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Chapter 1

Abstract

The possibility to detect reliably human brain signals by small sensors can have
substantial impact in healthcare, training, and rehabilitation. This Master the-
sis studies Electroencephalography (EEG) wireless sensors, and the properties
of their signals. The main goal is to investigate the problem of data interpre-
tation accuracy. The measurements provided by small wireless EEG sensors
show high variability and high noises, which makes it difficult to interpret the
brain signals. The analysis is further exacerbated by the difficulty in statistical
modeling of these signals. This work presents an attempt to a simple statistical
modeling of brain signals. Then, based on such a modeling, an optimal data
fusion rule of sensors readings is proposed so to reach a high accuracy in the
signal’s interpretation. An experimental implementation of the data fusion by
real EEG wireless sensors is developed. The experimental results show that the
fusion rule provides an error probability of nearly 25% in detecting correctly
brain signals. It is concluded that substantial improvements have still to be
done to understand the statistical properties of signals and develop optimal
decision rules for the detection.
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Chapter 2

Introduction

2.1 WSNs

The current evolution of the wireless communication technologies, the develop-
ments and advances made in sensor systems, the increasing miniaturization of
all the electronic circuits. . . all of them have driven to a parallel evolution and
improvement of the Wireless Sensor Networks (WSNs). WSNs basically con-
sist of a group of sensors distributed along a measurement area, which usually
can communicate between them; and a gateway, a central node, which finally
receives all the information and forwards it to its final destination (fig. 1).

Figure 2.1: WSN nodes. Source: Wikipedia.

The working of the WSNs, their components, their architecture and the
challenges found when trying to develop and deploy them will be explained in
this introduction, without further deepening on them. In the next chapter we
will dig into one of the most recent applications of WSNs: electronic healthcare.
There will be a more exhaust analysis of the networks’ infrastructures used for
this application, the specific sensors and their performance, concrete applica-
tions within and related to healthcare, and a few reflections about the potential
social impact of these technologies.
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2.1.1 Application areas

The first point in this introduction to WSNs will be their application areas.
In the recent times, lots of different sensors have been developed for measur-

ing and sensing nearly every measurable thing. These sensors normally give a
signal in the way of electronic potential or voltage, which can be easily digitalized
and, therefore, treated by diverse computing systems. As sensor technologies
evolve and improve, sensors become smaller and more precise, allowing them to
be used for a bigger range of applications. In WSNs, sensors must accomplish
certain requirements, usually about size and easy deployment, and, obviously,
be provided of a wireless communication device. As technology advances, these
requirements are more easily accomplished, so the application range of WSNs
is constantly growing bigger and bigger.

WSNs uses can be grouped into monitoring space, monitoring things and
monitoring interactions between things and with the space [1]. Among the first
group we find environmental monitoring, agriculture, climate control, alarms,
etc. The second group includes structural monitoring, equipment maintenance,
medical diagnosis, etc. The last one includes more complex applications like
emergency response, disaster management, process control, healthcare, etc.
Some examples of the most important or representative application areas for
WSNs are explained below.

Environment

This application area is mainly included in the first group mentioned above:
monitoring space. It is one of the initial applications of WSNs, which involves
collecting data from a big space that has some internal variation to be measured
[1].

WSNs are used in this area to monitor both natural and artificial envi-
ronments: monitor animal habitats, monitor microclimates, study contaminant
propagation, building comfort, or intrusion detection. An example of monitor-
ing the environmental parameters around a tree is seen in figure 2.2.

Usually, monitoring some determined environment involves a lot of sensors
providing information about the variation of various parameters in different
points of a study area. Traditionally, that also involves lots of wires that must be
installed in the area trying not to disturb the monitored environment. WSNs are
a not so intrusive solution which simplifies the sensor system and its deployment
process. Wireless sensor systems present an enormous advantage when talking
about their deployment for environment monitoring, since the only thing to do
is put the sensor in the desired place, not worrying about wires and connections.

Industry

The first application in Industry of WSNs is more related to the previous point:
monitoring industrial environments, for knowing the conditions under which an
industrial process takes place, or monitoring the environmental consequences of
these processes (e.g. pollution, acoustic contamination).

On the other hand, installation of many sensors can be complex and expen-
sive, one reason being the wiring of all these sensors. Therefore, WSNs have
another great potential application in Industry, monitoring and controlling any
industrial process. From measuring the characteristics of the manufactured

6



Figure 2.2: WSN climate data. Source: Overview of Sensor Networks.

products to controlling the machines that carry on the manufacturing process,
WSNs have a wide range of applications in industrial processes.

Figure 2.3: WSN supervision and control monitor. Source: BeanScape.

One of these applications is machine health monitoring, i.e. monitoring of
the status of different parts of the diverse manufacturing machines, so as to let
the operators know when they need maintenance, repairing, or when some pieces
have to be changed. The rotating parts, mobile pieces, complicated design, or,
in general, difficult access, make it really difficult to deploy a network of wired
sensors in these machines, so, wireless sensors can be more easily used for this
application. The same difficulties can be found on installing sensors along some
parts or the totally of the industrial process, which justifies the importance of
wireless sensors for industrial applications.

Also the configuration of WSNs allows the different nodes to communicate,
either between them or with a central processor, easily and rapidly. Besides,
the information is not restricted to move only in one direction, but can be sent
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forwards and backwards through the network. Those facts, united with the
possibility of using not only sensors but also actuators as nodes of the network,
make WSNs really suitable for automatic process control.

Construction and structures

Once again, one of the applications in this area comes from the previous one:
controlling the quality of the construction materials while they are fabricated.
It’s very important to be certain of the quality grade and properties of the
materials used for construction, because they determine every calculation made
for designing structures.

Moreover, the main application on this area is the monitoring of structures
and their evolution with time. During the construction, structures must be
tested to assure their correct behaviour and resistant characteristics, for to de-
tect possible mistakes and errors, avoiding future accidents. For these tests,
sensors could be used to measure the deflection of the beams, other kinds of
deformation, vibrations in the structure, etc. The deployment of a bunch of
sensors with their wires and connections would be totally impractical for these
cases and would probably take more time than permissible. However, the de-
ployment of a WSN would be faster and easier, saving time and permitting the
use of even more sensors without further complications.

Once the construction is finished, it usually needs to be constantly controlled
to detect as soon as possible the degrading of materials and, consequently, the
variations in the structure’s resistant properties. It’s also necessary to monitor
the behaviour of the construction under its normal use, also assuring that the
conditions under which the structure is working are the ones initially taken into
account and that the structure is not supporting more loads than it’s prepared
to. The use of a WSN for this application makes the information more easily
accessible, and allows a constant monitoring. Their capacity of wirelessly trans-
mitting the collected data can suppress the necessity of physical site visits or
road or rail closure, in some cases.

Home

Nowadays, our life style is changing fast and it’s evolving to a more automated
and comfortable way of living. Intelligent houses (figure 2.4) are starting to
being developed, added to other technologies aimed at automating every process
in our home and everyday life.

However, automating processes involves lots of sensors and information treat-
ment, which usually imply complex installations, with lots of wires, and maybe
need some reforms at home. Once again, the main advantage of WSNs in this
area is their ease of installation. The WSN is easily deployed and can be later
extended and improved without any need of modifying pre-existing installations
and, of course, without making any reform.

In a house, a WSN can collect data from its inhabitants and actuate conse-
quently. A simple way of working could be, for example, responding to user’s
commands (closing the windows, switching off the lights or putting some music),
or controlling the environment (switching the heat to control the temperature,
for example). But, as technology evolves and produces new machines and de-
vices, and new kinds of sensors, more complex behaviours could be expected.
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Figure 2.4: Intelligent house. Source: openitmag.com.

For example, processing data about the daily life of its inhabitants, the house
can anticipate their actions and, therefore, wake up them at the corresponding
hour, prepare the bath, select their food and control their diet, detect their
humour and act in consequence, or maybe even cook their breakfast, lunch,
and dinner. While technology keeps advancing, evolving and improving, the
potential uses of WSNs at home have no limits.

Within the home applications of WSNs, one of the most important is the one
that limits with the next application area: healthcare. WSNs allow doctors and
caretakers to monitor a patient in his own house. As WSNs are easy to deploy
and don’t need any previous installation in the house, they’re perfectly suitable
for this application. Once a patient’s constants are being remotely monitored,
lots of time can be saved in the case of an emergency, because the system will
detect it immediately and can be programmed to perform the corresponding
actions and warn the hospital or the responsible person as soon as possible.
Also monitoring patients in their normal life can help the detection of diseases’
signs and their diagnosis.

Healthcare

Healthcare applications will be explained and discussed in next chapter; how-
ever, it seems appropriate to introduce them here.

The first of them is the one mentioned above: home healthcare WSNs. Other
application parallel to this one is patients’ monitoring in hospitals. The same
benefits and applications described for patients’ monitoring at home can be
applied to hospitals: fast response to emergencies, diagnosis helping, easy de-
ployment, etc. In hospitals, WSNs can lighten the workload of nurses and doc-
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tors, allowing a continuous patient monitoring without requiring their physical
presence.

Also WSNs can help the hospitals to manage great amounts of incoming
patients (such as in mass casualty disasters), just by giving them a wireless
sensor that measures their vital constants. This system can avoid problems and
misfortunes by warning the hospital staff if the patients’ condition is getting
critical while they are waiting.

In hospitals, where the patients being monitored can move and change their
position, the use of wired sensors is really annoying and uncomfortable for the
patients. They have to carry all the wires with them, in the cases where this
is possible, and the doctors have to check the sensors’ readings in the monitors
and machines situated text to the patient. A WSN prevents all this problems by
using wireless sensors that allow the patient to freely move through the hospital
and send the data to a single gateway.

2.1.2 Nodes

As said before, a WSN is composed by various nodes. The nodes constitute the
physical part of the network, and there’re multiple types of them, although the
most common and basic for a WSN are the sensor nodes and the gateway.

Sensor nodes are the active part of the WSN, the ones that collect the
required data and send it. Usually, they are composed by one or more sensors,
a processing unit, a radio or some other communication device, and a battery.
Sensors, of course, are needed to collect data. A node can have one or more
sensors externally attached to it or directly integrated in it. The enormous
variety of sensors that can be connected to a node is what makes WSNs so
versatile and gives them so many application areas. The data collected by the
sensors must be treated in a processing unit.

Figure 2.5: Sensor node. Source: Genetlab.

The processing unit converts analogical data to digital data, so as it can be
sent through the network, but it can also perform other modifications to it like
packaging and compressing it or doing some simple calculations with it. This
unit is also responsible for the general working of the node within the network,
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i.e. synchronizing it with the others and the gateway, and controlling the radio,
switching it on and off when is required.

When all the data is prepared to transmission, is the communication unit
which forwards it to its destiny. A radio unit is the most common way of
communication within WSNs. The radio is the most power consuming device
in the node, so it has a big importance when trying to reduce the node’s total
consume or to improve its lifetime. Usually, the radio is duty cycled, that is,
switched off when it’s not being used, for saving as much power as possible.
There’re lots of ways of communicating in a WSN, so, deciding when to switch
the radio off is a rather challenging problem.

The necessary power for all this functions is supplied by a battery. The
size of the battery is which mainly decides the size of the node, and the power
consumption and the required lifetime are what determine the size of the battery.
So, if nodes are needed to be small (e.g. the ones that a person has to carry),
the small size of the battery will limit their lifetime, maybe bellow the allowed
limits. That’s why it is also really important to minimize the node’s power
consumption, in order to allow smaller nodes with a longer lifetime.

The other kind of nodes usually found in a WSN is the gateway. The gateway
is a central node (not meaning that it’s placed in the centre of the network) that
receives all the information and data collected by the sensor nodes. Moreover, it
is the one that forwards all this information to the final user, from using a simple
computer to even sending it through internet. That means the gateway is the
only connection of the WSN with the external world. Besides this main function,
usually the gateway also performs some other functions, such as contacting with
the sensor nodes for to establish the communication parameters and synchronize
them, or even performing some data treatment and doing some actuations when
needed.

Figure 2.6: WSN gateway. Source: MicroStrain.
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2.1.3 Architecture and topologies

The shape of the deployment area, the environment, the presence of obstacles,
the application type, the users, the technical requirements, the interferences,
or even esthetical reasons, are just a few of the factors that can influence and
determine the WSNs’ topology.

First of all, the sensing points have to be determined, so as to collect data
enough to carry on with the future studies. The deployment area itself, its shape,
and the characteristics of the variables and parameters we want to monitor will
determine the required number and placement of sensor nodes.

Besides, all the environmental factors in an area should be taken into account
when deploying a WSN. Particularly, the presence of obstacles (such as walls,
doors, plants, machinery, people. . . ), their characteristics (mainly referring to
the materials of which they’re made), and the electromagnetic interferences re-
ally affect to the communication within the sensor network. As the power used
for wireless communication is one of the most critical parameters in a WSN,
all this factors can be decisive for achieving a correct performance of the net-
work while saving as much power as possible. The communication coverage
area of every sensor must be checked and the corresponding measures should
be implemented. Since incrementing the transmission range of the radio sys-
tem would increase the amount of power consumed, the most common solution
is to increase the number of sensors, thus providing the network some extra
robustness.

The software of a WSN also determines its architecture. The software on
the sensor nodes and the gateway is what determines the way of communication
between them, and depending on the way of communication between nodes the
architecture can be centralized or distributed.

Figure 2.7: WSN Architectures.
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In a centralized architecture, every node has a unique path to communicate
with the gateway, maybe directly or maybe through other nodes. A simple
representation is shown in figure 2.7 A. So, the gateway acts as the root of a
tree, from which some branches of sensor nodes start. With this architecture,
each node must be programmed to send its information to the following node
in the tree, and from the gateway’s point of view, information can be send to
a node following one concrete path of nodes. Thus, both for the nodes and
gateway, programming the communication process and routes is simple. In the
other hand, using this architecture means that a failure in one of the nodes
implies the isolation of all the following nodes. Certainly if one of the first
nodes fails, a great area of the WSN could become unusable.

The distributed architecture is much more complex. The sensor nodes form
a mesh and communicate between them in no predetermined way, that is, each
node can communicate with all the surrounding nodes (figure 2.7 B). This way,
every sensor node has multiple possible paths for reaching the gateway, and
therefore, the same occurs when the gateway tries to send information to a
sensor node. That means that every message sent through the network must
have its final receiver written on it, and every node must be able to decide if
it has to forward the message or not. This is important for to avoid repeated
messages arriving to the receiver. Using this architecture has the advantage that
no node becomes critical, i.e. the failure of one node doesn’t imply the failure
of any part of the system, because the other nodes can easily find another path
for sending their messages. However, as can be easily predicted, programming
of this kind of communication is far more challenging. Lots of routing protocols
and ways of controlling the communication within the mesh have been proposed
and improved with the time.

2.1.4 IEEE 802.15.4

As an example of communication protocols, we will take a general overview of
IEEE 802.15.4. This is one of the most commonly used standards for WSNs.
In general terms, the standard specifies the lower layers of the communication
process: the physical layer and the medium access control. Based on this stan-
dard, some other specifications have been developed, which focus on defining
the upper layers.

The IEEE 802.15.4 standard focuses on minimizing the power consumption
of nodes’ communication, without requiring any underlying infrastructure. It’s
characterized by achieving really low costs of manufacturing and operation,
while being simple in its technology and without sacrificing flexibility or gener-
ality. That makes it really suitable for its implementation on WSNs where, as
seen above, the power consumption is a very important constraint.

The physical layer is what provides the data transmission service, i.e. it
corresponds to the physical transmitter and receiver. Besides, it’s also on charge
of channel selection and some energy and signal management functions. In the
IEEE standard, this layer operates in three possible frequency bands: 868.0-
868.6, 902-928, and 2400-2483.5 MHz, each of them with a different number
of channels. In the recent years, some new frequency bands are starting to be
opened.

The medium access control manages access to the physical channel and con-
trols the transmissions of MAC frames.
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This standard defines two types of nodes, depending on the capacities they
have or the functions they develop. The full-function device (FFD) can com-
municate with any other device, which allows it to act as coordinator of the
network or as a simple node. The reduced-function devices (RFD) are simple
devices that can only communicate with the previous ones, so they will only act
as simple sensor nodes. Therefore, every WSN has to have a FFD developing the
coordination functions, which corresponds to the role described above for the
gateway node. This device will communicate with some others, FFD or RFD,
acting as sensor nodes. Networks can be built as peer-to-peer or star networks.
On peer-to-peer networks, the connections are arbitrary, thus giving place for
many kinds of WSN, such as cluster trees or mesh networks. On a star network,
the coordinator decides to create its own network and any other node can join
this independent network, always connecting directly to the coordinator.

Figure 2.8: Network topologies. Source: Wikipedia.

Finally, the basic units of data transport in this standard are the frames,
and there are four different types: data, acknowledgement, beacon and MAC
command frames). These frames can be combined into superframes.

2.1.5 Challenges

The design and deployment of WSNs has to face lots of challenges. Most of
these challenges are what avoids WSNs to be commercially used.

First of all, WSNs’ nodes present great resource constraints. On one hand,
minimizing their size conducts to the use of small batteries. Therefore, the life-
time of the sensor nodes is very limited and it’s necessary to find ways to improve
it. Usually, the way of doing that is controlling the power consumption of the
nodes, and for this, the radio devices are a critical part. As the communication
function is the one that consumes most of the power, it is usually controlled by
duty cycling the radio of the sensor nodes. Other way of prolonging the life of
the nodes is by using more efficient batteries, reducing the power consumption
of the other devices, or synchronizing the transmissions on the whole network,
avoiding listening times.

On the other hand, the microprocessor inside the nodes is also very restricted
in terms of size and processing power. Once again, the restriction on nodes’ life-
time supposes a restriction on their processing system. The processor has to
be as small as possible and has to have a very low consumption. That’s why
sensor nodes cannot include very complex processing functions and programs,
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and this also affects the programs developed to configure the WSN and the com-
munication processes. Tiny Operative Systems (TinyOS) appear here to offer a
simple and efficient platform for programming WSNs, allowing the development
of these functions. Anyway, usually the sensor nodes only perform simple pro-
cessing functions, like digitalizing data and the communication functions, while
other complex functions of processing and interpreting the data and taking the
corresponding decisions are usually performed by the gateway or the final user.

Another big challenge that current WSNs have to face is the security. As
the communications are wireless, it is relatively easy for an external system
to intercept them. That could suppose lots of trouble for the users of WSNs.
First, an external intruder could obtain all the information from the system
being monitored, therefore violating the privacy of the information either about
a person or about an industrial process. Moreover, the intruder could introduce
some false information in the WSNs, thus leading the system or the user to take
the wrong decisions, which has a lot of potential problems, whatever it’s being
monitored.

Added to these challenges, there’re still the problems and difficulties on
installing a WSN in the different areas and environments. As we’ve seen above,
there’re many things that can affect to the quality of the communications within
the network in one determinate environment. The development costs of the
nodes also have to be studied and reduced before the WSNs can be wide used.
Other challenge to take into account while designing a WSN is the difficulty of
using the system: most of the users of the system will be untrained persons, so,
the system must be easy to understand and use.

Other problems are related to the investment necessary to start the research
and development of WSNs. In [2], William Merril discusses the reasons why the
current situation of the WSNs is not as good as could be. A summary of this
paper can be found in appendix B.1.

Many of these challenges still have to be solved before the WSNs can be
widely commercialized, but all the prospects and previsions tell that, once these
problems disappear, WSN will have a great potential and a really huge number
of applications and they will cover an even wider range of application areas.

2.2 Problem formulation

The main subject of this thesis will be the study of the EEG sensors. On
studying these sensors, the first point to be discussed and explained is the
current situation of them among the industrial and research applications. More
concretely, the study will focus in their uses in WSNs. Since the sensors are
used for measuring biological signals produced by the human brain, their use is
mainly reduced to healthcare WSNs.

That leads, therefore, to the necessity of a previous study on healthcare
WSNs. This will be another main subject of the thesis, then. The current
situation of WSNs, their applications, the sensors that are used, and their po-
tential in future applications will be analyzed. The objective of this analysis
is to achieve a good understanding of the possibilities that the EEG sensors
have among healthcare WSNs, the challenges that their use has to face and the
possible ways of overcoming them. Also, it is very likely that this analysis will
provide reasons for which it is very advisable to keep on spreading the use of
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EEG sensors.
On the other hand, to complete the general study of EEG sensors, it will also

be necessary to perform an analysis of the electroencephalography technique,
its beginnings, its evolution, its basis, and the different ways of collecting EEG
data. This will lead to a better understanding of the working of the EEG sensors
and the characteristics of the signals they measure.

In the practical part, the question proposed is to find a way of achieving
high accuracy signal identification. A theoretical mathematical analysis of the
EEG signals will be carried on, in order to understand the way these signals
behave, and which mathematical tools can be used in their analysis. Then, some
experiments will be performed, in order to obtain experimental readings related
to different mental status or commands. Then, the final goal of the thesis will
be to propose an optimal data analysis method that provides results with the
higher accuracy possible.
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Chapter 3

Healthcare WSNs

The main focus of this thesis is the wireless EEG sensors, and their possible uses
in healthcare WSNs. Therefore, it will be necessary to take a closer view at this
application area of WSNs. This chapter will focus on WSNs applied to health-
care environments. The chapter will develop the topics already exposed in the
WSNs’ introduction, above, but now directly applied to Electronic-Healthcare.

The situation of the healthcare systems in the different countries is very
different, but has many threads, challenges, and problems, which are common
to every healthcare system [16]. The aging of the population, in addition to
many other factors, is increasing the number of patients in the hospitals, and
worsening the conditions under which those patients are attended. Also the
unavailability of enough staff is contributing to this. Each day, hospitals have
to face increasing numbers of patients with not enough resources (figure 3.1).
If in the middle of all this, there appears a mass casualty disaster, suddenly
the hospital is totally incapable of resolving the situation and lots of lives are
then in danger [20]. In the other hand, lots of patients are occupying beds and
rooms in the hospital only because they need to be constantly monitored and
their caretakers need to have a real-time access to their state, but not because
they really need to be physically in the hospital.

All this problems totally justify the needing for the developing of WSNs for
E-Healthcare. A system which can monitor lots of patients wirelessly, even while
they are in their houses, and keep the real-time information accessible for the
caretakers, nurses and doctors, has a great potential to improve the quality of
the healthcare systems around the world. Of course, such a system has to face
a lot of challenges and problems, related with the performance of the devices,
the quality of the service offered (QoS), the information travelling through the
system, the users’ comfort, etc. That’s the reason why WSNs still have to be
more studied, developed and tested before their use starts to spread around all
the healthcare systems, hospitals and patients’ houses.

Even when WSNs are currently working well and proving their great worth
for their use in other application areas, the E-Healthcare application area has
some characteristics and threads that make it unique. The kind of information
with which WSNs work in healthcare environments is quite different than that
of the other applications. These differences come from the fact that the ele-
ments being monitored in E-Healthcare systems are humans, what implies lots
of restrictions about the minimum quality and reliability of the information,

17



Figure 3.1: Emergency Department Patient Visits, Hamad General. Source:
Hamad Medical Corporation.

the minimum required sampling rates, the privacy measures to be adopted, and
many other similar characteristics that have to be carefully considered. Also
the environment in hospitals presents lots of challenges due to the physical
characteristics of the area or related with the interferences in the wireless com-
munication channels. So, the adaptation of WSN to healthcare applications has
to pass through lots of modifications and tests before they can be safely used.

This chapter will try to explain how all these problems are faced and over-
comed by the WSNs, modifying and adapting their infrastructure to manage
with all the limitations and restrictions that the environment presents. Also,
it will include a more exhaustive view of the sensors used in E-Healthcare and
their characteristics. Finally, a description of the main healthcare applications
for WSNs and an overview of their potential social impact will be provided.

3.1 Network infrastructure

A whole WSN used in healthcare can cover areas of different sizes. The network
could be deployed to cover just the emergency waiting room in a hospital or the
entire hospital. It could be needed to monitor a patient’s way of living, thus
covering with sensors the patient’s house, or just to control a few of their vital
signs, where there would be used a body sensor network (BSN).

As is easily predictable, each deployment area has its own challenges and
threads, so the WSN has to be adapted to each application separately. The
requirements for the nodes in each application are different, so there’re many
kinds of them, depending on their uses. The coverage area and the possible
physical obstacles determine the quantity of nodes and their positioning. And
the status of the wireless channels, the possible interferences or devices which
can be affected by the network’s interferences, directly affect the communication
within the network.

In the case of E-Healthcare applications, requirements about lifetime of the
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WSNs and the batteries of the nodes are very hard. As the nodes need to be
mobile, they cannot be connected to an electric power supply, so, the network
infrastructure has to be carefully designed to reduce the total power consump-
tion, and so, not to waste the limited available energy.

3.1.1 Node types and characteristics

According to the different topologies and applications, the nodes on a WSN can
be designed on many different ways, to adapt to the situation where they will
be used.

First, the sensor nodes totally depend on the type of sensors that are needed,
i.e. the signals that they should read. In the case of a hospital, the sensor nodes
have to be mobile and follow the patients wherever they go. These sensor
nodes should be able to adapt the quantity and type of sensors connected to
them, so usually they consist on a central unit with an external connection
where the sensors can be plugged depending on the patient’s needs. Also these
nodes should be able to interact with the patient: there would be useful for
them to include an emergency button, some interaction buttons, a screen to
show messages to the patient, or an alarm device to alert the patient if, for
example, the node receives a message from the gateway. Of course, the quantity
and character of the additional functions for the sensor nodes depend on the
application requirements, but usually in a hospital the network will be required
to be able to send messages to the patients, so the sensor nodes must be prepared
for receive them and notify them to the target patient. Therefore, the processing
unit of the nodes should be able to perform some more complex functions,
beyond the simpler ones just about sending data. Moreover, these sensor nodes
will be required a lifetime according to their use, normally, the sensor should
be able to work continuously at least during the entire patient’s stay in the
hospital.

In a BSN, however, the sensor nodes are totally different. Here they are
only single sensors with a transmitter unit and a very simple processing unit
(usually just an ADC and the minimum processing unit required for data sending
functions). Each of these sensors must measure a vital sign and send its readings
to the gateway, so they will be as simple as possible, but always accomplishing
with the minimum requirements about the quality of the signals and the lifetime
of the sensor. Also these nodes will be attached to the human body, so they need
to incorporate an attachment system that ensures the quality of the measures
done by the sensor. The sensors that could be needed in a BSN are also very
varied, but in this case, usually each sensor node is designed and built with its
own sensor. Therefore, the sensor nodes don’t need to be able to connect to
different sensors, because the sensor is embedded in the node and, if a different
sensor is needed, the node itself should be replaced by another built with the
needed sensor.

When monitoring the everyday life of patients, sensor nodes must be installed
in their houses to detect the activities that they usually do. The configuration
and characteristics of these sensor nodes depend on the kind of activity that
they track. Most of them can be fixed nodes, so maybe they can be connected
to a power supply, thus avoiding all the problems with their lifetime restrictions.
Along with monitoring the patient’s activities, it can be needed to monitor the
patient’s vital signs. This can be done by the use of more sensor nodes (e.g.
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Figure 3.2: BSN node. Source: London Imperial College.

like the ones used in hospitals) or even using a BSN, where the whole BSN,
transmitting information through its gateway, would be used as a sensor node
for the bigger WSN. Then, the WSN deployed in a house can be a very complex
one, depending on what is it needed to monitor.

About the gateway nodes, as seen before, they basically receive all the infor-
mation from the sensor nodes and forward it to the final user. In a hospital, the
information is sent to a computer that provides a user interface. The gateway
can be an external device that sends the information to the computer or can be
the computer itself. The programs in the computer should present the collected
patients’ information to an authorized user, who in the hospital may be a nurse
or a doctor. The users can then take the necessary measures, send a message
to the patient, visit the patient, start an emergency protocol, etc. Also the
computer or the gateway can be programmed to perform some of these actions
automatically, thus avoiding lots of workload to the doctors. In any case, hav-
ing the information actualized and collected in one single point can avoid lots
of problems and improve the accessibility of the data to the doctors and nurses,
who won’t have to go room by room to collect all the data from the patients.
Usually the gateway is not a mobile node, so it can be plugged to the electricity
supply.

In a home WSN, the gateway acts similar to that of a hospital: it collects
all the data about the patients’ life and their vital signs and forwards it to the
final user. Usually, that means that the gateway uses internet or some other
long-range connection to send the information to the hospital or the caretakers
(family or friends). From the hospital, the same procedures can be executed, as
if the patient was in one of the hospital’s rooms, or maybe the patient can be
required to go to the hospital if necessary. If no actions are to be done with the
patient’s information, all the data can be stored and recalled when the doctors
need it, e.g. to follow the evolution of a chronic but not critical disease.

Both in the case of hospital and home WSNs, the gateway can be pro-
grammed to send an emergency message directly to the doctors or the caretak-
ers, using mobile phones or pagers. Thus, if some of the patient’s vital signs
reach a maximum or minimum threshold, the WSN can immediately warn the
pertinent person or persons, therefore accelerating all the emergency response
process.

For a BSN, the gateway, as happened with the sensor nodes, must be as
simple as possible, since it has to be also carried by the monitored person. It
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also has to take into account the lifetime restrictions of the network. In some
cases, the gateway must need to store the information until it can be sent to the
final user or a bigger storage point, and it should be able to connect wirelessly
with an external receiver that collects all this information. So, it has to be more
powerful than the sensor nodes and needs a better processing unit and radio.

In a WSN, sensor nodes can communicate between them to forward the
data node by node until the gateway, but that means that the nodes must have
their radios switched on all the time, or must be very precisely synchronized.
An alternative system has been proposed [20] on which the sensor nodes only
connect with a new kind of nodes named Relay Points (RPs), and those are the
ones that forward the information to the gateway. In this system, the RPs are
situated in fixed positions, forming a kind of backbone covering all the monitored
area, and the sensor nodes move through this area wirelessly connecting with the
nearest RP to send their data to the gateway. As the RPs have fixed positions,
they can be connected to the electricity supply, so they don’t have to worry
about the battery lifetime. That allows the RPs to have their radios active all
the time, while the sensor nodes can duty cycle theirs, in order to save power.

Figure 3.3: MEDiSN nodes. Source: [20].

This system also has some other characteristics that make it a really interest-
ing area of research. As the communication within the network relies on a group
of fixed nodes, the distribution of the network can be controlled and modified in
order to optimize its performance. It also has the advantage that the network
can be easily extended, without having to modify the existing network, just
adding more RPs on the new areas to be covered. Other potential advantage of
this backbone deployment is the possibility to track the patients’ localization,
knowing which RP is connected with their sensor nodes. In a hospital, where
the nurses really lose non-negligible amounts of time searching for the patients
that have moved from their initial location, this feature could avoid lots of time
waste.
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“Transparency” of the WSNs

After talking about the WSNs’ nodes, their characteristics and the requirements
they have to face, there’s another point to take in account about these nodes:
their external aspect. When talking about “transparency” of WSNs we are
talking about the impact they have in people. One of the main advantages of
the WSNs on healthcare is that the patients don’t have to carry with them all
the wires and devices usually related to hospitals. So, the sensor nodes of a
WSN must provide a more comfortable way of monitoring patients.

In hospitals, when using the WSN to monitor patients in the waiting rooms,
the sensor nodes should be easy to use and no too big to carry them, as the
patients will like to move around the hospital or at least the waiting area. In
the case of patients that are being monitored in their rooms, maybe the nodes
don’t have so many restrictions, but just have to be small enough to carry them
if the patient needs to be moved. So that’s another restriction on sensor nodes:
size and external design.

In the case of home WSNs this restriction is even more important. If the
patients’ house has to be full of sensors monitoring their activity, these sensors
shouldn’t distinguish from the rest of the house and must be integrated with
the environment, so as to not to make the patients’ life uncomfortable. Here
the WSN has to be “transparent” to the patients, i.e. they should not notice
it. Maybe the external design of the sensors is more important than the size in
this application.

Finally, the most affected by these restrictions are BSN. In this case we’re
talking about sensors that a person has to wear attached to the body, so it is
extremely important that these sensors are comfortable to wear on and invisible
from the outside, as long as possible. Also the gateway has to be light and
small in order to be easily carried on. The patients have to be able to perform
any activity with the BSN on them, without any restriction or incommodity.
Currently, the new mobile phones and PDAs are being used as gateways for
BSNs, as a way of making their use more comfortable for the patient.

While WSNs have so many advantages, the importance of the external as-
pect of things to the common people is greater than researchers use to think.
Probably, no one will want to carry a BSN if the sensors are visible from the
exterior or not comfortable to wear. So, the “transparency” of the WSN has to
be taken into account when pretending to spread their use.

3.1.2 Placing the nodes

The location of the nodes on a WSN determines the performance of the whole
network, so, it must be carefully studied. The communication between the nodes
depends on how the nodes are situated, the physical barriers between them, the
network configuration, . . .

The nodes’ lifetime is strongly determined by the communications within the
network, because the radio is the most power-consumer device in the node, and
the quality of these communications is strongly determined by the environment
and the placement of the nodes. So, the distribution of the network can have
repercussions in the general performance of the WSN, in terms of QoS, network’s
lifetime, ease of running the system, or reliability.

In the WSNs where all the sensor nodes have freedom of movements it is
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impossible to plan the location of the nodes, so the performance of the network
will be only based on the quality of the communications systems installed in
this network.

When some of the network’s nodes have fixed positions, many aspects have
to be taken into account when positioning them. Probably the most important is
the coverage of the monitored area: every point that needs to be monitored has
to be inside the coverage area of at least one node. Moreover, the nodes must be
able to communicate between them, i.e. each node has to have a way of sending
its data to the gateway, so as to not to leave any node isolated from the rest of
the network. Other important aspect to consider while deploying the network is
the architecture to be used, i.e. if it’s going to be a centralized or a distributed
architecture. In a centralized architecture, physical barriers like walls could
not have a special importance, while the connection way between the node and
the gateway is assured by other path. However, in a distributed architecture,
walls could avoid the communication between some nodes, thus undermining
the robustness and reliability that characterizes this configuration.

Some specific cases of placing the WSN’s nodes are going to be commented:

Hospital

Usually the sensor nodes in a hospital are always mobile, because they have
to be attached to patients that can move through one area or the entire hos-
pital. However, in the case of using a RP-based WSN [20], it is necessary to
make a previous placement of the RP nodes. One of the advantages of these
WSNs is that the RPs are distinct from the sensor nodes, so the communication
between them is totally independent of their communications with the sensor
nodes. That means that the placement of the RPs can be studied separately
and optimized so as to improve the performance of the whole network, wherever
the sensor nodes are situated.

The backbone of RPs must cover all the area through where the patients are
supposed to move. Providing that this condition is accomplished, the number
of RPs can be minimized in order to reduce the total cost of the system. The
communication between nodes is threaten by the physical obstacles, as has been
told above, but in a hospital, these obstacles can be even more challenging than
in other environments, because of the composition of the walls or the existence of
special walls and separations in certain rooms. Even the continuous movement
of staff and equipment through the hospital can make the conditions of the
communication channel between two nodes change every moment.

Home

At home, the sensors must be deployed to monitor every relevant activity of the
patient, so their placement depends on the activities that need to be tracked
and recorded (figure 3.4). Once the necessary sensors have been deployed, the
network could need more nodes (acting as the RPs in the hospital) to assure that
every sensor is able to communicate with the gateway. Since most of the sensor
nodes have a fixed place, the performance of the network can be optimized the
same way as in hospitals.

For the mobile sensor nodes, e.g. those attached to the body measuring the
vital signs of the patient, a backbone of RPs could be necessary to assure that
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Figure 3.4: Home Sensors. Source: WellAWARE Systems.

the sensors have a direct connection with the gateway in every moment. In
the cases when the information of these nodes doesn’t need to be received on
real-time, the sensor node can be designed to storage all the information. Then
the information could be sent to the gateway when it is in the coverage area of
the node or just keep it stored in the sensor until it is manually unloaded by an
authorized user.

Even when the communication environment at home is not as harsh as that
of the hospital, it has still plenty of impediments and complications that must
be taken into account. The absence of hospital devices is perfectly replaced by
the presence of electric household appliances. And in a house there are still
some physical obstacles like cupboards or people.

Body Sensor Networks

For BSNs, the problems of nodes’ placement aren’t the possible obstacles, be-
cause they are not affected by walls or similar, but only by the human body at
which they are attached. Instead, the placement of the nodes is more determined
by the human body itself and its movements and activities.

The difficulty of BSNs is that the nodes must be attached where they are
comfortable for the person wearing them but always assuring that it’s a good
place to measure what they are supposed to measure (e.g. the breath rate must
be measured somewhere near the lungs). There is an established placement way
for, for example, obtaining ECG signals with 10 sensors called “12-lead”. As the
signals obtained by a BSN could be needed to be very precise, the location (and
number) of the sensors must obey the requirements for these kind of signals.

So, once the sensors are placed correctly, assuring a good quality of the
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Figure 3.5: Wireless BSN. Source: [29].

signals obtained, the gateway must be also placed where it can communicate
with all the sensors. The sensor nodes can act as a distributed architecture
and communicate with each other to send the information hop-by-hop to the
gateway, but that means the nodes should be more complex and will use more
energy. On the other hand, if the nodes aren’t able to communicate except with
the gateway, then, for some nodes, their position could require to waste great
amounts of power to transmit their data to the gateway. This can be solved
using relaying nodes situated between the sensor nodes and the gateway that
reduce the transmission distances [22].

3.1.3 Communication

The communication within the network is the main area of study when trying
to improve the performance of the system. Also in the case of healthcare envi-
ronments, concretely in the case of hospitals, the transmissions between nodes
are particularly hard due to the harsh environment. Above there has been men-
tioned the great amount of physical obstacles that can be present on a hospital,
added to their special characteristics, which affect the communications between
nodes. Usually these problems can be overcomed by placing the nodes correctly,
so as to assure them to have a good connection with all the surrounding nodes.
But, once this problem has been solved, the communication is still threatened
by other factors.

The most important threads to the communication within the network are
the electromagnetic interferences (EMIs). On one hand, there’re lots of devices
in a hospital that use the wireless communication channels, e.g. pagers, cord-
less phones, WiFi networks, many other transmitters, mobile phones. While
some of these interferences can be avoided carefully selecting the communica-
tion channels, there still are some other EMIs caused by the great number of
electric and electronic devices used in a hospital, most of them directly using
electromagnetic waves for some purpose (like some sensors). These interferences
are much more difficult to control and avoid.
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The most of the times, the interferences are overcomed simply by using
communication protocols based on retransmitting the data when its correct
reception is not confirmed. This system has proved to work correctly in the
usual environments, and still allows diverse variations and improvements that
can be adapted to the concrete area of the WSN.

On the other hand, many devices used in hospitals could be affected by the
interferences generated by the WSN. In some cases, that will only mean that
the readings of a sensor are affected by the EMIs, therefore invalidating the data
obtained. The consequences of this could not be really important, if the sensor
is not very affected or if its data isn’t critical. However, there could be a great
problem if the interference is not detected and the affected data is accepted
as correct, because that can lead to incorrect measures being carried on, even
automatically, if the sensors are programmed this way. In other cases, the
interferences could affect more critical devices, like incubators, infusion pumps,
anesthesia machines, and defibrillators. The EMIs can drive these devices to an
incorrect working, automatic shutdown, or other kinds of malfunctioning that
can be really dangerous for the patient using these devices.

For solving this last problem, it has been proposed the use of a cognitive
radio system [4]. This system takes into account the EMI immunity level of
the medical devices and adjusts the transmission parameters accordingly. A
summary of one paper published on this subject is presented in appendix B.2.

Other communication systems have been proposed, each one trying to focus
in one or more problems of the transmissions of data within the network and
the identification and treatment of these data. One of them proposes a radio
frequency identification based system [3], where the nodes have some important
features that allow the system to perform lots of interesting functions. Apendix
B.3 presents a summary of it.

Finally, on BSN the problem of communications is slightly different. A BSN
can be connected in many different ways, but usually the transmissions between
nodes are done using the properties of creeping waves. The electromagnetic wave
propagation leads to the appearance of creeping waves, which bend around the
surface of an object in its propagation path. Usually, this phenomenon is used
in the transmission between nodes in a BSN, where the waves bend around the
body, avoiding the sensor to have to use a lot of power for the transmission.
A low-power BSN based on relaying of creeping waves has been proposed [22]
(appendix B.4).

3.2 Sensors for healthcare

There’re a lot of available sensors for E-Healthcare. Some of these sensors are
not specific from this application but are commonly used for many applications.
That’s the case, for example, of the environmental sensors, used to monitor the
patients’ environment, whether in their house or in a hospital.

In this chapter we will focus on the sensors that are specific for E-Healthcare
applications, trying to provide a description of their working: from the variables
they measure to the signals obtained from their readings. All these sensors are
used to measure the vital signs of the patients. Therefore, both the design
and deployment processes of the WSN will be affected by the sensors that are
to be used: depending on the performance characteristics of these sensors, the
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sensor nodes must be prepared to accept the correct kind of signal and all the
communications within the network must be carefully programmed so as to be
able to transmit and handle the data that the sensors provide.

Figure 3.6: Healthcare sensors. Source: WSN applications in health environ-
ment.

The following are the most commonly used sensors for E-Healthcare:

Pulse oximeter

This sensor is used to measure the oxygen saturation level of a patient’s blood.
This device is necessary in every situation where a patient’s oxygenation may
be unstable: intensive or critical care, surgery, emergency areas, and also for
pilots in an unpressurized aircraft. Pulse oximeters are also very useful for
patients with respiratory or cardiac problems and also used for the diagnosis
of some sleep disorders and detecting abnormalities in ventilation. Nowadays,
pulse oximeters are portable and battery-operated (figure15), what makes them
suitable for any application requiring mobility. Also their simplicity and speed
are important characteristics for their use in emergency situations.

The measurement technique is relatively new, and before its invention, com-
plicated blood tests needed to be performed for measuring the oxygen satura-
tion. Pulse oximeter sensors are based on the differences on light absorption
between oxyhemoglobin and deoxyhemoglobin. For that purpose the oximeter
includes two small LEDs, one of them emitting red light and the other emit-
ting infrared light, wavelengths 660nm and 940nm respectively. The oximeter
is placed on a thin part of the body, usually a fingertip or an earlobe, and the
transmitted light is measured from the opposite side by a photodetector. Based
on the different absorption of the two wavelengths, the ratio between oxy- and
deoxyhemoglobin can be calculated.
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Figure 3.7: Pulse oximeter. Source: protablenebs.com.

Usually the sensors have an external indicator to show the readings to the
user, but this information can be sent to the desired receiver. The sensor pro-
duces a voltage signal according to the light received by the photodetector, am-
plified by an electronic circuit. These data have to be treated and interpreted
in order to filter the variations produced by the heart beats, before obtaining
a fixed numerical value. These calculations can be made by the sensor itself,
and the obtained value is the one that is sent (as a voltage level or as a digital
signal) to the receiver. The application where the sensor is being used is what
determines the sampling rate required for the data, but one sampling per day
is the typical rate.

Blood pressure sensors

Blood pressure is one of the most measured and controlled variables in the
human body. There’re lots of physical and physiological factors that affect the
blood pressure. Among the first ones we find the blood viscosity, the heart
rate, or the blood volume. All of them can be influenced by many physiological
factors, like diet, diseases, drugs, or stress. That’s why blood pressure measuring
is really important for diagnosis and monitoring of patient’s state.

Usually, the blood pressure is measured with a sphygmomanometer, consist-
ing on an inflatable cuff and a manometer. The cuff is inflated until it totally
occludes one artery and then starts to release the pressure. When the blood
starts to flow, the current pressure is recorded as the systolic blood pressure.
When the blood flowing can no longer be heard, the pressure is recorded as the
diastolic blood pressure. The character of the signal obtained depends on the
manometer used for the measure. In the case of a manual sphygmomanometer,
the manometer uses to be a mechanical one, providing a visual reading of the
pressure. For digital measures, a voltage signal is the most commonly used.
However, digital sphygmomanometers usually measure the mean arterial pres-
sure, and calculate systolic and diastolic values using oscillometric detection.

Other way of obtaining the blood pressure is by means of an intra-arterial
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Figure 3.8: Sphyngomanometer. Source: Wikipedia.

measure, which involves direct measurement of arterial pressure by placing a
cannula needle in an artery. This is an invasive technique, which is more compli-
cated and dangerous but provides more accurate measure than the non-invasive
ones.

Many persons with tension problems need their blood pressure to be moni-
tored continuously. For that purpose there exist home monitoring sensors which
can be easily handled by the patients and allow studying their blood pressure
for long periods of time, without needing them to visit the hospital every day
(figure 3.8). These sensors perfectly fit the aims of home WSNs for monitoring
patients in their everyday life.

Also in the hospitals the blood pressure of the patients can be needed to be
monitored continuously (usually every half an hour). So, the use of these sensors
is well combined with the WSNs’ ability to provide this continuous monitoring
and to store and present data the most accessible way possible.

ECG

An electrocardiograph measures the heart’s electrical activity over the time.
With this device it is possible to detect heart’s malfunctions, along with moni-
toring the heart rate and any other heart activity in the patients.

ECG sensors usually consist of a number of electrodes attached to the skin,
generally around the thorax of the patient. The activity of the heart muscle
causes tiny electrical changes in the skin that are recorded and amplified by
the electrodes. The number of electrodes varies depending on how many signals
are to be acquired. Actually, the signals that are used from the ECG are the
voltage between each pair of electrodes, known as “lead”. The most common are
12-lead ECG sensors, which use 10 electrodes. Traditionally, electrodes had to
be attached to the skin using a conducting gel (then known as wet electrodes),
which assures that the contact between the electrode and the skin is the best
possible and, therefore, the readings obtained are totally reliable. In the recent
times, technology improvements have allowed the apparition of dry electrodes,
which can be simply put near the skin (in some cases, even without touching
it), without needing for any conducting gel to assure the quality of the readings.

On the other hand, the ECG data needs to be analyzed over time, i.e. the
sensors must collect continuous data and the timing information as well. Fortu-
nately, thanks to the advancements on WSNs’ investigation, nowadays is totally
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Figure 3.9: ECG electrodes. Source: ElectroSpyres.

possible to guarantee the accomplishment of these requirements when using the
sensors.

These advancements had lead to the use of ECG sensors as BSNs: a group
of electrodes attached to different points of the skin that send their signals to
a common receiver, which uses these signals to obtain some interesting data
for medical purposes exactly fits in the definition of the BSNs. An ECG group
of sensors can be combined with other sensors in the BSN (such as EEG) to
obtain more data at the same time [29]. The summary in appendix B.5 shows
a practical application of all this.

EMG

Just as the heart muscles produce electricity with their activity, the rest of the
muscles of the human body have the same characteristic. Electromyography
is the technique used for sensing the muscles’ activity through their electrical
potential. EMG sensors can detect the electrical potential generated by the
muscle cells when they are activated. With these sensors it is possible to detect
some medical abnormalities, but they are also used in research to analyze the
biomechanics of human and animal movement.

EMG data can be collected by two ways. The first one, intramuscular EMG
(figure 3.10), is an invasive technique where a needle electrode is directly placed
inside the muscle, recording the electrical activity of the resting muscle and,
then, the patient is asked to contract the muscle, recording one data unit. The
contracting is repeated while retracting the electrode to collect more data units.
This technique requires the presence of a trained professional, thus, it is not
really suitable for WSNs.

The other possible way of collecting EMG data is by surface EMG. This
technique is quite similar to the one used in ECG sensing. Simply placing an
electrode attached to the skin provides information about the muscle activation.
The neurological signal that activates the muscle is an electrical signal that is
transmitted across the neuromuscular junction and produces an action potential
in all of the corresponding muscle fibres. The sum of all this electrical activity
is what EMG sensors detect and amplify.

EMG sensors are used for the detection of muscular abnormalities and other
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Figure 3.10: Intramuscular EMG. Source: A.D.A.M.

problems related with the muscles and their neurological connections. Besides,
it has a great potential for its use in physiotherapy, allowing a better under-
standing of how the muscle is evolving. They can be used in BSNs, providing
more information of a patient’s activity, or helping disabled people to control
adapted devices by reading their muscle impulses, even if the muscle doesn’t
respond. EMG sensors can also be used for non-medical applications, such as
interaction with computers or improvement of emergency braking systems [26].

Temperature sensors

There are lots of different kinds of temperature sensors available nowadays. It is
possibly the most developed sensor within medical sensors, but just because the
application range of temperature sensors isn’t restricted to healthcare. Temper-
ature is a variable present in every process, and it is critical or at least important
in most of them. There’re lots of industrial processes involving heating materi-
als, and in those where that is not required, the temperature of the machines and
materials is always important and must be controlled. That’s why, along the
years, temperature sensors have been largely developed and nowadays is possible
to find very precise temperature sensors, based in many different technologies
and prepared for many different applications. Resistance temperature detectors,
thermistors, thermocouples, mercury, infrared radiation or semiconductors are
only a few of the possible basis for a temperature sensor.

In the case of WSNs used for E-Healthcare, any sensor based in electronic
circuits would be useful. The most common ones are thermistors, RTDs, and
thermocouples. All these kind of sensors provide a voltage signal depending
on the temperature. The kind of circuit needed for that varies with the sensor
being used.

A thermocouple, for instance, is a pair of wires made of different materials
that directly provides a voltage difference (known as the Seebeck effect) which
is linear with the temperature difference between two points following the equa-
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Figure 3.11: Medical temperature sensor. Source: Measurement Specialities.

tion, where k is the sensitivity of the thermocouple:

V = k ·∆T (3.1)

This voltage difference has to be amplified and the circuitry also has to include
some kind of “cold junction compensation” in order to obtain a measure related
with the absolute temperature (not the temperature difference). Anyway, the
necessary circuit can be implemented easily with simple amplifiers and there’re
lots of sensors that are sold already prepared for their use.

On the other hand, both RTDs and thermistors are based on temperature de-
pendent resistance. The difference between them is the equation that describes
this dependence.

For RTDs → R = R0(1 + αT ) (3.2)

For thermistors → R = R0 · e
β
(

1
T −

1
T0

)
(3.3)

In this case, a simple electronic circuit is needed to transform this resistance
into a voltage difference that can be amplified. Also there’re available prepared
sensors based on these components.

Once the temperature is transformed into a voltage signal it is easy to use
the sensor for WSNs applications, as the voltage signal is easily turned into a
digital signal that can be sent to any desired receiver.

Respiration sensors

These sensors monitor the breathing of the patients. Together with the breath-
ing rate, some other characteristics of the patients’ respiration can be measured,
like the chest expansion or the abdomen movement. Monitoring the respiration
of a patient can be very useful for diagnosis and treatment of respiratory dis-
eases, while being also used for sleep studies. Also the breathing rate is impor-
tant when training; along with some other parameters like the heart rate, what
gives these sensors a place in BSNs.

There’re some different available respiration sensors, but the most common
consist of an elastic band (figure 3.12) that is placed around the chest. The
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Figure 3.12: Respiration Sensor. Source: Delsys.

elongations and contractions of this band are monitored and transformed into a
voltage waveform. This waveform can be studied in order to obtain important
data about the patient’s breathing.

Blood flow sensors

The viscosity of the human blood is one of the most important parameters
affecting the blood flow. Therefore, measuring the blood flow can provide in-
formation about the viscosity of the blood and help the detection and diagnosis
of blood diseases.

Figure 3.13: Doppler flow meter. Source: webassign.net.

Blood flow sensors can be implemented in various ways, for example, using
ultrasound signals. An ultrasound signal is transmitted into the skin and the
Doppler Effect provides a difference on the frequency of the reflected wave,
which is the measured parameter (figure 3.13). This provides information about
the blood flow, its turbulence and its presence, but is useless for to obtain a
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quantitative measure. However, this technique is good enough to detect some
problems. Another measuring technique is venous occlusion plethysmography,
consisting on occluding the veins of some part of the body and measuring the
volume increase rate produced by the blood entering this part of the body.
Then, after removing the cuff that occludes the veins, the volume decrease rate
shows the venous flow. This technique allows obtaining absolute measures of
both venous and arterial flows separately, but the device needed for this is quite
large. Electromagnetic methods have been developed, where an electromagnetic
field is applied perpendicular to the flow. The movement of the blood within
this field produces an electromotive force that is measured as a voltage difference
between two electrodes attached to a vessel. The resolution of this method is
better than that of the previous ones.

Glucose meter

This sensor measures the approximate concentration of glucose in the blood.
This measure is usually needed in applications of management of chronic dis-
eases, some of the most important of which are diabetes and hypoglycemia.
Patients need their glucose levels constantly monitored both at the hospital and
at home for to monitor and control the behaviour of these diseases.

A glucose meter works obtaining a small drop of blood by pricking the skin
with a lancet. This blood is placed on a test strip, where some chemical re-
actions take place and allow the device to measure the glucose level. About
this chemical reaction, first glucose meters used a colorimetric reaction. This
method, however, required frequent calibrations of the meter. Nowadays, glu-
cose meters use an electrochemical method, where the blood reacts with an
enzyme electrode, which is then reoxidized with an excess of mediator reagent,
which is in turn reoxidized reacting with the electrode and generating an electri-
cal current proportional to the amount of glucose in the blood that has reacted
with the enzyme at the first time. Other used methods are the coulometric
method, measuring the charge generated by glucose oxidation, and the amper-
ometric method, measuring the electrical current generated by glucose reaction
at a specific point in time.

Figure 3.14: Different glucose meters. Source: Wikipedia.
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Although the blood was usually obtained from a fingertip, the needed volume
of blood has been reduced, allowing the use of alternative sites from which
obtain the blood, such as the forearms or other less sensitive areas. Nowadays
the research is aimed at developing non-invasive techniques for measuring blood
glucose, like the use of infrared light, electric currents, or ultrasounds. Such
techniques would also allow a continuous monitoring of this parameter and a
better implementation of these sensors in WSNs and BSNs. Even now, the
glucose meters are used by diabetes patients at home, and usually the sensors
have the capacity of storing all the data measured in a period of time for to
show it to the doctors or the caretakers when needed. A simple radio system
combined with the sensor allows its integration in a home WSN.

Social alarm devices

Social alarm devices allow the users (normally patients or elderly people) to raise
an alarm if an emergency situation occurs. With this alarm, the corresponding
caretaker is warned about the emergency situation and any necessary response
action can be performed. Depending on the alarm type, the caretaker may be
a doctor, a nurse or any medical staff, a family member, or simply a central
monitoring center.

The characteristics of these devices depend on the kind of application they
are used for. Every medical sensor can be used as a social alarm device if
programmed to send an alarm when its measure accomplishes certain charac-
teristics, such as being lower/higher than a specific level, or changing faster
than a specific rate. For these uses, the wireless connection of the sensors is
very useful, because they can then communicate immediately with the gateway
and send the alarm.

But there also exist specific social alarm devices. The most common of them
are the alarm buttons (figure 3.15) and the fall detectors. The alarm buttons
can be pressed by the user whenever an emergency situation occurs, raising an
alarm. The sensor nodes on a healthcare WSN, when capable of interacting
with the patient, should include, and usually they do, an alarm button. The
fall detectors are devices that include a tilt sensor. When the sensor detects
that the wearer remains in a horizontal position more than certain time, it
automatically raises an alarm. This alarm could be also automatically cancelled
when the sensor returns to the vertical position. These devices also include some
additional functions, because they will be required to be able to manually shut
off if the user remains in a horizontal position on purpose. Usually both kinds
of social alarm devices are integrated in a single device. Also, this device can
include some communication functions and components that allow the user to
communicate with the caretakers when an alarm occurs.

Other sensors usually found in houses can be also used as social alarm de-
vices. That is the case of any alarm sensor, such as the smoke alarm devices,
that we could find in a house. They only need to be connected to the corre-
sponding network and then start acting as social alarm devices. Same for other
sensors that maybe are not usually used as alarm sensors, but can be also used
to detect emergency situations, like temperature sensors.

In the context of a WSN, the alarm devices may be able to integrate in the
network as sensor nodes, i.e. they may communicate with the other nodes and
be part of the communication mesh to connect the network to the gateway. In
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Figure 3.15: Alarm button with fall detector. Source: Bosch.

turn, the WSN may be programmed to differentiate between normal data trans-
missions and alarm transmissions. Obviously, the alarm information should have
a higher priority than the normal sensor information. So, the WSN’s communi-
cation protocols will be more complex, in order to assure a rapid response to any
raised alarm. Normally, the alarm devices will require also sending information
about the localization of the patient, what further complicates all the process.

EEG/EMG sensors

These sensors are going to be deeply studied in the following chapters, as they
are the main focus of this thesis. However, a general description can be done
here, in order to contextualize the use of these sensors in healthcare WSNs.

Both electroencephalography and magnetoencephalography sensors are used
to measure the same thing: the brain’s activity. As is currently known, the
neurons in the brain communicate with adjacent ones by means of electrical
impulses. When a great number of neutrons in the same brain area are commu-
nicating simultaneously, the electrical charges’ movement produced in this area
may be big enough to be measured from the outside of the head.

The EEG sensors are quite similar to ECG and EMG sensors, in the sense
that they try to measure nearly the same things. EEG sensors try to detect
brain activity through the electrical current produced by the neurons. A lot of
electrodes are placed in the skull and, combining the measures obtained from all
of them, the brain activity can be detected and localized. On the other hand,
MEG sensors detect this brain activity by means of the magnetic field created
by the moving electrical charges. Usually, MEG sensors require bigger devices
and machines.

In some of the investigation currently done on this area, single EEG elec-
trodes have been used as sensor nodes in a BSN. That can be useful to detect
general brain activity or to combine this data with the rest of the data obtained
by the other sensors in the network. However, it still is not enough to really
detect and analyze the brain activity.

Recently, some wireless EEG electrodes’ helmets have been developed. Those
helmets include a number of electrodes positioned in specific points of the skull
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and a common wireless transmitter that can communicate with other external
devices, such as a computer. This could lead to the implementation of complete
EEG sensors as a part of a WSN or a BSN.

3.3 Health applications

Healthcare is a wide application area for WSNs. In this section a number of
applications for healthcare WSNs are described. Some of them contain examples
of specific cases of that application, and some others are, in fact, very specific
uses in the area.

In the previous sections, a classification of healthcare WSNs has been out-
lined, separating the study of their use in hospitals, homes and BSNs. The
following applications are directly related with these uses. Although some of
the applications are more specially related with one of them, usually all the
network types are useful for each application, in one way or another.

Even when the applications list bellow tries to include all the current appli-
cations of healthcare WSNs, there’s a wide range of actual applications of this
technology, added to the ones that are just starting to be studied or those that
haven’t even been imagined. So, the following are the applications where the
WSNs are more commonly used nowadays.

3.3.1 Diagnosis

All the characteristics and advantages of the use of WSNs for E-healthcare that
have been described until now are what provide such a wide range of possible
uses and applications. Even so, the main goal of these WSNs is to provide lots
of information about the person who is being monitored.

WSNs allow the possibility of obtaining all this information easily, while
also adding lots of new ways to achieve this. They have also extended the
possible places and situations in which to obtain the information: the patients
don’t need to be at the hospital for being constantly monitored. In the other
hand, the information obtained from the patients is now more easily accessible
to the caretakers and can be directly transmitted to them providing a real-time
monitoring of the patient.

All this information can be used by the doctors for multiple purposes. The
first of them is diagnosis. Usually, the data needed for the diagnosis of a patient
where obtained by medical tests in a determinate moment and a determinate
place (normally the hospital). This can present a few problems, as some diseases
cannot be correctly detected by these means, for example, when their symptoms
are variable with the time. Also sometimes the data can be needed to be ac-
quired under certain conditions. In these cases, the doctors have to simulate
these conditions in the hospital, which is not always easy.

WSNs are then used to facilitate the obtaining of medical data from the
patient. With the use of WSNs, the data can be obtained continuously, with-
out interfering with the patient’s everyday life, allowing the detection of any
abnormality that might occur just eventually, or at least not continuously. For
example, using home monitoring BSNs, as seen in figure 3.16. It also makes
it easy to reproduce certain conditions or situations under which the patient’s
vital signs need to be studied.
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Figure 3.16: Home monitoring BSN Source: Wireless Communications.

All these advantages related to the use of WSNs for E-healthcare are useful
for diagnosis, providing more and better data and simplifying the way to ob-
tain it. Also the data can be collected and displayed much more faster using
them. This is very helpful for to obtain a rapid diagnostic, which can be really
important and decisive in some cases.

3.3.2 Chronic disease monitoring

Chronic diseases include a wide range of health problems such as diabetes,
asthma, heart diseases or sleep disorders. All of them have the characteristic
that they cannot be completely cured, so, the patients have to be constantly
under treatment. There are different cases or situations depending on the crit-
ical of the disease and its stages. WSNs can be useful for the monitoring and
treatment of chronic diseases in various ways [17].

In the case of non-critical diseases, usually data must be collected periodi-
cally just to follow the evolution of the patient and detect possible abnormalities.
In these cases, either the patients have to move periodically to the hospital and
then be subjected to some tests, either they have to do their own measurements
at home, with more or less complicated devices, and write them down, to hand
them to the doctor next time they go to the hospital. With the use of WSNs,
these data can be easily obtained, even without the actuation of the patient
or a doctor. Then the data can be stored until the doctor needs it or directly
forwarded to the caretaker, if it has to be immediately analysed. This is much
more comfortable for the patient than needing to go to the hospital periodically
to make tests, and much more reliable and fast for the detection of abnormalities
than the usual patient-operated ways of obtaining data. Figure 3.17 presents
some of the devices that are currently used for monitoring chronic disease.

In some other cases, the patient’s vital signs and disease-specific indicators
have to be continuously monitored. This can be needed if the disease is getting
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more critical or if a deeper study of its evolution is needed, for any reason.
In that case, a continuous data acquisition can be also useful for treatment
adjustment. Other cases may require the detection of episodic abnormalities
(such as arrhythmia or epileptic seizures) that are not easily predictable, so,
the patient needs to be continuously monitored in order to obtain the necessary
data when one of these appears. Whether in the hospital or at home, the use of
WSNs in these cases is totally justified by all the advantages and characteristics
mentioned before, making the data acquisition easier and more comfortable for
the patient.

Figure 3.17: Chronic disease monitoring devices. Source: ZigBee.

In the case of critical diseases or non-critical diseases that can reach critical
situations anyway, the continuous monitoring system will have to be able to
raise an alarm if, for example, the measurements trespass a certain threshold.
As seen before, WSNs can be provided with this functionality, making them
very suitable for these cases.

A specific example of chronic disease monitoring is studied bellow.

Parkinson’s disease

Parkinson’s disease is a degenerative disorder of the region of the brain that
controls movements. It results in tremors, unsteady walk and slowness of move-
ments, and lack of balance and coordination. The correct dosage of the medica-
tion is very important in this disease, because a lower concentration will result
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on the symptoms not being removed (off state) and a higher concentration will
result in exaggerated involuntary movements (dyskinesia). The aim of the doc-
tors is to keep the patient in the on state (free of tremors).

Since every case is totally different and the state of the patient is never
stable, doctors need to constantly monitor the patient and to make frequent ad-
justments in the medication. The medical costs of the treatment of Parkinson’s
disease can then be very high. The use of WSNs in these cases can save lots of
money and improve the conditions of the patients.

Some devices have been developed in this area, using accelerometer sensors.
A first one developed by Weaver (2003) was able to identify the occurrence
of dyskinesia at the rate of 80%. A more recent one has been developed by
Lorincz et al. using a more sophisticated sensor node, including interfaces for a
gyroscope, and tilt and vibration sensors.

3.3.3 Personal wellness monitoring

This application area is directly related with home WSNs. It involves the use
of WSNs for monitoring the activities of people in their own houses, ensuring
their safety and controlling the evolution of their health state.

In this area, not only medical sensors are used but a lot of other sensors
could be necessary. In monitoring a person’s daily activities many sensors could
be needed to detect the presence of the person in a room, record actions such as
opening the windows or the doors, control the environmental conditions (tem-
perature, humidity, etc.), or just to detect dangerous situations (with fire alarms,
for example). All these sensors work together to provide the caretakers detailed
information about the monitored person.

The main focus of this application area is the monitoring of elderly people,
but it has also important uses in rehabilitation and assistance of people with
motor and sensor problems.

Rehabilitation and Recovery

After some medical procedures, a patient could need a rehabilitation process to
return to normal life. It can be a physical rehabilitation, after some part of the
body has been injured and it needs some time to recover its capacities, but also
it can only consist on the recovery process after a surgery. In both cases, the
situation is similar to that of the chronic diseases described above: the patient
has to be regularly monitored to control the development of the rehabilitation
process.

After a surgery or when just recovered from a particular disease, it could
be necessary to monitor the patient’s vital signs to ensure that there are no
negative consequences. Then, a WSN deployed in the patient’s house would
avoid the visits to the hospital and accelerate the detection of any problem.

In the case of a physical rehabilitation, usually the patient is required to
perform some exercises and activities in order to recover all the body’s func-
tionality. This is the case when a muscle or a bone has been injured and the
corresponding leg or arm hasn’t been used for a long period. But rehabilitation
can be also needed when recovering from some brain diseases, especially the
ones that affect the motor region. A specific BSN can then help the patient to
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perform the necessary exercises (at the hospital or at home), correcting errors
and informing of the evolution of the process.

Assistance with motor and sensory decline

The quality of life of disabled people can be really improved with the use of
WSNs. The network can assist the patients in various ways. New intelligent
devices are appearing that can use the sensors built in them, worn by the patient
or embedded in the surroundings to help the patients in their everyday lives [18]
(figure 3.18).

Figure 3.18: Intelligent wheelchair. Source: Robotics Zeitgeist.

In this way, the whole house can be adapted to the impaired patients and
be prepared to react to their actions and movements, using a WSN combining
the sensors in the house with the ones worn by the patients. Moreover, the
WSN can collect information and data about the patient, forwarding it to the
caretakers and also raising alarms if necessary.

Senior activity monitoring

Similar to the previous case, WSNs can help to improve and facilitate the elderly
people’s life. Also monitoring the activities and behaviours of the patients, the
WSN can be programmed to react to their necessities.

However, in this case, the main use of WSN is the same as in the case of
chronic diseases: monitor the patient’s vital signs to help the early detection
of any possible abnormalities. As elderly people see their capacities deteriorate
with the time, they would need more and more external assistance and vigilance,
losing lots of their independence. A home WSN can be used to substitute
(partially or completely) this external assistance, by monitoring the person’s
activities and keeping track of all the vital signs and other information about
the patient that could be necessary. Depending on the patient, this information
can be directly sent to the caretakers or stored conveniently, waiting for the
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doctors to read it when necessary. Figure 3.19 shows some of the devices used
for this application.

Figure 3.19: Senior activity monitoring. Source: ZigBee.

Besides all these benefits, there also exist the social alarm devices, which
allow the elderly person to directly communicate with the caretakers if a problem
has occurred, maybe just raising and alarm or even talking directly with them.

All this together allows the elderly people to recover lots of their indepen-
dence and can really facilitate their lives and activities.

3.3.4 Personal fitness monitoring

This application area is one of the applications that have nothing to do directly
with medical applications. However, it’s still part of the healthcare applications,
since it’s related with doing exercise and controlling the same vital signs than
in the medical applications.

Fitness is an expanding market since people is growing more worried about
their health and is starting to look for a healthier way of living. This market
involves both the home and the health fitness centres.

While performing fitness activities and routines, it is very useful to know
the heart rate, the temperature, the blood oxygen level, etc [17]. So, a BSN
connected to some kind of display device will be helpful for this task. Later on,
it can be necessary to re-examine all this information, so the information must
be forwarded to a storage device. All this can be accomplished by a simple
WSN.

One of the specific uses in this area is the monitoring and controlling of
training routines, maybe for professional sportspeople.
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Figure 3.20: Fitness monitoring equipment. Source: ZigBee.

Training

In a more professional training routine, the person could be required to control
some of the parameters and keep them in certain level, or change them along the
training session. So, a BSN will be necessary in order to collect all the necessary
information. This could be enough if the training session consists on running
down the street, but, in more complex routines, a whole lot of training devices
and machines will be needed. Connecting all these devices in a WSN together
with the sensors attached to the person will allow a wide range of possibilities
for the training sessions. To give an example, the running treadmill could be
able to adapt the speed in order to maintain the heart rate of the athlete in a
certain interval [17].

3.3.5 Patient monitoring

This is probably the main use of healthcare WSNs. It has been mentioned in
the previous sections as motivation and background reason for the use of WSNs
in E-Healthcare.

In hospitals, the great number of incoming patients and the short number
of medical staff is becoming a really big problem in the last years. The usual
method of monitoring and controlling patients consists on lots of wires and
sensors attached to the patient, and the nurses and the doctors going to the
patient’s room periodically to check the recorded data. This way of working has
real troubles when there are lots of patients. So, a system that can automate
the data collecting, making it easy to handle and avoiding all the wires to the
patients could be very useful.

WSNs have a great potential as a healthcare system. They have lots of
possible applications in hospitals, and they could really help to solve lots of the
current problems in attending patients. Some of the uses of WSNs in patient
monitoring are explained bellow.
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Monitoring in Mass-Casualty disasters

The situation in a hospital is usually very difficult to manage. If suddenly a
mass-casualty disaster occurs, there will be lots of patients arriving to the hos-
pital at the same time and needing to be attended and monitored rapidly. The
situation can be even worse if the patients have to be attended and monitored
in the disaster place, before being moved to the hospital.

In these situations, WSNs’ portability, scalability, and rapidly-deployable
nature, will be very useful [18]. In the hospital, patients can rapidly receive a
sensor node that starts monitoring their vital signs and warns the nurses when
their state is critical. This will also avoid the problem of a patient’s situation
getting worse in the emergency room without being noticed, because the sensor
will be monitoring the patient continuously, even if the initial situation wasn’t
critical.

When attending the patients on the disaster site, a portable WSN can be
rapidly deployed to cover the area. In these cases the patients will also receive
a portable sensor node, and these sensor nodes could also store important infor-
mation about the patients that will help the nurses and doctors in the hospital
when the patient arrives.

Monitoring in hospitals

Not only in the emergency situations can a WSN help to improve the perfor-
mance of the hospital. Also in the normal development of the hospital’s activity
WSNs can be very useful.

The main contributions of WSNs in this case are the elimination of lots of
wires and the accessibility of the information [18]. With all the information cen-
tralized in a single point, the doctors don’t need to go room by room checking
the status of every patient, which represents a lot of time saving. Also the WSN
can be programmed to automatically send an alert message to the correspond-
ing person if the situation of a patient gets critical, instead of having to wait
the nurse to arrive to the room and send the message, after checking who the
corresponding receiver is.

In the other hand, eliminating the wires helps the patients to be more com-
fortable, thus reducing problems related with patient anxiety. Besides, the wires
also present problems for the medical staff, mainly when the patient has to be
moved. So, the use of wireless sensors will also facilitate the patient displace-
ments.

Patient localization

Eventually, the nurses spend lots of time looking for patients that have moved
from their original place, for example in emergency waiting rooms [16]. As seen
in a previous section, certain WSNs’ architectures allow tracking the localization
of the patients.

Moreover, this characteristic could be also used to control the movement of
the patients, if they are not allowed to leave one specific area of the hospital,
for example.
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3.3.6 MEDiSN

This application is a specific case of the patient monitoring applications. MEDiSN
is the name of the application developed in [20], which has been introduced when
studying the architecture of the Healthcare WSNs.

This application introduces a backbone of Relay Points (RPs) to the WSN,
to which the Patient Monitors (PMs) can be connected in order to transmit
their data to the gateway (figure 3.21). As seen before, this introduces a great
number of advantages.

Figure 3.21: Nurse wearing a PM. Source: [16].

MEDiSN has proved to be a useful application for monitoring patients in
emergency rooms, providing all the characteristics that have been discussed in
the previous application: each patient wears a PM that periodically reads the
patient’s vital signs like heart rate or blood oxygen levels and sends them to the
gateway through the RPs. Then, all the information from the patients in the
emergency room is collected in a computer, where the hospital staff can easily
read it. The system can also be programmed to raise alarms when the situation
of a patient becomes critical.

The deployment of the backbone of RPs is easily done; just ensuring that
all the area is well covered simply using a PM to check it. This way, a first
backbone can be deployed in about half an hour, but this doesn’t avoid it to
be optimized later. Also the backbone of RPs allows the system to be easily
expandable: when a new area has to be covered, it can be simply done by placing
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more RPs on it, always ensuring the connection with the previous ones.
One of the strong points of this system is that its study can be separated

between RPs and PMs. This way, the backbone of RPs can be studied and
optimized by its own, while the PMs are designed and improved separately.
And amidst them, also the way the PMs connect with the RPs and select them
is an important area of study in these systems. Therefore, the MEDiSN system
can be adapted to a wide range of applications, situations and locations.

Also for the cases of mass-casualty disasters, a backbone of portable RPs
could be rapidly deployed in the disaster location. Probably it couldn’t be used
during a long time, since RPs’ batteries wouldn’t last too long, but it would be
surely enough for to allow the doctors and medical staff to attend the patients
properly and send them to the hospital.

So, this system has proved to have a great potential for its use in healthcare
applications, in hospitals, in the outside, or even at home. A summary of [20]
is presented in appendix B.6, for to recapitulate all that have been seen about
MEDiSN.

3.3.7 Artificial retina

Moving to more specific applications for Healthcare WSNs we find some artificial
retinas’ projects.

The natural photoreceptors in the human retina stimulate the brain through
electrical impulses when they receive light from the external world. The aim
of the artificial retinas is to substitute damaged photoreceptors with an array
of microsensors that can do the same function. A little camera placed outside
the eye, usually in eyeglasses, collects information from the light in the external
world. This information is sent wirelessly to a microprocessor that converts
it into electrical signals. Finally the electrical signals are forwarded to the
microsensors placed in the location of the damaged photoreceptors, and they
send the electrical impulses to the brain by means of the optic nerve. A picture
of this working is presented bellow, extracted from the book Wireless Sensor
Networks, by Ian Fuat Akyildiz and Mehmet Can Vuran.

The aim of these projects is to make all the communications wirelessly, in
order to permit an easier implantation of the artificial retina. Also the wireless
communication could be used for diagnostic and maintenance operations, which
can require the extraction of data from the microsensors. So, the artificial retina
needs to be able to communicate also with external systems.

Some models have been actually developed and tested, providing good re-
sults. The first one was implanted into six patients between 2002 and 2004, and
it consists of 16 microelectrodes, allowing some simple features like detection of
light, counting items, and location of objects. The second model consists of 60
microelectrodes and there’s even a third model under development which will
include more than 200 microelectrodes. The final goal is to obtain an artificial
retina that allows facial recognition and reading.

3.3.8 Human gait tracking

This is a specific application within the diagnosis and patient monitoring areas.
It has to do with certain diseases that affect the human motion, specifically the
overall walking pattern of the patient. Diseases that affect the motor region of
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Figure 3.22: Operating principle of the artificial retina. Source: Wireless Sensor
Networks.

the brain, such as Parkinson’s disease, are the ones that can be most directly
related with human gait.

Also within the rehabilitation area it is possible to find lots of cases where
the patients have lost part of their mobility, concretely on the legs. So, this
application is also related to that area.

Human gait tracking consists on identifying the walking manner of a person,
providing detailed information about the movements involved. Therefore, it can
be very useful for detection, diagnose, and treatment of locomotion pathologies.
Moreover, it can also be used for working with prosthetics, physical training and
therapy, or control the success and rehabilitation of orthopedic interventions.

The entire human gait tracking system can be integrated into a WSN that
helps the managing of the information.

However, most existing tracking systems are really expensive and the data
collection processes are rather long. To solve this, an e-healthcare human gait
tracking system has been proposed, based on wireless multimedia technologies
[14] (appendix B.7).

3.3.9 Research

WSNs, and specially BSNs, have provided a new source of information for med-
ical, psychological, and behavioural research [18]. The same advantages and
features that WSNs introduce in diagnosis or patient monitoring are also very
useful for research.

WSNs have allowed the recording of information about the people in real
situations, which cannot be reproduced artificially in hospitals or laboratories.
This has opened a wide range of options and research topics. With BSNs, the
reaction of a person to determinate situation can be immediately monitored,
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for example, to quantify exposures to the environment objectively (stress, ad-
dictions, toxicants. . . ).

As there are several types of WSNs available, with several types of sensor
nodes and gateway nodes, the possible combinations and characteristics of the
WSN can be adapted to each individual application. This needs a great research
work to find the better options for each application and optimize them.

Also the studies can be focused in a single person or there can be many
persons being monitored with the WSN, thus facilitating the expansion of the
studies.

Of course, all the research carried on about healthcare WSN’s will lead to
lots of new areas of application, which will be, in turn, a topic for healthcare
research. The limit of WSNs possibilities for E-Healthcare remains to be seen.

3.4 Social impact

To finish with the study of E-Healthcare WSNs, it’s worth to have an overall
view of the social impact that they have.

From all what has been seen above, it might appear that WSNs only have
advantages in their use in for E-Healthcare, but there are some bad consequences
of their implementation that must be taken into account. In this section, some
of the potential social problems of WSNs will be enounced and explained.

3.4.1 Trustworthiness

Healthcare applications impose several restrictions and requirements to the
WSN’s performance. The capacity of the system to satisfy these impositions is
what is known as trustworthiness [18].

If the healthcare of a patient is going to rely on a WSN, then the network
has to be very reliable. The information cannot get lost continuously and it
has to arrive to the receiver within a time limitation. And there are also lots
of restrictions about the quality of the information. Each kind of parameter
that must be monitored has its own characteristics and, therefore, introduces
determinate constraints about the frequency of the readings, the accuracy and
range of the measures, and admissible delivery latency.

Most of the trustworthiness of the WSN is related to the communications
between nodes. In a previous section there have been described the different
factors that can complicate the communications within the network. All of
them have to be taken into account when designing the network, together with
the constraints imposed by the specific application, to ensure its correct perfor-
mance.

Also the quality of the measures can be damaged by user actions, such as
movement. As the sensors are going to be used by not trained people and can be
used in lots of situations, the data collection could be done under conditions that
were not previously taken into account. This will lead to polluted measurements.
Therefore, ensuring the quality of measurements is also a great challenge.
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3.4.2 Patient and staff acceptance

Even when the WSNs provide such an improvement on healthcare conditions, it
mustn’t be forgotten who the final users are: patients and medical staff. Every
device should be easy enough to be used by people with very little training.

In the case of patients, the sensor nodes have to be easily wearable, “trans-
parent”. However, the external design is not the only thing to think about.
Most of the people using these sensors will be elderly people, and the rest won’t
have any training, anyway. So, the sensor nodes should be easy to handle, with
simple functions and clear instructions of their operation.

For the medical staff the sensor nodes will be also important, because it’s
very likely that they will be the ones to teach the patients how to use them.
But, besides that, they are also the final users of the information. Usually all
the information collected by the sensor nodes will be forwarded and stored in a
computer, and, from this computer, the information should be easily reachable
by any authorized person. So, the computer interface should be also easy to
manage. Moreover, given that the workers in a hospital are usually very busy,
they cannot spend lots of time learning how to deal with the user’s interface
of the WSN, so, the interface operation must be also easy to understand and
learn.

3.4.3 Personal information security

WSNs provide an excellent way of sending information, but also a great oppor-
tunity for an external intruder to violate the privacy of the users.

Since some of the applications of healthcare WSNs involve continuously mon-
itoring of a person’s activities (and considering that most of these persons will
be elderly people), the information collected by the network can be very dan-
gerous to the person, in the case someone unauthorized reaches it. In the case
of the medical information of a patient (in a hospital or at home), an external
intruder could use it for knowing the status of the patient and even modify
it, leading to wrong diagnoses and treatments. So, the WSN must ensure the
confidentiality of the information it handles.

There are lots of different ways of achieving this aim [18]. The main way of
avoiding security problems is by encrypting the information. There are many
techniques to perform this, with different levels of security achieved. This can
be the simplest way of protecting the information, but most of the encrypting
codes can be decrypted, so, it is always necessary to use some other protection
technique in addition.

Usually the information encrypting is combined with sending random false
information and changing the code references of the sensors. Anyway, although
there are lots of different techniques for to protect the information, none of them
is completely riskless.

3.4.4 Use of the information

The use of the information is a more social and moral question. While moni-
toring a patient, great amounts of information are collected and not all of them
are really worthy for medical purposes. The final receiver of this information
has the possibility of use it for any purpose.
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The problem in this case is the social consequences of so much information
being transmitted and handled by the medical staff. From the patients’ point
of view, this creates a problem of security, depending on how much the patients
trust the doctors that are using their information. From the doctors’ point of
view, having so much information about a person involves a great responsibility,
and not all of them will agree with assuming it.

And, of course, this question also involves the use that can be given to the
information in the case of a security break, which can be really dangerous to
the patient.

3.4.5 Potential consequences

It has been said several times in the precious sections that the WSNs have lots
of potential uses in healthcare applications. All these uses and applications will
have their consequences in human life.

In one side, all the problems with the information security and uses can lead
to a serious losing of privacy. Also it still has to be checked the impact that all
the wireless communications are meant to have in the human body.

However, it is easy to see that the spreading of the use of WSNs in hospitals
and other healthcare applications should lead to a great improvement of the
healthcare systems all over the world, consequently improving the life quality
of the people. Also it will allow new and better ways of detection and diagnosis
of diseases, which can result in an extension of our lives, also leading to more
population aging.

Certainly, the development and discoveries in WSNs are unpredictable, so,
their consequences are equally unknown.
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Chapter 4

EEG Sensors

Electroencephalography (EEG) is an emerging field of study in healthcare. It
is currently being used for research as much as for diagnose, treatment, and
monitoring of some diseases. The first part of this chapter will try to give an
overview of electroencephalography, its basis, and its uses. This introduction
will be rather necessary to understand the EEG sensors and their fundaments.

EEG sensors are one of the two main ways of obtaining data about the brain’s
activity. The other one, as we will see, is the use of magnetoencephalography
(MEG) sensors. EEG sensors have some advantages over MEG that make them
more suitable for their widespread use. Also these features have made it possible
to adapt them for their use in WSNs.

Figure 4.1: EEG recording. Source: Wikipedia.
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The EEG sensors are relatively new in WSNs, but they have a great po-
tential. In the recent years, some wireless EEG sensors systems have been
developed, which has allowed the removal of most of the wires associated to
these sensors and, therefore, is helping to widespread their use. This also allows
a greater mobility of the patients using EEG sensors, which is a desirable feature
for their implementation in WSNs or even in BSNs. All these characteristics
have led to the choice of EEG sensors as the subject of study on this thesis.

However, the techniques on interpreting the readings and data obtained by
the EEG sensors have still to be improved, in order to achieve a more reliable
interpretation with not so many data as is currently needed. Trying to improve
these techniques, EEG signals will be studied in more detail in the next chap-
ter. A mathematical description will be intended and, based on it, some data
treatment techniques will be proposed.

But first of all, it is necessary to explain as completely as possible the working
and bases of EEG sensors.

4.1 Electroencephalography

All the brain activity produces some kind of electric currents and disturbances,
which also lead to the apparition of magnetic and electric fields. Some of these
electrical disturbances can be measured, providing quite important information
about how the human brain works. The ways of measuring this are varied, but
can be grouped into two main measurement techniques: electroencephalogra-
phy and magnetoencephalography. In EEG, the sensors measure the electric
potentials created by the brain activity, while the signal measured with MEG
is the magnetic field originated by this electrical activity. The sensors used for
each technique are different, and have been evolving since the starting of these
measurements.

Figure 4.2: MEG scanner. Source: [33].
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Until now, the EEG sensors have evolved to a more comfortable sensors and
their use is being widely spread nowadays. Usually, MEG sensors involve some
big machinery and other complications that make them only useful for specific
applications (figure 4.2). Nevertheless, MEG has some important properties
and features that EEG hasn’t, which make it still useful and necessary in some
cases.

Most of the basis and history of EEG are completely related to MEG, so,
the following sections will deal with both techniques, but mainly focusing on
the EEG features.

The interpretation of EEG signals is a rather difficult task. Since the signal
measured by the sensors is a very weak one, the measures are likely to be
seriously damaged by the environmental noise. Besides, the brain is not the
only source of electrical activity in the head: the head’s muscles or the heart
beats can generate electromagnetic impulses that are also read by the sensors.
Even when all these disturbances are controlled, the electrical activity of the
brain doesn’t provide a simple signal, but a very complex one, with various
components that have to be traced and separated. And, above all, the brain
activity produces a continuous signal, even when the brain is at rest, which
can be very varied. So, the detection of the brain activity directly related to
a specific action or a response to a stimulus is a difficult task, presenting lots
of challenges. Anyway, all of the brain signal’s components have a meaning
and their own importance for understanding how it works and for detecting any
anomalies.

This section’s aim is to provide a general but complete explanation of the
EEG study, its applications, its history and its fundaments. Also, it will include
a description of the most common measurement and interpretation techniques.

4.1.1 Applications

The number of potential applications of the EEG techniques is increasing with
each new research result, technique improvements, sensor innovations, and sig-
nal interpreting methods. Most of these applications (mainly the ones not di-
rectly related with clinical application) are examples of and, therefore, can be
grouped into the brain-computer interface (BCI) applications.

The advances made in the sensing techniques and the improvements in the
sensors’ design have allowed the EEG sensors to start being used in a wider range
of application areas. Instead of being used only for healthcare applications, EEG
is currently spreading its use to other application areas such as entertainment,
computer controlling, or home automation. However, by now, the potential uses
of EEG are nearly unlimited.

The main current application areas are described below.

Clinical applications

As the EEG research was initially promoted by its healthcare application, it
is to be expected that their main use nowadays are the clinical applications.
Brainwaves contain lots of information that can be very useful for doctors. The
EEG measurements can provide important information for the diagnosis of brain
diseases, while also being an important tool to monitor the development of these
diseases. Obviously, neurology is the main clinical application area of EEG.
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Usually, a routine EEG recording lasts 20-30 minutes, and is done using
scalp electrodes. From these recordings many information can be obtained,
but sometimes it is not enough. In these cases, a continuous EEG monitoring
can be performed, in order to obtain more data or to record a specific event.
The advances in the sensor’s technology have improved the conditions under
which this can be done. Typically, the EEG recording involved a great amount
of wires being connected to the patient’s head (as seen in figure 4.1), which
is a great inconvenient for recording data during long periods of time. Also
the usual electrodes need some skin preparation and the use of a conductive
gel, which has to be renewed every certain time. With the new developments
on wireless EEG sensors and non-contact electrodes, the EEG recordings are
becoming more comfortable for the patients.

Short routine EEG recordings can be used to acquire important data for the
detection and diagnosis of brain malfunctions and diseases, such as encephalopa-
thy or migraine. It can also be used to prognosticate in patients with coma,
and to detect and prove a patient’s brain death.

On the other hand, a continuous EEG recording can be used for other ap-
plications, such as monitoring the depth of anesthesia or indicating a cerebral
perfusion during surgery. Brain function monitoring can be also necessary in
intensive care units to monitor the effect of anesthesia in patients in medically
induced coma or to monitor secondary brain damage in certain circumstances.

Figure 4.3: Epilectic spikes in EEG recordings. Source: Wikipedia.

However, probably the most important clinical application of EEG is the
diagnosis and treatment of epilepsy. Routine EEG recordings are used to dis-
tinguish epileptic seizures from other types of seizures. But sometimes it is
important to record the EEG data of a patient during a seizure. For this pur-
pose, a seizure can be triggered by the doctors while a routine EEG recording is
being done. Usually this is done by means of flashing lights or hyperventilation.
Nevertheless, it could be needed to register a seizure in the normal conditions,
or simply it is better for the patient’s health not to induce the seizure. In these
cases, continuous EEG monitoring has to be performed. Then the patients will
be required to stay in the hospital for some days, while EEG is continuously
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recorded. Or instead, thanks to the advances in EEG technologies, a portable
EEG sensor could be given to the patients, allowing them to go home and
continue with their normal lives until a seizure occurs.

The continuous EEG recording is used to detect and distinguish epileptic
seizures. It also allows their characterization and study in order to decide the
specific treatment. Finally, it can also be used to localize the region of the
brain where the seizure originates, which helps to decide about possible seizure
surgery. When a patient is being considered for resective surgery, the detection
of the source of epileptic brain activity is often necessary. However, the resolu-
tion offered by scalp EEG is not great enough to provide a precise localization
of this epilepsy focus. Therefore, usually in these cases an intracranial EEG is
performed, locating the electrodes inside of the skull.

The EEG sensors have recently been applied also for the study of Schizophre-
nia [25] (appendix B.8).

Research applications

A different method for studying brain functions is also used in research: func-
tional magnetic resonance imaging (fMRI). This method has some advantages
over EEG, since it has a greater spatial resolution. However, EEG presents
a great amount of advantages over fMRI, such as lower hardware costs, mo-
bile sensors that can be deployed into a wider variety of environments, higher
temporal resolution, tolerance of subject’s movement, and a silent performance.

Therefore, EEG sensors are widely used for research applications. Most
of these research applications are related with neuroscience, cognitive science,
cognitive psychology, and psychophysiological research. So, most of them are
oriented to clinical applications, although many of the techniques used in re-
search are not standardized enough to their proper use in clinical contexts.

Most of the research with EEG sensors makes use of the Evoked Potentials
(EPs) and the Event Related Potentials (ERPs) to try to understand the brain’s
working. This is done detecting and analyzing the specific response of the brain
to a stimulus or the brain activity directly related to an action. The interpreta-
tion of the brainwaves will lead to the ability to predict the subject’s intentions
with some anticipation. This research area has some potential applications.
For example, it will allow the control of computers and devices only with the
brainwaves, known as brain-computer interface (BCI) applications, which are
explained below. Another application of brainwaves’ interpreting is its use for
emergency braking systems [26] (figure 4.4).

As another example, in 2008 a research was started in imagined speech de-
tection. Imagined speech is thinking in words, hearing one’s own voice inside
the head. There have been some attempts to use EEG for detecting and in-
terpreting imagined speech, promoted by the US Defense Advanced Research
Projects Agency (DARPA), trying to obtain some kind of telepathy device for
the user-to-user communication in the battlefields. Some trials have been done
and there has been achieved a good result in distinguishing some simple syl-
lables, recorded as imagined speech. However, interpreting and distinguishing
more complex and varied words will still require a great advancement in EEG
processing algorithms, added to a better understanding of the human brain’s
speech patterns.
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Figure 4.4: EEG for emergency braking. Source: [26].

Brain Computer interface

Brain-computer interfaces (BCIs) and brain-machinery interfaces (BMIs) have
been developed since some time ago. They basically consist on connecting the
brain’s EEG recording to a computer or some kind of mechanical device in order
to control them.

The main application of this is neuroprosthetics. The brainwave readings
can be translated into control instructions for some kind of device that replaces
the function of impaired nervous systems or organs. So, the brain can be con-
nected to, for example, an artificial arm or leg (figure 4.5), providing a person
with a substitute for a lost body part. Also, the connection can be made the
opposite way, thus allowing the replacement of damaged sensor organs by ar-
tificial ones. Artificial retinas and other vision systems, and cochlear implants
are some examples of the use of BCIs in this area.

Figure 4.5: Artificial Arm. Source: mindhacks.com.
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Some of these applications require implanting invasive BCIs, i.e. it is neces-
sary to connect some electrodes directly to the brain during neurosurgery. That
ensures a really good connection, producing high quality signals, but involves an
increased risk of body reactions to a foreign object in the brain. However, not
all the BCI applications need so high quality signals. In some cases, partially
invasive BCIs are used, recording the activity from outside the brain, but still
inside the skull. But nowadays, the main research area is the non-invasive BCIs,
using external EEG recording together with MEG and MRI.

As BCI is related to computer applications, the potential uses for this tech-
nology are really huge. Computers are currently the tools for a great part of the
human activities. A great part of the applications currently being developed,
consist on controlling computer programs with EEG sensors. Even when this is
still very difficult and requires a lot of investigation, some advances have been
done by now and the first commercial EEG systems for BCI are being released.
The BCI as a way to control computer applications leads to the next application
area: entertainment.

Entertainment

Along with all the medical research and BCI applications, some companies have
been producing more affordable EEG systems, aimed to selling them in a more
general market. Most of these systems have reduced capacities, don’t use as
many sensors as the clinical ones, and their design is oriented to the general
public. The companies have started selling these EEG devices for their appli-
cation in entertainment.

The possible uses of EEG technologies for entertainment are also a lot. Most
of them will be based on BCI systems. From controlling the home computer
to controlling any electrical device in the house, the application of EEG in
our everyday lives would be a great improvement in automation of everyday
processes. All the intelligent houses that are being developed could be completed
with some EEG devices that allow the users to control the house with their
thinking, and maybe also allow the house to adapt to its users and respond to
their emotional or physical estate. Other ways of interaction with computers
are possible, allowing the user to control the pointer on the screen or to perform
some other simple actions. The more the technology advances, the more the
possible ways of interacting with computers. Since computers have actually a
great number of uses and applications, EEG could also have the same number
of them, when the interaction with computer is good enough.

On the other hand, wherever a device is connected to a computer, videogames
appear. So, a specific use of EEG devices is for playing videogames. This could
be an area of great interest, since using the mind to control the videogame with-
out any other instrument will be a really interesting experience and all the most
important videogames companies will be interested. However, current examples
of EEG videogames are quite simple, and require some training, both for the
player and the EEG device. The techniques for interpreting EEG data will need
to be more simple and effective and will have to easily adapt to each player for
allowing more complex EEG videogames being developed.

Apart from connecting the EEG devices to a computer, they can be also used
to directly control some machine. In this sense, some toys have been developed,
using an EEG device to read the brain activity and let the player interact with
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the game (figure 4.6). The existing examples of this application are also very
simple, in their use of EEG signals. Usually, some electrical device (like a
fan producing the levitation of an object) is controlled with the EEG signals,
simply by modifying its power according to the general brain activity. Once
again, for allowing the development of more complex interactions, developing
better interpretation techniques will be necessary.

Figure 4.6: Min Flex. Source: Mattel.

4.1.2 History

Although its use has really been spreading in the last years, the origins of EEG
are situated more than a century ago. Like many other medical science fields,
EEG started with animals in the first instance. After some years, recordings on
humans where performed, and the EEG hasn’t changed a lot since then.

To begin with, in 1875 an English physician, Richard Caton (1842-1926),
was the first on noticing the presence of electrical currents in the brain. He
made this study on the exposed cerebral hemispheres of rabbits and monkeys.
After that, some other investigators carried on more studies about this phe-
nomenon. Adolf Beck, Polish physiologist, found rhythmic oscillations altered
by light on spontaneous electrical activity of rabbits’ and dogs’ brains (1890).
Vladimir Vladimirovich Pravdich-Neminsky, Russian physiologist, published the
first animal EEG in 1912 and, two years later, in 1914, Napoleon Cybulski
and Jelenska-Maciescyna obtained EEG recordings of experimentally induced
seizures.

It wasn’t until 1924 that the German physiologist and psychiatrist Hans
Berger (1873-1941) managed to record the first human EEG (figure 4.7). He
also noticed the changes in electrical activity according to the functional status
of the brain such as sleep, anesthesia, or epilepsy. Berger is also considered to
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be the inventor of the electroencephalogram. However, the scientific community
didn’t give much credit to Berger’s discoveries. It wasn’t until his conclusions
were confirmed by two British scientists, Edgar Douglas Adrian and B.C.H.
Matthews, in 1934 that he get the credit he deserved for discovering and laying
the foundations of human encephalography.

Figure 4.7: First human EEG recording. Source: Wikipedia.

Since then, many discoveries on EEG have occurred. Some studies about
epilepsy were performed around 1934. Interictal spike waves were described by
Gibbs, Davis and Lennox in 1935. Those were proved to be the focal signature
of epilepsy in 1936. Also in 1936 an American neurophysiologist, William Grey
Walter (1910-1977), proved the efficacy of this technology to pinpoint a brain
tumor. Using a great number of electrodes he found that brain tumors caused
areas of abnormal electrical activity. In Massachusetts, the first EEG laboratory
opened the same year.

In 1957, Walter developed the EEG topography, using a toposcope, which
provided the first mappings of electrical activity across the surface of the brain.
With this machine, he confirmed the difference between brain waves generated
during a resting state and during mental tasks requiring concentration.

Since the beginning and all over the years, the technology related with EEG
recordings has changed. The electrodes, amplifiers and output devices have
been constantly improved. Scientists and researchers have learnt about the best
places to put the electrodes and the best ways of interpreting the recorded data.
However, lots of advancements and improvements can still be done.

4.1.3 Brainwaves

“Brainwaves” is a general name for referring all kinds of brain activity, and
its measurable outcomes. In this study case, the brainwaves are detected and
interpreted by means of the electrical or magnetic fields that they generate. For
a better understanding of the nature of these fields and the way they use to show
up to the external sensor, this section will start providing a brief description of
the way humans’ brains work.

The brain’s activity mostly consists on information being processed and
passed by the neurons. Each neuron in the brain is connected with nearby ones
through synapses along their dendrites, and the dendrites are connected with
the cell’s body by the axon (figure 4.8). In each synapse, the presynaptic cell
(the one that sends the message) has some kind of neurotransmitter present in
the axon terminal. There have been identified more than 50 different neuro-
transmitters. The postsynaptinc cell (the one that receives the message) has its
membrane surrounded by different ions, both inside and outside the membrane,
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causing the membrane potential. In the resting state, there’s a balance between
the inner and outer concentration of ions, but the membrane can selectively
allow some ions to travel from one side to the other.

Figure 4.8: Neurons. Source: [33].

During the brain activity, a message is passed from neuron to neuron through
their synapses. A disturbance in the balance of the membrane potential (known
as action potential) of the presnaptic cell causes the neurotransmitter to react
with receptor molecules in the postsypnatic cell, and this causes the membrane
to open the ion channels. As a consequence of ions moving through the mem-
brane, an alteration of the balance of the membrane potential is provoked, and
this results in a current of ions moving along the dendrites and the axon. This
current generates a potential variation along the whole axon, and when the
potential at the start of the axon reaches a certain threshold, a new action po-
tential is generated and the neuron will forward the message to the following
ones.

When a big enough group of parallel cells are excited simultaneously, the
electric potential disturbance provoked by all the generated currents can be great
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enough to be measured from an external electrode. Even then, the measured
potentials are really low, which happens to be one of the greatest challenges
when trying to detect brain activity.

Human brains are constantly active, and performing multiple tasks simul-
taneously. That means that the brainwaves will be the result of lots of neural
activity taking place in different areas of the brain and presenting different char-
acteristics. The job of distinguishing the different signals present in the obtained
measures is, therefore, another challenging task.

Some of the main component of brainwaves have been identified and anal-
ysed, characterizing their parameters and understanding some of their meanings
and implications. The most common way of identifying the waves’ components
is by their frequency. That provides the following kinds of waves:

Up to 4 Hz (Delta): it’s usually the highest in amplitude. Delta waves are
normally seen in babies, and also in adults while sleeping. Their appearance in
alert adults is abnormal and might indicate physical defects in the brain. They
are located frontally, in adults, and posteriorly, in children.

Figure 4.9: 1 sec recording of delta waves. Source: Wikipedia.

4 - 7 Hz (Theta): its amplitude is usually greater than 20µV . It is usually
found in young children and in drowsy adults. Theta waves have also been
related to meditation and creative states.

Figure 4.10: 1 sec recording of theta waves. Source: Wikipedia.

8 - 12 Hz (Alpha): it has about 40µV in amplitude, and it is mainly localized
in the posterior regions of the brain. The presence of alpha waves is normal in
all kinds of person, and they mostly appear when the eyes are closed and reduce
when they are open.

Figure 4.11: 1 sec recording of alpha waves. Source: Wikipedia.
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8 - 12 Hz (Mu): although it covers the same frequency range as the alpha
waves, mu rhythm is recorded over the motor cortex, instead of the occipital
cortex. It is associated with motor activities.

Figure 4.12: 1 sec recording of mu rhythm. Source: Wikipedia.

12 - 30 Hz (Beta): it has a voltage between 5 and 30 µV . It is the normal
wave, associated with active thinking and concentration, and also related to
motor behaviour. It can be affected by various pathologies and by some drugs.

Figure 4.13: 1 sec recording of beta waves. Source: Wikipedia.

More than 30 Hz (Gamma): it is believed that this wave reflects the mech-
anisms of consciousness, the conjunction of different brain functions leading to
the performance of coherent cognitive or motor actions.

Figure 4.14: 1 sec recording of gamma waves. Source: Wikipedia.

Artifacts

In addition to the noise that can appear in the measurement of brainwaves,
there are lots of other sources of error. While measuring EEG signals, some
other electrical signals can be present, and they will be indistinctly measured
by the electrodes, as if they were normal signals. These undesired signals are
known as artifacts.

Some artifacts can be generated externally. This is the case of the interfer-
ences generated by the power system of the room, or by any electronic device,
although these artifacts are easily avoidable ensuring a good grounding of the
EEG electrodes. Also the movements of the electrodes can produce spikes in
the measures.
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However, the most important artifacts are those generated by the human
body itself. Lots of the processes taking place in the human body involve electric
potentials that can be even greater than those generated by brain activity.
The ones that most affect EEG readings are the ones situated nearer to the
electrodes, i.e. the ones that take place in the head. Between all of them
there are eye-induced artifacts, cardiac artifacts and muscle activation-induced
artifacts.

In the case of the eyes, there is a potential difference between the cornea
and the retina, and it is quite large compared to the ones originated by brain
activity. Therefore, any eye movement can be registered by the EEG electrodes.
Obviously, the most affected electrodes are the ones near the eyes, in the frontal
part of the brain. Also eyelid movements generate large potentials, added to
the ones related to the muscle activation.

Eye-induced artifacts can be detected and avoided using an additional Elec-
trooculography (EOG) system, that records eye movements and blinking. Then,
the EEG readings have to be compared with the EOG in order to detect the
artifacts.

Cardiac artifacts are related to the movements produced by heartbeats,
which can be mistaken for spike activity. They can be equally avoided using an
additional ECG sensor.

Finally, muscle activation artifacts are produced by the electrical signals
that are involved in muscle activation. These signals create potentials that can
also be recorded by the EEG sensors. In some cases, this can be useful. It can
allow the EEG systems to detect also blinks or facial expressions. But, when
measuring brain activity exclusively, these artifacts have to be avoided.

4.1.4 Measuring methods

Currently, there are several different ways of measuring brainwaves. Brain activ-
ity has lots of distinct properties and results in various measurable consequences.
Therefore, brain activity’s measurements can be done using one or another prop-
erty of the brainwaves or even indirectly, through the different effects produced
by it. That has lead to the apparition of various measuring techniques, EEG be-
ing one of the most widely used. A general overview of some of these techniques
is presented bellow.

Electroencephalography

As it is the main object of study of this thesis, the working of the EEG sensors
will be conveniently explained in the next section. Anyway, for comparison pur-
poses, some of the most important characteristics of this technique are presented
now.

EEG measures can be taken with implanted electrodes, but scalp electrodes
are much more common. However, the low conductivity of the outer layers of
the brain (i.e. the skull, the cerebrospinal fluid and the meninges) causes scalp
EEG to have a low spatial resolution. It also presents a very high sensitivity to
external noise and measuring errors, like those caused by subject’s movements.

On the other hand, EEG presents some good characteristics that make it the
most common measuring technique in this area. Unlike some of the other tech-
niques, EEG has a high temporal resolution, because it measures brain activity
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directly. Also, it can be an invasive or a non-invasive technique, depending
on the electrodes being used. This also allows increasing its space resolution
using implanted electrodes instead of scalp electrodes. Finally, the equipment
involved in EEG measuring is easily portable.

Functional Magnetic Resonance Imaging

Neural activity requires oxygen, and that oxygen is provided by the blood vessels
near the activity area. The fMRI technique measures the regional differences in
oxygenated blood, thus providing a map of the neural activity taking place in
one moment.

Figure 4.15: A fMRI machine. Source: Indiana University.

Therefore, fMRI is an indirect measuring technique, because it detects brain
activity through the changes it provokes in the blood oxygen level. That causes
a lower temporal resolution and a high susceptibility to any changes in the brain
not provoked by neural activity. It also happens to be very sensitive to head
movement.

However, it has, instead, a great spatial resolution, in contrast with EEG
measurements. Besides, it also is a non-invasive technique.

Positron Emission Tomography

Similarly to fMRI, PET provides an indirect measure of neural activity, through
the cerebral blood flow, and oxygen and glucose consumption as well as other
regional metabolic changes. Therefore, it also has a low temporal resolution.
The main difference with fMRI is that PET requires the injection of a radioactive
substance in the blood flow, thus being considered an invasive technique.

On the other hand, it also has a good spatial resolution, like fMRI.
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Figure 4.16: PET facility. Source: Wikipedia.

Magnetoencephalography

The electric currents characteristic from brain activity also generate magnetic
fields. MEG measures these magnetic fields, more specifically the components
of the magnetic fields that are perpendicular to the scalp. So, it is also a non-
invasive technique that measures brain activity directly and, as so, has many
common characteristics with EEG.

Figure 4.17: MEG sensor. Source: NIPS.
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MEG has a low spatial resolution, compared with fMRI or PET, but it is
better than EEG in this point, since the skull is transparent to magnetic fields.
However, the signal strengths are really small, what makes them very sensitive
to magnetic interferences. For this reason, a good magnetic shielding is required,
which involves large and non-portable equipment.

On the other hand, being a direct measuring technique, MEG has a great
temporal resolution. The measured signals are not distorted by the body, unlike
EEG signals. It has, as said, a better spatial resolution than EEG.

Usually some of these techniques are combined by researchers. That is done
in search of a combination of their good characteristics, allowing the obtaining
of measures both with good spatial and temporal resolution.

4.1.5 Data interpretation

The study and interpretation of EEG data is a hard work. The measured signals
are composed, as seen before, by lots of waves, with different frequencies and
amplitudes. Usually they are also very affected by lots of sources of noise.
Therefore, distinguishing between all of this the brain response or action that is
being studied tends to be really difficult. Since sensors and measuring methods
have been improving over the years, this task is getting easier, but currently it’s
still complicated to analyze EEG data.

Within the study of EEG signals, it’s possible to find some research tech-
niques that are normally used to detect and interpret brain’s activity. The most
widely used of them are described below.

Evoked potential

An evoked potential is the response of the nervous system to a stimulus. The
study of EPs is focused in the brain activity generated by the presence of this
stimulus, specially the processing of the physical stimulus.

Compared to those of the spontaneous brain activity, the amplitudes of the
EPs are really low. Therefore, to detect an EP in a experiment, the stimulus
should be presented several times, and, then, the measures obtained for each
trial are to be averaged in order to extract the part of the brainwaves that is
directly related to the stimulus.

Of course, this way of processing the measures is based on the supposition
that all the waves that form the signal, added to the rest of the noise, are totally
independent of the stimulus, and randomly distributed. Then, the only signal
that will repeat throughout the trials is the EP, and all the others will disappear
when the average is done. The confirmation of this supposition is one of the
principal subjects of study when performing a mathematical characterization of
EEG signals.

The most common EPs used for the study of EEG are the sensory evoked
potentials (SEP), which are recorded when presenting any stimulus to a sense
organ. Within them, the most widely used (both for clinical and research pur-
poses) are visual, auditory, and somatosensory evoked potentials (VEP, AEP,
and SSEP, respectively).

Visual evoked potentials are produced after a visual stimulus, such as a
flashing light. They are located at the occipital area of the brain. The first
VEPs were detected in 1934, so they are probably the first on being studied.
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Auditory evoked potentials follow an auditory stimulus, and can be used to
track the signal generated by a sound from the ear and across the brain.

Finally, somatosensory evoked potentials are provoked by a tactile stimulus.
They are used in neuromonitoring, during surgery.

Event-Related potential

As with the EP, event-related potential also involve the cerebral response to a
stimulus. However, ERPs include not only the initial perception of the stimulus
but all the brain processes provoked by it, involving “higher” processes like
memory, attention, or changes in the mental state. Unlike EPs, ERPs can be
the result of both external and internal stimulus.

To correctly detect and interpret an ERP, it’s also necessary to average
several trials of the same stimulus. The reasons are the same than those for the
EPs. After this, the resulting signal is accepted as an ERP and it is usually
characterized with a particular nomenclature (figure 4.18). It can be also used
to characterize EPs. This nomenclature refers the components of the ERP
with a letter and a number: the letter indicates the polarity while the number
indicates the time in milliseconds when it has been produced. For example,
P100 indicates a positive peak produced 100 milliseconds after the stimulus.

Figure 4.18: ERP recording. Source: Wikipedia.

Researchers have discovered many different stimuli that can provoke reliable
ERPs from a person. Some of them have a common P300 response that can be
rather useful for BCIs.

In any case, the data interpretation techniques of EEG have still to be greatly
developed and improved.

4.2 EEG sensors working

After studying the fundaments of electroencephalography, a closer look at EEG
sensors will be presented. The main bases of EEG recording have been explained
in the previous part, along with the principal characteristics of the signals.
In this section, the different ways of obtaining EEG data, with the different
electrodes that can be used, will be described.
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As has been told, in the recent years, the developing of EEG sensors has
changed a lot. Traditionally, EEG readings involved a cap full of electrodes, with
their corresponding wires, that had to be carefully positioned on the patient’s
head. They also needed some kind of conducting gel to ensure a good connection
with the skin. All these electrodes where connected with a register machine that
usually presented the readings directly on a paper.

Even when this method is still used, recent investigations have provided
new EEG sensors that can improve the measuring methods. First, using digital
storage of the obtained data has allowed the apparition of some new research
areas. The data processing and interpretation can be done automatically by a
computer, and some investigations on mathematical description of the signals
are taking place now. Second, the apparition of dry electrodes makes it easier to
use EEG sensors, helping to widespread their use. And finally, the wires usually
associated with these sensors are gradually disappearing, first with wireless caps
and headsets, and then with wireless electrodes.

Then, the EEG sensors are now experiencing a great growth. The improve-
ments made in data acquisition and processing, and in the sensors themselves,
will spread their use to a lot of areas. EEG sensors are starting now to be
used not only in clinical applications but also in commercial applications for
entertainment, healthcare, or brain-computer interfaces.

For studying the EEG sensors, first, a description of the different kinds of
electrodes will be presented. Their characteristics, advantages, and disadvan-
tages are going to be compared, in order to provide a closer view of the different
kinds of EEG sensors. Afterwards, there will be studied the ways to place and
connect the electrodes that are most commonly used.

4.2.1 Electrodes

As seen in the section about measuring methods, EEG data can be recorded
with both invasive and non-invasive techniques. When obtaining scalp EEG
measures, the electrodes will be simply put outside the subject’s head. However,
for obtaining intracranial EEG data, a more invasive technique has to be used,
implanting electrodes inside the patient’s head. The electrodes used in each
occasion are totally different.

In scalp EEG, the electrodes are placed directly on the scalp (figure 4.19).
Usually they will need the application of some kind of conductive gel, or they
could even require the preparation of the scalp area by light abrasion. Both
preparations are performed in order to ensure a good contact of the electrodes
with the scalp, reducing the impedance of the connection.

There are two different kinds of electrodes in this application. On one hand,
there are the reusable disks. They are usually made of tin, silver, or gold;
the material obviously determining the quality of the electrode (along with its
price). For placing them, a small amount of conductive gel will be required, and
an elastic band has to be used in order to keep the electrodes in their place.

On the other hand, disposable electrodes can also be used. Those electrodes
have an adhesive pad around the electrode that works also as conductive gel.
Then, the electrodes are more rapidly attached and don’t need any other sub-
jection. However, they should be attached in a place that’s free of hair, because
if not, the adhesive pad would attach to the hair and not to the scalp.
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Figure 4.19: EEG cap. Source: Wikipedia.

In addition to these two kinds of electrodes, lots of research has been done
to design dry electrodes [27] [28] [29] [30] [31] [32]. Dry electrodes don’t need
any kind of conductive gel, so, they are far more clean to use, and more easily
deployable (figure 4.20).

Figure 4.20: Dry electrodes mounted on a baseball cap. Source: [28].

All this kinds of scalp electrodes are usually embedded in caps or nets,
making their placement faster and easier.

Intracranial EEG is used for obtaining a precisely located reading of the
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brain activity, for example, for detecting the specific area where an epileptic
seizure is originated. It has the advantage that the signals are less damaged in
the inside of the head, and that it provides a better spatial resolution. But, as
it is an invasive technique, usually a scalp EEG reading is performed first, in
order to determine the general area of the brain that is going to be examined.
There are two kinds of electrodes currently used for intracranial EEG.

Subdural electrodes are situated into the intracranial cavity, near the skull.
They consist on a group of disks arranged into linear strips or rectangular grids
that are connected with the exterior through wires. In the case of the grid
arrangement (figure 4.21), a craniotomy is required for placing them, while the
linear strips are placed through small burr holes.

Figure 4.21: Subdural electrodes. Source: Epilepsy.com/Professionals.

The other kind of electrode for intracranial EEG is the stereotactic depth
electrode. They consist on linear arrays of electrodes, shaped as narrow needles
that are implanted deep into the brain. They can also be implanted through
small burr holes and they provide a better spatial resolution, having access to
deeper areas of the brain.

4.2.2 Placement and connections

When performing an intracranial EEG, the placement of the electrodes depends
on the area of the brain that needs to be studied. So, the present section will
refer to scalp EEG electrodes.

In scalp EEG, usually the area under study is the whole brain. In some
cases, however, it could be useful to focus the measurements in a particular
area, thus requiring less electrodes in the other areas of the brain and incre-
menting the number of electrodes placed in that area. For each study, either
general or focused in a specific area, the location of the electrodes can be decided
independently, as decided by the researchers or as required by the particularities
of the study itself. This provides EEG of a great flexibility and adaptability to
the particular characteristics of each application.

However, in order to ensure the reproducibility of the studies, it is also
possible to use a standardized method of placing the electrodes: international
10-20 system. This system describes the location of EEG electrodes in the
scalp, using a special nomenclature to refer to each one of them, and ensures
that the naming of electrodes is consistent across laboratories. In this system,
the distances between adjacent electrodes are 10% or 20% of the total front-back
or right-left distance of the skull. This is why it’s called the 10-20 system. The
standard placement of the electrodes can be seen in figure 4.22.
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Figure 4.22: Standard electrode locations. Source: Wikipedia.

Each placement site has a specific name, or code, with which it is referred.
The letter indicates the area of the brain on which it is located. Thus, F, T, P,
and O indicate the frontal, temporal, parietal, and occipital lobes of the brain,
respectively, whereas C stands for central, which is not a lobe but is used for
identification purposes. The number indicates the hemisphere location. Even
numbers (2, 4, 6, and 8) refer to the right hemisphere, while odd numbers (1, 3,
5, and 7) refer to the left hemisphere. When more electrodes are needed, there’s
also an extended version of the 10-20 system standard, shown in figure 4.23.

Figure 4.23: Extended 10-20 system. Source: American Electroencephalo-
graphic Society.

Once all the electrodes are placed in the scalp, the final point before ob-
taining the readings is how to connect these electrodes. EEG machines use
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differential amplifiers to deal with the signals obtained from the electrodes.
The outputs of the differential amplifiers will be the different channels of the
EEG readings.

A differential amplifier amplifies the voltage difference between the two input
pins. Usually, there will be as many amplifiers as electrodes, and each electrode
will be connected to the positive input pin of one amplifier. Then, a voltage
reference is connected to the negative input pin. This reference can be obtained
from various sources. Therefore, there are some different manners of connecting
the electrodes, commonly known as montages. Bellow, there is a description
of the principal standard montages. When using a computer, is interesting
to remember that each montage can be constructed mathematically from any
other.

Bipolar montage: the inputs of the amplifier are two adjacent electrodes.
Then, each channel will represent the voltage between an electrode and the
previous one. The entire montage consists of sequences of these channels that
finally connect all the electrodes two by two in straight lines. For example, one
channel would be Fp1-F3; the next one would be F3-C3, and so on.

Common reference montage: in this montage, all the amplifiers are con-
nected to the same voltage reference, so, each channel will represent the voltage
obtained from one electrode, referred to this common voltage. The voltage ref-
erence is obtained from an additional reference electrode, usually situated some-
where in a central position, or also from the average between two electrodes,
characteristically situated in the earlobes.

Average reference montage: this montage is similar to the previous one. The
amplifiers are also connected to the same voltage reference, but this time, with-
out using any additional reference electrodes. In this montage, the outputs from
all the electrodes are averaged and this average is used as a common reference
voltage. So, finally, each channel will also represent the voltage obtained from
each electrode, referred to this common voltage.

Laplacian montage: the voltage reference for each electrode is calculated
similarly to the previous montage, but only using the nearer electrodes. So,
each channel will represent the voltage of one electrode, referred to the weighted
average of the surrounding electrodes.

4.3 Emotiv EPOC

Finally, the sensor chosen to carry on with this thesis is the Emotiv EPOC,
developed by the Emotiv Systems Company. A brief description of the company
and the sensor will be provided bellow.

This product happens to be commercially available, presented in lots of
different versions, which include a research edition. It also has an affordable
price, for the purposes of this work. Moreover, unlike other commercial EEG
sensors, the Emotiv EPOC headset has enough electrodes to be really useful for
EEG studying.

All those reasons support the decision of choosing the Emotiv EPOC, instead
of other similar products.
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Figure 4.24: Emotiv EPOC. Source: Emotiv.

4.3.1 Emotiv Systems Company

Emotiv Systems was founded in 2003 by four scientists and executives. The main
activity of the company is the development of brain-computer interfaces, using
EEG technology. The company’s vision is “to revolutionize human-computer in-
put in the same way the graphic user interface did 20 years ago” [http://emotiv.com].

For that, the company has been, since its creation, working to transform the
way we interact with computers. It has lead to the creation of the first EEG
headset technology that’s able to detect and process both human conscious
thoughts and non-conscious emotions: the Emotiv EPOC.

From the beginning, the main area of application on which the company was
focused is the developing of solutions for the electronic games industry. But,
Emotiv’s technology has the potential to spread its use to numerous industries,
such as interactive television, market research, medicine, and security.

4.3.2 Emotiv EPOC Characteristics

The headset includes 16 electrodes, two of them used as reference electrodes.
The placement of the electrodes is done based in the international 10-20 system
(figure 4.25). The channels are named following this system: AF3, F7, F3, FC5,
T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4. The reference electrodes are
located at P3 and P4.

The electrodes can be separated from the headset in order to safely store
them in the hydrator pack (figure 4.26). They include a little sponge that has to
be wetted with a saline solution to ensure a correct detection of the brainwaves.

The headset also includes a gyroscopic sensor, which allows the detection
of head movements. Although that isn’t an EEG application, when combined
with the EEG electrodes it provides a whole lot of possibilities.

The electrodes and sensors are connected to a processing unit that sends the
data wirelessly to an USB receiver (figure 4.27).
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Figure 4.25: Electrode positions for Emotiv EPOC. Source: HCI Crossroads.

Figure 4.26: Hydrator pack. Source: Emotiv.
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Figure 4.27: USB Receiver. Source: Emotiv.

The software included in the research edition provides some programmed
applications that can interpret facial expressions, detect some emotions, and
differentiate a few mental commands. There’s also a basic user interface that
allows the direct visualization of all the EEG data, also permitting to record
and store it. These applications will be described in the experimental part of
the thesis.
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Chapter 5

Mathematical description of
EEG Signals

The mathematical description of EEG signals has got many difficulties and
complications. Since brain’s internal processes are not really well known and
characterized nowadays, the characterization of EEG signals cannot be done
properly. Several modelling techniques and mathematical approaches have been
tried with more or less effectivity: using polynomial chaos [38], Markov process
amplitude models [37], time-frequency analysis [40], physical models [34], or
probabilistic algorithms [35] [36] [39].

The mathematical study on this thesis will be focused in one of the signal
characterization techniques: the maximum likelihood estimation (MLE). This
technique is much simpler than many others used in this area, some of them
mentioned above, while still allowing a deep study of the signal and its proper-
ties. Therefore, the first section in this chapter will provide a general approach
to the MLE, mainly based in the one presented in the book Principles of em-
bedded networked systems design, by Gregory J. Pottie and William J. Kaiser.

Then, an overview of the modelling process for EEG signals will be presented
in the next section. There will be introduced the different approaches to the
modelling problem, resulting in the proposal of a general model: the signal plus
noise (SPN) model. All of this description is carried on following the study done
by Fetsje Bijma in mathematical modelling of MEG data [33].

5.1 Maximum likelihood estimation

Maximum likelihood estimation is a mathematical tool for the modelling pro-
cess. It is mainly a statistical tool, focused in the statistical properties of the
signals. The MLE technique basically consists on proposing a statistical model
of the signals and finding the parameters for this model that best fit the ob-
tained measurements. From this basic starting point, the modelling can be
complicated and completed taking into account more conditioning factors.

One first approach, in detection and identification problems, is considering
two possible signals, s0 and s1, and a data set, z. The hypotheses H0 and
H1 represent that the corresponding signal is present. Then, using the Bayes’
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Theorem, the decision rule would be:

Choose H1 if P (z|s1)P (s1) > P (z|s0)P (s0) (5.1)

In the particular case that the signals are equally probably (or that the proba-
bility is actually unknown, so, it is considered to be equal), the test becomes a
maximum likelihood estimation:

Choose H1 if P (z|s1) > P (z|s0) (5.2)

This simple way of establishing a criterion is not always the best to use. In
the case that the cost of accepting one hypothesis is bigger than the other, the
objective, and decision criterion, is to minimize the average cost:

c̄ =
∑
i

∑
j

cijP (Di|Hj)P (Hj) (5.3)

Where cij represents the cost of deciding hypothesis i when j is true and Di is a
decision in favour of hypothesis i. When the cost is 0 for i 6= j and 1 otherwise,
this decision criterion results to be the same as the previous one.

Another decision technique is based on the signal representation. This can
be used when the channel adds only white Gaussian noise. Then, the signal at
the receiver is z(t) = s(t)+w(t). Supposing there’s a determined number, M , of
possible signals si(t). They can be represented by an orthogonal transformation
with at most M normalized basis functions. Then, the signals are expressed
as vectors using these basis functions, and they can be plotted in signal space.
After that, a set of decision variables Xi is provided, each one containing the
signal and noise component in each dimension of the signal space. Finally, the
decision rule, using Bayes’ rule, becomes: find the signal k for which P (X|sk)
is maximum. The result of this is that the ML decision is to choose the point
of the signal space closest to the vector of decision variables.

The previous examples are particular ways of solving detection and identifi-
cation problems, where the decision that has to be made is to select one signal
between a finite number of possibilities. In estimation problems, the objective
is to determine the values of some of the parameters of the signal’s model.

Being f(·) the continuous probability function, and a the set of parameters
that are being studied, then the maximum likelihood estimator of the parame-
ters, â, is the one that maximizes the likelihood function:

Λ(z) = f(z|a) (5.4)

In the case of having more than one observation (z = zi), the likelihood function
becomes:

Λ(z) =

n∏
i=1

f(zi|a) (5.5)

Finally, it is also common to work with the logarithm of the likelihood function:

ln Λ(z) =

n∑
i=1

ln f(zi|a) (5.6)
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5.2 Modelling

Both this section and the following are based in the work carried on by Fetsje Bi-
jma in his thesis Mathematical Modelling of Magnetoencephalographic Data [33].
Even when the main part of this work was aimed to the deduction of a model
for MEG data, the EEG data present similar characteristics and properties, so,
the model can be used for both kinds of signal.

There are two different approaches to the modelling of EEG or MEG data.
The forward problem consists on trying to calculate the measured signal due to
a specific source. The inverse problem, on the other hand, involves the detection
and characterization of the source that has generated a determined measured
signal.

The following sections will give a general idea of how these two problems are
solved.

5.2.1 Forward problem

When the neurons transmit the information, they generate two kinds of electrical
current (primary and secondary). The alterations that these currents produce in
the magnetic and electric fields on the outer part of the head can be calculated,
or at least estimated, using the physical properties of the brain and the skull.
All the signal sources inside the brain are modelled as point sources, and the
electric and magnetic fields are calculated using the Maxwell’s equations:

E = −∇V (5.7)

∇×B = µ0J (5.8)

∇ ·B = 0 (5.9)

J = Jp + σE (5.10)

Here Jp denotes the primary current density, σ is the conductivity of the tissue
and µ0 the magnetic susceptibility. E(r), B(r), and V (r) are the electric field,
magnetic induction, and electric potential at location r, respectively. Finally,
σE = Js denotes the secondary current and J(r) the total current density.

Apart from these equations, the magnetic field can be obtained through the
Biot-Savart law:

B(r) =
µ0

4π

∫
G

J(r′)× r − r′

‖r − r′‖3
dV (5.11)

Here the G denotes the conductor over which the integral is taken, and ‖ · ‖ is
the Euclidean vector length.

From all these equations, the magnetic field and electric potential can be
calculated. The last one results in:

σ−n + σ+
n

2
V (r) = σNV0(r)− µ0

4π

N∑
n=1

(σ−n + σ+
n )

∫
Sn

V (r′)n(r′) · r − r′

‖r − r′‖3
dS

(5.12)
This deduction has been done assuming that the conductivity is constant in each
of N subvolumes Gn of the total conductor G. The Sn denotes the boundary
surface of each Gn.

This method has the problem of calculating or obtaining the values of the
conductivities in each area. Also the shape of the conductor has a great influence
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in the results and it is really difficult to obtain an exact mathematical model
of the human head. There are also many possible source configurations; so, the
solution of the problem is not easy to find. Usually, for overcoming these last
two challenges, the head shape is assumed to be spherical and the source to be
a dipole source. In the case of the conductivities, the estimation is not so easy,
and there have been done many experimental tests to measure them, but the
results are not yet reliable.

5.2.2 Inverse problem

Once a signal has been received, the inverse problem deals with the identification
of the possible sources of this signal. One of the main problems with source
localization is the fact that there’s not only one possible solution, many source
configurations can produce the same or very similar signals. In fact, for example,
MEG cannot detect radial sources. On the other hand, measured signals always
have a great amount of noise, provoked by the artifacts studied before, or by
the sensors themselves.

Usually, the way of solving the inverse problem consists on minimizing the
difference between the measured signal and the predicted one, based on source
parameters. So, the main objective is to find the source parameters that mini-
mize this difference. As can be easily deduced, this solution is a case of maximum
likelihood estimation.

There are two different methods for source localisation. The dipole locali-
sation method tries to fit a number of dipoles to the measured data. With the
dipoles’ parameters as variables, the predicted signal is calculated and then, the
difference between it and the measured one is minimized varying these param-
eters.

On the other hand, the spatial scanning method computes the activity at
each location, providing a map of the brain’s activity. The basic idea is to
divide the brain in various areas and scan the activity in each area, computing
the source power based on the measured data.

In the context of the inverse problem, a general model for EEG and MEG
data is proposed: the Signal Plus Noise model.

5.3 Signal plus noise model

Usually used for the study of EPs and ERPs, the Signal Plus Noise (SPN) model
starts from the idea that the measured signal is basically composed by a response
signal (the one directly related with the stimulus or the mental status that is
being tracked) and some kind of noise. That provides the general approximation
of the model:

rkij = rij + εkij (5.13)

In this formula, i denotes the sensor, j the time sample, and k the trial. The
signal rkij is the one read by the sensors, rij is the response signal, common to

all the trials, and εkij is the additional noise. In this model, all the background
activity of the brain that is not directly related with the event being measured
is usually taken as part of the noise component.
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In the second chapter of [33], Fetsje Bijma proposes an improved SPN model,
including some kind of variation over trials of the response signal. More con-
cretely, amplitude variations over trials are represented by an amplitude factor,
αk. This leads to the modified model:

rkij = αkrij + εkij (5.14)

On the other hand, the noise component is considered to be statistically inde-
pendent from trial to trial. The spatial and temporal covariance of the noise is
modelled as a Kronecker product of two matrices: T ⊗X. X collects the spatial
covariance and T collects the temporal covariance. This can be expressed as:

Cov(εkij , ε
k′

i′j′) = δkk′Tjj′Xii′ (5.15)

Where

δkk′ =

{
1 for k = k′

0 for k 6= k′
(5.16)

So, the unknown parameters of this model are αk, rij , X, and T . They should
be estimated from the measured data, using MLE. The likelihood function in
this case will be the probability density function of the noise, as a function of
these parameters:

fε(α,R,X, T ) =
exp

[
− 1

2

∑
k tr

[
(Rk − αkR)T−1(Rk − αkR)tX−1

]]
2π

IJK
2 |T | IK2 |X| JK

2

(5.17)

Here, R and Rk collect all the variables rij and rkij , respectively. That means

Rk has all the information of the measured signal for the trial k, and R has the
information of the response signal, i.e. it is one of the parameters that need
to be estimated. Also, I, J , and K denote the total number of channels, time
samples, and trials, respectively.

Calculating the derivatives of the equation (5.17) and equating them to zero
the ML estimators of the parameters are obtained. For the response signal:

R =
1

K

∑
k

αkRk (5.18)

For the amplitude factors, the estimators are the elements of the eigenvector
with the largest eigenvalue of the following system:∑

k2

tr
[
Rk1T−1(Rk2)tX−1

]
αk2 = λmaxα

k1 (5.19)

And for the covariances:

X =
1

J

(
1

K

∑
k

RkT−1(Rk)t −RT−1Rt
)

(5.20)

T =
1

J

(
1

K

∑
k

(Rk)tX−1Rk −RtX−1R

)
(5.21)

The way to solve all these equations is to start with α = (1, . . . , 1)t and T = IJ ,
and solving the equation (5.18). Then, the equations (5.20) and (5.21) are solved
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iteratively and the solutions are used to solve (5.19), providing a new solution
for (5.18) and restarting the process.

There are a lot of ways of modelling EEG signals and an enormous quantity
of parameters and characteristics to take into account. However, the SPN model
is a simple way of obtaining a mathematical model that can be useful for many
cases, providing enough information for the signal treatment in most of the EEG
applications.
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Chapter 6

Experiments

The experimental part of this thesis deals with the analysis and characterization
of the signals. In this chapter, the first section presents the tools that are going
to be used for performing the experiments and obtaining the data. The second
section explains the experimental procedure, all the steps that have to be done,
from the preparation of the sensors until the data collecting.

On the other hand, in the next chapter, the obtained data will be presented.
Some calculations and analysis will be done in order to characterize them and
the conclusions of this work done in the thesis will be presented.

But, first of all, it is necessary to describe the tools provided with the sensor
headset that have allowed the data collection.

6.1 Software

Emotiv provides with the sensors a complete set of computer applications that
allow the users to work with the headset. These applications include the Control
Panel, Mouse Emulator, EmoComposer, EmoKey, and the TestBench.

EmoComposer is used to simulate the sensor readings and send them to
whichever other program that is using them. This tool is very useful to pro-
grammers that need to test the programs without actually having to connect
the sensors.

EmoKey is an application that allows using the EEG sensors as a way for
controlling the computer. This way, each predetermined kind of reading (such
as emotions or facial expressions) can be associated to a specific key or action,
allowing the user to control the computer with the facial expressions, for ex-
ample. Although this can be very useful and interesting, it really doesn’t use
the EEG functions of the sensors. In fact, the detection of facial expressions is
considered, as seen before, as an artifact in EEG recordings.

Also the Mouse Emulator application allows the user to control the com-
puter, more concretely the mouse pointer. In this case, the application uses the
gyroscopes included in the headset to record the movement of the user’s head.
Once again, this application is not really an EEG application.

So, these three applications are not useful for the purposes of this thesis.
The ones that are actually going to be used are explained bellow.
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6.1.1 Control Panel

This is the basic tool when working with the Emotiv EPOC headset. It includes
the basic functions for connecting the sensors and controlling their performance.
The application registers each user separately and allows the connection of up
to two headsets simultaneously. The quality of each electrode’s connection can
be visualized and controlled in the Headset Setup tab (figure 6.1).

Figure 6.1: Control Panel.

The Control Panel includes three different applications, named Suites. The
Expressiv Suite registers the facial expressions and emulates them in a virtual
face. It can detect blinking (both eyes simultaneously or separately), eye move-
ments, brow movements, smiling, or laughing. The Affectiv Suite tracks the
user’s emotions and represents them in a graphic showing the level or power of
each one. It can detect engagement, instantaneous excitement, and long-term
excitement.

Although this last application is an EEG application, the one used for the
experimental part of the thesis is the Cognitiv Suite. This tool allows the
user to perform different actions on a virtual cube in the screen, such as push,
pull, rotate, or disappear. First, each command has to be trained, along with
the neutral state. After some training, the cube will start to respond to the
user’s thought commands. More training should be performed, so the user can
improve the command thinking and the computer can improve the command
interpretation. The Cognitiv Suite can handle up to four different commands si-
multaneously, but the more the commands that are being used the more difficult
it is for the user to be able to control them all.
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6.1.2 TestBench

The TestBench is the application used for recording data from the sensors. It
presents different displays where there are showed the readings from each elec-
trode (figure 6.2), the FFT of one of them (selected by the user), the data from
the gyroscopes, and the packet transmission and packet lost. In the displays the
data is plotted in real time, and there’re several options that can be modified
in order to change the way the data is shown.

Figure 6.2: Test Bench.

On the other hand, the application also allows the recording of the readings
in a file, including in it the readings of the electrodes and the gyroscopes, and
information about the contact quality of each electrode. The user can also send
markers that are also recorded in the output file, thus allowing the differentiation
of the different readings.

6.2 Experimental procedure

First of all, the sensor requires some preparation. The electrodes have a felt
pad, that is, a little sponge, which has to be wetted with saline solution in order
to assure a good contact with the scalp. Also the case has an hydrator pad that
has to be also wetted, in order to keep the moisture of the felt pads when they
are not in use. All the electrodes are prepared this way in their case and then
assembled into the headset.

Once the headset is prepared, with all the electrodes on it, it can be con-
nected to the computer, using the USB receiver. The Control Panel shows the
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connection quality between the headset and the computer. Once a good connec-
tion is assured, the headset is placed on the user. Then, the Control Panel also
shows the contact quality of each electrode. First, the good contact of the two
reference electrodes has to be assured, because if not, the rest of the electrodes
won’t provide any reading. Once the reference electrodes are well situated, the
display shows the contact quality of the others (by means of a colour indicator).
Even when the headset can work without having a perfect contact for all the
electrodes, it is better if all of them have a good contact quality, i.e. the display
shows every sensor in green colour.

6.2.1 Cognitiv Suite

Two kinds of experiment were performed for this thesis. First, it was tried to
master only the command “Left”. The detection process in this case deals with
a binary decision between two hypotheses: “Left” versus “Neutral” or simply
the detection of any command versus no command at all. After that, a second
attempt was made using two commands: “Right” and “Left”. In this case,
the detection is more difficult, since it deals with three possible hypotheses:
“Right”, “Left”, and “Neutral”.

Figure 6.3: Cognitiv Suite.

The process in both cases is the same. First, training of each command
is performed until the program recognises it with enough accuracy. Then, the
sensor readings are recorded, obtaining data for each command and for the
neutral state. The recording is performed using the TestBench.

6.2.2 Data collecting

The data recording in both experimental cases was done using the TestBench.
While recording, both the commands and the neutral states where performed
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sequentially, about 4 or 5 times each one. A marker was sent to separate each
group of data: commands, transitions, and neutral.

Then, the data file was imported to an Excel file, where each kind of data
was separated for their individual study. The markers are recorded also with the
data, so the way of separating it is to localize each marker and identify which
kind of data is between each two markers. Once the different kinds of data were
separated, they were also imported to Statgraphics, in order to perform some
statistical analysis.
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Chapter 7

Results and Conclusions

While the experiments were performed for both cases, one command versus
neutral and two commands versus neutral, the data fusion rule has only been
studied for the first case, based on the work developed by Z. Chair and P.K.
Varshney in [41]. This is due to the fact that the formulas developed there are
only for the case of a binary hypotheses decision.

The tables included in this chapter present the results of the different analysis
processes that have been carried on with the data. The names of the electrodes
are those that correspond to the 10-20 system, provided by the company, de-
pending on their position in the head, as was shown in figure 4.25. The order
of the columns is the one provided by the TestBench in the output file that
orders the electrodes starting from the central point at the front of the head
and counter-clockwise.

The first basic analysis performed is a general statistic analysis, including
the basic statistical parameter, such as the mean or the standard deviation. In
the following charts, the results of this analysis are presented.

First, for the case of one command the obtained results are shown in the
tables 7.1 and 7.2.

Table 7.1: Basic Statistics for Command(Left), case Left-Neutral

There can be seen that the difference between both cases is very tiny, so
it can be forecasted that when deciding for one hypothesis or the other, the
probability of error will be very high.

In the case of two commands, the tables 7.3-7.5 are obtained.
Again the difference between the three readings is not great, but this time
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Table 7.2: Basic Statistics for Neutral, case Left-Neutral

Table 7.3: Basic Statistics for Command(Right), case Right-Left-Neutral

Table 7.4: Basic Statistics for Command(Left), case Right-Left-Neutral

Table 7.5: Basic Statistics for Neutral, case Right-Left-Neutral
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a little greater than in the previous case. When trying to train two different
commands, the brain has to make an effort to make both commands different,
so as the program doesn’t confuse them. This could be the reason why the
differences are greater in this case.

Obviously, this basic analysis is not enough for obtaining any mathematical
model for making decisions. The first thing that is necessary for understanding
and treating the signals is to find which probability density function fits best
with each group of data.

7.1 Spatial correlation

A first analysis of the data is performed based on the spatial correlations. The
idea behind this analysis is to find if the signals provided by each electrode are
correlated with the others, in order to understand the behaviour of the EEG
signals.

Analyzing the Neutral data, the table of correlations 7.6 is obtained.

Table 7.6: Spatial correlations for Neutral

These correlations are plotted in figures 7.1 and 7.2.
The only thing that is possible to observe in these graphics is that the most

correlated pairs of electrodes are O2-P8, F7-FC5, FC6-F8, and T8-F4. The
electrodes most present in the highest correlated pairs are those of the right
side of the brain.

For the Command data, the corresponding table and graphics are the table
7.7 and figures 7.3 and 7.4.

Once again, it can be seen that the most correlated electrodes are those
situated on the right side of the brain. Presumably, this can be due to the
fact that the command being tested is “Left”. Anyway, the correlation between
electrodes seems not to follow any mathematical models, which usually depend
on the distance between electrodes. So, the analysis of the EEG signals in this
thesis won’t use the spatial correlations.

7.2 Pdf fitting

The probability density function (pdf) gives information about the expected
distribution of the data. Thus, by determining the pdf of each data set, it is
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Figure 7.1: Bidimensional representation of spatial correlations for Neutral

Figure 7.2: Ordered representation of spatial correlations for Neutral

Table 7.7: Spatial correlations for Command
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Figure 7.3: Bidimensional representation of spatial correlations for Command

Figure 7.4: Ordered representation of spatial correlations for Command
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possible to determine a decision rule that allows the sensor to distinguish if one
command or the other is present.

For fitting a pdf to each data set, the program Statgraphics was used, since
Excel doesn’t include that analysis. First, Statgraphics provides a comparison
between all the possible distributions, using the log-likelihood function to de-
termine the one that has a best fitting to the data. From this analysis, a table
is obtained for each case, similar to table 7.8, corresponding to the electrode
AF3, for the command data in the first case.

Distribution Comparison
Distribution Parameters Log likelihood
Exponential Power 3 -10639,2
Lognormal (3-Parameter) 3 -10639,8
Generalized Gamma 3 -10639,9
Inverse Gaussian 2 -10639,9
Birnbaum-Saunders 2 -10639,9
Lognormal 2 -10639,9
Gamma 2 -10639,9
Erlang 2 -10639,9
Normal 2 -10640
Weibull (3-Parameter) 3 -10663
Generalized Logistic 3 -10668,8
Loglogistic (3-Parameter) 3 -10671,1
Loglogistic 2 -10671,2
Logistic 2 -10671,2
Laplace 2 -10783,3
Largest Extreme Value 2 -10860
Smallest Extreme Value 2 -10871,3
Triangular 3 -11011,8
Maxwell 2 -11132,3
Weibull 2 -11160,5
Cauchy 2 -11166,5
Rayleigh 2 -11553,6
Uniform 2 -12100,9
Half Normal (2-Parameter) 2 -12492,8
Exponential (2 Parameter) 2 -13153,7
Chi-Squared 1 -14971,2
Noncentral Chi-Squared 2 -14971,2
Exponential 1 -25694,6
Pareto 1 -31524,6
F 2 -32052,4
Noncentral F 3 -36611,7
Pareto (2-Parameter) 2 -1,00E+09
Beta <no fitting>
Student’s t <no fitting>
Folded Normal <no fitting>
Beta (4-Parameter) <no fitting>

Table 7.8: Pdf comparison for AF3
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Then, the best pdf is fitted to the data, obtaining the values of the char-
acteristic parameters that best represent the experimental results. The table
7.9 shows this result for the same case than the previous one. The rest of the
results are presented in appendix A.

Electrode Distribution Histogram and distribution plot

AF3

Exponential Power
mean = 4260,23
scale = 12,1342

shape = -0,0482143

Table 7.9: Pdf comparison for AF3

Once the optimal pdf has been found, the next step is to decide how to use
this information for identifying the signal that is present in the readings. For
this, the way of combining all the data from the electrodes has to be studied.

7.3 Optimal data fusion

Z. Chair and P.K. Varshney, in their paper “Optimal Data Fusion in Multiple
Sensor Detection Systems” [41], proposed a decision rule for the detection of a
specific signal when having multiple sensors. This section will use their work
to obtain the optimal decision rule for the case of distinguishing between one
Command (Left) and the Neutral state.

From now on, all the analysis is performed based on the experiments with
only one Command (Left) versus the Neutral state, because the starting point
of the deduction is the establishment of two hypotheses that are going to be
tested: H0 represents Neutral, and H1 represents Command. Thus, accepting
or rejecting H1 (therefore rejecting or accepting H0) will mean accepting or
rejecting the presence of the Command.

In this case, the a priori probabilities of both hypotheses are the same, since
in each moment there’s no special reason why the user would be inclined to
think one thing or the other. Then, P (H0) = P0 = 0, 5 and P (H1) = P1 = 0, 5.

From here, [41] continues with the supposition that a decision rule has been
established for each sensor, providing data about the probabilities of false alarm
and miss of each one. So, it will be necessary to establish one. In this case,
the simplest decision criterion is to accept H1 if the readings trespass certain
threshold (γ). Whether the threshold is an upper bound or a lower bound
depends on the distribution of the data: if the data corresponding to Command
are higher than those corresponding to Neutral, then H1 is to be accepted when
the readings are above the threshold, and vice versa.

With the experimental data obtained from the sensor and the calculations
made above, the pdf of each sensor can be plotted, for both Command and
Neutral simultaneously, in order to check how the data are distributed. The
values of the pdfs are obtained directly from the formula, in the cases that this
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is possible, and by derivation of the accumulated probability, in the other cases,
when Excel provides the necessary function.

In the case of the electrode AF3, the graph in figure 7.5 is obtained.

Figure 7.5: Pdfs for AF3

Here it can be seen that the Neutral distribution has lower values than the
Command distribution. Therefore

rAF3 > γ → H1

rAF3 < γ → H0
(7.1)

where rAF3 denotes the reading of the electrode AF3.
The false alarm error is that produced by accepting H1 when H0 is present,

whereas the miss error consist on accepting H0 when H1 is present, this is, failing
to detect H1 correctly. The expressions for the probability of these errors are:

PFAF3
= P (rAF3 > γ|H0) = P (rn > γ) = (1− P (rn < γ))P0 (7.2)

PMAF3
= P (rAF3 < γ|H1) = P (rc < γ)P1 (7.3)

Here rn denotes the reading of the sensor in the Neutral state and rc is the
reading when Command is present. The total probability of error is the sum of
both false alarm and miss probabilities:

PeAF3
= PFAF3

+ PMAF3
= (1− P (rn < γ))P0 + P (rc < γ)P1 (7.4)

The best choice for γ is the one that minimizes the error:

dPeAF3

dγ
=

dP (rc < γ)

dγ
P1 −

dP (rn < γ)

dγ
P0 = 0 (7.5)

P1 · pdfc(γ)− P0 · pdfn(γ) = 0
P1=P0−→ pdfc(γ) = pdfn(γ) (7.6)
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So, the best choice for γ is in the intersection of the two pdfs. By interpolating
the difference between both curves, the result for the electrode AF3 is:

γ = 4252, 9039

Providing the following values for the error probabilities:

PFAF3
= (1− P (rn < γ))P0 = 0, 2067

PMAF3
= P (rc < γ)P1 = 0, 141

The other possible case is that when the Neutral distribution has higher values
than the Command distribution. This is the case for the electrode F3, which
has the pdfs shown in figure 7.6.

Figure 7.6: Pdfs for F3

Here the decision criterion is

rF3 < γ → H1

rF3 > γ → H0
(7.7)

and, therefore, the error probabilities will be defined as follows:

PFF3
= P (rF3 < γ|H0) = P (rn < γ)P0 (7.8)

PMF3
= P (rF3 > γ|H1) = P (rc > γ)P1 = (1− P (rc < γ))P1 (7.9)

Anyway, the minimisation of the total error probability leads to the same con-
clusion: the optimal γ is that of the intersection of the two pdfs, which for this
case provides the value

γ = 4428, 5528

and leads to the following values for the errors:

PFF3
= P (rn < γ)P0 = 0, 229
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PMF3
= (1− P (rc < γ))P1 = 0, 198

Finally, there are some electrodes for which the difference between the pdfs
associated to Neutral and Command isn’t great enough to make a decision, i.e.
it is not possible to distinguish which function has higher values. This is the
case of the electrodes F7, P7, and O1 (figure 7.7).

Figure 7.7: Pdfs for F7

For the rest of the sensors, the obtained values are presented in the table
7.10.

γ PF PM
AF3 4252,9039 0,20666327 0,14100779
F3 4428,55281 0,22898459 0,19797888
FC5 244,738275 0,1343499 0,23624528
T7 4179,65696 0,13109238 0,19793938
O2 72,2783919 0,10513606 0,35407098
P8 4077,82963 0,28241717 0,16936358
T8 75,8557105 0,17571306 0,22149661
FC6 4466,29032 0,17133053 0,18234591
F4 121,790597 0,21614784 0,21314739
F8 4544,47187 0,16163199 0,29142841
AF4 226,593082 0,20256561 0,19264905

Table 7.10: Error probabilities

Once the error probabilities for each electrode have been found, it is possible
to continue following the steps in [41].

For each electrode, a variable ui is obtained that represents the hypothesis
that has been chosen by each one (here i takes the names of the electrodes as
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values):

ui =

{
−1 if H0 is chosen
1 if H1 is chosen

(7.10)

Usually, this decision is performed at the sensor itself, which only needs to
transmit to the receiver the result of its decision, thus improving the overall
performance and reducing communication complexity and problems. Then, the
decisions of each sensor are collected in a data fusion center that will determine
the general decision of the system, through some decision algorithm. This de-
cision algorithm is the one that’s going to be determined. In the case of this
EEG sensor, the first decision cannot be performed by the electrodes, so, the
computer will have to perform both steps of the process. This, however, doesn’t
affect to the deduction of the decision rule.

Viewing the data fusion problem as a two-hypotheses detection problem, the
decision algorithm becomes a likelihood ratio test:

P (u1, . . . , un|H1)

P (u1, . . . , un|H0)

H1
>
<
H0

P0(C10 − C00)

P1(C01 − C11)
(7.11)

The variable Cij denotes the cost of accepting the hypothesis i when j is present.
For obtaining the minimum probability of error, C00 = C11 = 0 and C10 =
C01 = 1. Then the likelihood test becomes:

P (u|H1)

P (u|H0)

H1
>
<
H0

P0

P1
(7.12)

Using Bayes rule for the conditional probabilities and transforming it to a log-
likelihood ratio test, the resulting log-likelihood ratio test is:

log
P (H1|u)

P (H0|u)

H1
>
<
H0

0 (7.13)

An expression for the left-hand side of the comparison was found and proved
by the authors:

log
P (H1|u)

P (H0|u)
= log

P1

P0
+
∑
S+

log
1− PMi

PFi
+
∑
S−

log
PMi

1− PFi
(7.14)

Here S+ and S− represent the set of i for which ui = +1 and ui = −1, respec-
tively.

Therefore, the final optimal decision rule becomes

f(u1, . . . , un) =

{
1, if a0 +

∑n
i=1 aiui > 0

−1, otherwise
(7.15)

Where

a0 = log
P1

P0
(7.16)

ai = log
1− PMi

PFi
, if ui = +1 (7.17)

ai = log
1− PFi
PMi

, if ui = −1 (7.18)
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Alternatively, for the case of this thesis, where the probabilities P0 and P1 are
the same, the same decision rule for H1 can be deduced directly from (7.12) as
follows:

P (u|H1)

P (u|H0)
> 1 (7.19)

log
P (u|H1)

P (u|H0)
> 0 (7.20)

Using the properties of the logarithms it is obtained:

logP (u|H1)− logP (u|H0) > 0 (7.21)

log
∏
i

P (ui|H1)− log
∏
i

P (ui|H0) > 0 (7.22)

∑
i

logP (ui|H1)−
∑
i

logP (ui|H0) > 0 (7.23)

With the definitions of PF and PM it is easy to see that P (ui|H1) = (1− PMi)
and P (ui|H0) = PFi when ui = +1, and P (ui|H1) = PMi and P (ui|H0) = (1−
PFi) when ui = −1. Thus, separating each sum into two parts, corresponding
to S+ and S−:∑
S+

log(1− PMi) +
∑
S−

log(PMi)−
∑
S+

log(PFi)−
∑
S−

log(1− PFi) > 0 (7.24)

And, once again, using the properties of the logarithms and grouping the sums
with the same set of i:∑
S+

log
1− PMi

PFi
+
∑
S−

log
PMi

1− PFi
=
∑
S+

log
1− PMi

PFi
ui +

∑
S−

log
1− PFi
PMi

ui > 0

(7.25)
This equation is transformed into the optimal decision rule:

f(u1, . . . , un) =

{
1, if

∑n
i=1 aiui > 0

−1, otherwise
(7.26)

ai = log
1− PMi

PFi
, if ui = +1 (7.27)

ai = log
1− PFi
PMi

, if ui = −1 (7.28)

This decision rule is the same as (7.15), provided that P0 = P1.
So, the last thing to do is to calculate the coefficients for each sensor. Since

the error probabilities have been calculated before, simply applying the formulas
(7.27) and (7.28) the coefficients are obtained (table 7.11).

With this decision rule, the individual decisions of each electrode are weighted
according to the error probabilities of that electrode, that is, according to their
reliability.

The implementation and testing of the complete detection process is made
also with Excel, using the same experimental data. For the first decision rule,
two different tests are going to be performed. The first one is made using each
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ai if ui=+1 ai if ui=-1
AF3 1,4246691 1,72743259
F3 1,25348023 1,359548
FC5 1,7377991 1,29861019
T7 1,8112819 1,47927601
O2 1,81543427 0,92717428
P8 1,07880688 1,44384062
T8 1,48852104 1,3141114
FC6 1,56284476 1,5139159
F4 1,29207832 1,30223654
F8 1,477929 1,05666278
AF4 1,38269463 1,42052943

Table 7.11: Coefficients for data fusion

data point for the corresponding comparison rule in equations (7.1) or (7.7).
The second one uses an average of 20 data points for the comparison. This test
is referred to as “filtered” in the result tables, since averaging the data is one of
the possible was of filtering it. The objective of this is to check the quality of
the detection in both cases.

Moreover, the same tests are performed also using a different fusion rule,
named “k out of n”. This decision rule simply consists on choosing H1 when
more than k electrodes (out of the total number, n) say so. In this case, since
there are 11 usable electrodes for this decision, k was set to 5. Using this value
for k, the decision rule is exactly the same as in (7.26), but setting ai = 1 in all
cases.

Then, applying both algorithms to the data corresponding to the command,
it is possible to determine the overall probability of missed detection error. The
results are shown in the table 7.12.

PM Filtered PM
Optimal 0,17781433 0,14766082
k out of n 0,18366228 0,15734649

Table 7.12: Results for PM

When applying the algorithms to the Neutral data, the probability obtained
is that of the false alarm error (table 7.13).

PF Filtered PF
Optimal 0,10105994 0,0941155
k out of n 0,09484649 0,08424708

Table 7.13: Results for PF

Finally, the total probability of error is calculated as the sum of both error
probabilities (table 7.14).
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Pe filtered Pe
Optimal 0,27887427 0,24177632
k out of n 0,27850877 0,24159357

Table 7.14: Results for Pe

From these results it can be observed that the total probability of error
is a little bigger for the optimal data fusion rule than for the “k out of n”
rule. Moreover, looking at the separate probabilities of error of false alarm and
miss detection it can be deduced that the optimal data fusion rule is better
for detecting the presence of command and the “k out of n” rule is better for
detecting the neutral state.
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Chapter 8

Conclusions

A decision rule has been proposed and the corresponding coefficients have been
calculated. When testing this decision rule and comparing it with a simpler
one it has been seen that the performance of this algorithm doesn’t improve
the general error probability. This result doesn’t seem to fit with the fact that
the data fusion rule is supposed to be “optimal”. Probably, it will be necessary
to recalculate the parameters, using different experimental data, and check the
rule with even more experiments. Even with that, it is easy to see that the
interpretation and identification of EEG data is going to be really difficult. The
error probabilities obtained both for the electrodes and for the global error are
relatively high and the number of disturbances and noise that can invalidate
the data is enormous. So, the decision rule has to be tested and compared with
more experimental data, and also designing some specific experiments that allow
obtaining better results. The practical implementation of this rule for real-time
detection should be easy with the adequate programs, but is outside the aims of
this thesis, so, it is proposed as the next step to be performed in this research.
Also, the identification results obtained from this rule should be compared with
the Emotiv’s programs’ performance, to check the improvements achieved with
the fusion rule.

On the other hand, the decision rule used for each electrode is the better
one when comparing only one value. But, since the EEG recordings include an
enormous amount of data, better decision rules can be used, in order to reduce
the error probabilities. For example, taking into account not only position of the
value but also the distance to the threshold (?), will provide more information
that can be very valuable.

In this thesis only the amplitude of the EEG signals has been taken into
account, but, since the signals aren’t static, the frequency is another important
parameter. So, adding the frequency data to the decision rules will probably
provide a better identification of the commands.

Moreover, the identification of more different commands will probably be a
totally different problem, and much more difficult. So, all the useful data have
to be analyzed and taken into account both in the decision and the fusion rules.

Therefore, the main conclusion of the mathematical analysis of the signals
is that the EEG signals are very difficult to interpret and characterize. So, a lot
of work and research is still needed.

However, the current situation of WSNs, and, more concretely, healthcare
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WSNs, provides a perfect environment for developing and improving EEG sen-
sors. The companies and the market are prepared for starting to use this tech-
nology. Of course, some commercial EEG sensors are being sold just now, but
their presence in every one’s live is still very low.

Better and simpler electrodes have yet to be developed. While EEG is nowa-
days completely introduced and accepted in medical applications, improvements
of the sensors, the electrodes, the measuring methods, and the data interpreta-
tion techniques will be very useful for the healthcare system. And the develop-
ment and improvement of dry electrodes is a big step towards the spreading of
EEG sensors.

So, EEG sensors have a great potential for WSNs, mainly in healthcare
applications, but also in entertainment and general applications. If the aim of
obtaining high accuracy interpretations of the EEG signals is achieved, EEG
sensors’ success is assured. In this thesis, we have proposed the basic starting
points for achieving this, but there’s still lot of work to be done.

102



Appendix A

Pdf fitting results

A.1 First case: Command (Left) versus Neutral

A.1.1 Results for the Command distributions

Electrode Distribution Histogram and distribution plot

AF3

Exponential Power
mean = 4260,23
scale = 12,1342

shape = -0,0482143

F7

Exponential Power
mean = -289,598
scale = 8,2462

shape = 0,282612

F3

Lognormal
mean = 4425,29

standard deviation = 12,3712
scale log: mean = 8,39509

scale log: desv. est. = 0,00279556
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Electrode Distribution Histogram and distribution plot

FC5

Exponential Power
mean = 244,204
scale = 16,3922

shape = -0,270123

T7

Exponential Power
mean = 4177,61
scale = 10,2445

shape = -0,157353

P7

Exponential Power
mean = 78,8609
scale = 6,08325

shape = 0,426026

O1

Beta (4-Parameter)
shape 1 = 1690,99
shape 2 = 25,697

lower bound = 155,758
upper bound = 4345,26

O2

Lognormal (3-Parameter)
mean = 80,6305

standard deviation = 14,359
lower bound = -50,4285

P8

Exponential Power
mean = 4083,11
scale = 12,1724

shape = -0,133174

T8

Exponential Power
mean = 78,0807
scale = 11,5906

shape = 0,0992482

104



Electrode Distribution Histogram and distribution plot

FC6

Beta (4-Parameter)
shape 1 = 9,59171
shape 2 = 6,25161

lower bound = 4397,78
upper bound = 4518,74

F4

Beta (4-Parameter)
shape 1 = 37,4874
shape 2 = 54,3899

lower bound = 38,3956
upper bound = 238,419

F8

Exponential Power
mean = 4541,85
scale = 14,2219

shape = 0,111428

AF4

Beta (4-Parameter)
shape 1 = 3,90253
shape 2 = 3,89381

lower bound = 170,802
upper bound = 295,659

105



A.1.2 Results for the Neutral distributions

Electrode Distribution Histogram and distribution plot

AF3

Lognormal (3-Parameter)
mean = 4250,57

standard deviation = 13,7912
lower bound = 4115,29

F7

Loglogistic (3-Parameter)
meanna = 76,924

shape = 0,0832493
lower bound = -364,187

F3

Weibull (3-Parameter)
shape = 6,33211
scale = 72,2813

lower bound = 4361,66

FC5

Generalized Logistic
location = 256,946

scale = 4,21585
shape = 0,460879

T7

Exponential Power
mean = 4184,0
scale = 2,97246

shape = 1,0
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Electrode Distribution Histogram and distribution plot

P7

Exponential Power
mean = 78,1988
scale = 5,37185

shape = 0,566743

O1

Generalized Logistic
location = 4281,84

scale = 6,78626
shape = 1,39372

O2

Exponential Power
mean = 82,2828
scale = 13,1447

shape = -0,195356

P8

Exponential Power
mean = 4080,35
scale = 13,4162

shape = -0,229394

T8

Lognormal (3-Parameter)
mean = 71,4492

standard deviation = 11,6211
lower bound = -1954,41

FC6

Beta (4-Parameter)
shape 1 = 3,83013
shape 2 = 3,83536

lower bound = 4418,08
upper bound = 4501,95
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Electrode Distribution Histogram and distribution plot

F4

Exponential Power
mean = 124,012
scale = 9,6887

shape = 0,101259

F8

Exponential Power
mean = 4539,0
scale = 9,58354
shape = 0,52503

AF4

Beta (4-Parameter)
shape 1 = 6,39763
shape 2 = 20,0614

lower bound = 156,929
upper bound = 429,527
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A.2 Second case: Left and Right versus Neutral

A.2.1 Results for the Right distributions

Electrode Distribution Histogram and distribution plot

AF3
Normal

mean = 4259,59
standard deviation = 14,3913

F7

Exponential Power
mean = -291,548
scale = 8,97403

shape = 0,360037

F3

Beta (4-Parameter)
shape 1 = 8,31592
shape 2 = 21,163

lower bound = 4387,8
upper bound = 4576,21

FC5

Beta (4-Parameter)
shape 1 = 11,0896
shape 2 = 24,9915

lower bound = 187,704
upper bound = 385,427

T7

Beta (4-Parameter)
shape 1 = 22,3347
shape 2 = 10,516

lower bound = 4067,54
upper bound = 4242,98
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Electrode Distribution Histogram and distribution plot

P7

Weibull (3-Parameter)
shape = 4,0974
scale = 48,4774

lower bound = 49,2666

O1

Beta (4-Parameter)
shape 1 = 14,4798
shape 2 = 7,23744

lower bound = 4163,58
upper bound = 4344,71

O2

Generalized Logistic
location = 98,4596

scale = 6,65542
shape = 0,416777

P8

Exponential Power
mean = 4084,65
scale = 14,7791

shape = 0,0863754

T8

Generalized Gamma
location = 4,42493
scale = 0,164027
shape = 0,738456

FC6

Weibull (3-Parameter)
shape = 3,98899
scale = 65,2719

lower bound = 4409,98
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Electrode Distribution Histogram and distribution plot

F4

Weibull (3-Parameter)
shape = 2,90558
scale = 47,2353

lower bound = 83,1253

F8

Weibull (3-Parameter)
shape = 4,79249
scale = 69,0141

lower bound = 4484,49

AF4

Beta (4-Parameter)
shape 1 = 74,5216
shape 2 = 11,8309

lower bound = -389,033
upper bound = 327,366
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A.2.2 Results for the Left distributions

Electrode Distribution Histogram and distribution plot

AF3

Beta (4-Parameter)
shape 1 = 4,92901
shape 2 = 4,58878

lower bound = 4212,47
upper bound = 4305,48

F7

Beta (4-Parameter)
shape 1 = 16,3897
shape 2 = 12,4583

lower bound = -385,543
upper bound = -229,798

F3

Beta (4-Parameter)
shape 1 = 34,9793
shape 2 = 59,3096

lower bound = 4335,1
upper bound = 4586,01

FC5

Lognormal (3-Parameter)
mean = 240,335

standard deviation = 10,1467
lower bound = 89,8856

T7

Exponential Power
mean = 4185,42
scale = 7,62295

shape = 0,443299
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Electrode Distribution Histogram and distribution plot

P7

Beta (4-Parameter)
shape 1 = 30,4802
shape 2 = 16,9878

lower bound = -24,3108
upper bound = 147,676

O1

Weibull (3-Parameter)
shape = 3,21708
scale = 48,6219

lower bound = 4240,93

O2

Generalized Gamma
location = 4,45305
scale = 0,144691
shape = 0,57503

P8

Exponential Power
mean = 4079,98
scale = 12,7854

shape = 0,0178809

T8

Generalized Gamma
location = 4,43295
scale = 0,167133
shape = 0,707107

FC6

Exponential Power
mean = 4463,83
scale = 17,6839

shape = -0,145398
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Electrode Distribution Histogram and distribution plot

F4

Weibull (3-Parameter)
shape = 4,22281
scale = 68,3956

lower bound = 57,3979

F8

Exponential Power
mean = 4543,8
scale = 15,1162

shape = 0,00970925

AF4

Weibull (3-Parameter)
shape = 4,80875
scale = 153,81

lower bound = 73,9146
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A.2.3 Results for the Neutral distributions

Electrode Distribution Histogram and distribution plot

AF3

Generalized Logistic
location = 4257,39

scale = 8,33502
shape = 0,786855

F7

Exponential Power
mean = -292,438
scale = 8,80201

shape = 0,344703

F3

Beta (4-Parameter)
shape 1 = 9,72303
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lower bound = 4396,11
upper bound = 4491,89

FC5

Beta (4-Parameter)
shape 1 = 12,1559
shape 2 = 23,7662

lower bound = 190,843
upper bound = 349,799

T7

Beta (4-Parameter)
shape 1 = 7,07539
shape 2 = 6,86734

lower bound = 4144,83
upper bound = 4222,04

115



Electrode Distribution Histogram and distribution plot

P7

Exponential Power
mean = 86,2054
scale = 9,78925

shape = -0,139534

O1

Gamma (3-Parameter)
shape = 4,2009

scale = 0,105839
lower bound = 4249,5

O2

Generalized Logistic
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scale = 5,35996
shape = 0,548345
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Lognormal
mean = 4081,53

standard deviation = 11,0537
scale log: mean = 8,31422

scale log: desv. est. = 0,00270821
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Lognormal
mean = 75,2319

standard deviation = 12,774
scale log: mean = 4,30636

scale log: desv. est. = 0,16859

FC6

Beta (4-Parameter)
shape 1 = 4,36908
shape 2 = 5,41111

lower bound = 4411,93
upper bound = 4521,04
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Electrode Distribution Histogram and distribution plot

F4

Gamma (3-Parameter)
shape = 40,9794
scale = 0,417628

lower bound = 27,2513

F8

Exponential Power
mean = 4540,38
scale = 8,86832

shape = 0,284252

AF4

Beta (4-Parameter)
shape 1 = 6,86753
shape 2 = 9,34113

lower bound = 109,259
upper bound = 378,242
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Appendix B

Paper summaries

B.1 WHERE IS THE RETURN ON INVEST-
MENT IN WIRELESS SENSOR NETWORKS?
[2]

INTRODUCTION

In a WSN each node is usually composed of multiple sensors. WSNs hadn’t
proliferated as expected, due to some challenges of creating cost-effective WSNs.

THE NETWORK EFFECT AND WSN SCALE

The network effect in WSNs should justify a significant development cost. How-
ever, most of the largest WSNs are only used for research. One of the problems
is that large-scale WSNs can be overwhelmed by relay traffic. This and other
problems make that a positive network effect is not always evident: there’s
always a need to understand the application-specific cost/benefit trade-offs.

COSTS OF DEVELOPING WSN APPLICATIONS

Even when the technologies should enable WSNs, there’re still some uncertain-
ties about the cost of developing them and their software. The choice between
slower or faster processors is decisive for the network, and involves an expensive
process of simulation and testing. Also lifetime is a delimitating requirement,
since it dictates the minimum node size, weight and power. The final point is
that economies of scale do not always lead to a low enough cost for the nodes.

THE WSN REVENUE STREAM

Another problem found is the ownership of the information, so, research needs
to address the uncertainty in software development costs, system scalability and
information ownership. Due to the costs associated to testes, WSNs must start
demonstrating their utility through modelling.
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CONCLUSIONS

There’s still a gap between theory and practice in WSNs. Software development
costs increase with the complexity of the network. Simulation should be able to
assess the risk of deploying large WSNs before incurring in any costs. WSNs will
have a large market when their development costs are balanced against revenue.
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B.2 A COGNITIVE RADIO SYSTEM FOR E-
HEALTH APPLICATIONS IN A HOSPI-
TAL ENVIRONMENT [4]

INTRODUCTION

Although wireless communication is useful in e-health applications, many med-
ical devices are sensitive to electromagnetic interference. Cognitive radio is one
of the possible solutions to this problem.

E-HEALTH APPLICATIONS AND COGNITIVE RADIO SYSTEMS

Requirements for Wireless Communications Systems Used In E-Health
Applications: Electromagnetic Compatibility and EMI Requirement: de-
vices must limit the transmit power.

QoS Provisioning for E-Health Applications: loss and delay are two measures
for QoS.

Coexistence of Different Wireless Technologies for E-Health Applications:
many wireless technologies can be operating in the same area and on the same
frequency bands.

Seamless Connectivity: the system must allow mobility of patients and staff.
Security of Healthcare Data: the system should avoid unauthorized eaves-

dropping and intrusion.

Cognitive Radio for E-Health Applications: Cognitive radio systems
adapt the transmission to the current channel status. This allows defining three
kinds of users: primary, secondary and protected users, respecting priorities and
avoiding EMI. Cognitive radio can work in two bands:

Unlicensed band: every user has the same right, but the EMI constraints of
the protected users are still present.

Licensed band: secondary users must be aware of primary users and not
interfere with them.

A COGNITIVE RADIO SYSTEM FOR E-HEALTH APPLICATIONS

Architecture of the Cognitive Radio System for E-Health Applica-
tions: The system has three components:

The inventory system: keeps the information about all medical devices in
the hospital. It allows the use of a tracking system.

The cognitive radio controller: uses a control channel, a data channel and
an interference avoidance approach. It uses the information from the inventory
system to define the transmission parameters on the data channel.

Cognitive radio clients: transmit data through the controller. It can transmit
and receive in both control and data channels.

Channel Allocation and Access: Primary and secondary users use a time
slotted RTS/CTS based channel access mechanism, consisting of two steps:

Common Control Channel Broadcasting: used to broadcast information
about the maximum transmit power allowed for each user.
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EMI-Aware RTS/CTS Protocol: the client node transmits an RTS message
on the control channel. Then the controller calculates the maximum transmit
power and a CTS message is sent to the user.

Data Transmission and Queue Management: after receiving the CTS mes-
sage, the user waits in the data channel to transmit its message to the controller.
Requests from primary and secondary users are stored separately.

Numerical Results: Performance of the EMI-Aware RTS/CTS Protocol: it
is evaluated by simulations using MATLAB. The interference probability is less
than the one from other protocols. The outage probability, however, is greater
in some areas.

Performance of Primary and Secondary Users: based on the results obtained
varying the probabilities of dropping messages from both primary and secondary
users, the controller can optimize the system performance by predicting future
channel occupancy.

CONCLUSION

The performance of the system can be improved incorporating multiple data
channels, changing the queuing policy or using an admission control algorithm
to limit the number of secondary users in the system.
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B.3 A 2G-RFID-BASED E-HEALTHCARE SYS-
TEM [3]

INTRODUCTION

Radio frequency identification allows identification or locating of objects, people
and animals. In 1G-RFID-SYS the information at the tags is treated as passive
data and any action is obtained from a rule database. On the other hand, there
has been an increase in the demand for e-healthcare systems. 2G-RFID-SYS
introduce dynamic rule encoding in RFID tags.

AN OVERVIEW OF THE 1G-RFID SYSTEM

RFID systems consist of RFID tags, which can be passive, active or semi-active
tags depending on the way they’re powered, RFID readers, and a backend sys-
tem. The information on the tag is transferred to a reader and onto a backend
system, which takes the necessary actions.

THE 2G-RFID SYSTEM

Evolution to 2g-Rfid-Sys: In 2G-RFID-SYS, tags will store active infor-
mation in the form of mobile codes, avoiding the rule searching process and
supporting various applications.

Architecture for 2g-Rfid-Sys: Tag Message Format: contains identifica-
tion, description, mobile codes’ space, and action priority.

Code Information Manager: the tag’s data is separated into passive infor-
mation and codes information, which are forwarded to the code information
manager.

Codes Interpreter: it has an incoming queue and a codes parser. The codes
are later sent to the processing module. ID-Filter: optional module that checks
the ID information first of all.

EPC Network: is a unique identifier of a physical object stored in a RFID
tag.

Environmental Parameters Manager: used to retrieve the environmental pa-
rameters.

Action Manager: carries out the desired tasks.

Design Issues for 2g-Rfid-Sys: Language constructs: the available memory
size of the RFID tags delimitates the complexity of the language constructs.
Middleware design: a middleware layer is needed to integrate the RFID system
with other systems.

A 2G-RFID-SYS-BASED E-HEALTHCARE SYSTEM

The medical conditions of the patient are monitored by the RFID tags and
updated in the database.
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Architecture: RFID Tag: the codes vary for the doctor and the patients’
tags.

WBAN: the physiological signals are obtained by a wireless body area net-
work.

Cell Phone and Communications Gateway: link the user’s WBAN with dif-
ferent components of the e-healthcare system.

Healthcare Database: maintains user’s profile and medical history.

Pilot Services: Automated Services: 2G-RFID-SYS can support a number
of automated processes.

Medical Emergency Response Service: 2G-RFID-SYS permits tags to be
written by mobile code information that passes to the emergency room personnel
when the patient arrives at the hospital, saving time.

CONCLUSIONS

2G-RFID-SYS present improvements in system scalability, information avail-
ability, automated monitoring, and access control, but the system still has high
costs. However, it can be a key element of complicated e-healthcare systems.
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B.4 LOW-POWER BODY SENSOR NETWORK
FOR WIRELESS ECG BASED ON RE-
LAYING OF CREEPING WAVES AT 2.4GHZ
[22]

INTRODUCTION

Electrocardiogram is a technique commonly used in hospitals for diagnosis, and
many wireless ECG systems have been proposed. Some of this systems use wires
to connect the sensors to the monitoring station while other integrate wireless
transceivers within sensors. The size of the sensors has still to be decreased.
For reducing the size of the batteries, a low power wireless ECG communication
platform using relaying of creeping waves is proposed.

SYSTEM DESIGN

System Description: The system comprises a central coordinator hub that
acts as the gateway and collects data from all the sensors, the Personal Status
Monitor; multiple sensor nodes, and two relay nodes. Each sensor generates a
data rate of 4,8Kbits/sec. The PSM can receive all the data from every sensor
polling each sensor in a time-multiplexed round-robin fashion.

Creeping Wave Link Budget: The analysis of creeping waves conducts to
a path-loss model, found to be a function of the creeping angle. A margin of
26dB was added to obtain a worst-case path-loss model. The link budget is a
function of the creeping angle, obtained through the transmitter power, receiver
sensitivity, transmitter antenna gain, receiver antenna gain and channel fade
margin. The increase in path loss with the creeping angle led to the use of relay
nodes. This configuration showed to be more power efficient.

NETWORK MANAGEMENT

Network Architecture: For minimizing the transmission power, a round-
robin polling protocol is chosen. The PSM is the coordinator of the BSN.

Sensor Polling Schedule: The PSM collects data first from the sensors di-
rectly connected to it, and then from the sensors connected to Relay Node 1
and Relay Node 2, in this order. Polling from Relay Node 1 takes twice as time
as a direct polling from PSM. It is the same with Relay Node 2, but taking
three times as long. The PSM uses a Sleep Schedule Packet to synchronize the
sensors and relay nodes.

Packet Types and Structures: The header of the packets comprises some
fields: preamble, packet type, payload size and routing code. The data payload
size is variable.
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PERFORMANCE ANALYSIS

System Capacity and Scalability: The system utilization is 15.5%, which
allows it to handle the ECG data and more data intensive applications.

Network Lifetime: An improvement of 1,5x105 was obtained comparing the
system with a reference one not using relaying.
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B.5 WIRELESS NON-CONTACT EEG/ECG ELEC-
TRODES FOR BODY SENSOR NETWORKS
[29]

INTRODUCTION

The sensors usually used in body sensor networks are uncomfortable. Dry elec-
trodes are starting to be more common, but still require direct contact to the
skin. Non-contact capacitive electrodes solve this problem. A practical device
based on these electrodes for patient use has yet to be realized.

SYSTEM DESIGN

The system consists of a set of non-contact electrodes connected with a single
common wire. A base unit contains the wireless transmitter, and near it, a
single dry contact sensor is used to establish the ground reference.

Electrode Construction: Each electrode has two PCBs, one for the differen-
tial amplifier and the ADC and the other for the high input impedance amplifier
and the electrode in its bottom surface. The electrodes output the digitalized
value of the signal.

Front End Amplifier: An ultra-high input impedance amplifier with low
noise is required in non-contact electrodes. In the circuit, the signal from the
body is thought of as a voltage source, and coupling capacitances and resistances
both from the sensor and the amplifier are also considered. The noise sources
are those of the amplifier, voltage noise, input current noise and an additional
current noise. Also the total input referred noise is related with the parasitic
input capacitances and leakage currents. The selected amplifier is the INA116
by Burr-Brown. The cut-off frequency was set at 0,7Hz and the gain at 2.02.

Differential Amplifier and ADC: The chosen differential amplifier is the
LTC6078, implementing a differential gain stage of 40,1dB by connecting the
electrodes together. The noise from external sources is as problematic as the
noise sources in the circuit.

Wireless Base Unit: It supplies the power and control signals. A micropro-
cessor passes the data from the electrodes to a Bluetooth module.

PHYSIOLOGICAL DATA

There was obtained a high signal quality. The EEG sensor shows eye blinks and
alpha activity. The ECG trace is comparable in quality to that obtained with
an adhesive ECG electrode. Signals remain clear through thin insulating layers.

CONCLUSION

Once presented the body sensor network and its electrodes, future work must
focus on minimizing electrodes’ size and reducing the power consumption.
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B.6 MEDISN: MEDICAL EMERGENCY DE-
TECTION IN SENSOR NETWORKS [20]

INTRODUCTION

The capacity of the US healthcare system is not enough to cover all the de-
mand. MEDiSN is a wireless sensor network for patient monitoring consisting
on Physiological Monitors and Relay Points. PMs are mobile while the RPs are
fixed.

BACKGROUND AND MOTIVATION

Tools that automate patients’ monitoring have a great potential to improve
the quality of health care, both in mass casualty events and in hospital use in
the waiting rooms. The requirements for the system are scalability, geographic
reach, traffic direction and types, QoS requirements, security, mobility support,
physiological monitor characteristics (lightweight, fool-proof, extensible), pre-
sentation of data.

ARCHITECTURE

PMs record data and transmit it to RPs, which forward the data to a gateway.

Hardware: The PMs provide multiple patient monitoring capabilities and
includes a display, four buttons and a buzzer for alerts.

Routing: Physiological Data Traffic: RPs form a routing tree using Collection
Tree Protocol. CTPs forwarding engine is inefficient due to the number of re-
transmissions and the inter-packet interval. So, these parameters were modified
using specific algorithms.

Downstream Traffic: the RPs are also able to route messages from the gate-
way to the PMs.

Relay Point Selection: Each PM is associated with one RP, selected peri-
odically by the quality of the link between them.

Back-End Server: The gateway forwards data to a back-end server, which
passes the data to the end-users.

EVALUATION

First, the performance of the system was evaluated with simulations of differ-
ent scenarios. Some of the simulation results were evaluated with a prototype
implementation.

Routing:

TOSSIM Simulations: To test MEDiSN with ECG samples, an ECG
compression mechanism was implemented. With all the data, each node trans-
mits three 10r byte packets per second.
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Mushroom Topology: In this topology, most of the packets arrive to the
first RP but many of them not reach the following one. The first results suggest
that the maximum number of PMs for one single RP is ten.

Incrementing the maximum number of retransmissions above 15 impairs the
system’s performance, due to cue overflows. Using the algorithms proposed for
the forwarding engine reduces the number of packet losses, and increases the
maximum supported number of PMs.

Line Topology: RP selection improves the system’s performance. The
number of RPs can be increased to support increasing numbers of PMs.

Mesh Topology: Also in more general topologies, increasing the number
of RPs improves MEDiSN’s performance.

Large Networks: It is investigated the number of PMs supported by a
larger network, when they have a lower data rate. The average reception ratio
stays above 99% with hundreds of PMs. Using message aggregation the system
is able to support 30% more PMs.

Comparison with CodeBlue: MEDiSN is better than CodeBlue both
in delivery ratio and maximum number of supported PMs.

Advantages of the dedicated wireless backbone: Comparing MEDiSN
system with a “flat” network in which all nodes participate in the CTP results
in a better performance of the first one in every aspect.

Hospital Deployment:

University of Maryland Shock Trauma Center: The network was
deployed covering the Operating Rooms and the Pos Anesthesia Care Unit. It
had 8 RPs. MEDiSN succeeded in monitoring the patients.

Johns Hopkins Hospital Emergency Room: The system was deployed
in the waiting area of the emergency room, for ten days, also with 8 RPs.

Measurement Accuracy: PMs pulse oximetry’s accuracy was validated
through a prospective observational study comparing PM’s measurements to a
Nellcor OxiMax monitor. Data correlation was high for both oxygen saturation
and pulse rate measurements.

Experience from Hospital Environments: The obstacles on hospital
areas made the deployment of RPs challenging. Also the interferences of other
networks have to be considered.

Energy Consumption: The radio in the PMs is the biggest consumer of
energy, so, it should be duty cycled. Also the LCD screen and the pulse oximeter
can be turned off to reduce consumption.
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RELATED WORK

There are several technologies related to patient monitoring. Most of them with
wearable physiological sensors including more or less options. The most related
system is CodeBlue.
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B.7 A REMOTE MARKERLESS HUMAN GAIT
TRACKING FOR E-HEALTHCARE BASED
ON CONTENT-AWARE WIRELESS MUL-
TIMEDIA COMMUNICATIONS [14]

INTRODUCTION

Human gait tracking has lots of uses within healthcare. Currently, most of these
systems rely on expensive equipment. Wireless multimedia sensor networks
facilitate medical applications such as telemedicine and advanced health care
delivery. Remote monitoring is an emerging new technology that can help to
reduce medical costs and improve convenience and care quality. Therefore, a
platform for remote markerless human motion tracking and gait analysis has a
great potential to improve clinical medicine practices.

MARKELESS HUMAN GAIT TRACKING

In a gait video sequence, the background area is more than 50 percent and
transmitting it without differentiation from the human gait region is unneces-
sary. Separating the human gait region is useful for wireless transmission, due
to the bandwidth limit. The proposed procedures are:

Background Subtraction: comparing the image to a background image: a
representation of the scene with no moving objects. The possible changes in the
background have to be considered, too.

Contextual Classification: classifies a video frame by the object categories
it contains. The classification performance is improved using both spectral and
spatial contextual information.

Region Growing: combines the results of the previous two steps.
Morphological Operations and Geometric Corrections: this step corrects the

noises and holes obtained from the previous one.

WIRELESS STREAMING OF REMOTE HUMAN GAIT TRACK-
ING

The Proposed System Model: It consists of an optimization controller,
the markerless human gait tracking module, a video encoding module, and the
modulation and coding module. Distributing the limited resources for encoding
and transmission according to the video content, the quality of real-time human
gait video delivery is improved.

The Joint Optimization of Content-Aware Wireless Streaming: Pre-
defined macro block encoding modes are considered, within the H.264 codec.

System Experiments: H.264/AVC JM 12.2 codec is used in the experiments.
Also NS-2 and MATLAB are used. The proposed system presents an improve-
ment in video quality over the existing system. The proposed framework shows
to be suitable for delay-stringent wireless networks.
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CONCLUSIONS

The scheme provides a low-cost high-accuracy gait tracking system. The re-
sults demonstrate that the system can provide great convenience and cost effec-
tiveness for prognosis and diagnosis of pathological locomotion biorhythm over
resource-constrained wireless networks.
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B.8 APPLICATION OF ELECTROENCEPHALOG-
RAPHY TO THE STUDY OF COGNITIVE
AND BRAIN FUNCTIONS IN SCHIZOPHRE-
NIA [25]

INTRODUCTION

EEG is well suited to monitor the rapidly changing patterns of brain activities,
due to its millisecond scale of resolution. The spontaneous EEG readings are
divided into frequency bands, associated with different behavioral states. With
all this, EEG is worth for the clinical assessment, diagnosis and management
of patients with certain neurological disorders, and also for detecting the re-
sponse to external or internal stimulus events. Two types of changes related
to this stimulus may occur: event-related potentials (ERPs), which are voltage
deflections in the EEG recording, or event-related oscillations (EROs), which
are changes in the frequency power spectrum.

The ERPs are subdivided into sensory-evoked components (used to check
the integrity of the sensory pathways) and cognitive-related components (mainly
used as a research tool). ERPs and EROs together can provide valuable insights
into the brain’s mechanisms. In this article, their application to the study of
cognitive and brain functions in schizophrenia is discussed.

ERPs AND EROs IN SCHIZOPHRENIA

Diverse ERPs and EROS have been considered as biological markers of po-
tentially distinct pathophysiological mechanisms and cognitive dysfunctions in
schizophrenia.

P300 as a Vulnerability Marker:

Basic Studies: P300 indicates stimulus significance and amount of at-
tention allocated to the eliciting stimulus event. It primarily reflects cognitive
factors. Its characteristics have been proved to be heritable, but with a great
variation.

Clinical Studies: Schizophrenia patients display a smaller auditory and
visual P300 and voltage asymmetry at temporal scalp sites. The auditory one is
more significant. For example, this ERP component is also impaired in clinically
unaffected, but at high risk of being affected, family members, what supports
the idea of it being an index of genetic and biological vulnerability. On the
other hand, P300 impairing is also related with a variety of psychiatric and
neurological disorders (e.g. alcoholism and bipolar affective disorder). Some
genetic indicators also appear to be related to the P300 ERP.

Conclusion: P300 is not only impaired in schizophrenia, but can be used
for identifying clinically unaffected vulnerability-gene carriers.

MMN as a Marker of Possible Progressive Pathology:
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Basic Studies: MMN is an ERP component usually recorded in a passive
auditory oddball paradigm. It is an automatic, preattentive brain response. It
reflects a mismatch between the current acoustic input and a neuronal sensory
memory trace of the preceding ones.

Clinical Studies: MMN is proved to be reduced in schizophrenia pa-
tients. Also, MMN deficits appear to be more related to schizophrenia, but
also to dyslexia, normal aging and various neurological disorders. The pattern
in schizophrenia is, however, different from the other ones. The MMN may also
be smaller than normal in clinically unaffected biological relatives, and there
have been found some similar abnormalities related to other syndromes associ-
ated with elevated rates of major psychiatric disorders. Other studies suggest
that MMN abnormalities are more present in chronically ill patients than in
recently ill ones. It has also been proved to be related with illness duration. Al
this suggest that MMN impairments in schizophrenia are developed over time.

Conclusion: MMN abnormalities have been hypothesized to reflect both
trait characteristics of schizophrenia and postonset progressive illness pathology.

GRB as a Pathophysiological Marker:

Basic Studies: EROs in the gamma-band frequency range, referred to as
the gamma-band response (GBR) could be of 3 types: steady-state-evoked GBR,
transient-evoked GBR, or induced GBR. Evoked GBRs index sensory processing
and reflect cortical responses to changes in afferent activity. Stimulus induced
GBRs reflect the dynamic integration of spatially distinct neuronal activities.

Clinical Studies: Schizophrenia patients show reduced power and phase
synchronization of evoked GBRs to certain rates of stimulation. The integrity
of stimulus-evoked GRBs varies according to the nature and severity of the
patients’ clinical symptoms.

Conclusion: Neural synchrony is disrupted in schizophrenia, but GBR alter-
ations vary across studies as a function of stimulus and patient characteristics.
Then, GBR abnormalities represent a clinical state marker of schizophrenia.

UNRESOLVED ISSUES AND FUTURE DIRECTIONS

There are numerous choices and challenges related to experimental design and
paradigm, data acquisition, data processing, data analysis, data quantification,
and statistical analysis. Besides this, electrophysiological abnormalities vary
across studies and patient samples. The interpretation of observed alterations
in EEG signals is still limited, too. The character of the observed EEG ab-
normalities has still to be determined. Finally, further studies to evaluate the
relationships among different EEG abnormalities in schizophrenia are needed.
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