSN (as a subtype of wireless ad hoc networks)
and other kind of networks, either wired or wireless. Because of the multiple constraints of WSN,
it is more difficult to obtain high QoS [Mor10], i.e. low bit error rate, jitter or delay. To improve
communication, and therefore to increase the QoS, a cross-layer approach is commonly used
[Mad06, Wan07, Men11]. With this approach, the strict interfaces between the layers the classical
Open System Interconnection (OSI) network stack are loosened and the entire network operation
is optimized.
In conclusion, a WSN is a network formed by multiple devices that measure the environment,
where the existence of multiple tradeoffs during both the design and deployment is beyond any
doubt. In the following, some of these tradeoffs will become apparent according as the diverse
objectives of this thesis are pursued.
1.2

Motivation and Objectives

The main goal of any monitoring application is the measuring and transmission to a DFC of the
variable of interest. The size of the WSN, in terms of number of nodes, is one of the distinguishing
features that has a major impact both in the design stage and during the operation for these type
of applications. In this thesis, the separation between small and large scale WSNs is set in N = 10.
Although not a standard value, it is a convenient one that allows us to differentiate between the
bioengineering applications that use just a few number of sensors and the other two applications
that require many more sensors.
Small and large scale WSN share similar aim, that is accurate data gathering. However, the
requirements and challenges in their design are slightly different:
• The management and organization of the nodes is more significant and costly for large
scale WSNs. Although the WSN is build with a large amount of inexpensive devices, if
they are not able to operate properly and coordinately, the entire network fails to fulfill its
goal. Then, specific algorithms for network organization, such as clustering algorithms, are
mandatory. On the other hand, the management of few nodes is easy and usually small scale
WSN do not require specific algorithms or protocols for it.
• The amount of measured data may be quite large in the case of large scale WSN and its
transmission to the DFC may be intractable. Then, of procedures that reduce the quantity
of bytes to transmit are strongly recommended, such as data compression algorithms. On
the other hand, although the amount may be lower, the quality required for the measured
data is much higher for small scale WSN, specially for bioengineering applications where
small details could make the difference between the health and illness states.
• The energy consumed by the devices that form the WSN is also an issue. Large scale
WSN require an energy efficient operation as the network lifetime is a relevant parameter
to determine the achievements of the network goals. On the other hand, in the case of
small scale WSN for bioengineering the batteries of the devices can be recharged between
consecutive experiments.
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This thesis is devoted to the research of both small and large scale WSNs, taking into consideration the requirements and challenges of each type, with the following specific objectives:
(O1) – Development of a novel self-organized clustering algorithm, that organizes the sensor
nodes using the statistics of the data measured. Evaluation of performance of the
algorithm using actual data, assessing both the energy efficiency and data quality.
(O2) – Application of the previous clustering algorithm to actual data obtained from a field
unrelated with WSNs, i.e. climatology. The idea is to study the data statistics and
its evolution over the time via the obtained clustering configuration for the sampling
locations, i.e. the weather stations.
(O3) – Design and deployment of an ambulatory gait measuring system using the acceleration
of four specific points of the lower limbs, seeking for a diagnostic support system.
Validation of the system both for short and long experiments using state of the art
metrics.
(O4) – Analysis of the validation methodology used by state of the art wireless Electrocardiogram (ECG) measuring systems, aiming for systems that guarantee the diagnostic
quality of the measured data.
1.3

Outline of the Dissertation and Contributions

This thesis contains two parts and it is organized in line with the types of WSN considered,
i.e. large and small scale. Next, the contents of each chapter of the thesis are explained and,
following, a list of the generated publications is shown.
1.3.1

Part I - Large Scale Wireless Sensor Networks

The first part of the thesis has three chapters and comprises the research and results regarding
large scale WSN and their application to environmental monitoring and climatology.
Chapter 2 is devoted to the definition of a novel clustering algorithm for WSN, named SecondOrder Data-Coupled Clustering (SODCC). The algorithm uses second-order statistics of the measured data to partition the network ensuring for each cluster both a separable autocorrelation
matrix and a well-posed problem for an in-network algorithm that uses the same statistics. In this
chapter, the performance and limitation analysis of the SODCC algorithm are also addressed.
Chapter 3 addresses the testing of the SODCC algorithm using air temperature data from an
actual WSN. The experiments performed first assess the performance of the SODCC algorithm,
aiming to confirm the theoretical analysis of the previous chapter. Then, the algorithm is evaluated
in terms of both quality of the gathered data and energy consumption during the network lifetime,
showing promising results in each case.
Chapter 4 deals with the study of the temperature patterns in Europe and Western Asia
during the period 1940–2000, using the SODCC algorithm, within the framework of Detection
and Attribution (D&A) of climate change problems. The data used is gathered from measuring
stations located in Europe and Western Asia and the results show the existence of three different
regimes of correlations based on their geographical extent. In particular, it is detected a change
in the trend of the data in the Iberian Peninsula around the 1970s, that can be associated with
climate change threats to plant diversity.
1.3.2

Part II - Small Scale Wireless Sensor Networks

The second part of the thesis has two chapters and are dedicated to the small scale WSN and
their application to bioengineering, wearable healthcare monitoring.
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Chapter 5 details the design and deployment of an ambulatory gait measurement system based
on a small scale WSN, that is able to measure the acceleration of four specific points of the
human body. The benefits of this system include the possibility of measuring the natural gait
with very little interference from the measuring devices and the experimental environment. The
performance of the deployed WSN is assessed with two proofs of concept, that include both short
and long-duration experiments and signal complexity evaluation with state of the art metrics.
Chapter 6 includes the study of small scale WSN that measures the ECG signal. Assuming a
sparse ECG signal in a given domain, the data is compressed and recovered by means of Compressed
Sensing (CS) and L1 optimization problems, respectively. Our analysis shows that the validation
of ECG measurement systems for clinical use requires both quality metrics that ensure diagnostic
quality, and more suitable statistical analysis than the usage of central tendency statistics (e.g.
mean, median).
Chapter 7 includes the general conclusions of this thesis and the future work.
1.3.3

Contributions

The research developed during this PhD has been published in various media that are enumerated following.
Journal articles
[1] Chidean M.I., Morgado E., del Arco E., Ramiro-Bargueño J., and Caamaño
A.J., Scalable Data-Coupled Clustering for Large Scale WSN, IEEE Transactions on Wireless
Communications, vol. 14,9, pp. 4681–4694, 2015.
[2] Chidean M.I., Muñoz-Bulnes J., Ramiro-Bargueño J., Caamaño A.J., and
Salcedo-Sanz, S., Spatio-Temporal Trend Analysis of Air Temperature in Europe and
Western Asia using Data-Coupled Clustering, Global and Planetary Change, vol. 129, pp.
45–55, 2015.
[3] Chidean M.I., Morgado E., Sanromán-Junquera M., Ramiro-Bargueño J.,
Ramos J., and Caamaño A.J., Energy Efficiency and Quality of Reconstruction of SelfOrganized Data-Coupled Clustering for Large-Scale WSNs, Submitted manuscript, 2015.
[4] Chidean M.I., del Arco E., Morgado E., Ramiro-Bargueño J., and Caamaño
A.J., Ambulatory Gait Measurement System for Natural Environments, In preparation, 2015.
International conferences
[5] Chidean M.I., Morgado E., del Arco E., Ramiro-Bargueño J., and Caamaño
A.J., Self-Organized Distributed Compressive Projection in Large Scale Wireless Sensor
Networks, IEEE International Symposium on Personal, Indoor and Mobile Radio Communications, PIMRC, pp. 2000–2004, 2013.
[6] Chidean, M.I., Pastor G., Morgado E., Ramiro-Bargueño J., and Caamaño
A.J., Wireless Sensor Network for Low-Complexity Entropy Determination of Human Gait,
IEEE International Symposium on Personal, Indoor and Mobile Radio Communications,
PIMRC, pp. 2644–2648, 2013.
[7] Chidean, M.I., Morgado E., del Arco E., Pastor G., Moreno-Carretero A.,
Ramiro-Bargueño J., and Caamaño A.J., Incremental Similarity Metric to Evaluate
Complexity of Human Gait: A Distributed Wireless Sensor Network Approach, IEEE Sensors,
pp. 2207 – 2210, 2014.
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[8] Chidean M.I., Barquero-Pérez Ó., Zhang Q., Jacobsen R.H., and Caamaño
A.J., High Diagnostic Quality ECG Compression and CS Signal Reconstruction in Body
Sensor Networks, IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Accepted, 2016.
National conferences
[9] Chidean M.I., Muñoz-Bulnes J., Ramiro-Bargueño J., Caamaño A.J., and
Salcedo-Sanz, S., Análisis de Tendencias Espacio-Temporales de Temperatura en Europa mediante Clusterización Acoplada a Datos, X Congreso Español de Metaheurísticos,
Algoritmos Evolutivos y Bioinspirados (MAEB2015), 2015.

Book chapter published prior the beginning of this PhD and which was the seed for large part
of the research undertaken
[10] Foche I., Chidean M.I., Simó-Reigadas F.J., Mora-Jiménez I., Rojo-Álvarez
J.L., Ramiro-Bargueño J., and Caamaño A.J., Monitoring Energy Efficiency in Buildings with Wireless Sensor Networks: NRG-WiSe Building, Energy Efficiency in Communications and Networks, pp. 117-142, 2012.
Additional contributions developed during the PhD period, however not related to this dissertation
[11] del Arco E., Morgado E., Chidean M.I., Ramiro-Bargueño J., Mora-Jimenez
I., and Caamaño A.J., Sparse Vehicular Sensor Networks for Traffic Dynamics Reconstruction, IEEE Transactions on Intelligent Transportation Systems, vol. 16, 5, pp. 2826–2837,
2015.
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Chapter 2
SODCC Algorithm: Theory and Analysis for WSNs

This chapter is the first of a total of three focused on the analysis of Large Scale Wireless
Sensor Networks (LS-WSNs). First, a novel framework for WSN that combines both clustering
and in-network processing algorithms is proposed (Section 2.1). Next, the Second-Order DataCoupled Clustering (SODCC) algorithm is detailed (Section 2.2). Finally, the performance of the
SODCC algorithm is analyzed from various points of view, including the distribution of the cluster
sizes, the scalability, and the message complexity (Section 2.3). Several of the limitations of the
aforementioned algorithm, along with possible solutions, are also addressed (Section 2.4).
2.1

General Framework for Self-Organized Data-Coupled Algorithms

This first section is devoted to the motivation and proposal of a novel framework for the design
of self-organized algorithms for WSN. The discriminant feature with similar frameworks is the final
goal, which in this case is the coupling between the network organization and the measured field.
Following, the main components of a WSN and its operation are defined and the general framework
is explained.
Consider a group of N sensor nodes that form a WSN and measure a given environmental
variable. The spatial localization of these nodes follows no rules (random localization) and their
position does not change over the time (static nodes). During the operation of the WSN, each of
the N nodes takes a measurement every Ts time instants, obtaining a total of M measurements
per node.
Regarding the network organization, the WSN is partitioned in Nc clusters (i.e. subsets of
nodes) in order to avoid the capacity limitations of a plain WSN [Gup00]. The size of each of
the Nc clusters is Ni , where i = 1, ..., Nc . State of the art clustering algorithms consider selforganization, meaning that the nodes organize themselves and do not depend on a central and
resourceful central node. The challenges for self-organized clustering algorithms are several, and
include: 1) low energy consumption; 2) low amount of control messages or, in other words, low
bandwidth consumption; and 3) low computational burden. These challenges exist because the
clustering task is not part of the primary objectives of WSNs (the measurement of the environment),
being constrained to use as few resources as possible.
In addition, each cluster of the WSN performs data processing in order to improve the efficiency of the data transmissions. This local processing can range from the simplest possible
(i.e. computation of the maximum value measured by the nodes form a cluster [Bou03]), to
more sophisticated algorithms (i.e. discovery of local data correlation [Wan12]). In the choice
of the processing algorithm, the tradeoff between the use of the computation resource and the
improvement of the transmission efficiency has to be considered. In other words, depending on the
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Figure 2.1: General framework for self-organized data-coupled algorithms for WSNs. The design of algorithms within this framework follows a circular path, where in-network processing and clustering algorithms
are linked through the sensed data and its statistics.

processing algorithm, the energy consumption is distributed in different ways among processing
and transmissions. An unfortunate choice can lead to a network flooding, that can lead to packet
collisions and multiple packet retransmissions, significantly increasing the energy consumed. An
appropriate data processing algorithm reduces the data packets transmitted, as well as maintains
a good data quality at the DFC, the point where the information is needed.
The question that arises here is: Why the clustering and the in-network processing algorithms
do not cooperate to improve the performance of the WSN? The simplest answer to this question
is that these algorithms are usually designed independently and not following a common goal.
Therefore, in this thesis a novel framework for joint design of clustering and in-network processing
algorithms for WSNs is proposed, being linked by the statistics of measured data.
Then, let be an in-network processing algorithm implemented in a distributed fashion in each
of the Nc clusters that form the WSN. For example, this algorithm can exploit the redundancy of
the sensed data and encode it, in order to transmit Ki encoded messages instead of the Ni data
messages (Ki < Ni ) to the DFC. To obtain a reconstructed data in the DFC as similar as possible
to the measured data, the algorithm needs a well-posed problem in each cluster (i.e. non-zero
determinant of the experimental covariance matrix), regardless of the cluster size. Then, this
processing algorithm may use some statistic properties of the sensed data to be optimized, such
as the variance or kurtosis. Finally, although the data is encoded within each cluster, the overall
operation must exhibit an asymptotic behaviour (as the number of partitions diminish) tending to
that of the centralized problem [Ber89].
On the other hand, data-coupled clustering algorithms also use some characteristic of the
sensed data as part of the decision criterion and guide for the network partitioning. As both
in-network processing and clustering algorithms use the same data, the obvious choice, in terms
of computational burden, is to use the same characteristics. Therefore, the clustering algorithm
“couples” the network configuration to the sensed data, by forming clusters in which the in-network
processing algorithm has a well-posed problem to solve.
Figure 2.1 summarizes this general framework and shows the link between the two strategies
considered in this thesis. This framework generates a family of in-network processing and clustering algorithms combinations, each determined by the statistic employed. The design of either a
clustering or an in-network processing algorithm within this framework follows a circular path, and
any decision has to consider the measured data.
In this work, we select Compressive-Projections Principal Component Analysis (CPPCA) [Fow09]
as the in-network processing algorithm. This algorithm is based on Principal Component Analysis
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Figure 2.2: Example of system architecture for (a) centralized, (b) distributed and (c) data-coupled settings.
Circles and squares indicate sensor nodes and CH locations, respectively, and arrows show the transmission
direction.

(PCA) and, therefore, uses the second-order statistics of the data for the encoding/decoding. The
Second-Order Data-Coupled Clustering (SODCC) algorithm defined in this thesis also uses secondorder statistics to decide the cluster formation. In short, the dimension of the signal subspace of
the data gathered by each cluster is computed iteratively using the Fast Subspace Decomposition
(FSD) [Xu94], and the obtained value is used in the decision criterion.
With this general framework, a traditional and centralized data gathering, as the one plotted in
Figure 2.2(a), is not only converted to distributed data gathering (see Figure 2.2(b)), but to a datacoupled setting, as in Figure 2.2(c). The main advantages of a data-coupled setting include the
well-posedness of the encoding problem in each cluster, the adjustment of the cluster configuration
to the needs of the sensed data, and the possibility to adjust both the compression rate (Ki/Ni )
and the quality of the reconstruction to the needs of each network area.
2.1.1

Distributed-CPPCA

CPPCA was first proposed for satellite hyperspectral imagery compression [Fow09]. This algorithm shifts the computational burden of PCA from the resource-limited satellite (encoder) to the
Earth base-station (decoder), which has more process capacity. The light-encoder/heavy-decoder
system architecture of CPPCA seems to fit a LS-WSN scenario.
CPPCA is a distributable algorithm, as it can be implemented independently in each cluster. In
this setting, the Cluster Head (CH) acts as the encoder for the Ni nodes that form the i-th cluster
in the network. The CPPCA procedure provides the clusters with data compression capabilities
and is but one of the many possible algorithms that can be used. We have selected this algorithm
for its simple encoding procedure based on vector-matrix multiplications that can be easily carried
out in sensor nodes.
In order to provide basic definitions, and to relate the LS-WSNs terminology with the CPPCA
one, we now summarize the method. For a complete explanation refer to [Fow09].
Consider that each of the Ni nodes that form a cluster have M measurements available. The
Ni × M measured data matrix X is to be assembled as X = [x1 , . . . , xM ], where each column of
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this matrix is a zero-mean vector xm ∈ RNi , m = 1, . . . , M . Let Σ be the covariance matrix of X,
estimated as Σ = XX⊺ /M , where (⋅)⊺ indicates the transpose operation.
The main advantage of CPPCA is that the data encoding is an orthonormal projection to a
lower-dimension random subspace. Consider the subspace P of dimension Ki and the orthonormal
Compressed Projection matrix P = [p1 , . . . , pKi ] of size Ni × Ki , which provides an orthonormal
projection onto P. Therefore, ym = PP⊺ xm = Pỹm is the projection of xm onto P, and ỹm
represents the encoded vector. The covariance matrix of Ỹ = [ỹ1 , . . . , ỹM ] is
Σ̃ = ỸỸ⊺ /M = P⊺ XX⊺ P/M = P⊺ ΣP

(2.1)

Regarding the implementation of the CPPCA algorithm, the encoder splits its dataset X into
J partitions X(j) , j = 1, . . . , J, corresponding each to a projection matrix P(j) of a different
K-dimensional subspace P (j) . Then it computes the projected vectors Ỹ(j) = P(j) X(j) and
transmits them to the DFC, that acts as decoder. In the original CPPCA procedure, the projection
operators P(j) are known a priori by both the encoder and decoder.
On the decoder side, the covariance matrix Σ̃(j) of the received projected data Ỹ(j) is estimated, using the Rayleigh-Ritz (RR) procedure [Par80]. The RR theory postulates that the
eigenvalues λ̃ and eigenvectors ṽ of the covariance matrix Σ̃(j) are a reasonable approximation
to the eigenvalues λ and eigenvectors v of the covariance matrix Σ(j) , obtained from the original
data. The difference between them is bounded by the Gap Theorem [Par80], which holds that if
the separation between the eigenvalues λ of Σ(j) is large enough, the angle between v and ṽ is
bounded.
Following, the decoder uses the Projections Onto Convex Sets (POCS) [Fow09] optimization
repeatedly, until the first Li eigenvectors are estimated and the matrix Ψ is assembled, which is
an approximation of the Li -component PCA transform, with Li ≤ Ki . In short, this method aims
to find a point in the interior of two convex sets, which in this case are the random projection
subspaces P (j) and the one defined by the Li -component PCA transform. Once Ψ is obtained,
the PCA coefficients are recovered solving Ỹ(j) = (P(j) )⊺ ΨX̌(j) .
The computational burden of the CPPCA encoding, performed in the resource limited sensor
nodes of the WSN, can be estimated for any of the clusters as
O (Ki Ni M )

(2.2)

where Ki is related to Ni through the target compression rate Ki/Ni within each cluster, and M is
the total amount of data per sensor node. Then, the total computational burden of the CPPCA
encoding considering the data processing performed in all the clusters can be estimated as
Nc

O (Ki M ∑ Ni ) = O (KM N )

(2.3)

i=1

where Nc is the number of clusters and Ni is the size of the i-th cluster, i = 1, . . . , Nc . For example,
in Figure 2.2(c), where N = 37, the total number of clusters is Nc = 4 and corresponding cluster
sizes are N1 = 11, N2 = 7, N3 = 4, and N4 = 15.
Therefore, the CPPCA algorithm is suitable for LS-WSNs, since it loads the sensors with
a low computational burden and, and decreases the number of transmissions towards the DFC
proportionally to Ki (along with the resulting accesses to the wireless channel).
For a WSN partitioned in Nc clusters, we define the Distributed Compressive-Projections Principal Component Analysis (D-CPPCA) in-network processing algorithm, where each Cluster Head
(CH) uses the CPPCA procedure to encode the data measured by the entire cluster and the DFC
acts as unique decoder for the network.

2.1. General Framework for Self-Organized Data-Coupled Algorithms
2.1.2
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Dimension of the Signal Subspace

To follow the general framework defined in Section 2.1, the data-coupled clustering algorithm
proposed in this thesis uses the same order statistics as the in-network algorithm D-CPPCA. Thus,
we firstly explain the method used to compute the dimension of the signal subspace, value that is
later used in the decision criterion of the clustering algorithm.
In order to compute the dimension of the signal subspace robustly and iteratively as the cluster
evolves, we employ the FSD algorithm [Xu94]. The FSD algorithm estimates the first dˆ RR
eigenvalues and eigenvectors up to the dˆ = d iteration, where d is the actual dimension. FSD is
based on the Lanczos method and has O(N 2 d) computational complexity, much lower than that
of the traditional eigendecomposition, that has order of O(N 3 ) [Xu94].
Starting from the covariance matrix of the measured data Σ, of size N × M , the statistic ϕdˆ
is defined as
⎡√ 1
N
2
2 ⎤
⎢
⎥
ˆ(∣∣Σ∣∣ − ∑n=1 θn ) ⎥
⎢
N
−
d
ˆ log ⎢
⎥
ϕdˆ = M (N − d)
(2.4)
⎢ 1 (TrΣ − ∑N θn ) ⎥
⎢ N −dˆ
⎥
n=1
⎣
⎦
where ∣∣ ⋅ ∣∣ is the Frobenius norm and θn are the RR eigenvalues. In each iteration of the FSD
algorithm, the ϕdˆ statistic is computed and, for dˆ ≥ d + 1, ϕdˆ approaches a χ2 distribution with
ˆ
(1/2)(N − d)(N
− dˆ + 1) − 1 degrees of freedom.
Finally, it is proven that, for M samples, the following equation is valid [Xu94]
ϕdˆ ≤ γdˆ c(M )

(2.5)

where γdˆ is a threshold computed a priori as the end tail of the aforementioned χ2 distribution.
Also, function c(M ) must comply with the following:
c(M )
= 0 and
M →∞ M
lim

c(M )
=∞
M →∞ log log M
lim

(2.6)

In practice, its asymptotic behavior must √
be “slower” than linear but “faster” than log log. Functions such as c(M ) = log(M ) or c(M ) = log(M ) can be used [Xu94].
Finally, using matrix perturbation analysis, it is possible to establish a lower bound on the
amount of samples required to calculate the largest eigenvalue λ of matrix Σ [Nad08], and therefore
to accurately ontain dˆ = d using FSD. Consider that the norm of the first Principal Component
of Σ is ∣∣v∣∣2 and that the noise power is σ 2 . Then, the minimum signal to noise ratio needed
to detect the largest eigenvalue is SNRv = ∣∣v∣∣2 /σ 2 . Under these assumptions, the stochastic and
self-adjoint covariance matrix Σ experiences the so-called phase transition for M samples obtained
ˆ
from N sensors s.t. M /N ≥ SNR−2
v (Eq. (2.19) in [Nad08]). During the phase transition the d
largest eigenvalues “collapse” from the noise subspace to the signal subspace. This means that
the minimum amount of samples M needed to detect the largest eigenvalues is
M≥

N
SNR2v

(2.7)

The concept of SNRv deserves a more detailed explanation. The threshold γdˆ c(M ) in Eq. (2.5)
ˆ
is established in terms of the tail of the χ2 distribution with (1/2)(N − d)(N
− dˆ+ 1) − 1 degrees of
freedom. Fixing this threshold to account for a percentage of such distribution (e.g. 90%) means
that the eigenvalues in the signal subspace account for that percentage of the variance of the data.
Thus, the SNRv is a ratio of the power of the signal subspace principal components to those of the
noise subspace. In other words, SNRv establishes the ratio of explained vs. unexplained variance
of the signal in the cluster. In this thesis, the minimum SNR is established such that it accounts
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Figure 2.3: The operation of the SODCC algorithm can be understood in terms of explained variance. The
variance of the measurements from nodes in small clusters (blue and green) can be explained with almost
all of the (few) present principal components. As clusters enlarge, more principal components are needed
to explain the variance of the measurements (orange and purple).

for 90% of the variance, a value that is commonly used in the literature [Has09].

2.2

Second-Order Data-Coupled Clustering (SODCC)

In this section, the Second-Order Data-Coupled Clustering (SODCC) algorithm is defined, that
configures the clusters such that they are coupled to the sensed field by means of a second-order
statistic. Within each cluster, SODCC seeks that most of the variance (the 90%) in the data is
captured (see Figure 2.3). It means that, if the data from a small number of nodes are sufficient to
extract the largest eigenvalues that explain their variance, the cross-correlation of the data among
those nodes will be high and a small cluster will be formed. On the other hand, if the data from
many more nodes are needed to explain the same percentage of the variance, a large cluster will be
formed. Therefore, by using the dimension of the signal subspace, the SODCC algorithm ensures
that closely correlated data series are clustered together and that the correlation matrix in each
cluster is well-possed. In practice, the necessary and sufficient condition is that the signal subspace
dimension needs to be lower than the number of nodes, then there is at least one eigenvalue for
the noise subspace.
Considering that the in-network processing algorithm is D-CPPCA, for the data-coupled clustering algorithm we hypothesize that: for a cluster with Ni nodes and Mi = Ni /SNR2v measurements
per node, and for the dimension of the signal subspace for that cluster dˆ ≤ Ni s.t. ϕdˆ ≤ γdˆ c(M ),
the CPPCA algorithm solves a well-posed problem (and the dataset can be compressed). We
propose a two stage algorithm that: 1) initializes random CHs in the LS-WSN and 2) grows the
clusters until enough data is gathered to ensure separate covariance matrices and well-possedness
for CPPCA.

2.2. Second-Order Data-Coupled Clustering (SODCC)
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Algorithm 1 First stage: Cluster Initialization
1: Random decision to turn into CH
2: if CH then
3:
REQUEST to first neighbors (answer from role-free nodes)
4:
UNION message to selected neighbors
5: end if
Algorithm 2 Second stage: Cluster Growing
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:

Mi = Ni × SNR−2
v
if CH then
Wait for Mi measurements per node
dˆ ← FSD dimension estimation of cluster data
if dˆ ≥ Ni then
Fusion with selected CH; decision of new CH
if new CH then
Gather all data from the other CH; update Ni
end if
end if
else
Send data to CH
end if

2.2.1

First Stage

Consider a LS-WSN with N role-free nodes (nodes that are neither CH nor sensor nodes). In
the first stage (see Algorithm 1), role-free nodes decide randomly to turn into CH, with an a priori
probability P — independently and in a fully distributed fashion. The new CHs request their first
neighbors (nodes that interact with a one hop communication) to form part of their clusters; only
role-free nodes answer. Each CH assigns the role of sensor nodes to its selected neighbors and
finishes the cluster initialization. Remaining role-free nodes repeat Algorithm 1 once a timeout T1
is reached. Once a larger timeout T2 >> T1 is reached, all remaining role-free nodes turn into CH
and the first stage is finished.
Two key design decision must be taken: (i) criteria to select neighbors (e.g. received signal
strength, transmission delay, first-come, first-served) and, (ii) maximum cluster size for the first
stage (N 1st ). The maximum cluster size is needed as no data statistic is considered in this stage
and the only aim is the initial cluster seeding. However, if any CH receives less answers from
neighbors than the maximum allowed, that initial cluster is established with less nodes. Therefore,
at the end of the first stage are expected clusters with sizes 1, 2, 3, . . . , N 1st . A possible alternative
implementation of this first stage can be done by means of the Rapid or Persistent algorithms
[Kri06] with a budget of B = N 1st nodes.
Finally, all parameters used in this stage are independent of the data and do not interfere with
the final network configuration, as they are only used to obtain a random initial cluster seeding.
2.2.2

Second Stage

The key for the “growing” phase of SODCC (see Algorithm 2) is: as the cluster gathers data (at
ˆ If the covariance
least Mi measurements per node), it estimates the signal subspace dimension d.
matrix Σ is not separable, FSD is unable to determine a dimension smaller than cluster size. If
dˆ < Ni , an aggregation of neighboring clusters is mandated by the CH. Otherwise, the cluster stops
growing. The minimum Mi samples needed for an accurate estimation of Σ can be tuned as a
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function of the minimum required SNRv .
Clusters with high spatio-temporal correlation estimate a dimension lower than the cluster size
ˆ
(d < Ni ), i.e. the dimension of the noise subspace is at least 1 and signal and noise subspaces are
separable. In this case, the cluster size fulfills the clustering algorithm convergence criterion. On
the other side, clusters with low spatio-temporal correlation do not meet the convergence condition
in Eq. (2.5), i.e. signal and the noise subspaces of Σ are non separable. In this second case, the
cluster must grow in size (fusion with another cluster) in order to achieve the convergence criterion;
fusion is mandatory for the selected cluster, even if it has already met the convergence condition.
The aggregation criterion impacts on the final cluster configuration. SODCC aims to increase
the spatio-temporal correlation of the gathered data in each cluster. This objective is achieved
when the aggregation criterion seeks to, e.g., minimize the distance between CHs, minimize the
cluster area, or maximize the quality of the wireless channel between the CHs. SODCC is flexible
enough such to allow additional constraints to be included into the aggregation criterion (e.g.,
energy efficiency).
Node synchronization is not a requirement for SODCC. Every node starts the algorithm just
after it is switched on. If new nodes are incorporated to the LS-WSN, they start the procedure
anew.
2.3

Performance Analysis of the SODCC Algorithm

In this section the expected performance of SODCC is mathematically analyzed. The main
performance metrics in LS-WSNs, such as transport capacity, end-to-end delay or jitter, are directly
related to the number of clusters and the cluster size distribution. First, using the dynamic scaling
ansatz, we propose an analytical expression for the cluster size distribution for the stationary state,
i.e. at the end of the second stage of SODCC. Next, using the newly proposed expression, we
compute the average cluster size and analyze it in a LS-WSN scenario, in order to prove the
scalability of SODCC. The Variance to Mean Ratio (VMR) is also computed to further analyze
the operation of SODCC and the variability of cluster sizes obtained in order to obtain the new
capacity limits of the network.
2.3.1

Statistical Distribution of Cluster Sizes

In order to obtain an analytical expression for the statistical distribution of the cluster sizes, an
apparently trivial observation must be made: What is the relation between cluster sizes that result
from SODCC? Because of the dynamic scaling theory that holds for cluster aggregation [Vic84],
and of both the random initialization (first stage) and the coupling of the resulting clusters to the
data field (second stage), cluster size power-laws must emerge i.e., there are exponentially less
large clusters than small clusters. And this fact holds both at the end of the first stage of SODCC
and throughout the second stage.
The ansatz of dynamic scaling for aggregation of clusters [Vic84] allows the formulation of the
cluster size distribution and its long-term evolution. This distribution can be then described by a
dynamic scaling function of the form
n(t, Ni ) ∼ t−w Ni−τ f (

Ni
)
tz

(2.8)

where dependent variables t and Ni are time and cluster size, respectively. The three terms present
in the equation model different processes that lead to the final behaviour of n(t, Ni ). The powerlaw decay of the cluster fusions with the time is modeled by t−w , where w > 0 is the first dynamic
exponent. The power-law dependence of n(t, Ni ) on Ni during the stationary state is modeled by
Ni−τ , where 0 < τ < 2 is a static exponent. Finally, the cutoff function f (x) has power-law behavior
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Figure 2.4: Cluster size distribution according to Eq. (2.11) with t = 50 and N = 50; dˆmin = 5, dˆmax = 10,
0.1 < τ < 2 and z = 1.40.

for small values of x, i.e. f (x) ≃ 1 for x ≪ 1 and f (x) ≪ 1 for x ≫ 1. Within this third term
of the equation, the denominator tz , where z > 0 is the second dynamic exponent, determines the
characteristic cluster size. The relation between the different exponents is w = (2 − τ )z [Vic84],
being fulfilled if the number the nodes in the network N is constant. Similar scaling relations
have been used in the application of percolation theory to evaluate the capacity of wireless ad-hoc
networks [Fra07].
Considering the close-to-stationary state where Ni /tz ≪ 1, meaning that the cluster size Ni is
small with respect to time, Eq. (2.8) can be simplified to
n(t, Ni ) ∼ t−w Ni−τ

(2.9)

providing a power-law dependence on the cluster size from the smallest cluster size possible to
infinity. The smallest possible cluster after the second stage is 2, as the covariance matrix has
to be separable and at least one signal eigenvalue and one noise eigenvalue are needed. Infinitely
large WSNs are impractical, since capacity issues arise [Gup00]. Then, the cluster size distribution
for the stationary state and a WSN with N sensor nodes has to fulfill the following condition:
N

∑ n(t, Ni ) = 1

(2.10)

Ni =1

The time dynamics of the clustering, governed by the second stage of SODCC, are quantized at
the characteristic times t(j) = 4×j (j = 1, . . . , Nimax , being Nimax = max (Ni )). At these moments
the phase-transition condition for matrix Σ is fulfilled and the FSD statistic is computed, and a
fraction of the clusters with size Ni turn to clusters with size, at least Ni + 2.
(j)

Let ΣN ×N be the covariance matrix of the entire WSN, evaluated at the characteristic time
t(j) . Consider that for each available matrix, the corresponding signal subspace dimension dˆ(j) is
estimated. The probability mass function of the resulting dˆ(j) has a compact support in j ∈ N
and models the spatio-temporal correlations of the data field. The minimum (dˆmin ) and maximum
values (dˆmax ) mark the “origin” of separate power-law functions with the same rate, as these
functions are generated by the same phenomena.
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Finally, we formulate the cluster size distribution in the stationary state as:
n(t, Ni ) = κ × t−w (g(Ni , dˆmin ) + g(Ni , dˆmax ))

(2.11)

where g(x, x0 ) is a power-law function that starts in x0 , namely
g(x, x0 ) = θ(x − x0 )(x − x0 )−τ

(2.12)

θ(x0 ) is the Heaviside step-function and
κ=

τ −1
1−τ
ˆ
(N − dmin )
+ (N − dˆmax )1−τ − 2

(2.13)

is the normalization constant s.t. Eq. (2.10) is satisfied. In order to show the shape of the cluster
size distribution, we represent it in Figure 2.4 for dˆmin = 5, dˆmax = 10, N = 50, and 0.1 < τ < 2.
2.3.2

Scalability

To assess the scalability of SODCC we calculate the average value of the cluster size, i.e. ⟨Ni ⟩
and the VMR. Scalable algorithms maintain a proper operation when the WSN size is very large.
Then, it is expected that both N and ⟨Ni ⟩ have similar rate of increase. On the other hand, the
VMR shows wheter the clusters have a characteristic size or there is some variance of the cluster
sizes. Both cases have benefits, but diversity in cluster sizes appears when data statistics vary over
the space and yet the network configuration is coupled to them.
Therefore, the average value of the cluster size is
N

⟨Ni ⟩ = ∫

0

n(t, Ni ) Ni dNi

(2.14)

⎡
⎢
1 ⎢⎢ ˆ
=
dmin + dˆmax − 2 +
τ − 1 ⎢⎢
⎢
⎣
1 dˆmin − N (τ − 1)
+
+
τ − 2 (N − dˆmin )τ −1
+

⎤
1 dˆmax − N (τ − 1) ⎥⎥
τ − 2 (N − dˆmax )τ −1 ⎥⎥
⎦

(2.15)

Apart of the intuitive contributions of N and τ , Eq. (2.15) shows that both the minimum and
maximum signal subspace dimensions contribute on ⟨Ni ⟩. As the WSN grows in size, the ratio
between the network size N and the maximum dimension of the signal subspace dˆmax of the data
also increases N ≫ dˆmax . Then, the following relation N ≫ (dˆmax − dˆmin ) also holds, leading to
the approximation dˆmax ≃ dˆmin . As we approach the stationary state t → ∞, the average cluster
size tends to
1 dˆmax − N (τ − 1)
2
[dˆmax − 1 +
]
(2.16)
⟨Ni ⟩ ∼
τ −1
τ − 2 (N − dˆmax )τ −1
And if the ratio between N and dˆmax further increases such that the data correlations begin
to be irrelevant (dˆmax → 0), the mean cluster size is simplified to
⟨Ni ⟩ ∼

2
2N 2−τ
+
1−τ
2−τ

(2.17)
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From Eq. (2.17), it is clear that SODCC is scalable when τ → 1, as ⟨Ni ⟩ grows at similar rate
as N . The average cluster size depends on the initial localization and connectivity of the nodes.
When ⟨Ni ⟩ grows at higher rate than N , may lead to a super-scalability feature for SODCC, the
number of clusters Nc decreases as N increases and novel results on the transport capacity of the
wireless networks [Gup00] should arise.
The VMR of n(t, Ni ) in a LS-WSN scenario is
N

VMR =

2
∫0 n(t, Ni ) Ni dNi
N
∫0 n(t, Ni ) Ni dNi

(2.18)

2−τ
N3 − Nτ
)( 2
)
3−τ
N − Nτ

(2.19)

∼ (

and, as τ < 2 it is clear that it tends to infinity as N → ∞. This expression shows that the
variability in the cluster sizes have linear dependence with the number of nodes N in the WSN.
So, SODCC will partition the LS-WSN in clusters with diverse sizes, rather than in clusters of a
typical size of ⟨Ni ⟩.
Finally, it is obvious from the previous formulation that the aggregation exponent τ is solely
determined by the second stage of SODCC. This fact puts SODCC in the same class as cluster
aggregation by diffusion [Vic84]. Due to the universality of critical phenomena [Hoh77], SODCC
has a critical point (τ = τc ), where a self organized critical behaviour should emerge with a nonlinear
response function. Such function applied at node level allows for a nonlinear feature extraction
at cluster level. The parameter optimization in this setting gives way to optimal information
transmission [Beg03] and computational capabilities at both cluster and network level [Leg07].
2.3.3

Message Complexity

Message complexity of a clustering algorithm assesses the number of messages that are needed
to establish a single cluster of size Ni in a network of size N . It is customary in network partitioning
algorithms to evaluate a worst-case scenario for each specific setting. For SODCC, the worst-case
occurs when the first stage results in N clusters of size Ni = 1, ∀i. Then, cluster fusion takes place
among clusters of equal size, in each characteristic time. The final cluster size distribution should
then result in a delta function (e.g. when N is large and dˆmin ≃ dˆmax ). Then, it can be shown that
the messages needed to form a single cluster is, at most, 4 × (Ni2 + 1) and, therefore, its message
complexity is O(Ni2 ) (See Appendix A).
Other self-organized clustering algorithms exhibit similar or worse message complexity than
SODCC. In the case of the Persistent algorithm [Kri06], the number of messages to form a single
cluster in the worst-case scenario is 2 × Ni2 and its message complexity is O(Ni2 ); for comparison,
the budget is set to B = Ni . Other algorithms exhibit even worse message complexity, such as the
Expanding Ring algorithm which has a message complexity of O(N ) [Ram87].
2.4

Limitations and Solutions

In the present formulation, the SODCC algorithm has two main drawbacks: 1) lack of adaptability to non-stationary data statistics, and 2) lack of support for multiple sensors and data types.
With respect to the first, it can be sidestepped with a straightforward adaptation of SODCC ,
i.e. by restarting the first stage from time to time. There are several ways to define the reset
time. One option is to use the largest meaningful time dynamics of the measured data tdyn , the
dataset can be split in a sequence batches (e.g. for daily temperature measurement it could be
a 24 hours time-period). Then, at the beginning of each batch, the SODCC algorithm restarts
and partitions the network according to the new data characteristics. Another option is to use the
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convergence time of the SODCC algorithm tconv as reset time, i.e. the time until the variation of
the cluster density is lower than a given threshold ε. Based on this definition and using Eq. (2.11),
the convergence time can be calculated as
∣

1
∂n(t, Ni )
∣
≤ε
n(t, Ni )
∂t
t=tconv

(2.20)

and, therefore, the convergence time of the SODCC algorithm, tconv , can be expressed as
tconv =

w
ε

(2.21)

Although both tdyn and tconv encode the time dynamics of the data, the former is to be equal or
lower that the latter to allow for the stabilization of the clustering configuration and to prevent
constant reconfiguration of the network.
However, a more efficient strategy in terms of algorithm complexity would be to allow for
a converged cluster configuration to evolve in time while keeping track of the non-stationary
characteristics of the data. Thus, the need to restart SODCC from time to time could be removed.
In practical terms, this solution should allow clusters to grow, diminish or dissolve according to the
time-dependent data statistics.
With respect to the second of the drawbacks, the multiple sensor capabilities, it has to be taken
into account that S different physical variables will most assuredly exhibit different spatio-temporal
correlations. Therefore, the application of the FSD algorithm to the different physical variables
will result in different dˆimin and dˆimax for all the different i = 1, ..., S sensors. In this situation,
an embedded layers approach is a possible strategy that can be considered, where the minimum
dˆimin determines the unique cluster configuration obtained. This configuration resolves the smallest
spatio-temporal correlations present in any of the measurements at the cost of a small scalability
loss, as Eq. (2.15) depends linearly on dˆmin . Moreover, the measurements of the data with less
variation will be affected by an increase in the measurement noise, due to the lower than needed
cluster sizes.
An alternative strategy is the independent layers approach. In this case, the SODCC is applied
independently to each of the different physical variables and it results in concurring cluster configurations that share initialization but differ in almost every other aspect. This approach is scalable
for all the layers and is suitable for WSNs where the sensor nodes measure different subsets of
all the physical variables. On the other hand, the total computational burden is increased n−th
fold as the problem is solved by parallelization with no apparent gains. The question that arises in
this situation is how concurring cluster configurations could operate simultaneously in a resourcelimited environment such as a WSN. Furthermore, the optimal operation of SODCC in each layer
cannot be presumed of achieving optimality in the aggregate. Therefore, optimizing the use of
spatio-temporal cross-correlations among the sensed variables could result in a minimum overall
reconstruction error at controlled scalability.
A possible approach to the present problem with a WSN with N nodes equipped with S
different sensors relies on a tensor representation. Thus, the original data matrix X is substituted
by the data tensor X̂ ∈ RM ×S×N
k

X̂ = ∑ πi xi ⊗ si ⊗ wi + noise

(2.22)

i=1

where xi ∈ RM represents the data set from the sensors, si ∈ RS represents the set of the different
type of sensors (temperature, humidity, light...), wi ∈ RN is the set of wireless nodes, and πi ∈ Rk
are factor weights. The direct (tensor equivalent) application of random projections procedure to
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the third order X̂ tensor would lead to a dimensionality reduction of the tensor but not to an order
reduction (from tensors to matrices) [Hal11]. Apart from the fact that the FSD procedure has not
been defined for tensors, the inherent problem with this formulation is that most tensor problems
are extremely complex from a computational point of view [Hil13]. That could be a problem for
CHs in clusters with a great number of nodes.
Random projections can also be used in a CPPCA-like procedure to reduce the order of the X̂
tensor by projecting it into a set of matrices [Kul15]. Those matrices can be treated as matrix X to
recover their signal subspace dimension on a way similar to the embedded layers approach. Finally,
simultaneous diagonalization of such matrices (now with the FSD algorithm) can be carried out
in the DFC to produce estimates of the factors of the original tensor.
2.5

Conclusions

This chapter contributes to the specific objective (O1) of this thesis, and a novel self-organized
clustering algorithm, that organizes the sensor nodes using statistics of the measured data, has been
developed. First, a general framework for large scale WSN based on both in-network processing
and clustering algorithms has been proposed. This framework includes algorithms that are linked
by means of the data statistics, sharing the common goal of accurate data recovery. Next, to
demonstrate the general framework, both the SODCC algorithm and the D-CPPCA compressing
algorithm have been proposed. The former is based in a second-order statistic, forming clusters
ensuring a well-posed problem for D-CPPCA.
By using the ansatz of dynamic scaling, the performance of SODCC has been analyzed in terms
of cluster sizes. An analytical expression for the distribution of the cluster sizes has been obtained,
showing its dependence on the network size and the signal subspace dimension. Moreover, it
was also shown that SODCC is scalable and has similar or better message complexity than other
well-known self-organizing algorithms.
Finally, the main drawbacks of the present SODCC formulation have been listed and several
solutions to sidestep them have been proposed.

⋅b ⋅ c⋅

◂

▸
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Chapter 3
SODCC Algorithm: Experimental Validation for WSNs

This chapter is devoted to evaluate of the performance of SODCC using temperature data
obtained from an actual LS-WSN. Multiple issues are assessed, such as the performance of the
SODCC algorithm in terms of the clustering configuration obtained or the stationary cluster size
distribution and its temporal evolution. The quality of the data reconstructed by the DFC and the
energy efficiency of the WSN are also assessed, and comparisons are performed with diverse state
of the art algorithms.
3.1

Experimental Scenario

This section describes the experimental scenario used for the validation of the SODCC algorithm
in a WSN environment. The network configuration and the results obtained for each particular
analysis are slightly different and will be described in their corresponding sections. However, there
are several common settings that are detailed below. These settings are the dataset, and the
different clustering and processing algorithms that act as baseline for comparison.
3.1.1

Dataset

The dataset is obtained from an actual LS-WSN, in particular ambient temperature data gathered by the Lausanne Urban Canopy Experiment (LUCE) deployment from the Sensorscope project
[Ing10, Luc]. This deployment and its data aim for a better understanding of the urban environment
within the EPFL1 campus. A total number of 97 measurement stations have operated between
July 2006 and May 2007, and multiple environmental variables were measured, such as ambient
temperature, solar radiation, or relative humidity. Within that project various configurations were
considered for the sensor nodes in order to study a wide range of conditions, e.g. indoor and
outdoor nodes, multiple sensor nodes located on the same vertical axis at different heights.
In this thesis, the subset of N = 47 exterior sensor nodes, plotted in Figure 3.1(a) using white
dots, is selected. This selection is performed on the basis of location and height, obtaining a twodimensional WSN. For a proper result visualization, figures are cleared as much as possible and,
in the following, only the schematic view of the WSN will be plotted, as shown in Figure 3.1(b)
where the nodes are represented by the red dots. This figure also includes an example of a generic
temperature field represented as contour lines. Computer simulations involve data transmission to
a DFC; without loss of generality and for simplicity sake we consider that the DFC is located at
[150, 500].
1

École Polytechnique Fédérale de Lausanne.
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Figure 3.1: (a) Location of the N = 47 sensor nodes used for the computer simulations. Reproduced by
permission of swisstopo (BA13063). (b) Schematic representation of the WSN with a temperature field
example. The red dots represent the sensor nodes.

To facilitate the spatial interpretation of the results that will be shown next (location and
extent of clusters), the nodes are depicted as centroids of a Voronoi region. The Voronoi diagram
[Aur91] is a geometrical tool that partitions a plane into regions based on the distance between
given points of that plane (also known as seeds or centroids). Each region contains the points that
are closer to the centroid that to any other centroid. Therefore, the extent of each cluster will be
the surface of all the individual Voronoi regions forming the cluster. This type of representation
allows the visualizations between each sensor node and its neighbors, and also offers information
about the spatial density distributions of the nodes: small Voronoi regions appear in areas with
high density.
The dataset contains M = 104 samples per sensor, measured every minute (Ts = 60s) for
approximately one week (during April 2007). This dataset is preprocessed, meaning that: (1)
missing data (4.08% of all samples) and outliers (0.14% of all samples) are imputed by the previous
accurate value, (2) trend and daily components are extracted and, (3) dynamic range is normalized
to the support [−1, 1]. The total computational burden of this preprocessing is O(M ) due to the
operations needed for the second case, which is light enough to be performed by the sensor nodes
of a WSN in a real situation.

Space-Time Correlations of the Dataset
In order to better understand the structure of the temperature data and how the SODCC will
be likely to act, we evaluate the space-time correlations in the dataset. So, the signal subspace
dimension is estimated using FSD over the matrix ΣN ×N with an increasing number of samples
per sensor node (see Figure 3.2). Matrix ΣN ×N is the covariance matrix of the data from all
the sensors forming the WSN. The dimension of the signal subspace has a monomodal statistical
distribution centered in dˆ = 6, with dˆmin = 2 and dˆmax = 8. Therefore, by applying the SODCC
algorithm to this dataset, the partitions of the network are expected to exhibit similar dimensions
of the signal subspace, but always limited by the cluster size. That is, clusters with Ni nodes are
expected to exhibit signal subspace dimensions larger than 2 and smaller than Ni − 1.
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Figure 3.2: Histogram of the signal subspace dimension of the dataset estimated with FSD (left). Time
evolution of the signal subspace dimension estimated with FSD with an increasing number of samples per
sensor node (right).

3.1.2

Clustering Algorithms

The analysis performed includes additional clustering algorithms that are used as baseline for
comparison. The first algorithm is Low Energy Adaptive Clustering Hierarchy (LEACH) [Hei00,
Hei02], that was designed to be energy-efficient and to increase the network lifetime. And the
second algorithm is Persistent [Kri06], designed to balance the cluster sizes while the amount
of control messages transmitted is low. In the following subsections, each of these clustering
algorithms are described in more detail, including the main benefits and disadvantages of each.
LEACH
The usage of the LEACH algorithm [Hei00] is because is one of the most popular clustering techniques for WSNs [Abb07]. The most important features of LEACH is that the energy
consumption is evenly distributed among all the nodes in the network.
The operation of LEACH is the following: 1) nodes independently decide to become CH with
an a priori known probability p and broadcast their decision; 2) all non-CH nodes join the closest
cluster. The CHs are rotated periodically (each “round”), in order to balance the computational
load and the energy consumption, and a node that has been CH in a given round cannot be again
CH in the next 1/p rounds. This fact means that the cluster configurations change over the rounds:
not only the CH are different, but also nodes can belong to different clusters.
The most restrictive characteristic of LEACH is that all communications have to be singlehop, meaning that all nodes have to be able to communicate directly with the other nodes in
the WSN. Moreover, as all nodes are susceptible to be CH, they have to be able to communicate
directly with the DFC. This facts makes LEACH not suitable for large networks, as the energy
consumed to communicate the two most remote nodes can be unaffordable. Based on its design,
the expected benefits for LEACH are the low energy consumption and the simple implementation,
as only involves some random decisions and several control message interchange.
Persistent
The Persistent algorithm [Kri06] is selected as it is categorized as message-efficient, i.e. it uses
few control messages in the cluster formation. Its main goal is to form clusters with equal number
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of nodes B, i.e. it tries to form a homogeneous network in terms of cluster sizes.
The operation of Persistent is the following: 1) the initiator nodes know the a priori set
parameter or budget B (the desired cluster size); 2) the initiator counts itself as one of the
nodes in the cluster and evenly distributes B − 1 among its neighbors via messages; 3) the nodes
that receive the messages count themselves and re-distribute the remaining budget between their
neighbors except the parent; 4) the messages propagate until the budget is exhausted or there are
no more available neighbors; 5) each node awaits acknowledgement from the neighbors and informs
the parent the size of the sub-tree formed; 6) if the budget was not exhausted, it is re-distributed
between neighbors that either were not explored previously or didn’t met all previously allocated
budget, in order to find new nodes to form part of this cluster; 7) the algorithm terminates when
the initiator determines that the budget B is completely exhausted or when no further growth is
possible.
It has to be noted that Persistent does not guarantee that all cluster sizes are equal to B;
if it is not able to find sufficient nodes, the cluster is smaller. In addition, although Persistent
is presented as a message-efficient algorithm, it needs O(B 2 ) control messages to form a cluster
of size B [Kri06], which can be a quite high value depending on the multipliers ignored in the
notation O(⋅). Moreover, a highly restrictive characteristic of Persistent is the budget B, that is
a design parameter. Depending on the value chosen, the clusters may be too big to overcome the
capacity issues or may be too small, difficulting the management task of the WSN.
According to the design of Persistent, the expected benefits are homogeneous cluster configuration and low amount of control messages transmitted through the network.
3.1.3

Processing Algorithms

Similar to the case of the clustering algorithm, additional in-network processing algorithms
have been used in some of the experiments performed. The algorithms considered are lightweight
from a computational point of view, and are based on the idea that the measurements made by
nearby sensors in a real environment usually have high spatial correlation. These algorithms will
work in combination with the clustering algorithms and their goal is to reduce the total amount of
bytes transmitted through the WSN.
Approximate Data Gathering - Cluster Head
This in-network processing algorithm transmits a very small amount of bytes through the
WSN. The key issue of this algorithm is that a unique sample should be sufficient to represent
all the measurements made by a group of nearby nodes, since nearby nodes should have high
spatial correlation [Vur04, Jin06, Liu07]. For a clustered WSN it is reasonable to assume that
the measurement from one node belonging to the cluster is the sample transmitted to the DFC
to represent the entire cluster. And it is also reasonable to assume that the representative node
should be the CH.
From now on, we will refer to this algorithm as Approximate Data Gathering - Cluster Head
(ADG-CH) and we will use it in some of the computer experiments in combination with the three
clustering algorithms considered in this thesis (SODCC, LEACH and Persistent).
Approximate Data Gathering - Mean
The second processing algorithm is an improvement of ADG-CH, as the bytes transmitted to
the DFC are a better representation of the measurements made by the cluster. This processing
algorithm, that we will refer to it as Approximate Data Gathering - Mean (ADG-M), transmits the
average of the values measured by the cluster to the DFC.
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A drawback of this algorithm is that all the the cluster nodes have to transmit their measurements to the CH, and thus, the CH has to perform an additional calculation. On the other
hand, the main benefits of ADG-M is that the DFC receives a better approximation of the values
measured by the nodes, which is not susceptible to errors or outliers of the CHs’s sensor.
3.1.4

Results of the Simulations

In order to clear all concepts before the discussion, the following outcomes are defined in this
subsection: (1) cluster size probability and (2) Pairwise Frontier Probability (PFP), used to analyze
the performance of the clustering algorithm; (3) Signal to Noise Ratio (SN R), to analyze the data
reconstruction quality; (4) average number of clusters obtained, to analyze the clustering algorithm
management issues; and (5) energy consumption, to analyze the network lifetime.
Cluster Size Probability
To assess the actual performance of SODCC and to confirm the theoretical results obtained in
the previous chapter, the cluster size probability is computed. The cluster size probability for each
Ni is defined as:
Pcluster (Ni ) =

Total number of clusters of size Ni obtained
Total number of clusters of any size obtained

(3.1)

Pairwise Frontier Probability (PFP)
An additional metric used to assess the performance of the SODCC algorithm is the PFP,
namely the probability that a cluster frontier occurs between two neighboring nodes. For all the
possible frontiers between any two neighbor nodes is:
Pfrontier =

Number of simulations where these neighbor nodes belong to different cluster
Number of performed simulations

(3.2)

Signal to Noise Ratio (SN R)
To asses the data reconstruction quality, we use the SN R metric, computed for a particular
simulation with a particular combination of parameters as:
SN Rsim =

var(x)
E[(x − x̃)2 ]

(3.3)

being x the original sample data and x̃ the data obtained at the DFC. Functions var(⋅) and E[⋅]
represent the sample variance and the sample mean, respectively. Results are reported in units of
decibels, therefore
SN R = 10 log10 (E[SN Rsim ])

(3.4)

An alternative computation is used in the results reported in the literature [Fow09], that is
Average SN R = E[10 log10 (SN Rsim )]

(3.5)

These two metrics are not identical as the average is a linear operator, whilst the logarithm is
not. As both operators maintain the relations of greater and lower with respect of the results, the
conclusions drawn based on these relations are quite similar. In order to perform fair comparison
with results available in the literature, both of these metrics are independently used in specific
figures.
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Number of Clusters
To evaluate the ease of management of the clustering configuration the average number of
clusters is calculated. Obviously, a WSN with fixed quantity of nodes N divided into more clusters
leads to smaller cluster sizes. And the management of a WSN with many small clusters is more
complicated, as it requires a higher amount of communications between CHs and between CH and
the DFC.
Energy Consumption
For the estimation of the consumed energy there is a differentiation between the amount of
transmitted bits, received bits, and performed operations. This type of computation is always
approximate in simulations, but our estimation is as precise as possible. The energy consumed in
each case is:
Transmission
Reception
Process

Energy (J) = ct × total transmitted bits × distanceη
Energy (J) = cr × total received bits
Energy (J) = cp × total performed operations

being ct , cr , cp three constants (dependent on the electronic devices) for the amount of energy
needed to transmit and receive one bit, and to process one instruction, respectively, and n the
path loss exponent. As energy consumption is greatly influenced by particular hardware implementations, relative energy consumption outcomes are provided. As guidelines, it is well known that:
1) Reception has a difference on energy consumption of an order of magnitude lower than Transmission, as Reception does not change transmitting power and, 2) Transmission has an energy
cost two orders of magnitude higher than Process, due to the low energy efficiency of RF power
amplifiers. These differences can increase up to three orders of magnitude for specific hardware.
Moreover, the amount of transmitted and received bits refer only to the payload bits, to be
unbiased to the different transmission protocols and their headers to be unbiased. Regarding the
calculation of the needed energy for the data transmission, the path loss exponent is η = 3, a good
tradeoff between the free space propagation (η = 2) and indoor propagation (η ∼ 4).
The estimation of the number of operations required for each algorithm is also performed.
SODCC involves the estimation of the dimension of the signal subspace, which is performed for all
intermediate and final clusters. Intermediate clusters are those whose signal subspace dimension
(λ̃) is not enough to differentiate between signal and noise, thus cluster fusion must be performed.
Final clusters do not require any cluster fusion, being the outcome of the clustering algorithm.
Therefore, the number of operations needed by SODCC is λ̃ × (4Nc )2 for each intermediate and
final cluster. CPPCA involves matrix multiplications, so the total number of operations needed
is 2 × KNc M . Finally, as the computational burden of LEACH, Persistent and ADG-CH is much
lower [Err04], we neglect the number of operations needed in these cases.
3.2

Performance of SODCC

The operation of SODCC is simulated through multiple computer experiments, specifically 105
independent simulations. For the first stage, the maximum cluster size is set to N 1st = 3 (minimum
cluster size to detect a signal subspace of dimension dˆmin = 2) and the probability to become CH
in the initialization is P = 0.35 (consistent with N 1st ). The criteria used by the CHs to establish
clusters in the first stage minimizes the time delay response. Initial tests revealed that Algorithm 1
requires multiple iterations to assign roles to all the nodes in the WSN, so we set T2 to allow three
iterations of the first stage. For the second stage: 1) the lower bound of the signal to noise ratio of

3.2. Performance of SODCC

29

0,3
0,2
0,1
0
0,15
0,1
0,05
0

0

5 10 15 20 25

0,15
Increase size
M aintain size

0,1
0,05
0
0

5 10 15 20 25 0

5 10 15 20 25

Cluster size

Figure 3.3: Cluster size probability distribution for the SODCC algorithm during the second stage. From
left to right and top to bottom, results about decisions taken by clusters with increasing sizes (from Ni = 1
to Ni = 8) at different times t = 4 ⋅ Ni . Highlighted in blue is the proportion of clusters that grow in size.

the largest eigenvalue is set to SNRv = 0.5, so Mi ≥ 4 × Ni ; 2) the aggregation goal is to minimize
the time delay response between CHs; and 3) the CH that started the fusion turns into a sensor
node of the resulting cluster.
3.2.1

Temporal Evolution of the Clustering

The evolution of the cluster sizes along the second stage (first stage is only initialization) is
analyzed and Figure 3.3 displays the results with normalized to unitary area histograms. Subfigures
from left to right and top to bottom are for specific snapshots: when clusters with sizes Ni = 1, . . . , 8
decide whether fusions are needed (blue proportion) or not (red proportion). The key fact that
Figure 3.3 reveals is: clusters formed by 9 (or more) nodes are stable — they don’t need further
fusions. We conclude that: 1) the temperature data indeed exhibit spatio-temporal correlations,
and 2) SODCC captures the data correlations and properly stops.
The time evolution depicted in Figure 3.3 is clearly not a stationary state. Condition Ni /tz ≪ 1
is not met and therefore, Eq. (2.11) is not applicable.
3.2.2

Stationary Cluster Size Distribution

Once established the existence of spatio-temporal correlation for the temperature data, the issue
is to discuss whether is it small or large-scale correlation and to determine how does the clustering
algorithm adapts to this dataset. Figure 3.4(a) summarizes the final configurations obtained as a
normalized histogram of the cluster sizes and shows the theoretical cluster size distribution for the
stationary state, defined in Eq. (2.11). In this figure, N = 47, dˆmin = 2 and dˆmax = 8 are obtained
from the used temperature dataset, and τ = 1.13 is the only adjustable parameter (according to
the minimum square error criteria). Figure 3.4(b) shows the spatial distribution of clusters with
Ni = 3 and Ni = 9 nodes. We can see that medium-sized clusters coalesce around areas with largescale correlations, while small-sized clusters form around areas with small-scale correlations. We
conclude that: 1) the temperature data have both small and large-scale correlations, 2) SODCC
is able to adapt to both small and large-scale correlations, and 3) this adaptation leeds to a power
law behavior for the cluster size distribution.
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Finally, the PFP is also computed, namely the probability that a cluster frontier occurs between
two neighboring nodes. This metric represents the likelihood of a cluster border and the results
are depicted in Figure 3.5; zero probability borders are not plotted and reveal nodes that always
belong to the same cluster. Comparing Figure 3.5 with Figure 3.1(a) the differences between the
distribution of borders are self-explanatory: 1) buildings and large distances act as natural borders,
2) a high density of nodes does not always imply high correlation in the dataset, and 3) the SODCC
algorithm adapts to the environment.
3.3

Performance of the Data Reconstruction

In this section the quality of the data reconstructed by the DFC is evaluated. First, a flat LSWSN scenario is considered where no clustering algorithm is used, in order to validate the goodness
of the CPPCA algorithm for WSN. Next, the SODCC algorithm takes the leading role and the
tradeoff between the compression ratio and the quality of the data reconstruction is analyzed.
3.3.1

CPPCA in a Flat LS-WSN

In a flat LS-WSN scenario where no clustering algorithm is used, the performance of CPPCA
as an in-network processing algorithm is evaluated. The idea is to perform a fair comparison
between the LUCE dataset, the actual WSN temperature data used in this thesis, and the Cuprite
dataset, the hyperspectral imagery data used as baseline for CPPCA [Fow09, Li11]. Moreover, a
traditional PCA compression is performed to the LUCE dataset to obtain the upper bound for the
reconstruction quality in this scenario.
Regarding the configuration of CPPCA, parameter J = 20 is used since it is a good tradeoff
between accuracy and computational burden [Fow09]. To simulate different data sparsities, the K
value is changed in order to vary K/N . Finally, for each K/N , L is chosen to maximize the average
SN R between the reconstruction and the original data, as the heuristic method proposed in [Li11]
is focused only for hyperspectral imagery data.
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In Figure 3.6, continuous line represents the average SN R obtained by applying the CPPCA
scheme to the LUCE dataset. In the same figure the dashed line is for PCA applied to the LUCE
dataset, using the same number of eigenvectors as for the CPPCA case, given by the parameter
L. The dissimilarity between both is little enough to encourage the implementation of CPPCA in
WSNs. Finally, the dash-dotted red line is for the CPPCA scheme applied to the Cuprite dataset.
The preprocessing procedure makes both datasets as close to a Gaussian distribution as possible.
Due to PCA discrimination capacity against the variance of data, the analysis performed offers
almost identical results for both datasets. Moreover, as expected, as there is less data compression
(K/N increases), the reconstruction performance increases.
3.3.2

CPPCA in a LS-WSN Clustered by SODCC

In this analysis, the D-CPPCA coding/decoding procedure is applied to all 105 configurations
obtained by the SODCC algorithm and analyzed in Section 3.2. For each clustering configuration,
the parameter that controls the amount of data transmitted in each cluster, Ki , is varied between
2 and Nimax /2, being Nimax = max (Ni ), resulting in more than 57.000 independent simulations.
In each simulation, both Ki and Li do not vary throughout the different clusters. But in the
smallest clusters no data compression is performed and therefore Ki = Li = Ni . The average of
the individual compression ratios of each cluster Ki /Ni represents the total compression ratio for
the entire WSN K/N in each simulation:
K
1 Nc
Ki
=
)
∑ min (1,
N Nc i=1
Ni

(3.6)

The performance of SODCC is compared to other state of the art self-organized algorithms.
D-CPPCA is applied to the to clustering configurations obtained with the Persistent algorithm.
Unlike SODCC, Persistent is decoupled from the measured field as the clusters self-organization
does not depend on the data. In this comparison, we consider three different budget parameters,
namely B ∈ {3, 6, 9}, in order to sweep cluster sizes of interest to the present temperature data.
These cluster configurations are related with the spatio-temporal correlations of our dataset (see
Section 3.1.1) and the budgets are closely related to the statistical behavior of SODCC.
Quantitative Evaluation of the Performance
The first difference between SODCC and Persistent is related to the cluster size distribution.
The cluster size distribution for SODCC is shown in Figure 3.4. Note that the cluster size distribution for Persistent has a single peak around value B. Moreover, from Eq. (3.6) we observe that
fixing Ki does not automatically fix the total compression ratio of the network to K/N = Ki / ⟨Ni ⟩.
At the bottom parts of the graphs shown in Figure 3.7, the statistical distribution of the
resulting K/N is represented. The shapes of these histograms depend both on the cluster sizes
and on the values of Ki used in the computer simulations. For example, consider a network
configuration obtained with SODCC that has Nc = 9 clusters with the following cluster sizes: 3,
3, 3, 4, 4, 5, 6, 9 and 10. With this configuration, Ki varies from 2 to 5 (as Nimax = 10 in this
particular case). The only case where all clusters obtain Ki /Ni < 1 is the one where Ki = 2, and
in all the other cases there are several clusters for which Ki /Ni = 1 (as Ki ≥ Ni ).
At the top of each of the graphs shown in Figure 3.7, results regarding the average SN R for
both the Persistent and SODCC algorithms are depicted. Each compression ratio K/N corresponds
to a distribution of average SN Rs, obtained from multiple simulations and summarized by a boxplot
representation. We see that a higher range for K/N is obtained with the network configurations
obtained by SODCC. This fact shows the ability of the SODCC algorithm to adapt to the data
and also enables more K/N — average SN R possibilities to be achieved.
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(d) SODCC

Figure 3.7: Compression ratio K/N summarized using normalized histograms and plotted using the right
side vertical axis (continuous line). Average SN R vs. K/N represented using the boxplot method and plotted
using the left side vertical axis. We represent the performance of the Persistent algorithm for budgets B
of 3 (a), 6 (b) and 9 (c) sensor nodes per cluster. Graph (d) represents the performance of the SODCC
algorithm.

Analyzing the general behavior of the boxplots, several similarities are observed between the
results for Persistent and SODCC. Each of the four boxplots show two distinct behaviors separated
by a crossover point: 1) a very-low SN R regime, where the compression rate is too high for
the clustering configuration, not enough information is transmitted and the DFC is not able to
properly decode the data; and 2) a linear regime, where the compression rate is appropriate for the
clustering configuration, enough information is transmitted, and the DFC recovers all the signal
components. Clearly, the linear regime is desirable in each of the four cases analyzed.
The differences between Persistent and SODCC are noticeable on the value of K/N for which
the crossover point occurs. That is, whereas the crossover point for the Persistent with budget
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B = 3 is around K/N ≈ 0.8, for B = 6 is K/N ≈ 0.5 and for B = 9, it is further displaced to K/N ≈ 0.4.
The crossover point for SODCC is not as sharp as for Persistent and is located around K/N ≈ 0.3.
Lower values of K/N at the crossover point are desirable, as larger linear regimes are obtained.
Analyzing the range of K/N and the values of average SN R obtained in each of the four cases,
we observe that higher values of K/N lead to better resolution of the small-scale spatio-temporal
correlations.
Qualitative Evaluation of the Performance
The data gathered by sensor nodes every minute can be seen as a snapshot of the temperature
field. Similar to the evaluation of image processing algorithms, following, a qualitative evaluation of
the performance of SODCC used with D-CPPCA is performed. Figure 3.8 represents 10 consecutive
snapshots of the temperature field, each identified by the parameter t = 1, . . . , 10 min. We show
configurations with data compression gain of K/N ≃ 0.5. Rows in the figure represent:
• Original data – actual dataset used in the computer simulations. This set of snapshots is
used as a baseline for the performance evaluation.
• Centralized CP P CA (K/N = 0.5) – data recovered in the DFC applying the CPPCA
in-network processing technique with K/N = 0.5 to the flat WSN.
• P ersistent B = 6 with D − CP P CA (K/N ∼ 0.5) – data recovered in the DFC using
Persistent [Kri06] with a budget of B = 6 nodes and D-CPPCA as in-network processing
algorithm, obtaining K/N ∼ 0.5. The heavy lines indicate the borders of the clusters.
• SODCC with D − CP P CA (K/N ∼ 0.5) – data recovered by the DFC considering a
representative output of the SODCC algorithm and using D-CPPCA as in-network processing
algorithm, obtaining K/N ∼ 0.5.
Several differences are observed between the original data and the data recovered by the DFC.
The best performance belongs to the Centralized setting, which is a poor configuration for data
gathering in a LS-WSN from energetic, computational and communications points of view. The
next best performance belongs to SODCC with D-CPPCA setting, as it is able to capture a
higher amount of details with fewer errors. Although the average SN R obtained has a low value
(∼ 5.2 dB), the snapshots of the reconstructed temperature field show the actual temperature with
details well within the dynamic range of the image.
In Figure 3.9 we evaluate the performance of SODCC with D-CPPCA considering different
compression ratios (K/N ). We use the same snapshot (t = 10 min) and the same clustering
configuration as in Figure 3.8. This figure corroborates that the reconstruction error decreases
as the total compression ratio increases. Incremental improvements from localized clusters are
cumulative for increasing values of K/N . For example, the differences between the original data
and results for K/N ∼ 0.25 in the top central cluster are corrected for K/N ∼ 0.4. These corrections
are further improved for K/N ∼ 0.65, while corrections to the lower right cluster are incorporated.
In conclusion, the data-coupled strategy of SODCC actually provides benefits against a traditional self-organized clustering algorithms. In this section, we showed that both the range of
possible compression ratios K/N and the linear regime for the average SN R obtained with SODCC
are larger, compared to the obtained with Persistent. Moreover, SODCC does not need prior information about the LS-WSN and the characteristics of the data, unlike Persistent that requires an
appropriate budget B. Furthermore, we can qualitatively see that the selection of the target value
of K/N involves a tradeoff between the quality of the reconstruction and reduction in the number
of packets transmitted through the WSN.
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Figure 3.8: Consecutive snapshots of the original data compared with Centralized CPPCA (K/N = 0.5), Persistent with a budget of B = 6 nodes and D-CPPCA
(K/N ∼ 0.5), and SODCC with D-CPPCA (K/N ∼ 0.5) configurations. In the third and fourth row, the heavy lines indicate the frontiers of the resulting clusters for
each algorithm. The colorbar range has been selected to stress the differences in performances among the algorithms, and typical differences are less than 2○ C.

N orth (m)

t=1
t=2
Original Data

3.3. Performance of the Data Reconstruction
35

36

SODCC Algorithm: Experimental Validation for WSNs

19

SODCC
(K/N ⇠ 0.25)

SODCC
(K/N ⇠ 0.65)

SODCC
(K/N ⇠ 0.4)

Original Data
(t = 10)

Degrees Celsius (o C)

N orth (m)

18
17
16
15
14
13
12

East (m)
Figure 3.9: Snapshot of the original data compared with the reconstruction obtained from three different
configurations of SODCC with D-CPPCA. The heavy lines indicate the frontiers of the clusters. Increasing
K/N are represented counter clockwise.

3.4

Energy Consumption

To evaluate the energy consumption the energy efficient clustering algorithm LEACH [Hei00]
is proposed as a baseline. In order to explicitly evaluate the gains of the in-network processing vs.
raw data transmission tradeoff, we split our results into: 1) transmission consumption, 2) reception
consumption, and 3) processing consumption. In other words, we estimate the consumption of the
transmission power amplifiers (the major power sink in a sensor node), of the electronic components
of the physical layer that receive the data (equalizers, filters, amplifiers, etc. . . ) and of the processor
while executing the different operations of the different algorithms.
3.4.1

Network Settings

Several network settings were used in the computer simulations in order to perform comparison
between different combinations of clustering and in-network processing algorithms. Table 3.1
indicates the number of independent simulations performed for each of these combinations and
Figure 3.10 shows the schematic representation of their operation used as graphical examples,
to clearly distinguish the fundamental differences between them. Several additional consideration
have to be taken into account regarding these configurations
1. The LEACH + D-CPPCA configuration is not considered, as D-CPPCA [Fow09] is formulated
for static node set and LEACH does not proportionate this feature.
2. For a fair comparison, all network setting that use ADG-CH or ADG-M report the data
through the DFC in rounds. This fact is motivated because the LEACH algorithm performs
a new clustering configuration each round, therefore the CH (the representative node) is
different in each round. So although Persistent and SODCC maintain the clustering configuration through all the simulation, we rotate the representative node.
3. The p = 0.35 parameter for LEACH was selected to be equal to the P = 0.35 parameter for
SODCC, used in all the simulations performed with this second algorithm.
4. The p = 0.5 parameter for LEACH was selected to analyze the performance of these network
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Processing
Clustering
LEACH
p = 0.35
p = 0.5
Persistent
B=6
SODCC
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ADG-CH
3

10
103
105
105

ADG-M
3

10
103
105
105

K/N = 0.3
105
105

D-CPPCA
K/N = 0.5
105
105

K/N = 0.8
105
105

Table 3.1: Number of independent computer simulations performed for each combination of clustering and
in-network processing algorithms.

settings when the amount of data transmitted is half the amount of data measured. This
cases are similar to D-CPPCA with K/N = 0.5 case.
5. The network settings that use D-CPPCA with K/N = 0.3 were selected to analyze the
performance of the WSN with high data compression, i.e. the amount of data transmitted
is very low with respect the amount of data measured. This cases are similar LEACH with
p = 0.35.
6. The network settings that use D-CPPCA with K/N = 0.8 were selected to analyze the
performance of the WSN with low data compression, i.e. the amount of data transmitted is
similar to the amount of data measured.
7. The parameter B for Persistent was set B = 6, to be similar to the average cluster size
obtained by SODCC.

3.4.2

Network Maintenance

Network maintenance is analyzed through the number of clusters obtained by each setting
considered. The premise is that the higher the number of clusters obtained in a WSN of size N ,
the more difficult and costly is the maintenance.
The evaluation of the average number of clusters in the present WSN shows huge differences
between the fourteen different strategies considered (see Figure 3.11). For example, for the LEACH
clustering algorithm approximately one third and one half of the nodes are CH, leading to a mean
number of clusters close to one third and half of the network size N = 47, for p = 0.35 and p = 0.5,
respectively. Also obeying the pre-selected parameters, for all strategies involving Persistent, the
average number of clusters is close to 8, meaning that approximately one sixth of the nodes in the
network are CH; and this fact is due to the pre-selected cluster size of B = 6. The behaviour of
SODCC is slightly different. Even though we have seen that the most probable dimension of the
signal subspace (and therefore, the expected average cluster size) in the dataset is 6 (see Figure
3.2), the number of clusters obtained in this case is approximately one eighth of the total number
of nodes. This fact reveals that, although 6 is a highly probable number of nodes per cluster, larger
clusters exist thus raising the average number of nodes per cluster to 8 in the case of SODCC. The
minor variations in the number of clusters for the same clustering algorithm is due to the different
initial random conditions. These variations are statistically negligible.
3.4.3

Energy Consumption

The evaluation of the energy consumption result in clear differences for the different strategies.
Figure 3.12 shows the total energy consumption of the network, differentiating between the energy
consumed in Transmission (top subfigure), in Reception (middle) and Process (bottom). These
values are relative to the maximum energy consumption in each case.

(Continues on page 39.)
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Figure 3.10: Operation of each clustering and in-network processing algorithms combinations used in the computer simulations. Rows are for different clustering
algorithms, and columns are for in-network processing algorithms. The first two columns are both for ADG-CH, representing two consecutive rounds. Black dots
represent the sensor nodes, discontinuous black line represent the cluster frontiers, blue arrows represent the intra-cluster packet transmission, and red arrows
represent the CH to DFC transmission. Thicker red arrows represent higher number of packet transmissions.
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Figure 3.11: Average number of clusters in the WSN with N = 47, computed for each combination of
clustering and in-network processing algorithms used in the computer simulations.
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Figure 3.12: Energy consumption for each of the clustering and in-network processing algorithms combinations. The total energy consumption is divided in energy for Transmission (top), Reception (middle) and
Processing (bottom). In each case, the energy consumed is normalized with respect to the maximum value.
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Figure 3.13: SN R represented with the boxplot method for each combination of clustering and in-network
processing algorithms considered.

Starting with the Transmission case, all LEACH strategies consume more energy than any other
case, mainly due to the single-hop communication with the DFC. In more detail, LEACH+ADGM require more energy as nodes have to transmit all their measures to the CH, to compute the
average temperature measured by the cluster. Strategies involving either Persistent or SODCC
algorithms are one order of magnitude below those with LEACH in terms of energy consumption in
Transmission, with minimal differences among the different in-network processing techniques. In
Reception, however, the energy consumption in the LEACH strategies is two orders of magnitude
below that of any of the other clustering algorithms.
With respect to the Processing energy consumption, as mentioned in the Section 3.1.4, the
ADG-CH algorithm has negligible computational burden. This assumption allows us to analyze
the energy invested by SODCC independetly, using the results of the setting SODCC+ADG-CH,
showing that the cost associated with the FSD calculation is minimal with respect to that of
any in-network processing algorithm. The rest of the strategies, including those that use ADG-M
in-network processing have energy consumptions that span differences in less than an order of
magnitude. Based on this results, we confirm that, with respect to the power budget, it is always
preferable to use processing-oriented strategies to transmission-oriented ones.
3.4.4

Tradeoff with Data Quality

Although the data reconstruction performance of the SODCC and D-CPPCA combination has
already been addressed, it is interesting to revisit this metric considering now the fourteen network
settings used in the energy consumption analysis. So the tradeoff between the energy consumption
and the quality of the data obtained in the DFC can be assessed.
The SN R of the data reconstruction in the DFC resulting from the different strategies is
plotted in Figure 3.13. LEACH clustering with ADG-M predictably fares better than its ADG-
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CH counterpart, for both values of p. The statistical dispersion of the SN R resulting from
the 103 random realizations is minimal for all strategies that include LEACH. This is due to
the high temporal and spatial granularity of the nodes involved in the measuring process. For
example, for each round of LEACH+ADG-CH with p = 0.5, the DFC receives on average the
actual measurements of one half of the nodes in the network and the next round receives them
from the other half of the nodes. If the measured field has a slow temporal evolution compared
with the round duration, a reliable performance is ensured. The low dispersion in SN R for both
ADG algorithms is also observed when used in combination with Persistent and SODCC albeit with
a loss of 2 dB approximately. This is also to be expected as the granularity of the measurement
decreases as, on average, only one in six nodes (Persistent) or one in eight nodes (SODCC) is
involved in the measurement process.
Strategies involving D-CPPCA have a large dispersion in the reconstruction performance is
obtained at any compression rate. It can also be observed that the reconstruction performance
gets exponentially better with lower data compression. SN R improves from 10 to 12 dB compared
with Persistent+ADG and SODCC+ADG strategies and from 5 to 7 dB with any LEACH strategies.
Thus, we can see that, although the LEACH strategies result in fair and reliable performance, the
strategies involving D-CPPCA have potential for performance improvement. No clear advantage
in reconstruction performance can be seen between the Persistent and SODCC strategies involving
D-CPPCA.
In summary, although the LEACH strategies perform reliably in terms of data reconstruction,
they are not competitive with respect to Persistent or SODCC clustering algorithms in terms
of the most energy consuming subsystem, the Transmitter. Furthermore, there is no margin
for improvement in LEACH strategies in terms of data quality, as algorithms that exploit the
spatio-temporal correlations of the data are not amenable to be implemented in such clustering
algorithms without critically changing its structure. This seems to be contradictory with the claims
that LEACH is an energy efficient WSN clustering algorithm. Typically, LEACH implementations
have used low values for the probability of a node to become a CH, e.g. p ≈ 0.1 [Hei00]. These low
values of p result in larger clusters that, in conjunction with the ADG algorithms, surely degrade
the fidelity of the measured field reconstruction.
Comparison between Persistent and SODCC shows no significant differences, either in terms of
fidelity of the reconstruction or in power consumption. However, it is to be remarked that, while
the Persistent algorithm requires the a priori set budget B, i.e. the desired cluster size, no prior
adjustable parameter is needed in SODCC. We have shown previously in Section 3.3.2 that for the
B Parameter to be optimally set, both the node deployment density and the spatial correlations
of the measured field have to be taken into account. Otherwise, the fidelity of the reconstruction
can be compromised. But, while the node density can be known a priori, the spatial correlation of
the data is considerably more difficult to obtain or even to estimate. Finally, it’s worth noting that
SODCC makes necessary to calculate the FSD statistic in order for the clusters to be established
whereas the Persistent algorithm needs no calculations to be performed in the nodes. But the cost
of calculating the FSD statistic is almost negligible compared to the power consumption of other
subsystems.
With respect to the inclusion of D-CPPCA as in-network processing technique in any strategy,
it is clear that it significantly contributes to the reduction of Transmissions (and therefore to
the reduction of energy consumption). Furthermore, the potential to increase the fidelity of the
reconstruction (increasing K/N ) with limited energy consumption is remarkable. Therefore, from
the combined restrictions of reconstruction fidelity, minimum energy consumption and no prior
required knowledge or settings, the SODCC+D-CPPCA setting outperforms any of the other
studied strategies.

3.5. Conclusions
3.5
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Conclusions

This chapter contributes to the specific objective (O1) of this thesis, and the performance of
SODCC has been evaluated using actual data, assessing both the energy efficiency and the data
quality. Therefore, in this chapter SODCC has been validated through computer simulations in an
LS-WSN scenario, using the LUCE temperature dataset. These simulations revealed the ability of
SODCC to adapt the cluster spatial distribution and size to the measured data, in contrast to the
performance of state of the art self-organized clustering algorithms. Furthermore, the combined
use of SODCC and D-CPPCA allowed for fine tuning of the compression rate. This tuning achieved
a tradeoff between the reconstructed data quality and the number of transmitted messages. The
performance of SODCC in average SN R of the reconstruction has been, comparative to other
self-organized algorithms, better at any compression rate. Furthermore, has not needed prior
adjustment of any parameter.
The energy consumption of SODCC has also been simulated and the tradeoff with the data
quality has been studied. From all the network settings examined which also consider clustering
and in-network processing algorithms, the SODCC+CPPCA combination achieved the best balanced performance in both data reconstruction and energy efficiency. Network settings that only
select representative nodes achieved energy efficiency at the cost of losing relevant data from the
correlated nodes in the cluster. On the other hand, strategies with single-hop communications
highly penalized the energy efficiency. Improvements upon the previous strategies by averaging
data in the cluster achieved minor gains and continued to pay a high prize in terms of energy
expenditure. Moreover, the usage of self-organizing procedure such as the Persistent algorithm
required for the a priori determination of the cluster size, that was critical for proper operation.
And only the SODCC with CPPCA strategy achieved a perfect balance between quality of reconstruction, controlled by the compression ratio, and the energy expenditure of the data gathering
process.

⋅b ⋅ c⋅

◂

▸
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Chapter 4
SODCC Algorithm: Application to Climatology

In this chapter we conclude the analysis of LS-WSN, assessed in the first part of this dissertation.
Once the SODCC algorithm has been validated in a WSN environment, for which it it has been
designed, it is the moment to challenge it and apply it to a different scenario, i.e. the climate
study. The similarity with the WSN case is due the type of environmental variable, the temperature,
measured in different spatial points, the sensor nodes or the weather stations. On the other hand,
the distance between the sensor locations are much larger and distance calculation has to consider
the Earth curvature.
Over the last decades, different machine learning techniques have been used to detect climate
change patterns, mostly using data from measuring stations located in different parts of the World.
Some previous studies focus on temperature as primary variable of study, though there have been
other works focused on precipitation or even wind speed as objective variable. In this chapter,
SODCC is used to carry out a spatio-temporal trend analysis of temperature patterns in Europe
and Western Asia. The idea of applying SODCC is to identify the existing regimes of spatiotemporal correlations based on their geographical extent, to detect changes in their structure over
the decades, and to link them with known climate issues.
4.1

Introduction

The state of the art for Detection and Attribution (D&A) of climate change problems usually
considers two type of models: General Circulation Models (GCMs) and statistic models. GCMs
are mainly used to understand the dynamics of the physical components of the atmosphere, that
are related to the climatic change phenomenon. The goal of GCMs is to obtain spatio-temporal
climatic change patterns (usually global patterns), also known in the literature as fingerprints of the
climatic change, and they can also be used to make predictions and long-term projections of climatic
variables [Cra13]. In D&A problems, the GCMs have been used with different temporal scales,
from seasonal to decadal time-horizons. At present, some of the most sophisticated GCMs used to
study climate change are developed by the WCRP’s Working Group on Coupled Modeling [Wgc],
which provides a multi-model context for carrying out coordinated climate model experiments,
especially well-suited for D&A problems [Sol09].
On the other hand, the use of alternative statistic models has grown in the last years, since they
are able to obtain clear evidence of climate change in a fraction of the computational time needed
by the GCMs. Several statistical models have been applied to different D&A problems, i.e. methods
developed for econometric series [Kau97], also known as co-integration methods [Kau11, Kau02],
or methods based on regression type approximations to evaluate climate change patterns using
temperature data [Sto05, Dou04].
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Air temperature is a key parameter for the detection of climate change in certain areas and the
assessment of its impact in different ecosystems [Gom14, AB14]. Air temperature it is also related
to the evaluation of the human activity, such as agriculture [Smi09, Cob14], health-care [Gar13,
Xu14], and energy [PT11, Jag14]. Temperature analysis in climate change studies may also involve
problems of prediction, reconstruction or spatio-temporal analysis of the results; we are interested
in the latter, where there are important previous works in the literature, published in the last few
years. In [CH07] a study of spatio-temporal analysis using minimum temperature and precipitation
data was carried out for Mexico. Several algorithms based on Kriging regression were applied in
this case to more than 200 stations located in the Basin of Mexico for the period 1978-1985.
In [Kou13] maximum temperature data in Iran over the 1960-2005 period were analyzed with
implications for climate change detection in the area. The authors applied different techniques
including statistical test, filtering and hierarchical clustering to data from 32 synoptic stations
that cover Iran, and showed the trends and variability of temperature at different scales (annual,
seasonal and monthly). Another recent work on temperature variability is [Klo12], where satellite
surface measurements are used to analyze the spatio-temporal trends of minimum temperature
for Massachusetts (USA). The study applies regression techniques and spatial smoothing and
incorporate alternative meteorological data. Somehow related to that work is [vdK13], in which
the authors present a study of spatio-temporal variability of temperature in a remote region of
Russia. Signal processing methods such as Fast Fourier Transform and other such as multi-linear
regression are applied in this case to carry out the study.
This chapter studies the spatio-temporal correlations of air temperature, with focus on European data, using the SODCC clustering algorithm. Previous spatio-temporal clustering approaches
such as [Kou13, CH07, Hor10] exploit the similarities among air temperature temporal series of different measuring stations to ascribe them to different clusters, which may, or may not, be spatially
compact. In contrast, SODCC performs joint spatio-temporal clustering by: 1) minimizing the
number of principal components needed to explain the variance of the data, and 2) not allowing
for spatially disjoint clusters to occur.
4.2

Experiments

To analyze the spatio-temporal trend of the air temperature, SODCC is applied to temperature
fields obtained from different measuring stations throughout Europe [KT02, Chi13], considering
different initial points (at decadal time scale). Similar to Figure 2.3 shown in Chapter 2 for a
generic WSN, the interpretation of the SODCC operation in terms of explained variance is shown
in Figure 4.1, for a setting more akin to the application considered, with the localization of several
measuring stations all across Europe. With this, the size of the cluster can be directly related with
the geographical extent and with the data correlation between the geographical units. From the
obtained cluster distributions it is possible to evaluate the relations between neighboring measuring
stations, the probability of cluster formation, and their time evolution.
4.2.1

Datasets and Data Reconstruction

The data used in the experiments is gathered by measuring stations from the European Climate
Assesment & Dataset [KT02] and from the European Histalp proyect [Chi13], from Central Europe
and Alps, measured between January 1940 and December 2010. The climatological variable used
is the average temperature, calculated over monthly periods, i.e. Ts = 1 month. The time series
used in the present work are from measured data and exhibit gaps. Specifically, we use N = 123
measuring stations (see Figure 4.2), free from error bursts larger than 24 consecutive values (2
years).
Note that, to fill in data gaps, typical imputation methods in climatology research involve

4.2. Experiments

47
2

90% total variance
dˆ

2

i

90% total variance
i

dˆ

2

90% total variance
dˆ

i

Figure 4.1: The SODCC clustering of the measuring stations can be understood in terms of explained
variance. The variance of the measurements from measuring stations in small clusters (red) can be explained
with almost all of the (few) present principal components. As clusters enlarge, more principal components
are needed to explain the variance of the measurements (green and blue).
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Figure 4.2: Location of the N = 123 measuring stations (black dots) used for computer simulations.

spatial interpolation techniques (among measuring stations) such as global, local and geostatistical
methods [VS03]. These can be used to generate very high resolution interpolated climate surfaces
[Hij05]. However, these methods may introduce artificial correlations among measuring stations
which can mask actual spatial interactions detected by the SODCC algorithm. In order to avoid
the introduction of spurious spatial correlations, a simple and low-complexity regression method
is used, that deals with independent time series from the measuring stations, i.e., missing data
from each station are reconstructed individually. The introduction of artificial time-correlations is
a possibility. However the percentage of missing data is marginal compared to the total available
data, as can be seen in Figure 4.3(a). In this figure, the percentage of missing values in each decade
for the 123 stations is represented, using the histogram method. For the worst case (1990s), the
proportion of missing values is lower than 6%, which ensures an acceptable data quality.
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Figure 4.3: (a) Percentage of missing data per decade. All this missing data was calculated using the
model in Eq. (4.1). (b) Example of reconstructed data (red squares) using original data (black circles) and
the model in Eq. (4.1).

For each data series we calculated the remaining missing values, in an independent way, using
the following regression model:
y = A sin(2πf0 x) + B cos(2πf0 x)

(4.1)

where A and B are weighting constants, f0 is the fundamental frequency, and x is the vector of
timestamps. The fundamental period of 1 year is considered for the calculation. The fitting between
the model and the data minimizes the mean square error. In Figure 4.3(b) is shown, as example, a
segment of one of the data series where 11 values were calculated using the aforementioned model.
In this figure, the black circles represent the temperature data that is correctly measured, the red
squares represent the values that were calculated and the dotted gray line is used as a guide for
the figure.
4.2.2

Experimental Methodology

SODCC is applied to the dataset of the 123 measuring stations for time intervals beginning in,
respectively, TI ∈ {1940, 1950, 1960, 1970, 1980, 1990}. The output of each independent SODCC
realization is a set of clusters of neighboring stations and thus, are spatially proximal. Furthermore,
those clusters are ensured to encompass the measuring stations that allows us to obtain the
minimum number of principal components that explain 90% of the variance of their data. The
objective is then to look for changes in clustering distribution probabilities through the different
considered time intervals. Thus, the methodology applied is the following: for each decade, we
perform 10000 independent random cluster seeds, i.e., the initial measuring stations in the first
stage of SODCC are randomly selected. This is done in order to obtain statistical significant results
and thus, independent of the initialization of the clustering algorithm.
The criteria used to decide both the preferred nodes in the first stage of SODCC and the
best cluster to fusion with in the second stage is based on the distance. Because of the Earth
curvature the Cartesian system is not applicable and the Haversine formula is used. This formula is
commonly used in navigation and localizes the points based on their latitude and longitude. This
distance calculation considers the globe as a sphere, and in this work R is set to the equatorial
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radius R = 6378km. Consider the point P1 located at latitude lat1 and longitude long1 , and the
point P2 located at lat2 and long2 . The distance dH between P1 and P2 is calculated as follows:
∆lat = lat2 − lat1
∆long = long2 − long1
∆lat
∆long
a = sin2 (
) + cos (lat1 ) × cos (lat2 ) × sin2 (
)
2
2
√ √
c = 2 × atan2( a, 1 − a)
dH

= R×c

(4.2)
(4.3)
(4.4)
(4.5)
(4.6)

where atan2 is the four-quadrant tangent inverse. This calculation is quite inaccurate for distances
of less than 20km, that are not present in this thesis as closest weather stations are the ones in
Zugspitze and Hohenpeißenberg, both in Germany, located at 42km.
Results include information about the geographical location of the most probable cluster borders
and their time evolution. The appearance of highly probable domain frontiers (i.e. cluster border),
and their change through time, will also reflect the spatial extent of the correlation and its change
through the different decades. Moreover, the results also allow us to relate the stations pertaining
both to the same cluster and to different clusters. We focus on the probability of a given station to
be in a cluster of a given size. Any change through time of this statistical distribution will reflect
a change in the spatial domain of the time correlations among neighboring stations.
4.3

Results

In the following subsections three metrics that allow the statistical evaluation of the spatiotemporal correlations are described. The first one is a global measure of the spatial-extent statistical
distribution of the correlations among measuring stations present in the decade, the so called
cluster size probability. The second and third metrics are related to the individual affinity of the
stations to be associated with their neighbors. The PFP measures the affinity (or lack thereof) of
two neighboring stations based on their cross-correlations. The Station-to-Cluster-Size Probability
(SCSP) measures the probability of a given station to be associated with a cluster of a certain size.
With these three measures, both the statistical distributions and time evolution of the clustering
that SODCC algorithm achieves are analyzed.
To facilitate the spatial interpretation of the results that will be shown next (location and
extent of clusters), the measuring stations are depicted as centroids of a Voronoi region. In order
to limit the perimeter of the Voronoi regions located on the periphery, auxiliary centroids (not
shown) are located at the 17○ N and 81○ N parallels and 42○ W and 89○ E meridians.
4.3.1

Cluster Size Probability

The temporal evolution of the spatio-temporal correlations is studied by means of the cluster
size probability Pcluster (TI , Ni ) calculated for each decade beginning in TI and each cluster sizes,
and shown in Figure 4.4. In the first three decades (1940, 1950, 1960), a bimodal asymmetric
distribution is observed, with maxima in Ni = 3 and Ni = 8 stations. These peaks are related to
the number of principal components that explain 90% of the variance of the data in each cluster. In
Chapter 3 it has been shown that the first peak is related to the minimum signal subspace dimension
present throughout the stations, while the second peak is related to the maximum signal subspace
dimension. The exponential decays after the two peaks are due to the power-law functions resulting
from the cluster fusion process. Thus, the cluster sizes in those peaks can be directly related to
the extent of the spatio-temporal correlations of the air temperature measurements.
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Figure 4.4: Cluster size distribution resulting from the SODCC clustering of the data from the 123
measuring stations for the decades starting in TI ∈ {1940, 1950, 1960, 1970, 1980, 1990}.
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Figure 4.5:
PFP with reference to the Voronoi cell borders for the decades starting in TI ∈
{1940, 1950, 1960, 1970, 1980, 1990}. Probabilities lower than 2 ⋅ 10−4 are indicated with discontinuous
lines.
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The most striking feature appears in the following three decades (1970, 1980, 1990) where a
third peak appears for Ni = 14 stations. Thus, larger spatio-temporal correlations appear (affecting
to a larger number of stations) from 1970 onwards.
From the previous results we identify three clearly differentiated cluster size regimes which
can be associated with the corresponding extent of spatio-temporal correlations among measuring
stations. We define those regimes as 1) small-scale correlations, identified with clusters of sizes 3, 4
and 5; 2) medium-scale correlations, associated with clusters of sizes 7, 8 and 9; and 3) large-scale
correlations, bounded to appear in clusters of sizes 14, 15 and 16.
4.3.2

Pairwise Frontier Probability

To study the behaviour of the cluster borders, the probability that a cluster frontier occurs
between two neighboring stations is calculated. Results are depicted in Figure 4.5, showing that
most frontiers are stable in their PFP values. There are even composite frontiers from two or more
borders that are highly stable through time.
The variation in PFP for the unstable (with respect to time) frontiers is, in general, small
and without an evident temporal structure. However, a composite frontier that crosses diagonally
the Iberian Peninsula purports the largest observed instability of the whole dataset. Its individual
frontiers exhibit 0.6 ≤PFP≤ 0.8 in the decades previous to 1970 but, from 1970 onwards, their
probabilities lower to PFP≤ 0.4.
4.3.3

Station-to-Cluster-Size Probability

To further clarify the location, extent and evolution of the SODCC clusters, in the following
viewgraphs the SCSP Pstation (TI , Ni ) is represented. The SCSP is the probability that any given
node is part of a cluster of size Ni in the TI decade.
Figure 4.6 shows ∑5Ni =3 Pstation (TI , Ni ) to represent the location, spatial distribution and
time evolution of clusters associated with small-scale correlations and with the first peak of
Pcluster (TI , Ni ) in Figure 4.4. There are high values of Pstation (TI , Ni ) in three stations of the
southwest Iberian Peninsula in the first three decades (1940, 1950, 1960), namely Coimbra and
Lisbon in Portugal, and Cádiz in Spain. However, the SCSP for these stations abruptly drop
to negligible values from 1970 onwards. This fact is consistent with the disappearance of the
composite frontier mentioned earlier.
In Figure 4.7 the SCSPs associated with the medium-scale correlations are plotted, namely
9
∑Ni =7 Pstation (TI , Ni ), corresponding to the second peak of the PFP in Figure 4.4. We see that
before the 1970s stations in the Iberian Peninsula show low values of SCSP for the medium-scale
correlations. However, in the 1970 decade there is a significant increase, consistent with a smallto-large cluster transition through of a medium-size cluster. In this decade, the spatial correlations
among the stations in the peninsula would increase to reach southern France.
Figure 4.8 represents ∑16
Ni =14 Pstation (TI , Ni ), namely the SCSPs associated with the large-scale
correlations and with the third peak of the PFPs that only appears in the 1970, 1980 and 1990
decades in Figure 4.4. The increase in the probability of being associated with large clusters for
all the measuring stations in the Iberian Peninsula and Southern France in the 1970s is apparent.
−4
Moreover, ∑16
Ni =14 Pstation (TI , Ni ) arises from baseline values (≈ 10 ) in the 1940-1969 period to
significant values in the 1970 decade, and stabilizes around 0.45 in the 1980-1999 period.
With these results, is possible to detect a stable trend which shows an increase in the scale
of the spatial correlations among stations in Southern Europe by means of the spatio-temporal
clustering of air-temperature data. In the 1940s decade the 90% of the variance of the data from
three measuring stations (Coimbra, Lisbon and Cádiz) can be explained within the subspace of
principal components spanned by these datasets. In the 1950-1969 period, an increasing probability
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Figure 4.6: SCSP for clusters with size Ni = 3, 4 and 5, ∑5Ni =3 Pstation (TI , Ni ) for the decades starting in
TI ∈ {1940, 1950, 1960, 1970, 1980, 1990}.

of these measuring stations to be associated with neighboring nodes is observed. The spatiotemporal correlations in the 1940, 1950 and 1960 decades are in the small-scale regime. However,
the growth in the average cluster size associated within the Iberian Peninsula in the 1970s decade
corroborates a shift of the spatio-temporal correlations to the medium-scale regime. The further
increase in the average cluster size in that region in the 1980-1999 period evidences a shift of the
spatio-temporal correlations regime, extending the region affected to stations in Southern France.
This fact points to a possible evidence of a climate change (or climate variability) pattern affecting
Southern Europe.
Although the previous trend can be identified with low effort, other trends can be seen to be
present. These trends show, for example, extremely stable medium-scale regimes associated with
the British Isles (see Figure 4.7) or seemingly oscillating (with a two-decades period) large-scale
regimes in the Turkmenistan, Tajikistan and Uzbekistan stations (see Figure 4.8) which is a strong
indicator of a climate variability pattern.
4.3.4

Analysis of the Results

In the present section, the significance in the change of probability distributions for individual
“tell-tale” (representative) measuring stations is addressed. These are stations that can be identi-
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Figure 4.7: SCSP for clusters with size Ni = 7, 8 and 9, ∑9Ni =7 Pstation (TI , Ni ) for the decades starting in
TI ∈ {1940, 1950, 1960, 1970, 1980, 1990}.

fied as having the largest change in their SCSP Pstation (TI , Ni ) with respect to the reference SCSP
which we fixed to be their respective initial Pstation (1940, Ni ).
In order to quantify the change in the SCSP for the 123 stations we use the Kullback-Leibler
Distance (KLD) (or divergence) DKL (P ∣∣Q). This metric is commonly used in Information Theory
to quantify the differences between two probability distributions (either discrete or continuous).
Specifically, it accounts for the information lost if a given probability distribution P is used to
approximate a different probability distribution Q. Although termed a “distance”, it is not a true
distance metric as it is not symmetric with the interchange of distributions, i.e. DKL (P ∣∣Q) ≠
DKL (Q∣∣P ). However, this last property has no consequences in this analysis.
The KLD between two SCSP belonging to the same stations, namely Pstation (TI , Ni ) and
Pstation (1940, Ni ), is defined as
Nmax

Dstation (TI , 1940) = ∑ Pstation (TI , Ni ) log
Ni =1

Pstation (TI , Ni )
Pstation (1940, Ni )

(4.7)

We then calculate Dstation (TI , 1940) for all the decades of interest and for all 123 stations,
and represent it in Figure 4.9(a). We can then identify 6 stations that rise above the fray of
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Figure 4.8: SCSP for clusters with size Ni = 14, 15 and 16, ∑16
Ni =14 Pstation (TI , Ni ) for the decades starting
in TI ∈ {1940, 1950, 1960, 1970, 1980, 1990}.

values Dstation (TI , 1940) ≤ 15. Within those 6, we can identify two classes: 1) Cádiz, Lisbon and
Coimbra in the Iberian Peninsula with Dstation (TI , 1940) ≥ 30 in the 1970-1990 period, and 2)
Semej, Uch Aral and Zajsan in the Kazakhstan region with 17 ≤ Dstation (TI , 1940) ≤ 18 in the
1950-1969 period.
The time evolution of Dstation (TI , 1940) for the 6 selected stations is shown in Figure 4.9(b).
For the Iberian stations, an increasing trend is present from 1970 onwards that drastically differentiates their initial SCSPs in the 1940 decade from those from 1970 to 1999. The change in the
three Kazakhstan stations is not as abrupt as the Iberians and it is not stable in time. Figure 4.10
shows the SCSP for both the Cádiz and the Semej station measuring stations. We observe the
change in probability distribution of the first is clearly more drastic than in the second case.
Therefore, SCSP from individual stations allows the identification of “tell-tale” or representative
stations within a spatio-temporal trend. Despite this fact, these stations cannot help us envision the
extent of the spatio-temporal trend as data variance is not homogeneously distributed. For example,
stations that are bound to the large-scale regime in the Iberian Peninsula but do not exhibit a large
Dstation (TI , 1940) are difficult to be identified as part large spatio-temporal correlations. Another
example of such apparent mismatch between individual and collective representations occurs in the
case of the Kazakhstan stations. Despite we are able to identify a trend change in this region in
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Figure 4.10: SCSP Pstation (TI , Ni ) for two “tell-tale” measuring stations: (a) Cádiz in Spain and (b) Semej
in Kazakhstan.

the 1950 and 1960 decades, we can only identify a small-scale regime (see Figure 4.6(a-c)) in the
region, in contrast to the previous large-scale regime in the Iberian region. That being the case,
collective measurements are to be preferred to individual measurements in probability of cluster
size formation if spatio-temporal trends are to be identified.
The results obtained in this analysis, pointing out possible climate change related to air temperature in Europe and Western Asia in the last decade of 20th Century, are in accord with previous
studies of climate change impact such as [Thu05]. In that paper, a study of climate change threats
to plants diversity was presented for Europe, showing zones of special sensitivity. In fact, an important result obtained in [Thu05] points out that “the greatest changes are expected in the transition
between the Mediterranean and Euro-Siberian regions”, and also the Iberian Peninsula is pointed
out to be a zone of important species loss (see Figure 4.11). The results obtained in this work
support those previous findings. In conclusion, SODCC can help identify, not only trend changes
in the climate in time, but also their geographical extent and intensity.
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Figure 4.11: Representation of the regions with particularly high or low species vulnerability. Original
caption: “Regional projections of the residuals from the multiple regression of species loss against growingdegree days and moisture available. Red colors indicate an excess of species loss; gray colors indicate a
deficit”. Original source: [Thu05]. © 2005 by The National Academy of Sciences of the USA.

4.4

Conclusions

This chapter contributes to the specific objective (O2) of this thesis, and the SODCC algorithm
has been applied to actual data obtained from a field unrelated to WSNs. The first application for
SODCC was the analysis of the spatio-temporal correlations of air temperature measurements between different weather stations. In this analysis, SODCC operated by clustering weather stations,
in a decadal time basis, in which 90% of the data variance has been explained with a minimum
number of principal components. Results are based on computer experiments where SODCC has
been applied to the data of 123 stations throughout Europe and Western Asia.
From the analysis conducted, there were identified three different regimes of spatio-temporal
correlations based on their geographical extent which are, respectively, small, medium and largescales regimes. Based on these regimes, we were able to identify a change in the spatio-temporal
trend of air temperature, that reflected in a transition from the small-scale regime to the largescale regime (passing through the medium-scale regime) of the stations in the Iberian Peninsula
and Southern France. We also observed an oscillating spatio-temporal trend in the Turkmenistan,
Tajikistan and Uzbekistan region (with a two-decade period) that manifests in a seesaw transition
between the small and large-scale regimes and a stable medium-scale regime affecting the British
Isles. These results are in accord with previous findings in the scientific literature.
The usage of the SODCC algorithms helped us detect an air temperature spatio-temporal trend
change in Southern Europe that can be associated with climate change threats to plant diversity
and points to an evidence of a climate-change (or climate variability) pattern.

⋅b ⋅ c ⋅

◂

▸

Part II

Small Scale
Wireless Sensor Networks

57

Chapter 5
Human Gait Analysis

Hereinafter, this dissertation focuses on small scale WSNs and their application to bioengineering. In these cases, where physiological signals are measured, the reliability between the original
and the measured signals is mandatory, as the consequences of a possible incorrect diagnostic
issued by a physician can be severe. Physiological signals are characterized by having some kind
of temporal structure, similar but more complex to the temperature data considered previously.
Then, one of the analysis that can be performed assess the variability of a physiological signals
or the complexity of the systems that generated those signals by means of entropy rate measures.
In this context, the entropy can be interpreted as a function of the number of states achieved by
the system. Therefore the scarcity of different states, or a severe unbalance in their appearance,
indicate abnormal behaviour of the system.
The main contribution of this Chapter is the analysis of the variability of the human gait
and the development of an ambulatory gait measurement system based on a small scale WSN.
Traditionally, physiological signals from the locomotor system are gathered in dedicated laboratories
using complex and bulky equipment [Vic] and analyzed afterwards. System complexity can also
be assessed, and now the system is represented by the lower limbs and its states are the interstep differences. Note that this similar system representation is performed for heart rate variability
analysis where the states are the different configurations of the temporal time-series of the interbeat
(or RR) interval. The main drawback in these studies is the experimental scenario, as the human
movement might be conditioned by the equipment itself, such as special shoes or cables that
disturb the subject being tested. Therefore, the demand of a system that allows a natural motion
during the experiments is manifest, and its development is one of the goals if this thesis.
This chapter is divided in three different sections. First, Section 5.1 includes a review of the
main entropy rate metrics used in physiology, and the proposal of various alternative metrics with
low computational cost. Then, in Section 5.2 the ambulatory gait measurement system based
on a small scale WSN is proposed, starting with the requirements and finishing with the final
implementation in a real-world Sun Small Programmable Object Technology (SunSPOT) device.
Finally, several proofs of concept are detailed in Section 5.3, where the data gathered using the
measuring system is used to analyze the body symmetry.
5.1

Variability of Physiological Signals

The irregularities of physiological signals can be quantified with entropy measures. The calculation of the actual entropy is intractable as all possible states of the system have to be achieved
at least once [Cov12]. Then, entropy rate measures are employed to assess the variability of physiological systems and several metrics have been proposed, such as Approximate Entropy (ApEn),
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Sample Entropy (SampEn) and Multi-Scale Entropy (MSE), described in Section 5.1.1. To avoid
the drawbacks of the previous metrics, namely the difficulties to be implemented in resourcelimited devices, Section 5.1.2 includes the description of two novel entropy rate metrics with low
computational burden.
The entropy can be also seen in terms of the Kolmogorov complexity, that measures the rate
of creating information through the length of the shortest program that explains each data series.
So, two similarity metrics derived from the Kolmogorov complexity are explained in Section 5.1.3,
namely Normalized Information Distance (NID) and Normalized Compression Distance (NCD).
Finally, in Section 5.1.4 two incremental similarity metrics prone to be implemented in resourcelimited devices are proposed, namely incremental Normalized Information Distance (iNID) and
incremental Normalized Compression Distance (iNCD).
5.1.1

Traditional Entropy Metrics: ApEn, SampEn, and MSE

In thermodynamics, the entropy is a measure of the disorder and, in short, quantifies the
number of states in of a particular system [Cov12]. Namely,
S = k log W

(5.1)

where k is a proportionality constant and W represents the number of states achieved by the system.
This concept has been borrowed for the analysis of nonlinear systems, such as physiological ones,
where the complexity of the entire system is assessed thought the regularity, or lack thereof, of
the output signal of the system. In this context, a time series data with high regularity can be
obtained from a system with low complexity, that in physiology are usually associated to impaired
systems due to age or illness [Gol02].
As the calculation of the exact entropy requires high amount of data and high computational
capabilities, over the years multiple metrics were proposed to overcome these limitations such as
ApEn, SampEn and MSE.
ApEn
ApEn [Pin91a, Pin91b] is one of the first metrics proposed to quantify the system complexity
through the analysis of the regularity of time series data, and its first application was for heart
rate variability. The relation between ApEn and the complexity of the measured system seems
to be not so clear, as “an increase in ApEn is not necessarily synonymous with an increase in
physiologic complexity” [Gol02]. Anyway, this metric is used to analyze the system complexity
mainly in clinical cardiovascular studies [Pin94, Pal98, Bar02], and also in various areas such
as electroencephalogram analysis for schizophrenia diagnosis [Sab09], human movement studies
[Mye10, Ste11] or the study of the temperature curve of healthy humans [Var03].
The main drawback of ApEn is the bias by the signal length, leading to lower values for short
signals and making difficult comparisons between datasets [Pin95, Ric00].
SampEn
SampEn [Ric00] was proposed to improve ApEn by reducing the bias to the signal length. For
a given sequence length m, tolerance r and signal length N it is defined as:
SampEn(m, r, N ) — negative natural logarithm of the conditional probability that two sequences similar for m consecutive points remain similar at the next point, where self-matches
are not included in calculating the probability.

5.1. Variability of Physiological Signals

61

(m=2) SampEn = ln(templates of length 2)

ln(templates of length 3)

Amplitude

T emplate

Sample Index
Figure 5.1: Graphical representation of the calculation of the SampEn metric for m = 2.
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Figure 5.2: Graphical representation of the computation of the coarse-grained time series required for MSE.
Signals x1 , x2 and x3 are used for scales τ = 1, 2 and 3, respectively.

In other words, consider the data signal x = {x[1], x[2], . . . , x[N ]} of length N , a template vector xm (i) = {x[i], x[i + 1], . . . , x[i + m − 1]} of length m and, a distance function
d[xm (i), xm (j)], i ≠ j. Then
A
SampEn = − log
(5.2)
B
where
A — number of template vector pairs having d[xm+1 (i), xm+1 (j)] < r
B — number of template vector pairs having d[xm (i), xm (j)] < r
A graphical interpretation of this calculation is shown in Figure 5.1.
Commonly used values are m = 2 and r ∈ (0.1, 0.25) × standard deviation of the data signal
[dlCT13, Cos03, Cos05, GE10]. Regarding N , SampEn claims to reduce the bias to the signal
length and actually it is found that only for very short data series SampEn results are deviated from
predictions, justified by correlation between the template vectors [Ric00]. Specific, the deviation for
N > 100 is < 3%, providing a lower bound of the signal length. SampEn has been used in multiple
fields [Lak02, Kim08, dlCT13], and one of its most relevant applications is for the computation of
the MSE metric, explained below.
MSE
One of the possible drawbacks of SampEn is that it is based on a single scale, meaning that
close points in the signal are analyzed and a unique number is given as a result [Cos02]. In
order to give a broader view of the complexity of physiological time series, the MSE metric was
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proposed [Cos02, Cos05], in which the SampEn is computed for each consecutive coarse-grained
time series. These coarse-grained time series are constructed from the original signal as the average
of τ consecutive and non-overlapping data points for each scale factor τ , as shown in Figure 5.2.
Therefore, the length of each coarse-grained time series is reduced as the scale factor increases.
MSE allows the analysis of the trend of the SampEn over multiple scale factors. Significant
results have been achieved in ECG analysis where the MSE analysis of interbeat interval time
series showed different trends between healthy subjects and patients with various heart diseases
and concluding that “no only the specific values of the entropy measure but also their dependence
on resolution need to be taken into account to better characterize a physiologic process” [Cos02].
The main drawback of MSE is caused by the decimation of the signal length as the scale factor is
increased and bias of SampEn for short data series. Then, if high scale factors are required original
time series with long length N are needed.
The use of MSE focuses on analysis of physiologic time series, specially in the analysis of
the heart rate dynamics [Cos05, Fer06, Cos08]. However, the human gait dynamics were also
considered in the study of gait time series from healthy subjects under different walking conditions
up to the scale factor τ = 6 [Cos03].

5.1.2

Low Computational Cost Entropy Metrics: hpmf and hipmf

Recently two measures of the entropy with low computational burden have been proposed [Pas13].
First, the authors present the properties that sparsity measures have to attain and what are their
counterparts with respect to entropy measures. Then, they propose two entropy measures that
satisfy some or all of the criteria. These measures are
hpmf (x) = ⟨

1b
p(x)
,
⟩
∣∣1b ∣∣1 ∣∣p(x)∣∣∞

(5.3)

KN
x↑
,
⟩
∣∣1N ∣∣1 ∣∣x∣∣∞

(5.4)

and
hipmf (x) = ⟨

where p(x) is the Probability Mass Function (pmf) of the signal x ∈ RN , 1N ∈ RN is a vector of all
ones, b is the number of bins or intervals used in the histogram method and, ∣∣⋅∣∣p denotes the p-norm
of a given vector. In Eq. (5.4), KN is related to function Φ(x) = exp(−n2 /2), n ∈ {−b/2, . . . , b/2}
as the inverse of sorted Φ (increasing order). Also x↑ is the sorted in ascending order version of x.
These two metrics aim to evaluate the similarity of either p(x) or x to a given pmf or reference
vector, respectively. In hpmf (x) it is the similarity of p(x) with the pmf of the most uncertain
signal, i.e. the uniform random variable. In hipmf (x) it is the similarity of sorted x with a sorted
realization of a standard normal random variable of the same length, which is the natural reference
signal for entropy.
The irregularity of a signal determines its compressibility under a given basis transformation.
In [Pas13], Pastor et. al have established that the sparsity of a signal under such transformation
can be related to the two measures presented above. The hpmf is directly related to the changes
in the occurrence probability with the uncertainty of the signal. And hipmf , defined for that cases
where is more useful to work directly with the signal x instead of its pmf, is directly related to the
sparsity of the signal. In this case the reference signal to compare with is Φ, a relaxation of the
sparsest signal, i.e. the delta function δ.
The computational burden of these two measures is extremely low (compared to the exponential
complexity of ApEn, SampEn or MSE calculation with N increasing), e.g. Eq. (5.3) can be
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rewritten in a much simpler form as ⟨1N , p(x)⟩ = 1, ∣∣1b ∣∣1 = b and ∣∣p(x)∣∣∞ = nmax/N :
hpmf (x) =

N
b ⋅ nmax

(5.5)

where nmax is the number of elements in the largest bin in the histogram of x. The most involved
computation in the aforementioned measures is the sorting of the x and Φ histograms. Therefore,
these measures are ideally suited for on-board calculation of the complexity of physiological signals
in lightweight wireless sensor nodes. A proof of concept of the usage of these two entropy measures
for gait analysis is shown in Section 5.3.1.
5.1.3

Similarity Metrics: NID and NCD

The relation between the entropy defined by the Thermodynamics Theory and Kolmogorov
complexity is (employed in Computer Science) holds through Information Theory [Cov12]. Then,
in a similar way that the entropy quantifies the complexity of a system, the Kolmogorov complexity
states that the complexity of a string of data can be considered as the length of the shortest binary
computer program that outputs that string of data. In other words, the complexity of a string of
data has a direct relation with the amount of words/space/memory needed to describe that string
of data.
Consider K(x) the Kolmogorov complexity of a sequence x, that is the minimum program,
over all possibles, that prints x and halts. If two data sequences x and y are given, the K(x, y)
is for the Kolmogorov complexity of the concatenation of both sequences. Finally, consider the
conditional Kolmogorov complexity K(x∣y) as the length of the shortest program that uses y as
auxiliary input, prints x and halts. The universality of the Kolmogorov complexity states that K(⋅)
and K(⋅∣⋅) are machine independent up to an additive constant.
With this background, the information distance E(x, y) is, up to additive constants, equal to
[Ben98]
E(x, y) = max {K(x∣y), K(y∣x)}
(5.6)
that is, the shortest program that computes x from y, as well as y from x. The information distance
is an absolute metric, meaning that the value depends on the length of the data sequences. In
other words, a given information distance computed over two strings x and y of length L1 means
different than if it is computed over the same strings but truncated to the length L2 < L1 .
Then, to be able to express similarity between data sequence instead of absolute distance, the
Normalized Information Distance (NID) is defined as [Li04]
NID(x, y) =

max {K(x∣y), K(y∣x)}
max {K(x), K(y)}

(5.7)

The drawback of NID is that it is still defined over the Kolmogorov complexity, that is not
computable. However, the usage of real-world programs that describe strings of data, such as
data compressors, also give an insight into the complexity of the sequence. Therefore, by applying
a real-world compressor C an approximation to the NID is obtained, the so-called Normalized
Compression Distance (NCD) [Li04]
NCD(x, y) =

C(xy) − min {C(x), C(y)}
max {C(x), C(y)}

(5.8)

where C(⋅) is the length of the compressed version of the argument and xy represents the concatenation of x and y. These metrics have been used to measure dissimilarities between elements
of the same family in various research fields, such as genome sequences (to establish relations
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Figure 5.4: Connection between the NID, NCD, iNID, and iNCD similarity metrics.

between phyla), written language (to establish hierarchies of relations) and music (to establish
relations between songs and genres) [Li04].
5.1.4

Incremental Similarity Metrics: iNID and iNCD

The usage of NID and NCD is apparent when two data strings are to be compared. However, it
is possible to analyze the temporal evolution of complexity if the input for the similarity metrics are
two segments obtained from a given signal. Consider the signal x, whose N samples are ordered
over the time as
x[1 ∶ N ] = {x[1], x[2], . . . , x[N ]}
(5.9)
where [⋅] indicates the sample instant and consider that x is the concatenation of two nonoverlapping signals x1 and x2
x[1 ∶ N ] = x1 x2
(5.10)
where x1 = {x[1], x[2], . . . , x[i − 1]} and x2 = {x[i], x[i + 1], . . . , x[N ]}, being i an arbitrary
natural number such that 1 < i < N .
In an actual system, the number of available samples increases as the times t goes on. Figure 5.3
shows a schematic view of the available data for a given device that measures periodically a given
physical variable over the time. Consider that at t = 1 the device has already measured A samples
and that between two consecutive time instants it is able to measure B samples. Then, by
identifying the available data as x1 and the new data as x2 , we define iNID as
iNID(x, t) =

max {K(x1 ∣x2 ), K(x2 ∣x1 )}
max {K(x1 ), K(x2 )}

(5.11)

where x1 = {x[1], . . . , x[A + (t − 1)B]}, x2 = {x[A + (t − 1)B + 1], . . . , x[A + tB]}, t = 1, 2, 3 . . .
and max{tB} = N . Free parameters A and B represent the starting point for the calculation and
the increment, respectively.
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Furthermore, in a similar way that NCD is an approximation of the not computable NID, we
define iNCD as
C(x1 x2 ) − min {C(x1 ), C(x2 )}
iNCD(x, t) =
(5.12)
max {C(x1 ), C(x2 )}
Figure 5.4 resumes the relation between all the similarity metrics mentioned in this section.
The relation between the left and the right part of the figure is through approximate calculation of
the Kolmogorov complexity with a real-world data compressor. The difference between the upper
and lower part of the figure is the presence of the time, enabling the assessment of the temporal
evolution of the similarity.
In this thesis, the selection of NCD and the definition of iNCD is not casual. The benefit of
these two metrics is the fact that most programming languages include a data compressor and,
therefore, the incorporation of on-board processing is straightforward. A proof of concept of the
usage of iNCD for gait analysis is shown in Section 5.3.2.
5.2

Ambulatory Gait Measurement System for Natural Environments

Over the last decades the use of mobile devices that are increasingly smaller and comfortable for
the measurement and monitoring of various physiological parameters has escalated. This has been
possible thanks to the continuous development and miniaturization of electronic devices [Moo98].
Furthermore, more and more health professionals incorporate this type of ambulatory studies in their
analysis and diagnosis [Ata12, GE14, Muk15]. The aims of these ambulatory systems are the long
term monitoring and the measurement of physiological parameters in a natural and comfortable
environment for the patients. One of the medical fields that typically use ambulatory systems is
cardiology, where Holter devices measure ECG signals during periods of 24 hours to 7 days, and
even of 21 days [GE14].
However, this type of ambulatory measurements is less accessible in other medical fields. For
example, human gait measurement is usually performed inside specialized laboratories, often employing expensive and spacious equipment [Vic]. This kind of equipment is usually composed of
a treadmill or a special corridor with multiple sensors, cameras of various technologies (e.g. the
Vicon system uses infrared technology), and a sophisticated data processing software. The main
drawback of these laboratories is that the person being tested is out of a comfortable environment
and that the gait is not as natural and spontaneous as possible, i.e. the way of walking is different
when walking over a treadmill or over the ground as in the former the movement is conditioned
by the measuring system [Cos03, Hau07, Slo14b].
Given the relevance of gait analysis in various medical fields [Hau04, Fed13, YS13], the usefulness of an ambulatory gait measurement system is apparent. The design and implementation of
a non intrusive system that allow the gait measurement outside the laboratory is the goal of this
section. The proposed measuring system is a WSN formed by a small number of SunSPOT [Sun]
devices hooked or fixed to the human body, as depicted in Figure 5.5. Additional requirements
for the measuring system are the low price for the devices, little discomfort for the person being
tested, ease of use and no need for specialized personnel. The long term objective for this measuring system is its usage as diagnostic support method for diverse injuries in the motor system and
as a detailed analysis method for the human gait and its relation with other human body systems
(i.e. neurological or cardiac) [Hau00].
The parameter to be measured by this WSN is the acceleration over the three spatial axes
of the different points where the sensor nodes are located. This parameter offers high detail and
continuous data over the different phases of the gait for each point, contrary to other parameters
such as the vertical force that only offer data during 50% of the time, when the foot hits the ground
[Hau00, Slo14a]. Moreover, the acceleration allows us to position the sensor nodes in virtually any
point of the human body, being only limited by the fixing system. As seen in Figure 5.5, the sensor
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Figure 5.5: System setting of a WSN as an ambulatory human gait measurement system.

nodes that form the WSN are located at hip and ankle height, four suitable locations to enable a
complete characterization of the lower limbs.
In the following subsections, the state of the art of similar measuring systems is revised, the
system requirements are enumerated and the system architecture is described. Finally, a short but
comprehensive discussion about the reasons of choosing the SunSPOT devices for the development
is performed.
5.2.1

State of the Art of Human Gait Measurement Systems and Applications

In this section, a brief review of the scientific literature related to the analysis of the human
gait and the motor system is performed, in order to show the potential of a low-cost system able
to measure the acceleration of the lower limb outside a dedicated laboratory.
The motor system in humans is very complex as it is composed by many different parts and
it is connected to other complex systems, such as the neurological or cardiac. Gait issues are due
both to structural problems in the bones, muscles or ligaments, and to various diseases that, a
priori, are not directly related to gait. Therefore, the different gait studies include a wide range of
subjects (or patients) such as:
• Healthy older adults [Ko12, Wei13, Riv13] or elderly that tend to fall [Yog07]. In these kind
of studies usually the impact of aging is assessed or the fall risk is estimated.
• Healthy young adults [Zij03, Slo14a]. These subjects are considered as normal walkers, as
the body has reached maturity and laks of major injuries. Therefore, these studies usually
assess diverse gait parameters.
• Individuals with diverse diseases, such as:
– Parkinson’s disease [Yog07, YS13]. Studies that try to understand the cause of the
diverse impairments that these patients suffer, such as lack of coordination, freezing of
gait or fluctuations in the gait timing.
– Amyotrophic lateral sclerosis [Hau00]. This work analyzed the gait markers finding that
are compromised by the presence of the disease, trying also to better understand the
motor control.
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– Knee-osteoarthritis [Fed13, Toc11]. These studies analyze the differences between
healthy and injured subjects in order to better understand the role of each component of the motor system. If one of the sub-systems is damaged, the overall behaviour
is compromised.
– Mood disorders as major depressive disorder or bipolar disorder [Hau04], to study the
relation between depression and fall risk.
• Healthy boys and girls [Hau99] or children with attention deficit hyperactivity disorder [Lei07].
These subjects are useful to analyze the maturation of the human body or to better understand the link between the cognitive function and gait, respectively.
• College soccer players [Pol05].
From this brief list we see that the gait analysis reveals a better comprehension of overall
behaviour of the human body and the intricate connections between its systems. The complete
characterization of the human gait could be used by physicians to aid in the detection of different
diseases or to monitor their progression.
The human gait studies mostly require a dedicated laboratory endowed with adequate equipment such as a treadmill [Zij03, Gia14, Won14] or corridor with diverse sensors [Yog07, Hau04,
For14]. Even more complex settings were considered, such as a split-belt instrumented treadmill
in a virtual environment [Slo14a]. Only in very rare cases a more natural environment is used, as
in [Hau99] were the athletics track is considered or in [Wei13] where subjects were analyzed during
their normal life.
Depending on the endowment of the laboratory, several sensors can be used, such as:
• Force-sensitive insoles that measure the vertical force of the sole, located inside the shoe as
insole [Hau00, Hau04, Hau99], outside the shoe [YS13] or using a shoe manufactured for
this purpose [Yog07].
• Force platforms, usually integrated into the floor of the laboratory or of the corridor [Slo14a].
• Motion capture systems with several digital cameras and markers [Ko12, Vic].
• Acceleration sensors located in diverse parts of the human body.
• Other type of sensors, i.e. gyroscopes [Buc14].
The force-sensing devices measure changes in the resistance of a given material when a force or
a pressure is applied. On the other hand, acceleration sensors measures the proper acceleration
(“g-force”) experienced by the object. The physical relation between these variables is given by
the following formulas
Fx = m ax
F
P =
A

(5.13)
(5.14)

where Fx and ax are the force and acceleration in the X axis, respectively; m is the mass of the
object; P is the pressure, F is the force applied perpendicular to the surface of the sensor; and A
is the area of the sensor.
In this thesis a WSN that uses acceleration sensors is proposed, so, following we focus this
literature review on works that also use these type of sensors specifying the different settings used in
their applications. The range of the acceleration sensors varies along the different works and goes
from ±2 g [Riv13] to ±3 g [Won14], ±4 g [Toc11], ±5 g [Gia14] to even ±16 g [For14]. The sampling
frequency also differs and ranges from values as low as 40Hz [Toc11] to as high as 1000Hz [Gia14].

68

Human Gait Analysis

However, the most common value for the sampling frequency is 100Hz [Riv13, Zij03, For14].
Regarding the number and localization of the sensors, we also find a variety of configurations: i)
1 sensor placed on the ankle [Toc11], on the lower back [Zij03] or on the ear [Won14]; ii) two
sensors placed on the right foot [Gia14] or on the soil of manufactured shoes [Bam08]; iii) four
sensors located on the waist, on the right thigh lateral midpoint and bilateral ankles [For14].
5.2.2

System Requirements

As previously mentioned, the system proposed in this thesis aims at the ambulatory measurement of the human gait in an environment with conditions as natural as possible. In this section,
the three indispensable requirements are enumerated and other specifications needed from node
localizations, sensor type, and experimental setting points of view, are detailed.
First and most important, the measuring system must be to the subject as the sportswear to
the sportsman: bother as little as possible. Therefore, the following requirements are indispensable:
• Non invasive; the system must not hurt the subject.
• Absence of cables; the subject must have total freedom of motion.
• Small size and low weight; a big and heavy system could cause fatigue and could modify the
natural motion of the subject.
The system has to measure the acceleration of four specific points of the body, namely the
ankles and the hip, during common activities such as walking or running. The devices that form the
system have to be anchored firmly to the body, always in compliance with the previous requirements.
These localizations were chosen for the following:
• The ankles and the hip are the ends of the lower body and are connected through a simple
articulation (the knees).
• The ankle joint is the one that suffers higher acceleration during walking or running — only
the shoe cushions. This point is perfect to measure the stress suffered by the lower limbs.
• The hip is a complex articulation that binds the lower with the upper body; is the best
localization to assess the influence of the upper body over the lower.
• The acceleration of both the ankles and the hip characterize the movement of the entire
lower body.
The technical requirements for the accelerometers are: 1) to measure the three spatial directions, and 2) to capture all the possible details of the human gait with sufficient range, precision
and frequency. However, a range of at least ±2 g, a precision of at least 10−3 g and a frequency
of at least 40Hz are required.
As previously seen, the human gait analysis uses dedicated laboratories where the most common
“walking path” is the treadmill, where the gait conditions such as velocity can be controlled. For
this particular type of studies, controlling the environment also determines the study object and
the consequence is the metronomic walk. Results obtained from metronomic walk may be different
compared to the results obtained from a less restrictive environment [Slo14a, Hau07]. The best
situation is the one that facilitates the spontaneous and natural motion. Therefore, the measuring
system has to be able to perform properly in the following experimental settings, ordered from
least to most natural gait:
• Walking on a treadmill at a comfortable velocity.
• Walking on an indoor 50m corridor at a self-selected natural pace.
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Figure 5.6: Packet structure, where 3 measurements are encapsulated in the payload of 1 transmitted
packet. Note that the figure is not scaled.

• Running on a treadmill at an easy pace.
• Running on an standard athletics track at a self-selected easy pace.

5.2.3

System Architecture

In order to fulfill all the requirements presented in the above section, we propose the use of
a WSN formed by 4 nodes, each endowed with a tri-axial acceleration sensor. Moreover, the
nodes that form the WSN adequate storage, processing and transmission capabilities, therefore
the measuring system is able to gather and store the acceleration in the DFC.

Initial Design
From all the commercially available devices, we selected the Rev8 SunSPOT Developers Kit;
the rapid development along with the capacity, dimensions and the incorporated accelerometer
tipped the scale for these devices (see Section 5.2.6).
The WSN is formed by four sensor nodes (nodes that measure the acceleration), positioned
at ankle at hip height and by one Base Station (BS) (node that links the sensor nodes with the
DFC). For the sake of consistency and repeatability, the sensor nodes are placed always in the same
position: 1) X axis measuring the vertical movement, 2) Y axis measuring the forward-backward
movement, and 3) Z axis measuring the left-right swinging.
Each sensor node reads the accelerometer every 20 ms and stores them along with a timestamp.
For the transmission to the BS, we use the packet format shown in Figure 5.6, where n = 3
measurements are encapsulated; the encapsulation improves the ratio payload (the acceleration
data) to headers (the communication data), therefore improves the channel usage efficiency.
Due to the configuration of the SunSPOT devices and due to the need of reliable multihop
transmission, the unicast transmission mode is selected. This feature is relevant as broadcasting
in the SunSPOT devices is not highly reliable and data packets might not be delivered [Sun10].
Nevertheless, the broadcast transmission is also used in the BS-node communications that involve
instruction transmission.
Initial performed tests showed that, with all four nodes simultaneously transmitting a high
number of packets were dropped, pointing to a channel saturation situation. It was also observed
that with at least one inactive node the number of packet dropped decreases, confirming the
channel saturation. Therefore, we conclude that for this configuration bandwidth is insufficient —
channel saturation — and further design decisions were taken.
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Final Design
The proposal to improve the bandwidth per node is to divide the WSN in two sub-networks:
one for the ankle-height nodes and the other for the hip-height nodes. Each sub-network has
two sensor nodes and one BS, both connected to the DFC; the frequency channels used by the
sub-networks are independent and orthogonal, with zero probability of collision between them.
Considering the possible application scenarios, the athletics track is the most challenging one
communications point of view, because of the harsh environment: node-BS separation, athletic
facilities and surrounding buildings. In this scenario packets from the ankle sub-network are still
being dropped at a high rate. This is due to the localization of the nodes — near the ground —
causing a very bad transmission channel conditions.
Additional Nodes: The Relay
To improve the link budget for the ankle-height nodes, the incorporation of a relay node
situated on the arm (see Figure 5.5), as close to the shoulder as possible, is proposed. The relay’s
use is highly recommended for the athletics track experiments but is optional for the less stressing
scenario (i.e. indoor treadmill).
5.2.4

Software

The SunSPOT devices use the Java Squawk virtual machine without any Operating System
(OS). Applications developed for these devices are also programmed using the Java programming
language. Due to the system architecture, two kind of applications have to be programmed: for the
sensor nodes and the BSs, respectively. As the system allows a relay, an additional application is
also needed. In the following, the basics of each of these applications are detailed, and Appendix B
includes detailed flowcharts of all the threads of the sensor node and of the Graphical User Interface
(GUI).
Sensor Node
The general flowchart of the sensor node application is depicted in Figure 5.7(a). Once the
SunSPOT device is switched on the predefined wireless channel and the transmission power are set.
The former is set according to the IEEE 802.15.4 standard [Ieeb] and differs for each sub-network,
namely 11 for the hips and 25 for the ankles, from the 2450M Hz band. The latter is 0dBm,
the maximum allowed for this kind of devices. Following, the accelerometer scale is changed
from the default value of ±2g to the maximum value of ±8g. Next, two execution threads are
initialized, to establish the bi-directional communication with the BS. Finally, the measuring loop
is initiated, where the value of the accelerometer sensor is read every 20 ms, the sample period.
In addition, several Light-Emitting Diodes (LEDs) are used to report the sensor status and several
software errors. A detailed table with the color of the LEDs and their function is also included in
Appendix B. The application of the sensor node, and therefore the measuring loop, is ended only
when it receives a specific command from the BS.
Base Station
Figure 5.7(b) shows the general flowchart of the BS application. In this case, the first activity
is the initialization of the GUI. Next, the predefined wireless channel and the transmission power
are set following the same guidelines as for the sensor nodes. Following, the communication with
the sensor nodes is established and the BS waits until it receives data packets from the sensor
nodes. Once the data is received, the BS saves the information into text files. An example of such
files is represented in Figure 5.8, where the corresponding flags are for:
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Figure 5.7: Flowchart of the applications programmed for the (a) sensor nodes and (b) BS.

-f:
-d, -dd:

first line of the file and includes the file name.
first and subsequent comment lines.

-p:

line indicating the type of the experiment performed.

-t:

timestamp of the acceleration measure.

-s:

complete IEEE address of the sensor node.

-aX, -aY, -aZ:
-x:

acceleration values in the three spatial directions.
last line of the file indicates that the experiment is finished.

The BS also transmits commands to the sensor nodes, once the user selects the corresponding
option through the GUI, such as “Start Data Flow” and “Stop Data Flow”. These commands indicate the sensor node to start or stop, respectively, the accelerometer sensor reading and
data transmission.
The application of the BS is ended only when the user commands it using the GUI or when
exception occurs in crucial situations such as the communication establishment or the writing in
the text file.
Relay
The relay node is the simplest node from the WSN. The application only includes the configuration of the predefined wireless channel and the transmission power for the ankle sub-network and
an infinite loop doing nothing. Therefore, the relay node is always active and acts automatically
as a relay thanks to the SunSPOT pre-installed configuration.

72

Human Gait Analysis
-f File: Acc_Data_2012_10_25_12_26_08_P.txt
-d Experiment performed in the treadmill
-dd in order to validate the WSN
-p Running at easy pace
-t 12:26:40.381 -s 0014.4F01.0000.7E23 -aX -0.9046183 -aY -0.57416266 -aZ -0.0792393
-t 12:26:40.402 -s 0014.4F01.0000.7E23 -aX -1.0157118 -aY 0.0 -aZ 0.01584786
-t 12:26:40.423 -s 0014.4F01.0000.7E23 -aX -0.9998413 -aY 0.04784689 -aZ -0.04754358
-t 12:26:39.777 -s 0014.4F01.0000.7EB9 -aX 1.1631563 -aY 0.12614317 -aZ -0.063572794
-t 12:26:39.798 -s 0014.4F01.0000.7EB9 -aX 1.2417479 -aY 0.063071586 -aZ 0.58804834
-t 12:26:39.820 -s 0014.4F01.0000.7EB9 -aX 1.005973 -aY -0.04730369 -aZ 0.25429118
......
-t 12:36:06.264 -s 0014.4F01.0000.7EB9 -aX 1.005973 -aY 0.9303059 -aZ 0.0
-t 12:36:06.285 -s 0014.4F01.0000.7EB9 -aX 1.4775229 -aY 0.20498265 -aZ -0.6675143
-t 12:36:06.306 -s 0014.4F01.0000.7EB9 -aX 2.153411 -aY -0.04730369 -aZ -0.23839797
-t 12:36:34.643 -s 0014.4F01.0000.7E23 -aX -0.9522298 -aY -0.27113238 -aZ -0.5546751
-t 12:36:34.664 -s 0014.4F01.0000.7E23 -aX -1.5076972 -aY -0.14354067 -aZ -0.5229794
-t 12:36:34.693 -s 0014.4F01.0000.7E23 -aX -2.332963 -aY 0.5263158 -aZ -0.7290016
-x Experiment finished: 12:38:56

Figure 5.8: Sample of a text file generated by the BS.

5.2.5

Stress Tests

This subsection is for the stress tests performed to the WSN proposed. In particular, the
battery and the memory available were tested, in order to see the limits of this measuring system.
Battery
The idea behind the battery stress test is to ascertain for how long the system can be used. With
this information, consecutive measurements for different patients can be done without charging
the battery of the sensor nodes, making the scheduling an easier task.
The experiments are performed in the laboratory. The WSN is configured as explained in
Section 5.2.3 and the sensors are programmed with the software explained in Section 5.2.4. As
the relay is not a mandatory node in the WSN, it is not included in this stress tests.
For each experiment, the nodes start with completely charged batteries. Then, the nodes
measure the acceleration and transmit it to the corresponding BS until the battery is completely
discharged. For each node, the time difference between the last and the first acceleration measurement is computed. As the WSN is organized as two independent sub-networks, the experiments
are also performed independently for each sub-network. This experimental setting does not affect
the final results.
Table 5.1 summarizes the results obtained. The first column is for the node identification, the
IEEE address assigned to the SunSPOT. Next, the number of experiments performed are indicated
for each sub-network. Finally, the minimum, maximum and average values are indicated. The
average lifetime of the SunSPOT devices in this WSN setting is about 7.5 hours. This lifetime
seems to be long enough to perform multiple consecutive experiments measuring the human gait.
Memory
This stress test aimed to find out the maximum amount of data that can be stored by the
devices before it is transmitted to the BS. This result is relevant as it shows the capacity of the
measuring system to operate in scenarios where the wireless channel has poor performance and
the shadowing effect occurs frequently. The assumption of this experiment is that the sensor node
is not able to send any of its measurements. Then, all the measured data is stored and the output
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Node
1.
2.
3.
4.

7B06
76D8
7EB9
7E23

All

73

Number of
experiments

Minimum
value

Maximum
value

Average value

10
10
9
9

7.38
3.70
6.98
6.99

8.22
7.88
7.86
8.18

7.71
6.89
7.44
7.76

38

3.70

8.22

7.44

Table 5.1: Results for the battery stress test disaggregated per sensor node. The data for the minimum,
maximum and average are shown in hours.

Node

1.
2.
3.
4.

7B06
76D8
7EB9
7E23

All

Number of
experiments

50%

Average time to fill
70%
of the memory

90%

10
10
10
10

2.19
2.14
2.19
2.19

3.52
3.52
3.56
3.56

4.60
4.47
4.41
4.60

40

2.18

3.56

4.58

Table 5.2: Results for the memory stress test disaggregated per sensor node. The results indicate the
average time to fill a given percentage of the entire memory of the SunSPOT device. Test were realized
with a sample frequency of 50Hz and the results are shown in minutes.

of the experiment is the number of measurements stored, i.e. timestamp and three acceleration
values per measurement.
Since it is more intuitive to interpret time units, Table 5.2 shows the results in terms of the
average time needed to fill the 50, 70 and 90% of the total memory. All stress tests were performed
with a sampling frequency of 50Hz, then the computation of the average time from the number
of measurements is straightforward.
The average time needed for fill the 50, 70 and 90% of the device memory is about 2, 3.5 and
4.5 minutes, respectively. As the experiment measures the total memory, i.e. used for program and
data, where a certain percentage is occupied by the program, it takes quite less time to fill the first
50% than to fill the next 40%. It is important to emphasize that the SunSPOT devices require at
least 5% of the memory to work properly; this memory is needed to load instructions, use auxiliary
variables, move data, etc. Then, it is clear that the measuring system is able to continuously
measure the acceleration during approximately 4–4.5 minutes with a sampling frequency of 50Hz
without any need to transmit it to the BS. This amount of time is long enough to perform
experiments in harsh environments from communication point of view, such as the athletics track
where the shadowing effect is produced by the high jump or pole vault mattress metal covers.
5.2.6

Other Commercial Devices. Why SunSPOT?

Section 5.2.2 enumerates the main requirements of the ambulatory gait measurement system
and in Section 5.2.3 a WSN based on the SunSPOT platform is proposed as a possible implementation. The decision of why the SunSPOT device was selected can still be unclear. So, in
this Section the minimal technical requirements needed for this WSN are enumerated and based
on these requirements we show that the SunSPOT platform is the proper choice of all devices
available in the market.
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First, the sensor nodes require enough processing capabilities to perform channel codification,
packet encapsulation and routing. Moreover, besides the obvious presence of a tri-axial acceleration
sensor, all devices need an analog to digital conversion and a microcontroller.
In the market there are multiple devices that fulfill these initial requirements. However, there are
so many different accessories, processing capacities, wireless technologies, programming languages
or OSs available. To properly choose the platform, we enumerate the following additional technical
requirements:
C1: Uniform sampling with low jitter.
C2: Microcontroller should be able to perform some data processing (e.g. compression) if needed.
C3: Microcontroller should have enough Random Access Memory (RAM) to store data measurements that cannot be immediately sent due to possible channel failures.
C4: Devices should be able to synchronize among them with enough precision in order to obtain
time series with the same time basis.
C5: Devices must allow for multi-hop communications.
C6: Devices should have low-consumption communication module, in order to be able to operate
during at least 2 or 3 hours.
C7: The communication range of all devices has to be of 100m, in order to ensure coverage in
a standard athletics track, even at the cost of lower bit rate.
C8: The acceleration sensors have to measure three orthogonal axes, with a range of at least
±2g, a precision of at least 10−3 g and a frequency of at least 40Hz. Moreover, digital output
and all-in-one chips (sensor, instrumentation, sampling and quantification in the same chip)
are preferred.
Requirements C1, C2 and C3 impose a resourceful 32-bit microcontroller, similar to ARM,
discarding all 8-bit solutions (i.e. 8051, AVT, ATMEGA, MSP430, PIC18), at least as stand-alone
solutions.
Requirements C5 and C6 discard the Bluetooth and IEEE 802.11 technologies, respectively.
Therefore, the possibilities regarding the communication module are: proprietary technology or
IEEE 802.15.4. With a low bit rate, the IEEE 802.15.4 is able to fulfill requirement C7 [Muk15].
Requirement C8 imposes a manufactured and tested devices and sensor board, with ascertainable performance. On-board accelerometers are preferred over external sensor boards.
Finally, the only requirement not mentioned before is C4. The selected device, SunSPOT, are
able to fulfil it, as exists the possibility to synchronize them externally by connecting each to a
computer. The synchronization of all sensor nodes to the same computer periodically, e.g. once
every week, ensures the same time basis for all the WSN.
Although not necessary, all these technical requirements lead to a multicore solution, with a
master processor in charge of all computations and with various secondary processors, in charge
of data acquisition, energy management, etc. This architecture allows parallelization between
sensing, processing and transmission. Regarding the communication module, we tend to favor a
IEEE 802.15.4 solution.
Table 5.3 shows the main characteristics of several devices available in the market 1 , such as
microcontroller, OS, connectivity, accelerometer, memory, size and weight. At first, all devices
1

This table only shows the most relevant and interesting cases of all the multiple devices found during the
search. This thesis is not the most appropriate media for an exhaustive table showing all characteristics of all devices
available. This kind of exhaustive comparative tables can be found in other media [Wik].

TinyOS
TinyOS
Contiki
Java
virtual machine
TinyOS
Java Squack
virtual machine
none
only bootloader
SOS

AVR;
ATmega128L

AVR;
ATmega128L

ARM;
Kinetis K60

ARMv7-M;
Cortex M3

RISC;
MSP430F1611

ARMv4T;
ARM920T

AVR;
ATmega1281

ARM7TDMI;
ML67Q5002

Mica2 [Crob]

MicaZ [Memb]

Mulle [Eisa]

Preon32 [Vir]

Shimmer3 GSR [Shi]

SunSPOT [Sun]

Waspmote [Libb]

XYZ [Lym15]
IEEE 802.15.4

IEEE 802.15.4
and others j

IEEE 802.15.4

Bluetooth

IEEE 802.15.4

IEEE 802.15.4
and others i

IEEE 802.15.4

IEEE 802.15.4

IEEE 802.15.4

(1)

(1)

(1)

(1)

(2)

(1)

(2)

(1)

Y
2 axis

Y
±8g, 3 axis

Y
±8g, 3 axis

Y
±16g, 3 axis

N

Y
±16g, 3 axis

N

N

N

N

On-board
Accelerometer
e

32kB RAM, 4kB ROM,
256kB Flash

8kB RAM, 4kB EEPROM,
128kB Flash, 2GB SD card

512kB RAM,
4MB Flash

10kB RAM, 2kB EEPROM,
48kB Flash

64kB RAM,
523kB Flash, 8MB SD card

4kB RAM,
16MB Flash

4kB RAM, 4kB EEPROM,
128kB Flash, 512kB Data

4kB RAM, 4kB EEPROM,
128kB Flash

256kB RAM,
32MB Flash

52kB RAM,
2GB Flash

Memory

b

(4)

(3),(4)

(3),(4)

(3),(4)

-

73 × 51 × 13 (3),(5)
20 (3),(5)

31 × 23 × 70
54

65 × 32 × 12
30

27 × 19 × 3
-

20 × 34 × 5
-

32 × 57 × 7
18 (3),(4)

32 × 57 × 7
18 (3),(4)

36 × 48 × 9
63 (4)

-

Size [mm] and
Weight [g] f,g,h

Architecture; Device
Note: (1) — 2.4GHz transmission with Transceivers such as Chipcon CC2520, Chipcon CC2420 or Atmel AT86RF231.
c
Note: (2) — 868/916M Hz transmission with Transceivers such as Chipcon CC1000 or Atmel AT86RF212B.
d
See Appendix C for detailed cost calculation.
e
Y if the device has an on-board accelerometer and N if not. If Y then additional information such as range and number of axis is included.
f
Note: (3) — without battery.
g
Note: (4) — without sensor board.
h
Note: (5) — without communication module.
i
Depending on the device release, multiple standards are available.
j
Libelium offers different communication modules depending on the requirements.

a

TinyOS
and others

ARM v5TE;
PXA271 Xscale

iMote2 [Mem07]

b,c

IEEE 802.15.4 (1)
and Bluetooth

Connectivity

-

796

607

2144

1179

1138

-

966

1507

-

Price
[¤]

d

Table 5.3: Comparison of possible devices for the ambulatory gait measurement system in terms of technical specifications, size, weight and price.

TinyOS

ARMv7-M;
Cortex M3

OS

Egs [Ko10]

a

Microcontroller

Device
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(a)

(b)

Figure 5.9: Photographs taken during the experiments of (a) 10 minutes and (b) 60 minutes.

without on-board accelerometer are discarded. Then, for the usage of the Bluetooth standard and
also for the high price, the Shimmer3 solution is also excluded. The XYZ device is not considered
in the decision as includes a two axis accelerometer. From the remaining three, the Mulle and the
Waspmote devices are discarded because of the reduced RAM memory. The remaining device is
the SunSPOT.
In addition, this device is one of the smallest and lightest of all analyzed. The last column
of this table includes the hypothetical price if using each of the alternatives (see Appendix C for
a detailed explanation). Eventually, the SunSPOT device not only is the most appropriate from
technical point of view, but it is also the cheapest solution.

5.3

Applications

In this section the measurement system presented previously is used to analyze the variability of
the human gait. Acceleration data gathered with the measurement system in various experiments
is used to compute the hpmf , hipmf and iNCD metrics.

5.3.1

Low Computational Cost Entropy: hpmf and hipmf

The data used in this case are obtained from two 10 minutes experiments performed by a
volunteer. The first is realized on the treadmill (see Figure 5.9(a)) and the second on the athletics
track, and in both experiments the volunteer was running at a self-selected easy pace.
The performed analysis starts with an overview of the waveform of the acceleration data and
the computation of the stride intervals. Next, the hpmf and hipmf entropy metrics are computed
and compared with SampEn. In this analysis the computation of the MSE metric is not possible
due to the short length of the signals. Finally, a comparison between the data gathered from both
treadmill and athletics track experiments are compared, in order to show the significant influence
of the wireless channel in this WSN. In order to explore the benefits of on-board processing as
an alternative to the traditional data gathering, a comparison between these two alternatives is
performed and the tradeoffs for the nodes and network resources are assessed.
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Figure 5.10: Acceleration data gathered by the measuring for all sensor node location and axes in the 10
minutes treadmill experiment and their respective peaks (red dots) identifying the steps, detected in the
post processing.

Stride Duration Data
The lower limbs are a complex system with multiple states and in this thesis each state is
considered to be a different inter-step interval, also known as stride duration. The step is bounded
by two consecutive and identical states for the same point of the lower limbs, e.g. when the left
heel touches the ground, and the duration of the step is the time between these two states. This
kind of analysis is also performed in multiple ECG studies, where the algorithms are fed with the
interbeat (RR) interval time series instead of the complete ECG signal, in order to assess the heart
rate variability [Cam96, Arz08].
In Figure 5.10 temporal slices of the accelerometer data for all sensor node locations and axes
are plotted using a solid black line. The stride interval time series is obtained by applying a
peak detection algorithm using the threshold method over windowed data. As this analysis is a
concept proof and involves a short experiment, the peak detection is performed ad hoc and the free
parameters are chosen to maximize the number of steps detected. However, these parameters are
unique for each sensor node location and axes and are highly dependent on the step rate used by
the volunteer in the experiments. In Figure 5.10 the peaks detected for each of the 12 acceleration
time series are plotted with red dots. The data used for the entropy computation are the time
intervals between each two consecutive peaks and their length is of 625 samples per signal.
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Figure 5.11: Entropies calculated using the stride duration time series for the treadmill experiment for all
positions and axes. Black line is for SampEn, computed with constant N = 625 values. Dashed blue line is
for hpmf and dash-dotted red line is for hipmf .

Entropy Results
Figure 5.11 shows the complexity results obtained by applying the hpmf (dashed blue line), hipmf
(dash-dotted red line) and the SampEn (solid black) with parameter m = 2 algorithms to the stride
duration data. The first two are computed incrementally, simulating an on-board computation
as more acceleration data are measured, allowing for a temporal evolution analysis of the stride
duration complexity. On the other hand, the SampEn is computed only once using all the data,
obtaining one unique value for the signal complexity. The drawback of SampEn is that requires a
high amount of samples to be a meaningful measure of physiological complexity. For example, less
than 100 samples result in up to 3% of deviation, and at least 750 samples are required to unlink
the SampEn of the signal length [Ric00, Cos03]. Signals used in this analysis might be not long
enough.
Regarding the results, focusing on axes X (up-and-down movement, Figure 5.11(a)) and Z
(outwards left-and-right movement, Figure 5.11(c)), similar trends for the hip and for the ankles
pairs can be observed. Similar comparison with the SampEn won’t reveal the same trends in these
pairs, being inconclusive for comparison in the same axes and sensor nodes locations. On the
other hand, focusing on the Y axis (front-and-back movement, Figure 5.11(b)), there exists an
inversion in the behavior of trends with respect to hip and ankle node pairs. Left hip hpmf and
hipmf exhibit the same trend as the right ankle and, accordingly, left ankle’s complexity measure
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On-board
processing

Data gathering

Memory

O(S)

O(M )

Packet size

O(M )

O(M )

Packet rate

O(1/M K )

O(1/M Ts )

O(Nm/M K )

O(Nm/M Ts )

Total number of packets

Table 5.4: Traditional data gathering vs. on-board processing requirements. For this comparison, Ts is the
time interval between two consecutive data measurements, Nm is the total number of data measurements,
M is the number of data measurements encapsulated in each data packet, S represents the number of
states of the system, and K is the sliding window step.

trends to those in the right hip. Close examination of the Y acceleration data by an experienced
physician revealed evidences of hip rotation, to compensate for a possible slight difference in leg
lengths, apparent as the data gathering progressed, i.e., as the individual becomes stressed and
tired. Hip rotation may be cause for future injuries, mainly located in calf muscles. In comparison,
examination of SampEn results revealed none of these features.
Therefore, with this analysis it is shown that hpmf and hipmf are able to reveal physiological
complexity decrease (or increase) for short time series. Moreover, as the computational burden
of this metrics is low, their on-board implementation is possible and enable the study of the
temporal evolution of the complexity. On the contrary, the computationally cumbersome measures
of physiological complexity such as SampEn are unable to be used for short data series intervals
for this purpose.
On-Board Data Processing vs. Traditional Data Gathering
In order to show the benefits of the on-board data processing over the traditional data gathering
strategy, both procedures are compared in terms of the memory required or the number of data
packets sent towards the BS.
Let Fs be the sample frequency, Ts = F1s and, Nm be the total number of acceleration samples
obtained during entire experiment. The data encapsulation is parametrized by M , which indicates
how many samples are included in the same packet, each sample being identified by a timestamp.
Together with the timestamps, the corresponding acceleration data or the on-board computed
entropies are transmitted, each for the respective procedure. For the on-board processing, S is the
number of states in the system (histogram bins) and K is the sliding window step. The relations
between the variables are: 1) S ≫ M , the number of histogram bins is much higher than the
number of measurements encapsulated; 2) K ≫ Ts , the sample period is much lower than the
sliding window step.
The parameters taken into consideration for the comparison are: i) memory required to store
the data on the sensor node, ii) packet size, iii) packet transmission rate and, iv) total number of
packets sent during the experiment.
An exact calculation of the parameters used in the comparison is complicated due to the impact
of additional variables such as auxiliary data used in the SunSPOT application. An approximation
is shown in Table 5.4 using big O notation. So, it can be seen that on-board processing uses much
more memory than a traditional data gathering strategy, simple storage-and-forward, as S ≫ M .
On the other hand, both the packet rate and the total number of packets sent are much lower
for the on-board processing, as K ≫ Ts , with the resulting reduction in accesses to the wireless
channel, one of the major sources of energy consumption in WSN and transmission errors.
This analysis shows that the benefits of the on-board processing overcome its disadvantages in
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Figure 5.12: Acceleration data gathered by the measuring system for the X axis of the left ankle during
experiments for the treadmill (upper graph) and the athletics track (lower graph). Data loss is evident in
the latter case.

terms of energy efficiency. Therefore, the implementation of the algorithm with low computational
burden for the sensor nodes of the measuring system proposed in this thesis is encouraged.
Treadmill vs. Athletics Track Experiments
The requirements of the measuring system include data gathering for both treadmill and athletics track experiments. From both the radio coverage and node memory point of view these
requirements are fulfilled. However, the major drawback for the athletics track setting is the actual
construction of the track and its influence over the wireless channel. The athletics equipment
present in the track (e.g. high jump and pole vault mattress metal covers) are obstacles that
degrade the quality of the signal.
Figure 5.12 shows two acceleration time series collected for the same node location and accelerometer axis and for both metronomic and free running experiments. It can be clearly observed
the effect of the channel on the signal, in the form of packet losses, thus causing irrecoverable
damage of the waveform.
Although parts of the signal are damaged, some steps can be detected and therefore the analysis
could be performed over shorter stride duration signals. In order to assess this hypothesis, the stride
durations are analyzed using a Pareto chart representation. The input of this representation are
the stride interval time series of the Y axis of all sensor node locations. The Y axis was chosen
as an inversion in the behaviour of the trends with respect to hip and ankle node pairs is apparent
in Figure 5.11(b). The same behaviour is expected to appear in the Pareto charts.
Figure 5.13(a) shows the Pareto charts for the stride duration time series obtained from the
treadmill experiments. For this representation the complete signal was used, with a total of 625
values, and as expected the two types of trends are apparent (i.e. the trend of the left hip is similar
to the one of the right ankle and the trend of the right hip is similar to the one of the left ankle). In
order to see if the signal length has great influence over this representation, Figure 5.13(b) shows
the Pareto chart obtained using the first 144 values of the stride duration time series obtained
from the treadmill experiment. It is clear that the shapes of these two charts are alike, omitting
the lack of detail of the second one.
Regarding the data obtained from the athletics track experiment, the step detection algorithm
was applied using the proper parameters for the threshold method. A total of 144 steps were
detected and the corresponding Pareto chart is represented in Figure 5.13(c). Although the data
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Figure 5.13: Pareto charts for the stride duration time series for the Y axis of all sensor node locations.

are obtained from the same volunteer and that similar signal complexity is expected, the trends in
this charts is totally different. The trend inversion observed in the previous charts between the left
hip – right ankle and right hip – left ankle can not be guessed. This difference in the results is due
to the steps that are missing in the data obtained from the athletics track experiment. First, the
step detection is less accurate, and then the signal has lost most of the system states. Therefore,
this analysis of the signal complexity is not the best choice for outdoor experiments.
This short analysis shows that the implementation of on-board algorithms is mandatory for the
athletics track experiments, if the analysis of the stride duration time series is required. This future
modification will allow to circumvent the majority of the channel errors, as far less data packets
will be transmitted between the sensor nodes and the BS.
Conclusions
The analysis performed in this section was meant to be a proof of concept for the ambulatory
gait measurement system used in short experiments and with entropy metrics with low computational load. The main conclusion is that the measuring system was able to gather high quality
data when the experiments were performed using a treadmill and that the on-board analysis seems
to be a solid option for the athletics track experiments. Therefore, the research pointed through
the modification of the software applications of the measuring system to include a pace detector
and to calculate the corresponding metric. Regarding the signal complexity analysis, the potential
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of this kind of metrics in the gait analysis has been shown. However, in order to validate this
measuring system as a diagnostic support method, extensive experiments should be performed,
including both healthy volunteers and patients with different ailments of interest (e.g. injuries of
the anterior cruciate ligament).
5.3.2

Human Gait Symmetry: iNCD

Gait symmetry assessment is useful from sportsman performance, injury and clinical points
of view [Exe12]. We use data obtained from a unique experiment with a trained healthy runner
are used. The volunteer has run for 60 minutes at comfortable pace in a training treadmill (see
Figure 5.9(b)) and the data was gathered using the ambulatory gait measurement system detailed
in Section 5.2. The acceleration data gathered was stored to be processed offline. First, the
steps were marked for each of the 12 acceleration series, using a manual edition by an expert and
obtaining the gold standard. Next, the inter-step interval was computed and the iNCD algorithm
was applied to this final series. The effect of the parameters A and B over both the value of
iNCD and the computational cost of iNCD are analyzed. The time evolution and trend of the
iNCD function are also studied, using specific values for A and B. The iNCD curves obtained are
then used to assess the human gait symmetry. Finally, the MSE of all the inter-step intervals is
calculated and the results are compared with the iNCD results.
iNCD Window Selection
The iNCD metric has several free parameters, such as the data compressor and the values for
parameters A (starting point of the time sequence) and B (the increment). The compressor used is
gzip, a popular free software data compression program developed by the GNU Project [Gnu]. Gzip
uses a combination of the Lempel-Ziv (LZ77) algorithm [Ziv77], a loss-less data compression algorithm that parses consecutive symbols to code-words, and the Huffman coding [Huf52], a method
of constructing optimum code-books with variable length code-words. Next, for simplicity sake and
because we have checked that results are not affected, the increment B is set to B = A. In order to
cover a wide range of possibilities, experiments are performed for A ∈ {25, 50, 100, 150, 200, 300};
smaller values for A lead to higher computational cost and to higher temporal detail for the iNCD.
With these considerations, Figure 5.14(a) shows the iNCD for every value of A considered and
for two specific sensor node localization and axes. The top graph is for the Y axis of the left ankle
(the series with the highest peak-to-average ratio and, therefore, with the best step detection rate)
and the bottom graph is for the Z axis of the right hip (the series with the worst acceleration
step detection rate). The variance of the results is increased as A decreases so a tradeoff must
be made. Considering the information that each graph provides, the time needed to obtain new
values of the iNCD and the amount of data needed to compute each value, all subsequent analysis
are performed with A = B = 100.
Once set A and B, Figure 5.14(b) represents the 12 iNCD graphs (3 axes for each of the 4
sensor nodes) for A = 100. This figure shows different trends of the iNCD for the ankle and the
hip sensor nodes. The dissimilarity grows at a higher rate for the hips then from the ankles. The
signal on the hips reflects the coupling of both lower limbs and the number of detected peaks
approximately doubles those of the ankles. Thus, this relative higher rate is to be expected.
Time Evolution Analysis
To further analyze the iNCD curves, we introduce the fitting of these curves to a monotone
increasing function with three parameters, namely:
y = a × xb + c

(5.15)
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Figure 5.14: (a) iNCD results for the Y axis of the left ankle (upper plot) and the Z axis of the right hip
(bottom plot). iNCD is computed with B = A and A ∈ {25, 50, 100, 150, 200, 300}. (b) iNCD results for
the 12 graphs (3 axes for each of the 4 sensor nodes) using A = 100. Differences in trend between the hip
and ankle sensor nodes are noticeable.
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Figure 5.15: Fitting error of the iNCD curves.

This fitting method has been shown to be optimal from a square error minimization point of
view. Figure 5.15 shows the fitting error, i.e. difference between the best fit to Eq. (5.15) for each
of the 12 iNCD curves and the experimental iNCD curves. This figure reveals more information
regarding the different trends for the hips and for the ankles, unveiling the possibility of different
characteristic times for these node locations. It is also apparent a time dependence of up to ten
minutes that increases the fitting error for each inter-step time series and suggests a long-term
dependence of gait that is not apparent in the acceleration time series.
Symmetry Assessment
The symmetry of the human gait is analyzed using the iNCD curves obtained, all fitted to the
function defined in Eq. (5.15). The method used to assess the symmetry includes the difference
between pairs of iNCD curves and the boxplot representation of the result. Specifically, we consider
the differences between the fitted curves in the following node localizations:

84

Human Gait Analysis

0.3

0.25

0.2

0.15

0.1

0.05

0

-0.05

Axis

X

LH

Y

Z

RH

X

LA

Y

Z

RA

X

LH

Y

Z

LA

X

RH

Y

Z

RA

Figure 5.16: Boxplots representing the difference of fitted iNCD curves for several sensor node locations
and axes.

• Left Hip − Right Hip (LH − RH) and Left Ankle − Right Ankle (LA − RA), in each of the
three axes, to assess the symmetry between the left and the right part of the human body.
• Left Hip − Left Ankle (LH − LA) and Right Hip − Right Ankle (RH − RA), in each of the
three axes, to assess the symmetry between the upper and the lower part of the locomotor
system.
Figure 5.16 shows the boxplots obtained for each of the cases considered. With this representation, perfect symmetry between the left and right parts is equivalent to a boxplot with an
average value close to zero, with a low inter-quartile range (smaller boxes), and with few small
outliers (smaller whiskers). For LH −RH (blue) and LA−RA (green), it is clear that the X axis is
unbalanced as only one of the boxplots has a noticeable whisker. This means that the complexity
of the RA is lower than the one of LA (as lower values of iNCD mean lower complexity) while
the complexity of LH is very similar to the one of RH. In this case, the equilibrium is disturbed
and one of the elements of the locomotor system has to put more effort to avoid falling. It is also
apparent that for the Y and Z axes the boxplots are reversed (the whisker are on the opposite
site), showing the ability of the human body to compensate minor flaws of the gait.
On the other hand, symmetry between the upper and the lower parts of the lower limbs, i.e.
for LH − LA (red) and RH − RA (black), is not so straightforward to interpret. This is due to the
differences in trend between the hip and ankle iNCD (see Figure 5.14(b)), that lead to a average
value greater than zero and longer whiskers. However, as long as the six boxplots corresponding
to these localizations show similar shape (summarizing similar statistics), the symmetry between
the upper and lower part of the body is apparent.
Comparison with MSE
The MSE method is applied to the twelve inter-step time series and the results are shown in
Figure 5.17 up to a scale factor τ = 6. This analysis is similar to the one performed in [Cos03],
where the authors use force-sensitive switches (instead of accelerometers2 ) to measure a unique
The relation between the force and the acceleration is established through the F = m × a formula, where F is
the force, m is the mass of the object, and a is the acceleration.
2

SampEn
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Figure 5.17: MSE analysis of the inter-step time series. In each subfigure the type and color of the line
determines the axis, and the symbol determines the sensor’s position.

point of the lower limbs while the subjects are walking (instead of running). Both the time duration
of the experiments and the definition of a “step” for the ankle acceleration data are similar. The
MSE results obtained in the analysis performed in this thesis for the ankle inter-step time series
are comparable to a certain extent to the results in [Cos03] regarding the metronomically-paced
walking.
The MSE curves of the ankles data, shown in Figure 5.17(a), exibit the same decreasing trend
as the ones obtained in [Cos03], but the range of the SampEn is higher at all scales, i.e. [0.75, 2.5]
instead of [1.4, 2.6]. As the time series are not obtained from the same person, it is not possible
to reach any meaningful conclusion with respect to the relation among the complexity of running
and walking. Focusing on the results of this thesis, it is clear that the variability of the inter-stride
time series of the Y axis is higher than those of the other axes. Moreover, the complexity of the
right ankle is higher than that of the left ankle, thus being consistent with the results shown in
Figure 5.16 for the LA − RA case.
The trend of the MSE curves for the hip data, shown in Figure 5.17(b), differs among the
axes and the range of the SampEn is lower than for the ankles data, i.e. [0, 1.75] instead of
[0.75, 2.5]. Again, it is clear that one of the axis has a significantly higher complexity and in this
case is the X axis for both sides of the hip. It is also remarkable the opposite trend of the MSE of
the Y and Z axes, as the scale factor increases. This shows that the inter-step time series of the
Z axis (outwards left-and-right movement) has time correlation for larger intervals. Comparison
with Figure 5.16 for the LH − RH case is more difficult as the MSE results intersect at different
scale factors. Anyway, the asymmetry of the boxplot represented for the Y axis is also apparent in
this analysis. The fact that identical conclusion can be drawn from both the iNCD and the MSE
results could indicate that low computational costs similarity metrics are an interesting option for
the future work.
Conclusions
The analysis performed in this section was meant to be a proof of concept of the ambulatory
gait measurement system used in long experiments. Again, this analysis showed that the measuring
system is able to perform properly during a 60 minutes experiment and to gather high quality data.
Regarding the iNCD metric, its potential as symmetry assessment method is apparent. The benefits
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of this metric included the possibility of an on-board implementation as its computational burden
is low, reducing therefore the number of data packets transmitted over the radio channel. On the
other hand, the main drawback of this metric were the usage of data files that become larger as
the experiment gets longer. Anyway, studies of such a duration are often not viable from logistic
point of view, e.g. a injured patient may not be able to conduct the experiment. The next step in
this topic should be the validation of the iNCD metric as typical gait parameters detector and its
usage as diagnostic support method with shorter experiments.
5.4

Conclusions

This chapter contributes to the specific objective (O3) of this thesis, and an ambulatory gait
measuring system has been designed, deployed and validated. The system measures the acceleration of four specific points of the lower limbs, and seeks for a diagnostic support system. First,
diverse variability metrics have been defined, in order to show the computational needs of any
ambulatory system that aims for physiological signal analysis.
Next, both the design and development of the measurement system proposed in this thesis for
its usage in natural environments have been explained. This second section started with the state of
the art review, went through the system requirements, the architecture and the software developed,
and finished with the stress tests performed. As commercial devices have been considered, i.e.
SunSPOT, this section also showed that the proposed system was the optimum solution from both
technical and price requirements, based on the actual market.
Finally, the potential of the developed ambulatory gait measurement system has been shown,
by means of two proofs of concept that included actual experiments of diverse temporal duration.
Signal variability analysis performed over the acceleration data showed that this system may be
used as a diagnostic support system, as different issues as the gait symmetry can be analyzed.

⋅b ⋅ c ⋅

◂

▸

Chapter 6
Wireless ECG Systems Analysis

This chapter is dedicated to the second bioengineering application of this thesis, the wireless
ECG systems. In the medical environment, the benefits of having accurate measurements of
ECG signals are clear for decades: multiple heart diseases are detected and monitored using this
physiological signals. However, ECG measurements with diagnostic quality in wireless environments
has shown limited potential, mainly due to the performance of the compression techniques used.
Combination of techniques, such as Compressed Sensing (CS) and Wavelet Transform (WT), are
usually proposed in different portable ECG systems, however the suitable parameter configuration
is still not standardized. In the present chapter, the capabilities of several wavelet basis to operate
at different time scales are studied, in a small scale WSN that uses CS compression and data
recovery through Wavelet Transform (WT) and a basis pursuit denoise algorithm. Experiments
include high quality ECGs from 50 healthy subjects and 50 subjects with myocardial infarction,
and show that high quality is possible even at high compression rates. In this cases the selection
of suitable wavelets are required for the deployment of actual systems.
6.1

Introduction

The development of small and portable ECG systems with low energy consumption has been
a topic of interest for the last years [Mam11, Dix12, Zha15]. Several achievements have been obtained, including a small scale WSN capable of sampling and transmitting a one-lead ECG [Mam11].
The interest on such systems lies in the need for ambulatory patient monitoring or providing medical support in remote areas [Sil11]. The main drawback is that the sensing node has to deal with
a high amount of data to process and transmit, spending a large amount of energy into it. Thus,
in order to preserve battery and to simplify the sensing node, compression techniques with low
computational burden are mandatory.
Multiple compression techniques for ECG have been proposed, as the storage of long-term ECG
records has been an issue [BV04, GE14]. Different algorithms borrowed from image field, such
as set partitioning in hierarchical tree [Lu00] or filter bank-based [BV04] algorithms, have been
proposed for both lossy and lossless ECG compression. However, even though these algorithms have
been classified as having a low computational burden, the memory and processing requirements
are still too high to consider their implementation in a sensor node.
Therefore, the signal compression using CS-based algorithms [Don06] is one of the techniques
most used in related works. CS assumes that the ECG signal has a sparse projection in a given
domain and that it is possible to recover the signal from a small set of coefficients by using
optimization techniques. One of the most frequently used domains for ECG signals are the different
WT basis functions [Mam11, Pol11, Zha15]. Some authors assume also a time-domain sparsity for
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the ECG signal [Dix12]. The CS technique lowers the computational demand on the sensing node
in portable scenarios. So, the combination of CS and WT for a portable ECG system is appropriate
as it takes advantage of both the sparsity of the ECG signal in the wavelet domain and the usage
of a compression technique with low computational cost.
Previous works that use CS and WT for ECG signals reported good results, in terms of the
signal quality of the recovered ECG, after a coding/decoding process. However, these studies
compared the quality results using central tendency statistics (mean, median). This approach
omits information from signals recovered with poor quality as the patterns in these situations are
not normal (tachycardia, flutter, ectopic), which are otherwise crucial from the clinical point of
view.
The goal of the present work is to prove the quality of the reconstructed ECG by means of
the WT, with different bases and levels, at high Compression Ratio (CR). We will validate the
proposal with a statistical analysis of the results of compressing and recovering ECG segments
from 50 healthy subjects and 50 subjects with myocardial infarction. This analysis will also allow
us to answer the question of which is the best combination of wavelet basis and levels to achieve
high CR preserving the diagnostic capabilities of the ECG.
In the following, the problem statement and the different mathematical tools used are explained
in Section 6.2. The experimental methodology used and the results obtained are explained in
Sections 6.3 and 6.4, respectively. Section 6.5 concludes the present chapter.
6.2

System Setting

The scope of this section is the explanation of the problem statement. Nevertheless, brief
introductions to CS and WT are also provided, in order to lay the mathematical foundations of
the ECG systems analysis.
6.2.1

Compressed Sensing

Although physiological signals are continuous by nature, in order to analyze them a sampling
process is required, i.e. convert them to sequences of values equally spaced in time. The sampling
theorem of Nyquist-Shannon relates the Bandwith (bw) of the analogical signal with the minimum
sampling frequency that ensures an accurate reconstruction, i.e. how often the sensor must be
read. Consider that the maximum frequency of the signal of interest is bw Hz, then the minimum
sampling frequency required is 2×bw samples/second. The interest for the minimum sampling
frequency stems from the necessity of measuring/transmitting/storing the lowest number of bytes
whilst the information stored is a true representation of the original signal.
This value has been seen as a hard threshold until the advent of CS techniques [Can05b, Don06].
It permits a much lower sampling frequency but requires additional information about the structure
of the signal, i.e. sparsity. A signal of interest x ∈ RN is known as K-sparse in a given domain
(e.g. time, frequency, wavelet) if only K out of the N values of x, with K << N , have significant
information (are nonzero values). In other words, the amplitude of the K coefficients is significantly
higher than the amplitude of the other N − K coefficients. By knowing in advance that a signal
is sparse and the value of K, it is possible to sample that signal with a sampling frequency much
lower than 2×bw.
CS exploits the compressibility of the signal of interest x, and uses only M values to represent
it. Ideally, M is as close to K as possible. Then given the signal x, the compressed version y ∈ RM
is computed as
y = ΦΨx
(6.1)
where Φ ∈ RM ×N is the so called sensing matrix, and Ψ ∈ RN ×N is the transformation basis where
the signal x is K−sparse (also known as sparsity basis). For example, if x is sparse in the time
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domain, Ψ is the identity matrix, while x is sparse in any other domain, Ψ is the matrix of basis
vectors that defines that domain.
The recovery of the signal of interest (in order to obtain x̂) by using y is a more complicated
task, as the system of equations to solve is underdetermined, i.e. there are more variables than
equations as the matrix is short and fat. With no additional constrains, these systems have infinite
solutions. But considering the sparsity constraint, if the underdetermined system is solvable and
the solution is unique and sparse, the CS framework allows the recovery. The pure CS recovery
is based on the minimization of the L0 norm, i.e. the minimization of the number of non zero
elements of x̂ and the maximization of the sparseness. Strategies that maximizes the sparseness
have proven to preserve the structure at different time scales of the signal [Ols96].
The drawback of L0 norm minimization is the fact that is a NP-hard problem, i.e. obtaining the
solution requires an exhaustive search over all tentative solutions. However, once the equivalence
of the L1 and L0 norm was established [Can05b], the data recovery in the CS framework is done
by linear programming (also known as linear optimization). The range of available algorithms is
wide and the most popular approaches are based on Basis Pursuit (BP), Basis Pursuit Denoising
(BPDN) or Matching Pursuit (MP).
The key fact in CS for a proper signal recovery and a formal equivalence between L1 and L0
norms is the relation between the two involved matrices, Φ and Ψ. Specifically, the Restricted
Isometry Property (RIP) [Can05b] has to be fulfilled for any sparse vector α, i.e.
(1 − δK )∣∣α∣∣2 ≤ ∣∣ΦΨα∣∣2 ≤ (1 + δK )∣∣α∣∣2

(6.2)

The smallest quantity δK that satisfies the previous inequalities is the isometry constant of Φ,
and to fulfill the RIP has to be lower than 1. The RIP is used to measure if the matrix is close
to an orthonormal one and the smaller the δK the better. The verification of this property is
complicated and multiple metrics were proposed in the literature to replace the RIP, e.g. the
mutual coherence [Don01]. However, one of the most common choices for the sensing matrix Φ
are random matrices with independent identically distributed entries formed by sampling Gaussian
or Bernoulli distributions. In practice, these type of matrices perform fairly well and can even be
efficiently constructed in resource-limited devices as the one used in WSNs [Mam11].
As CS allows for the representation of a given signal with less coefficients, this representation
can be seen as a data compression. Then the lower the M used, the higher the compression rate.
One of the possible metrics used to measure the compression performance of CS is the CR, usually
defined as
N −M
CR =
× 100
(6.3)
N
With this formulation, lower values of CR lead to low data compression. In other words, CR= 5
means that the system transmits 5% less data compared with the no compression.

6.2.2

Wavelet Transform

A key element for the CS technique is the transformation basis or dictionary Ψ, that establishes
the relation between a signal x and its sparse representation in the transform domain. Matrix Ψ
consists in a set of elementary waveforms that are used to decompose the signal of interest x.
The usage of the wavelet orthogonal bases enables the signal representation with a finite set of
functions whose energy is concentrated in time [Mal08].
The first definition of a wavelet, although at that time this appellation was yet unused, was in
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1910 when Haar proposed the piecewise constant function with compact support
⎧
1
⎪
⎪
⎪
ψ(t) = ⎨ −1
⎪
⎪ 0
⎪
⎩

if 0 ≤ t ≤ 1/2
if 1 = 2 ≤ t ≤ 1
otherwise

(6.4)

as the origin of an orthonormal basis to represent the space of square-integrable functions. The
set of function of the orthonormal basis are
1
t − 2j n
{ψj,n (t) = √ ψ (
)}
2j
2j
(j,n)∈Z2

(6.5)

and any finite energy signal f can be represented by its wavelet coefficients using the inner-product
between f and the basis functions. And the signal f can be recovered by adding up the wavelet
coefficients multiplied by their corresponding function of the orthonormal basis.
During the following decades, other similar functions have been defined that improve the representation in diverse aspects [Mal08]. The research in this field mainly led to the more general
definition of wavelets of compact support by Daubechies [Dau88] and the elaboration of multiresolution signal approximations by Mallat [Mal89]. In the last decades, multiple new wavelet basis were
proposed and at present, wavelets are organized on different families, e.g. Haar, Daubechies (db),
Reverse Biorthogonal (rbio), etc., each with its own special properties and benefits to sparsely
represent different signals.
An additional benefit of the WT is the possibility to express the forward and inverse transforms
in terms of linear algebra operations (see Appendix D for a brief introduction to the algebraic
formulation of the WT). So, by means of the WT, the ECG signal can be expressed as a linear
combination (series expansion) of the basis functions Ψ of a given family. Specifically, if x is the
signal of interest, its wavelet coefficients α can be computed as
α = Ψx

(6.6)

On the other hand, the signal of interest can be reconstructed from the wavelet coefficients with
x = Ψ⊺ α

(6.7)

since WT is an orthogonal transform (Ψ⊺ = Ψ−1 ). The (⋅)⊺ notation indicates the transpose
operation.
6.2.3

Problem Statement

Within the framework of mHealth systems based on a small scale WSN for ECG measurement
and monitoring, the variance of the results of data compression and recovery throughout many
patients is not usually examined. Quality analysis that omits this aspect would lead to compression
schemes useless from the diagnostic point of view, as even in healthy ECG signals there are events
that alter the compression performance. Thus, the evaluation of a WSN in terms of a given metric
averaged over multiple ECG signals measured from independent subjects is insufficient to ensure
proper operation for broad compression ranges.
In this chapter the WSN system outlined in Figure 6.1 is analyzed, where CS with a sparse
representation based on WT is used. The CS coding is performed in the time domain, over the
original ECG signal x, using only the sensing matrix Φ. Within this scheme, the ECG sensor node
only requires enough computational capabilities to perform the linear operations involved in the
CS sampling and to transmit the sampled signal y. In this figure, the notations ∣∣ ⋅ ∣∣l and ˆ⋅ indicate
respectively, the l-norm and a recovered signal. This is a identical procedure, with the exception
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Figure 6.1: Problem statement and experimental scenario. The sensing procedure is performed in a
resource-limited ECG sensing node. The data is then sent to a high-capability node that performs the
reconstruction of the ECG record.

of matrix used, to the one used in Chapters 3 and 4 on the sensor node side.
On the decoder side, the assumption that x has a sparse representation in the domain spanned
by the transformation basis Ψ is used. The decoder receives y and recovers the wavelet representation α̂, as if the CS sensing matrix would have been ΦΨ. In this work the recovery is done by
means of a L1 optimization problem, e.g. the basis pursuit denoising problem. The σ parameter
is used for regularization, imposing a low noise level that allows the problem resolution. Finally,
the ECG signal is reconstructed using the coefficients α̂ and the inverse wavelet transform.
The quality metric is the Percentage Root-mean square Difference (P RD) [Jal90]. This scenario is frequently used in related works [Mam11], as the computational burden and the memory
requirements for the ECG sensor node are low.
6.3

Experiments

This section describes the experiments performed in order to assess the variability of the quality
results throughout multiple patients. First, the ECG database and the experimental setting is
explained. Next, the quality metric used to compare the original ECG with our experimental
results is defined. And finally, the expected outputs that will be discussed in Section 6.4 are
described.
6.3.1

Database

From all the ECG databases available in the Physionet project [Gol00], the PTB Diagnostic
ECG Database is selected for the high resolution of the signals. The database contains records
of 15-lead ECG sampled at 1KHz with 16-bit resolution. From all the available records in this
database, there were randomly selected P = 50 signals from healthy controls and P = 50 signals
from subjects with myocardial infarction. The healthy controls are aged from 17 to 68, while
the age range of the subjects with myocardial infarction is 37 to 76. Table 6.1 summarizes these
statistics regarding the database.
All signals have a duration of approximately 12 seconds. The analysis of each signal is performed
by frames, each frame of N = 212 samples; the frame length is selected to have similar time extent
as similar works, such as [BV07, Cra15].
6.3.2

Experimental Setting

The scheme outlined in Figure 6.1 is simulated for the P = 100 ECG records independently.
The sampling is performed by applying CS to the ECG signal in the time domain and the recovery
of the signal is based on solving a L1-minimization problem where the objective are the wavelet
coefficients of the ECG. In this work, we use the basis pursuit denoising algorithm provided by the
SPGL1 solver [vdB07, vdB08]. This solver is preferred over others, such as l1 -magic [Can05a],
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Number of subjects
male
female

Mean age
male
female

Age range
min
max

Healthy
Myocardial infarction

35
41

15
9

38.4
56.8

37.5
59.3

17
37

68
76

Total

76

24

48.6

46.4

17

76

Table 6.1: Characteristics of the selected subjects from the PTB Diagnostic ECG Database.

P RD
0–2
2–9
≥9

Quality group
“Very good” quality.
“Very good” or “good” quality.
Not possible to determine the quality group.

Table 6.2: P RD vs. reconstructed ECG quality [Zig00].

due to its high performance in terms of computational time in the Matlab software used for the
simulations.
The construction of the sensing matrix follows
√ a previously defined method, where Φ has exactly
d non-zero elements per column equal to 1/ d [Mam11]. This method has low computational
cost thus facilitating its implementation in an actual WSN device. Two type of sensing matrices
are considered for two different values of d, i.e. d = 6 and d = 12. And for each value of d, four
levels of CR are used, namely CR∈ {20, 40, 60, 80}. For statistical significance, we use 10 different
random sensing matrices for each combination of parameters.
The sparsity basis Ψ is the dictionary of a given WT. For a wider feature coverage, both
symmetric and asymmetric wavelet functions were considered; wavelets from the db [Dau88] and
the rbio [Mal89] families are selected. Then, from all possible wavelets from each of these families,
the following subset is used in the experiments:
• db4, often used in ECG analysis [Pol13, Cra15].
• db10, as is stated in [Mam11] to be the most popular wavelet basis for ECG analysis.
• rbio1.5, as is not popular in this field and is chosen as baseline.
• rbio3.7, as is declared to be the best wavelet basis for ECG in [Mis12]
• rbio4.4, as is commonly used for ECG compression [Ben03]
To analyze the behaviour and the quality at multiple time scales, for each combination of CRd-wavelet, the ECG signal is recovered using wavelet coefficients α̂ reconstructed with up to 7
wavelet levels, independently.
6.3.3

Quality Metric

P RD quantifies the error in percentage among the original ECG x, and the reconstructed one
x̂ and is defined as [Jal90]:
∣∣x − x̂∣∣2
P RD(x, x̂) =
× 100
(6.8)
∣∣x∣∣2
P RD and the quality of the reconstructed ECG are related as summarized in Table 6.2. This
link has been established by Zigel et al. [Zig00], where multiple specialists quantified the similarity
between original and reconstructed ECG with different values of P RD. This metric is used quite
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often as a performance metric in ECG studies and low values of P RD amount for low distortion
among the original and the reconstructed data.
The main drawback of the P RD metric is that a low value does not ensure a high ECG quality
with diagnostic acceptance [Man07, Cra15]. Different metrics based on the multiple physiological
features of the signal, such as the Weighted Diagnostic Distortion [Zig00], were proposed to
overcome this issue. However, the computation of diagnostic meaningful measures involve the
detailed delineation of both original and reconstructed ECGs, i.e. detection of all points of interest
of the signal. The development of accurate delineation algorithms is still under research and usually
quite long signals are required. Then, mainly due to the length of the signals used in this study,
but also because the P RD is one of the most used metrics for WSN validations, this study only
considers the P RD as quality metric.

6.3.4

Experimental Outcomes

The main outcome of our computer experiments that will be analyzed in the following section
is the P RD. Two degrees of data aggregation for each combination of parameters are used:
• Average P RD over multiple the records in the database.
• Statistical distribution of P RD obtained, calculated with the boxplot method. Each boxplot
is built with at least P = 50 values.

6.4

Results

In this section the results obtained from the computer experiments are analyzed. As multiple
sensing matrices Φ were used, first their similarity is compared in terms of the Radial Distribution
Function (RDF). Next, both the average and the statistical distribution of the P RD results are
analyzed, to determine the best wavelet basis in this scenario and to show the high variance between
the different subjects, respectively. Finally, segments of several ECG records obtained from diverse
parameter combinations are shown, in order to qualitatively compare their quality.

6.4.1

Similarity between Sensing Matrices

As previously mentioned, there are 10 independent sensing matrices Φ for each combination
of parameters. In this case, one may think that there exist some kind of bias between the results
from each matrix. In order to clarify either the existence or absence of some possible differences
between these sensing matrices, their similarity is assessed, by means of the RDF and the KLD.
The RDF is a tool used in statistical mechanics to describe the density of a system in terms of the
distance between its molecules. In our case, the systems is the matrix and the molecules are the
non-zero elements. We compute the RDF as the distribution of the distance between all pairs of
non-zero elements.
The KLD quantifies the differences between two probability distributions and it is commonly
used in Information Theory. Distributions are more similar as the obtained KLD is closer to 0. In
this case, the KLD was computed between all pairs of RDF obtained from matrices with equal d.
The maximum value obtained was 2.28 × 10−5 , meaning that the RDF of all matrices with equal
d is almost identical. This fact lessens the relation between the P RD results and the matrix used
and, therefore increases the connection between the ECG signal (the only free parameter) and the
P RD.
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Figure 6.2: Average P RD over the entire data base for multiple combinations of CR, wavelet basis and
level and for d = 6. The quality group for the P RD is indicated by the color of the vertical axis.
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Average P RD – The “Best” Wavelet Basis

Following the methodology used in similar works, Figure 6.2 shows the P RD averaged over
all the P = 100 ECGs signals used, for the d = 6 case. The y-axis has been limited to P RD= 20,
as higher values do not provide relevant information and the quality groups are identified by the
corresponding color: green for 0 − −2, orange for 2 − −9, and red for ≥ 9. In this figure, we observe
the expected differences in quality of the different CR considered, i.e. the higher the CR, the
lower the quality for the recovered signal. Within each CR level, there are two different quality
groups that correspond to the wavelets {db4, db10, rbio4.4} and {rbio1.5, rbio3.7}, respectively.
The wavelet basis with the worst performance is clearly the rbio1.5, but the wavelet basis with
the best performance is less conspicuous. In all cases the rbio4.4 basis functions always exhibit
the lowest P RD compared to the others, but with small difference between these three cases (less
then 10−2 for CR= 20). Other criteria must be considered to determine which one to use in an
actual system, such as the computational burden, the used memory or the symmetry of the basis
functions.
One may consider that ECG records may influence the results, as ECGs from the subjects with
myocardial infarction may behave worse in terms of data compression. Figure 6.3 shows the P RD
obtained averaged over the P = 50 ECG signals used in each case, namely healthy controls and
subjects with myocardial infarction. As a general rule, the average P RD is slightely lower for the
healthy controls, with the exception of the rbio1.5 -level 1 wavelet. Moreover, the trends of the
curves of both cases are similar, with slightly higher variance within each CR level for the subjects
myocardial infarction.
The average P RD shows that a WSN that uses both CS and WT to measure the ECG signal
is able to perform properly for a wide range of CRs. However, the wavelet level is decisive for the
majority of the cases. While for CR= 20 all wavelet families obtain a low P RD for all levels, for
CR= 60 the third level is required for the wavelet reconstruction. And for the configuration with
higher data compression, i.e. CR= 80, the selection of wavelet family – wavelet level is critical as
the average P RD is lifted up to unacceptable values.
The analysis for d = 12 is similar and leads to identical conclusions. For example, Figure 6.4
shows the average P RD obtained for the 50 healthy subjects and for the d = 12 case. Although
the exact values are slightly different, the relations between the different wavelets remain the same.
There are few quality groups changes between the d = 6 and d = 12 case, i.e. on the level 1 of
rbio3.7 wavelet at CR= 20. Therefore, the benefits of using a sensing matrix with d = 6 include
both better average P RD and less memory usage.
6.4.3

Statistical Distribution of the P RD

In contrast to the previous section, now the statistical distribution of the P RD is assessed,
using the boxplot procedure. In Figures 6.5 and 6.6 these distributions, computed for the P = 50
healthy subjects, can be found for d = 6 and d = 12, respectively, and for the different CR,
wavelet functions and wavelet levels simulated. In these figures, the dashed green lines represent
the P RD= 2 and P RD= 9 thresholds, the blue symbols are for the boxplot representation, and
the red symbols are for the outliers, i.e. P RD values located at a distance higher than 1.5 the
inter-quartile range. Minor differences are observed among the two figures, but a significant benefit
enhances the d = 6 case, i.e. in an actual ECG sensor node half the memory is needed to store the
sensing matrix Φ.
Again, the higher the CR the lower the quality obtained, but interestingly, the higher the
inter-quartile range (the dispersion). With this representation it is clear that the average of each
boxplot is not the most representative statistic.
Regarding the exact values, as a general rule, the first wavelet level performs worse than higher
levels, specially at lower values of CR. The interesting fact is that for CR≤ 40 all the wavelet
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Figure 6.5: Distribution of the P RD seen as boxplot for multiple combinations of CR, wavelet basis and
level and for d = 6. For this figure the P = 50 healthy subjects were considered.
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Figure 6.9: Comparison between original and reconstructed ECG signals for two healthy subjects and two
subjects with myocardial infarction, and for diverse wavelet functions, wavelet levels, and CR, obtaining a
wide range of P RD.
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basis result in P RD values that are ranged in the “very good” and “good” quality groups for ECG
(i.e. P RD< 9). In general, to determine the “best” wavelet is not as straightforward and the
dependence on the application requirements are more apparent. For WSN with less compression
requirements the baseline rbio1.5 is still useful, and is a symmetric wavelet with quite a simple
implementation. The db4, db10 and rbio4.4 are clearly preferable in the case of high compression
requirements (up to CR= 60). In this cases the wavelet level is also a relevant parameter, and its
choice determines a system that performs properly or not in terms of P RD. Finally, for CR= 80
and wavelet levels higher than 5, the same wavelets provide values of P RD≤ 9 for more than 50%
of the records.
Figure 6.7 shows the statistical distribution of the P RD obtained for the P = 50 subjects with
myocardial infarction. Now, only the d = 6 case is shown, as it is the most interesting from the
sensor nodes requirements point of view. The similarity between these graphs and the ones showed
in Figure 6.5 is surprisingly high, as a priori one may think that the compression of ECG signals
with special features caused by heart diseases is less efficient. There are even a quite amount
of cases where the P RD≤ 2, as 27.97% of all values that build the boxplots of Figure 6.7 are
lower than 2. This analysis shows that with this system setting, healthy and myocardial infarction
patients have no discernible effects on the P RD performance metric.
Figure 6.8 shows the distribution for the d = 6 cases where all the P = 100 ECG records are
considered. The detailed analysis of this figure leads to similar conclusions as in the previous cases.
These results clearly show that the performance of an actual WSN depends on several factors
such as the CR or the wavelet basis and level used. But the most important factor is the person
who uses the system, regardless the subject is healthy or suffered a myocardial infarction. Then,
any validation method that includes any kind of average over quality metrics is not as adequate as
possible. Moreover, in all cases there are ECG records that lead to fairly good quality (P RD< 2),
even at high level of data compression such as CR= 80. This fact highlights the large differences
between the records, even between the subjects classified as “healthy”. These findings encourage
further research regarding the dependency between the P RD and the ECG record within the
framework of wide dispersion between similar patients.
6.4.4

Qualitative Comparison

The performance of the WSN system can be also assessed from qualitative point of view by
means of direct comparison between original and reconstructed ECG signals. Multiple conclusions
can be obtained from this analysis, even if the observer is not a specialist.
Figure 6.9 shows 10 segments obtained from two healthy subjects and two subjects with
myocardial infarction. Each sub-figure shows superimposed the original ECG in solid blue line
and the reconstructed ECG in dashed red line. The details of the ECG signal, wavelet function
and level, and the CR used and the P RD obtained in each case are shown in the corresponding
caption. A wide range of P RD is plotted, from 0.3 in Figure 6.9(a) to 28 in Figure 6.9(j). The
most important observation is that the diagnostic capability of some of the reconstructed signals
is completely lost, as the shape of important features is modified. This occurs even for values of
P RD that are classified as “good quality”, e.g. see Figure 6.9(h) where P RD= 6.
Several issues arise from this qualitative comparison: the P RD does not ensure diagnostic
capabilities and the inter-beat interval is almost the unique feature that can be accurately extracted
in from these ECG signals. The solution for the first issue involves the usage of quality metrics
that include diagnostic features. This kind of metrics would be more appropriate for the validation
of a ECG measuring system based on small scale WSN, but longer signals and precise delineation
algorithms for both the original and reconstructed ECGs are required. On the other hand, the interbeat interval is the parameter used in diverse research areas, such as the Heart Rate Variability
[Cam96]. However, at this point the question whether if it is really necessary the implementation
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of a small scale WSN that uses CS combined with WT to obtain a feature that can be also
obtained using less complex methods [Arz08]. The answer to this question is that the aim of
small scale WSN has to be diagnostic quality and therefore the quality of the reconstructed ECG
should be improved. Specially as these kind of WSNs can be used in natural environments outside
laboratories with little discomfort for the patients.
6.5

Conclusions

This chapters contributes to the specific objective (O4) of this thesis, and the validation
methodology of the wireless ECG measuring systems has been analyzed. From the analysis performed, we can conclude that averaging the P RD is not an appropriate method to evaluate the
performance of an ECG mHealth solution, as the quality results showed high variance and as even
for low P RD the signal had no diagnostic capabilities. For this purpose, multiple experiments
have been performed, with actual ECG records and the high dispersion has been observed even
between healthy subjects.
From these experiments it can also be stated that the selection of the wavelet is highly dependent on the final application. If no high compression rate were needed, functions with lower
computational burden were still useful, such as rbio1.5. On the other hand, at higher compression
rates, the wavelet function and the level selections were more critical. For example, at CR= 80
rbio4.4 can achieve the P RD< 9 at any level above 5 for the 75% of the ECG signals. Other
considered wavelet functions achieved lower performance than rbio4.4.

⋅b ⋅ c⋅

◂

▸

102

Wireless ECG Systems Analysis

Chapter 7
Conclusions and Future Work

As stated in the introduction chapter, this doctoral thesis was focused on the distributed
processing within WSNs and analyzed their performance in various applications: environmental
monitoring, climatology and bioengineering. Specifically, both small and large scale WSNs were
considered and the following specific objectives were set:
(O1) – Development of a novel self-organized clustering algorithm, that organizes the sensor
nodes using the statistics of the data measured. Evaluation of performance of the
algorithm using actual data, assessing both the energy efficiency and data quality.
(O2) – Application of the previous clustering algorithm to actual data obtained from a field
unrelated with WSNs, i.e. climatology. The idea is to study the data statistics and
its evolution over the time via the obtained clustering configuration for the sampling
locations, i.e. the weather stations.
(O3) – Design and deployment of an ambulatory gait measuring system using the acceleration
of four specific points of the lower limbs, seeking for a diagnostic support system.
Validation of the system both for short and long experiments using state of the art
metrics.
(O4) – Analysis of the validation methodology used by state of the art wireless ECG measuring
systems, aiming for systems that guarantee the diagnostic quality of the measured data.
This is the last chapter of this dissertation and comprises both the general conclusions of the
thesis and some of the future research lines that deserve to be addressed in future work.
7.1

Conclusions

Every chapter of this document included a brief section that resumed the chapter and enumerated its main conclusions. The aim of this section is to collect these conclusions under a common
list, in order to show the degree of achievement of each specific objective of this thesis.
Objective (O1)
The work towards this specific objective spanned over Chapters 2 and 3, where the SODCC
clustering algorithm was proposed and evaluated, from both theoretical and experimental points
of view. The conclusions drawn regarding this objective are summarized next:
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• The coupling between the measured field with the clustering organization is achievable.
One of the approaches approaches is the general framework for large scale WSN proposed in
this thesis, that considered a combination of clustering and in-network processing algorithms.
• The SODCC clustering algorithm proposed following the aforementioned general framework,
that used second-order statistics of the measured data, ensured for each cluster a well-posed
problem for an in-network algorithm that also used second-order statistics.
• The theoretical distribution of the cluster sizes exhibited its dependence on both the total
network size and the signal subspace dimension, and revealed the scalability of SODCC.
• The experimental distribution of the cluster sizes confirmed the ability of SODCC to adapt
the cluster configuration to the different spatio-temporal correlations of an actual temperature dataset.
• The message complexity of the SODCC clustering algorithm was comparable to other
state of the art clustering algorithms.
• The quality of the data reconstructed by the DFC was higher and the energy consumed
during the entire network operation was lower, compared with other state of the art algorithms.
• The SODCC + CPPCA strategy achieved a perfect balance between the quality of the
reconstructed data, controlled by the compression ratio, and the energy expenditure of the
data gathering process.
This thesis was the first attempt to combine the clustering and in-network processing algorithms, leading to a novel clustering algorithm that used the measured data to prepare a proper
setting for the processing task. Based on the outcomes of the first two chapters of this dissertation, it can be concluded that the specific objective (O1) was achieved as all the requirements
were fulfilled by the SODCC algorithm.
Objective (O2)
Chapter 4 was devoted to this specific objective, and the SODCC algorithm was applied to
actual data obtained from the climatology study field. The spatio-temporal correlation of the
air temperature data from 123 stations throughout Europe and Western Asia were studied. The
weather stations were clustered by SODCC at a decadal time scale. The conclusions obtained are
as follows:
• SODCC shown both the spatio-temporal correlations of the data within each considered
decade and their evolution over the time.
• The air temperature data from the weather stations considered shown three different regimes
of spatio-temporal correlations based on their geographical extent, i.e. small, medium and
large scale.
• There was a change in the spatio-temporal trend of air temperature in the Iberian Peninsula
and Southern France in the decade of the 1970s. The transition from the small-scale regime
to the large-scale regime pointed to an evidence of a climate-change pattern.
• There were both oscillating with a two-decade period and stable trends in the Turkmenistan,
Tajikistan and Uzbekistan region and in the British Isles, respectively. This findings shown
stable climate states that are comparable to previous findings in the scientific literature.
The methodology proposed in this thesis has proven to be useful in the research of the D&A
of climate change problems, attaining the specific objective (O2) of this thesis.

7.2. Future Work

105

Objective (O3)
The human gait study and the accomplishment of this specific objective was the aim of Chapter 5, where an ambulatory gait measuring system was designed. Following, the conclusions from
this study are listed:
• Prior to this thesis there was no ambulatory gait measuring system to be used outside
dedicated laboratories and to measure the natural gait.
• The system designed and developed in this thesis met all requirements, and was used to
measure the natural gait. It measured the acceleration of four specific points of the lower
limbs with no hinder to the user, due both to the small size and weight of the devices and
to the absence of no cables.
• The analysis of the human gait variability allowed the study of multiple ailments of the
locomotor system, such as the asymmetry between the left and right sides of the body.
• The necessity for on-board implementation of diverse metrics to measure the gait variability
has been shown, specially for its use in less favorable settings, such as the athletics track.
• The possibility of the proposed measuring system to be used as diagnostic support system
for the detection and monitoring of lower limbs injuries has been assessed. This step requires
an exhaustive validation in a clinical environment.
In this thesis a system capable of measuring the natural gait has been proposed. The system
may be used as diagnostic support system once it will be validated. Then, this objective was also
accomplished, as all requirements were fulfilled.
Objective (O4)
The last objective of this thesis was considered in Chapter 6. A wireless ECG measuring
system, based on CS and signal sparsity in the wavelet domain, has been analyzed and the following
conclusions were drawn:
• The actual validation methodology for state of the art wireless ECG measuring systems
was not appropriate, as it includes the P RD metric which does not ensure diagnostic
capabilities.
• Studying the statistical distribution of the results was a good practice in the validation
task, as the results from similar ECG records showed high variance and the usage of central
tendency statistics over the entire database concealed this features.
• The selection of the wavelet basis and wavelet level used in any ECG system depended on
the final application, and the tradeoff between the compression rate, the data quality and
the computational burden had to be taken into account.
The last objective (O4) of this thesis was also achieved, as several flaws have been found for the
actual methodology to validate these systems and possible solutions have been proposed.
7.2

Future Work

The conclusions of this thesis were just resumed and this work seems to be finished. However,
research is synonym of “what can be improved?” and this last section section of the last chapter
is the place where the possible future research lines are listed, organized by the specific objectives
of this dissertation.
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Extension of (O1)
The SODCC algorithm, proposed in this thesis, can be improved in various aspects. First, the
inclusion of a cluster division mechanism to allow the cluster configuration to adapt to changes in
the spatio-temporal characteristics of the data. In this case, the energy expenditure will depend
highly in the rate of variation of the background field, and different approaches should be considered
in order to cover disparate grades of non-stationarity.
The addition of a mechanism to protect the clustering operation against the missing data would
be a great improvement in scenarios with unreliable sensor nodes or wireless channel. For this
purpose, either the calculation of the autocorrelation matrix or estimation of the signal subspace
dimension should be slightly changed to be agnostic to these situation. This mechanism would be
useful also in scenarios with variable sampling frequency.
The usage of different in-network processing algorithms, based on higher order statistics or
entropy based measures, would require modifications of the decision criterion of the SODCC algorithm, to include these other data characteristics. These upgradings would allow the identification
of key sensor nodes that, for example, contribute the most to the cluster stability.
Multi-variable clustering should allow the combined analysis of different physical fields. Different approaches can be used, such as the independent or the embedded layers, where the clustering
is performed independently for each variable or jointly for all variables.
For WSNs where the sensor nodes capabilities are very restrictive, but at the same time where
the data quality requirements are very high, the double clustering setting is a possible choice. Now,
each node would be part of two independent clusters and the data would be transmitted to the
DFC by two distinct routes. Moreover, the data compression within each cluster could be increased
and, similarly to the diversity scheme used for radio communications, both copies of the data will
help to improve the data quality whilst reducing the number of packets transmitted.
Extension of (O2)
Regarding the climatology field, it would be very interesting to further research the area of the
Iberian Peninsula and the Southern France, both in the same time period and in different epochs.
Different climate variables, such as rainfall, wind or solar radiation, could be used and the goal
would be to find similar trends or changes in the trend as for the air temperature.
Moreover, the future research lines should not be focused on a single geographical area, and
other interesting regions of the world could be studied. For example, the Bering Sea and the Gulf
of Alaska is an area with relevant ocean currents, a key point in the migration of large marine
animals and in the fishery industry, and one of the areas where climate change is apparent. Other
areas could include among others: the Amazon Rainforest, the Lungs of the World; the Sahara,
the largest hot desert of the World with great influence in the European climate; the Aral Sea,
environment severely affected by irrigation projects.
Cloud and different atmospheric studies can be also performed with the SODCC algorithm.
For example, analysis of humidity in an extensive 3D lattice could lead the cloud formation and
forecast results.
The main drawback for the application of SODCC to the climatology field is the amount,
type and quality of the available data. However, the improvement of the SODCC algorithm to be
agnostic to missing data should allow all these future work.
Regarding other kind of application fields, SODCC should be also useful to study the traffic
congestion issues of large cities. By analyzing the vehicle density it is possible to inquire the
correlation patterns of different traffic jams, finding critical points of a city that cause secondary
jams and collapse the city.
Putting together the traffic congestion analysis with air quality data, and using the multivariable extension of SODCC, would reveal key areas that contribute most to the emission of
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greenhouse gases. This information would help the local authorities to identify where the traffic
could be restricted, where the public transport should be strengthen, or where the traffic lights
should be optimized.
Extension of (O3)
First of all, the next step in the research regarding the gait measuring system should be the
realization of experiments in order to assemble an extensive database. This database will allow
both the study of the acceleration signals and the clinical validation of this small scale WSN as a
diagnostic support system.
The system proposed in this thesis uses the SunSPOT devices. Unfortunately this product
is not sold at present, creating an uncertain situation regarding the future development. When
this project started, the SunSPOT was the best choice both in terms of technology and price.
The interesting issue is that this solution is still the best, as none of the devices in the current
market equals the characteristics of the SunSPOT. Under these circumstances, the development
of proprietary devices is one of the possible alternatives to migrate from this platform to another.
Regarding the acceleration signal analysis, the identification of key parameters to characterize
the human gait is the next natural research step. The definition and the classification of these
parameters would allow the delimitation between healthy and disease states. Moreover, the detection and monitoring of injuries in the lower limbs would be also possible, replacing more expensive
medical devices, i.e. magnetic resonance imaging.
The assessment of temporal dependencies between the gait signals would allow to establish the
relation between the performance of the locomotor system and the human body. The human gait
is conditioned by different disease states of other systems, i.e. the cardiac affects the lower limbs
if the peripheral arterial disease is diagnosed, and the neurological system affects the gait because
of the Parkinson disease.
In order to assess the gait analysis from a different point of view, it would be interesting to study
the sparsity of these signals in different domains. Therefore, instead of the on-board implementation
of different entropy rate metrics, it is possible to include different sparsity measures that allow a
high data compression of the acceleration, to transmit it to the DFC using a lower number of data
packets.
Extension of (O4)
The project regarding the ECG measuring systems proposed in this thesis is at an earlier stage
than the previous ones, so the future research lines are more manifest and concise. First of all, the
usage of quality metrics that ensure diagnostic capabilities is mandatory in all the following steps
of this project. Next, the incorporation of multiple leads is also necessary in the future work, as
the joint signal compression could improve the overall data quality.
The design and development a small scale WSN to measure multi-lead ECGs with diagnostic
capabilities is the final goal of this incipient project. The idea is to obtain a small and comfortable
measuring system, that compresses the data with the CS technique and considers the signal sparse
in the WT domain.
The recent link between sparsity and entropy measures [Pas15] will lead to the proposal of
novel CS reconstruction algorithms in the near future. The usage of core sparsity functions will
allow the optimal data recovery for a given sparsity level. This path can be one of the directions
to improve the ECG signal quality. This approach aims to modify the ECG decoding, therefore the
simple matrix multiplication used to encode the data in the sensor node is maintained.
In another vein, considering the patients nodes of a given network and their ECGs the field
of interest to be analyzed, algorithms such as SODCC could be applied in order to assess the
similarity between different records. The difference with previous applications of SODCC is that
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the nodes do not have a fixed location, and other node organizations have to be considered, such
as random graphs. But the clustering of multiple ECGs based on their second-order statistics can
lead to a novel classification able to distinguish between healthy and disease states. This idea of
future work links the two little universes considered in this dissertation, the small and large scale
WSNs.
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Appendix A
Message Complexity for the Worst-Case Scenario for SODCC

Let be Ni = 2K , with K ∈ N, the size of the analyzed cluster, formed in the worst-case scenario
for SODCC.
To form a cluster with size Ni , the CH needs 4×Ni2 data values to compute the FSD dimension
(4 × Ni values per node). Therefore, there are
4 × (Ni − 1)2

(A.1)

data messages transmitted between the sensor nodes and the CH (the CH does not to transmit its
own data to itself).
In addition, in each characteristic time t(k) = 4 × k, being k = 1, . . . , K, through the network
are transmitted
Ni
4×k× k
(A.2)
2
data messages between the CH that needs the fusion to the CH that accepts the fusion.
Therefore, the total number of data messages transmitted through the network in order to
form a cluster of size Ni is
K

Tm = 4 × (Ni − 1)2 + ∑ 4 × k ×
k=i

Ni
2k

(A.3)

K

k
k
k=i 2

= 4 × (Ni − 1)2 + 4 × Ni × ∑

(A.4)

< 4 × (Ni − 1)2 + 4 × Ni × 2

(A.5)

=

4 + 4 × Ni2

(A.6)
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Appendix B
Detailed flowcharts of the Gait Measurement System Software

Section 5.2.4 briefly explains the software applications developed for the SunSPOT sensor nodes
and the BSs. In this Appendix, the detailed flowcharts of all the threads of the sensor node and of
the GUI are shown and explained. Moreover, Table B.1 is also added to enumerate the LED color
assignation for the different status of the sensor node application.
Sensor Node
Figure B.1 shows the general flowchart of the sensor node application, including information
about the color assigned to the LEDs. This type of information is indicated in the flowcharts using
circular elements that include the identification of the LED and its color.
The main application of the sensor node initiates an additional execution thread, specifically in
the step called “Initialize bi-directional communication with the BS”, whose flowchart is depicted
in Figure B.2. For this application, the “continue” Boolean variable controls all the existing threads
and indicates if the sensor node is reading the acceleration sensor or not. There are several kind
of exceptions (i.e. errors) during the operation of this application, that are indicated by a specific
color of a specific LED (see Table B.1). Some rare and abnormal exceptions cause the application
to stop, such as the one caused by the impossibility to open a BS-node communication, mandatory
for the measuring system.
Once the communication BS-node is established and the sensor node received the command
to start the acceleration measuring, an additional execution thread that controls the node-BS
communication is initialized. The flowchart of this thread is shown in Figure B.3. This thread
checks if there is enough acceleration data to build a data packet in order to send it to the BS.
Using the LEDs this thread informs if the transmission was performed using more than 1 hop and
if it was not able to find a route to the BS. The latter case may occur in scenarios with a poor
radio channel such as a shadowing situation in the athletics track. Anyway, the SunSPOT device
retries the transmission until all data is acknowledged by the BS.
Figure B.4 shows the last flowchart for the sensor node application, describing the measuring
loop. Although it is initialized by the main application in the step “Start sensor reading loop”,
the acceleration sensor is read only when the BS sends the corresponding command, indicated
by means of the Boolean variable “sendData”. As the measured data is stored in the memory
before it is sent to the BS, LED5 shows if the number of data stored exceeded 10000 and 15000
measurements, where each measurement contains the timestamp and the tree acceleration values.
As seen in the memory stress tests performed, this number of measurements is obtained after
approximately 4.5 minutes where no data transmission to the BS was performed, a really abnormal
and extreme situation.
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The eight LEDs of SunSPOT are the only form to inform about the status of the sensor
node application. Therefore, the software developed for the sensor node uses this communication
mechanism to inform about the sensor settings, special conditions or errors. Table B.1 includes a
list of all LEDs, the used colors and the information.
Base Station
Figure B.5 shows the flowchart of the software application developed for the BS and Figure B.6
shows the flowchart of the GUI. In the latter, blue boxes are for the interaction between the
measuring system and the operator.
Several examples of the GUI developed are shown in Figure B.7, showing the main menu and
the one seen while a experiment is performed. At every moment the GUI gives short and clear
guidance, so operators with little experience are able to use it. As experiments require a GUI per
sub-network, each is marked in order to avoid confusions.
Relay
The application for the relay node has a simple flowchart (see Figure B.8). In this application
the main communication parameters are set and then an infinite loop is initialized. As all the
communication procedures are implemented in the SunSPOT devices by default, this short software
ensures that this node re-transmits all the data packets that receives between the sensor nodes
and the BS.

LED

Color

Information

LED1

Red
Green
Blue

The sensor node application is off.
The sensor node application is on.

LED2

Red
Green
Blue

The sensor node is not reading the acceleration sensor.
The sensor node is reading the acceleration sensor.

LED3

Red
Green
Blue

The BS-node communication has ended.

LED4

Red
Green
Blue

The sampling period is 20 ms.

LED5

Red
Green
Blue

Exception when the acceleration sensor is read.
There are more than 10000 samples stored in the sensor node.
There are more than 15000 samples stored in the sensor node.

LED6

Red
Green
Blue

Exception when a data packet is sent to the BS.
No route available to the BS.
Exception when the data packet is build.

LED7

Red
Green
Blue

Exception when a command was received from the BS.
The relay was used in the communication node-BS.

Red
Green
Blue

Exception when initiating the BS-node communication.

LED8

Exception when initiating the node-BS communication.

Table B.1: Sensor node application status informed by the LEDs colors.
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Figure B.1: Flowchart of the application programmed for the sensor nodes.
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Figure B.2: Detailed flowchart of the execution thread in charge of the BS-node communication.
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Figure B.3: Detailed flowchart of the execution thread in charge of the node-BS communication.
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(a)

(b)

Figure B.7: GUI of the ambulatory gait measuring system for the (a) main menu and the (b) experiment
menu.
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power

Infinite loop

Figure B.8: Flowchart of the applications programmed for the relay node.

Appendix C
Total Price Computation for the Gait Measurement System

Table 5.3 contains a column named “Price” and, as explained in Section 5.2.6, the values
indicated are for the total cost of the devices needed to deploy the ambulatory gait measurement
system. That is, the requirements are four sensor nodes, 2 gateways and any other additional
accessory needed, depending on the platform considered. In this Appendix, the detailed calculation
of these prices is performed. The information used is from official distributors whenever it is
accessible. They have not been considered “special offers” and the development kits were preferred
over individual units. Moreover, the shipping prices are not included. The conversion between the
United States dollar ($) and the euro (¤) considered is
1¤ = 1.3138$
computed as the average conversion rate over 2012, 2013 and 2014, using data obtained from the
national central bank of Spain (Banco de España) [Ban]. As a last remark, the selection of the
devices was performed in 2012 and the prices might have been changed over the years, specially
for devices that released new versions.

iMote2
In this case the iMote2 .Builder Kit [Mema], that contains 3 iMote2 modules, 2 sensor boards,
2 battery boards and batteries, is selected. Each kit costs 990$. Therefore, the total price for the
measuring system using these devices is:
1980 $ = 1507 ¤

Mica2
If the measuring system would have been deployed using Mica2 devices, 2 gateways 4 sensors
and 4 sensor nodes would have been needed. The price for each of them is 95$, 150$ and 120$
[Croa], respectively. As of this writing no official price was found because the Mica2 motes are no
longer on market being replaced by MicaZ. Therefore, the total prices would be: 1270 $ = 966 ¤
Another possible solution would be the Professional Kit WSN-PRO2400CB, that includes six
sensor nodes. It also includes an additional acquisition board and a programmer board. The total
price of this kit is 2345 ¤. However, as this kit contains more nodes than the necessary, and due
to its higher price, this solution is discarded.
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Mulle
The official prices for the Mulle devices are 139¤ per sensor node, 129¤ per programmer board
and 249¤ per gateway device [Eisb]. This system needs 4 sensor nodes, 1 programmer board and
2 gateways with a total of:
1138 ¤
Preon32
To deploy the measuring system with the Preon32 devices, the best choice is the Evaluation-Kit
3 that includes 3 sensor nodes with the corresponding radio and sensor boards [Vir]. Two units of
this kit are needed, costing 589 ¤ each making a total cost of:
1178 ¤
Shimmer3 GSR
In this case, the Consensys GSR x4 Development Kit is selected [Shi]. This kit includes 4 sensor
nodes and a Consensys Base6, useful to charge all devices at once, and multiple accessories. The
price of this kit and therefore the total price is:
2144 ¤
SunSPOT
The official price for the SunSPOT devices is 399$ per Development Kit [Ora]. In this case,
each kit contains 2 sensor nodes, 1 base station and multiple accessories. For this system two
development kits are needed and the total price is: total price is:
798$ = 607 ¤
Waspmote
The manufacturer of Waspmote and the official distributors sell starter kits and individual
nodes [Liba]. For this computation, we select 4 starter kits at a price of 199¤ each and composed
of 1 sensor node, 1 gateway, 1 battery, 2 communication modules with 802.15.4 PCB Antennas.
The total is:
796 ¤
Other devices
There are several devices in Table 5.3 that do not include a value in the “Price” column. These
devices do not fulfill the minimum requirements of the system (e.g. tri-axial acceleromenter) and
therefore were quickly discarded.

Appendix D
Algebraic Formulation of the Wavelet Transform

Section 6.2 includes the problem statement of the portable ECG measuring system analysed in
this thesis, where the WT is viewed from the linear algebra point of view [Mal08]. This perspective
is usually used when new algorithms or coefficients are developed for a new WT. However, in this
thesis, it is very useful in the definition of the optimisation problem that recovers the ECG data
compressed with CS, where Ψ is the wavelet transformation matrix. In the following, the structure
of Ψ is explained using two specific WT families i.e. Haar and Daubechies (db).
Consider that x = [x1 , x2 , . . . , xN ]⊺ is the input signal and that α is wavelet transform of x.
The (⋅)⊺ notation indicates the transpose operation. Regardless of the wavelet function used, α
contains N elements, of which the first N/2 are the averages and next N/2 are the coefficients, i.e.
α = [a1 , a2 , ⋯, aN /2 , c1 , c2 , ⋯, cN /2 ]⊺ . The averages are used as input for the calculation of the
next level of the wavelet.
The Haar wavelet is one of the simplest WT. For the forward transform uses two elements of
the input vector to compute one average (aj ) and one coefficient (cj ), i.e.
aj

=

cj

=

si +si+1
2
si −si+1
2

(D.1)
(D.2)

where j = 1, 2, . . . N/2 and i = 2j − 1. In wavelet terminology, the averages are calculated with
the scaling function and the coefficients are calculated with the wavelet function. For the inverse
transform uses one average and one coefficient to compute two elements of x, i.e.
si = aj + cj

(D.3)

si+1 = aj − cj

(D.4)

In the wavelet literature, the numerical values of the scaling and wavelet functions are usually
represented by hi and gi , respectively. In the case of the Haar wavelet, these values are
scaling function:

h0 =

wavelet function:

g0 =

√
2/2
√
2/2

h1 =
g1 =

√
2/2
√
− 2/2

(D.5)
(D.6)

The calculation of the wavelet transform of a given input signal x ∈ RN can be organized in a
matrix form, showed in Equation (D.7) for N = 8.
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Figure D.1: Graphical view of the level 1 Haar wavelet forward transformation matrix for N = 8.
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If a higher level (level = 2) is required, the average coefficients are
and this calculation can be also represented in the matrix form as
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The previous two steps performed can be resumed in the matrix form as a unique calculation as
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Figure D.2: Graphical view of the level 2 Haar wavelet forward transformation matrix for N = 8.
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Figure D.3: Graphical view of the level 3 Haar wavelet forward transformation matrix for N = 8.
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Figure D.4: Graphical view of the level 1 db10 wavelet forward transformation matrix for N = 64.
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Figure D.5: Graphical view of the level 2 db10 wavelet forward transformation matrix for N = 64.
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Figure D.6: Graphical view of the level 3 db10 wavelet forward transformation matrix for N = 64.

With this N = 8 example, the calculation of a third step would be possible, using [aa1 , aa2 ]⊺
and obtaining the tree level wavelet transform α3 = [aaa1 , aac1 , ac1 , ac2 , c1 , c2 , c3 , c4 ]⊺ . The
matrix form of this calculation is no longer represented, as its structure should be already clear.
However, in order to show the structure of the transformation matrix of each of these three steps,
Figures D.1, D.2 and D.3 show them as bar graphs, where all 0 values of each matrix are not
plotted. The distinction between the averages aj and the coefficients cj and the assigned names
is evident when these graphs are analyzed and becomes more apparent with higher steps. For
example, the calculation of α1 , i.e. the aaa1 average value, requires all N = 8 values of the input
signal.
Regarding the number of steps of the wavelet transform and the obtained level, the higher the
level the longer the input signal needed. Moreover, from practical point of view it is convenient
for the size of the input signal to be a power of two (e.g. 2k , being k = 0, 1, . . . ).
Another issue about the size of x arises from the length of the scaling and wavelet functions,
meaning that the longer these functions are, the longer the input signal needed. For example, the
db2 wavelet transform has four coefficients per function, i.e. hj and gj being j = 1, 2, 3, 4, and
aj

= h0 si + h1 si+1 + h2 si+2 + h3 si+3

(D.10)

cj

= g0 si + g1 si+1 + g2 si+2 + g3 si+3

(D.11)

where j = 1, 2, . . . N/2 and i = 2j − 1. Then the calculations of aN /2 and cN /2 are, respectively,
aN /2 = h0 sN −1 + h1 sN + h2 sN +1 + h3 sN +2

(D.12)

cN /2

(D.13)

= g0 sN −1 + g1 sN + g2 sN +1 + g3 sN +2

and require two more values of the input signal than the initially considered. And for larger
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functions, this issue is more apparent. For the first level of the db10 wavelet transform N + 18
values are required for the input signal, and for the second level this number rises up to N + 37.
Figures D.4, D.5 and D.6 show the bar graph of the transformation matrices of the db10 wavelet
for the first three levels and N = 64. The scaling and coefficient functions of this wavelets have
20 values each and the number of rows of these matrices is 82, 101 and 119, respectively.
Going back to the problem statement in Section 6.2, the need of more values does not represent
any drawback thanks to the approach used. In short, the CS compression is performed over the
ECG signal and the data decoding obtains the wavelet transform α̂. This optimization problem
considers that the compression was performed over the wavelet transform of x and uses the matrix
ΦΨ as effective sensing matrix. Under this assumption, as the calculation Ψx is not actually
performed, the size of Ψ is irrelevant.
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