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Abstract

Wireless sensor networks (WSN) take on an invaluable technology in many
applications. Their prevalence, however, is threatened by a number of technical
difficulties. In particular, the shortage of energy in sensors is a serious problem to
which many solutions have been proposed in recent years. This thesis takes this
area of research one step further and proposes solutions to better conserve energy
in sensors. The research conducted can be divided into two parts. The first part is
on the design and development of low-power sensors and communication devices
capable of monitoring the environment. In this part of research, we first show how
smartphones can be employed as a device to acquire data from low-power sensors.
Then, by using the idea of duty cycling, we achieve a significant reduction in power
consumption in environmental sensing.

The second part of this research is on the use of data-driven approaches where
scholars suggest reducing the amount of required communication so that more
energy can be saved in sensors. The main idea is that the components of a sensor,
including its radio, can be turned off most of the time without noticeable influence
on the judgments made using the sensed data. In fact, the data not sensed when the
sensor is powered down can be predicted using the computational intelligence
methods. To do so, we employ a multi-layer perceptron to predict missing

environmental data on the basis of what is sensed. We also show that the



effectiveness of this technique highly relies on the correlation between the points
making the time series of sensed data.

Our experimental results evidence the usefulness of the technique we propose in
the second part of this research. Indeed, we train a nonlinear autoregressive network
against various datasets of sensed humidity and temperature in different
environments. It is then observed that sensors can be powered on intermittently
without any significant influence on the desired behavior of the sensor network. By
testing on actual data, it is shown that the predictions by the device greatly obviates
the need for sensed data during sensors’ idle periods and saves over 65 percent of
energy. It is also established that, among the solutions already proposed, the data-
driven approach is best suited to Wireless Sensor Networks especially

environmental sensing.
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Chapter 1

Introduction

Wireless sensor networks (WSN) have received a great attention in recent years.
They are based on multilayered structure of interactive sensor nodes and have a
wide variety of applications such as event detection, target tracking, environment
sensing, elder people monitoring, and security [1-8].

A WSN is usually made up of a large number of sensors that communicate their
sensed information to other nodes. Sensors are often supplied with scarce energy
resources. Therefore what is necessary here to WSNs operation is conserving the
energy. Moreover, developing methods in order to yield efficient power
consumption is of importance in researching this arena. According to previous
studies, the power consumption of communication component of a sensor is higher
than that of a computational unit and that the sleep state of radio communication
identifies the minimum consumption of power [9]. Scholars are currently struggling
to increase short lifetime of wireless sensor networks [10, 11, and 12]. The problem,
in fact, is rooted in limited energy resources available to sensors. Thus, energy
consumption should be made efficient at all layers of sensors’ operation. To this
end, there are proposals to reduce power consumption at the level of system

routines, network protocols, data processing, and even hardware modules. Many
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approaches were proposed to reduce the power consumption of a sensor network,
but the following three main techniques are the most important among them [8,9]:

e Duty cycling,

e Data-driven approaches, and

e Mobility
We have worked on two first approaches in [4, 5, 13, 14, 15, 16 and 17] which will
be discussed and demonstrated in this thesis.
Since duty cycling patterns are unaware of data which are gathered from sensor
nodes, data-driven approaches are more appropriate to reduce the energy
consumption of the WSNs. The microcontroller can switch on the sensors only
during the measurement, reducing the power consumption [4, 5]. Yet, sporadic
occurrence of unwanted communication as a result of unnecessary data transference
is quite possible. Reducing extra communications is a way to save energy which
can be followed by data-driven techniques. While energy-efficient data acquisition’
schemes are mainly concerned with decreasing power consumption relevant to the
sensing subsystem, ‘data reduction’ schemes focus on unneeded samples.
The current thesis has employed duty cycling along with data prediction, yet
profound reduced data was spotted on prediction of data. An innovative method is
proposed and tested on simulated and experimental data. A neural algorithm is
considered to forecast sensor measurements and their uncertainties to allow the

system to reduce communications and transmitted data. Particularly, first a
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multilayer perceptron (MLP) network [18] then NAR algorithm [19] as Time Series

approaches with dramatically high reduction on both data and error were applied.

1.aBluSen , a new data Acquisition System

In 1980s, the first actual headphone did not depict a light or small gadget, and power
consumption as one of current challenges even today, caused many hardships for
working in Wireless Sensor Networks (WSN). The technological evolution from
the first generation of mobile phones has shown swift growth in different aspects.
This development started from the very low-end mobile phone category [20] up to
smartphones today. Multitasking operating systems, running myriad of applications
and having several features (such as Bluetooth) [21] are the attributes that make
these types of phones important in daily life and consequently make them one of
the most-used electronic devices. Now, they do more than just connecting people
to each other, and have various applications, such as health and medical [22],
military, environmental, home and office [3], and commercial.

Thanks to the likelihood of computing, analyzing, communicating and monitoring
found in the current generations of phones, the quality of life is enhanced by
gathering and scrutinizing environmental information. Traditional environmental
monitoring systems have been changed by the new features that WSNs offer.

In some applications, wireless sensor networks use sensors placed in pre-planned
locations or equipped on carriers or vehicles, with fixed routing strategies; on the

other hand, currently, the capabilities of mobile devices, especially smartphones, as
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data collectors make it possible to distribute sensors, and helps to share information
with communities, that is crucial for making decisions for different communities
such as governments, groups of people, and researchers [23].

In [4], a smartphone was applied to get environmental information from small
spaces, using a Bluetooth transceiver. As shown in Figure 1, this approach was to
acquire temperature and humidity values (considering low cost and low power
components) using a Bluetooth communication system for the transmission of the
acquired data to an android-based smartphone. The system was tested in a climate
chamber that changes the environmental conditions. Getting access to
environmental information on the move become more smoothly possible upon
applying a Bluetooth communicational system. Likewise, Bluetooth system
facilities having control and giving warnings in various fields such as medical,
social services and agriculture. Thus, Bluetooth is rightfully considered as one of
the most important features in all smartphones that enables both sensor and phone
to communicate and transfer data at short distances using less power than Wi-Fi
[24]. As shown in Figure 2, a new scenario was introduced by applying several
sensors with different structure.

[

! Temperature and

i Short distance

y

Smart Phone

Humidity sensor

Bluetooth-based sensor

Figure 1. Acquisition of the environmental data using a smartphone by the approach that is
described in chapter 3.2.a, direct connection between the smartphone and a sensor.
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Figure 2. Acquisition of the environmental data using a smartphone by the second approach
of this work that is described in chapter 3.2.b, connection between the smartphone and
several sensors.

In fact, increasing the number of distributed sensors maximizes the lifetime of the
network, since more failures can be tolerated; this tackles the power consumption
challenge. Another advantage of applying more sensors at the same time is an
increased reliability of the network. The smartphone application manages the
sampling frequency and the method of connection between sensors using an
independent communication with each sensor, without the need for multi-hop
routing [25] to gather environmental information. The data is gathered and analyzed
directly by the smartphone application.

In furtherance of our research objectives, the low-power sleeping mode for radio
transceiver was switched on at the times when the transceiver had not been engaged

into any communicative operation. In theory, it is recommendable to turn down the
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transceiver upon depletion of data scheduled for transmissions. The work of the
transceiver is therefore resumed upon receiving another packet of data. The
aforementioned interaction of nodes is scientifically defined as duty cycling. Under
"duty cycle” we understand activity of certain fraction of nodes throughout the
period of network's performance. Similarly, cooperation between the nodes is
achieved by synchronizing their sleeping phases and waking phases. Thus, each
duty cycling scheme requires corresponding algorithm or method for planning
nodes' passive and active periods. The method of such kind facilitates nodes'

changeovers from waking to sleeping and vice versa.
2. Data Driven approach

It is worth noting that planning duty cycles is not contingent on results of
previous samplings. With regard to that, energy efficiency could be manifestly
improved upon adopting data driven approaches. Energy consumption may be
influenced by the following factors [8]:

e Unneeded samples; when data loses its practical validity, its further
communication to the sink should be interrupted. Instead, notable
correlation of previous samples should be taken into account

e Sensing subsystem's power consumption; when the sensor has low power
supply, communicational reductions will be of no effect.

It is as well important to duly handle the sensing processes: unreasonable

data sampling results in initiation of unnecessary communications which in the end
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play no role in the sensing. Such omissions inevitably lead to excessive energy
consumption. Another problem tends to emerge in the case when the power
expenditure arising out of the operation of sensory system is considerably high and,
therefore, cannot be ignored. In this instance, the issue may be resolved with aid of
data prediction method which seeks to bring the accuracy of sensing's results into
compliance with applicable standards. This objective can be met upon cutting down

volumes of data due for sampling.

3. Time Series approaches

In cases when dynamics of the system is supposed to be nonlinear it is advisable to
extend the scope of time series prediction to neural networks. So far, time series
prediction method has proved to be thoroughly compliant with neural networks.
For the first time, application of multi-layer perception neural networks for
performing nonlinear time series predictions was described by the scientists in [26].
It is supposed that neural networks somewhat replicate the brain of a human, in
particular with regard to their flexibility and extraordinary efficiency. In contrast to
multi-layer perception neural networks, ordinary neural networks have limited
signal processing capacity, i.e. low quality of the signals may manifestly impede
processing. In the following chapters, especially chapter 3, MLP and practical
aspects of its implementation will be expressly explained. In this work, we deem it
necessary to provide elaborate description of time series approach under research

due to the importance and wide applicability of these methods.



Today, time series analysis is applied to the wide range of sciences
including biology, physics, economy and technology. Technically, time series is
represented as an ordered set of vectors which are determined as per the formula
given below [27]:

y();t=0,1,2 (1)
Practical aspects of time series forecasting can be found in a variety of related
scientific articles and publications. Any time series forecast requires preliminary
choice of the prediction strategy. This choice should be made with due regard to
the end objectives of the time series prediction i.e. facilitating production and
activities. So far, time series method has proven useful for many areas. Specifically,
time series forecasts are often required to solve problems in medical, econometric
and engineering field. Accuracy of predictions are occasionally impeded by the
chaotic behavior of time series. Hence the need to determine the exact state of the
analyzed domain in the beginning of experiment. Time series forecasts are mainly
conducted relying on AR (AutoRegressive), ARMA (AutoRegressive—Moving-
Average) and MA (Moving-Average) models. Nonetheless, neither of these linear
models are suitable for application to non-linear signals. Assuming that, the
scientists found an alternative to linear module predictions. It was established that
ANNSs (Artificial Neural Networks) could assist predicting time series with better
accuracy. As a computational structure, ANN incorporates models based on
biological patterns. Another option is NN which exploits its non-linear constituent

elements in order to select the most accurate data hypothesis. These integral
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elements are joint by links with weights containing all data formulated in the course
of forecasting. NN’s exceptional capacity for aggravation and approximation
operations gives it an advantage over other networks in terms of predictions.
Consequently, manufacturers have already devised a number of neural network-
based tools for generating statistics and modeling. Owing to the properties of NN
referred to above, neural network approaches have recently become highly
applicable for time series forecasting. Accordingly, there are two major points
which should be taken into consideration while performing neural network based

data readings [27]:

a. Intervals of data sampling

b. Sequence of points where sample data will be collected.
It is supposed these matters demand empirical solution. For the aims of this paper,
we facilitated selecting appropriate intervals and data sampled points by creating a
new algorithm. The aforementioned algorithm was developed upon comparison and
analysis of data collected from a number of sources and in variable circumstances.
The optimized algorithm proposed by us was devised with regard to the principle
of lowering power consumption. This goal was achieved on account of reducing
the volumes of data involved in the sampling process. In this paper, we concentrate
on data prediction to conserve energy in wireless sensor networks. To do so, sensed
data is thought of as making a time series [28] where there may be a correlation

between the points. This fact serves as the rationale behind our method and implies
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that sensors could be powered down in judiciously chosen time intervals. The
correlation among the points would then allow prediction of sensed data during
sensors’ idle periods. To bring functionality to this idea, we make use of neural
networks from NAR (Non-linear AutoRegressive) model [29]. In accordance with
the proposed method, prediction of data was performed via non-linear
autoregressive network. Further on, this method was affirmed by conducting a
series of empirical experiments conducted within the frame of the research at hand.
Sets of data collected specially for the experimental part of the research included
humidity and temperature parameters from real sources. Performance of neural
networks in differentiated circumstances was observed and assessed by us. In order
to meet the objectives of the study the neural network was fed by two delayed
targets. As a result, the size of the network’s hidden layer was gradually altered.
The best prediction outcome was achieved upon feeding the network 20 hidden
layers’ neurons. In the parallel series of experiments the quantity of data inputs was
varied. Notwithstanding the increase in the input, the error rate had no sufficient
decrease. Therefore, it was proven experimentally that the method tested during
this study allows decreasing energy costs in WSNs. The results show that the
proposed method is very effective and saves over 65 percent of the energy while
preserving the qualitative characteristics of the test data. Our method is then
evaluated empirically through the experiments we conduct as part of this research.
As said earlier, datasets employed within the frame of the experiments contain

actual sensed humidity and temperature in different environments.
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In our experiments, we do not employ a round robin scheduler to schedule sample
acquisition in sensors. Instead, a central control unit schedules sample acquisition
in a nondeterministic manner. Thus, it is not required to perform any supportive
transmissions within the interval between any two sample acquisitions in a sensor.
It is also shown that there is no need for extensive knowledge of the deployment
domain so that optimizing the neural network’s parameters can merely be

accomplished on the basis of residual power volumes and sleep state periods.

4. Qutline of the thesis

In this thesis, firstly, we focus on two major phases of the work. Accordingly, each
phase has two parts. In the first phase dedicated to duty cycling, a new device for
the acquisition of environmental parameters with consideration of low power
consumption was developed. Then, the acquisition system was improved by
creating possibility of acquiring data from a number of sensors at the same time
and thus achieving higher amount of saving in power consumption. Respectively,
this approach is elaborated in each section.

Chapter 2 provides the reader with an overview of the notions, approaches and
methods that will be valuable to make clear the work that is accomplished in the
thesis. Each phase and step of this research is covered by related works that have
been followed by other scholars. The chapter is divided into four main parts. The
first three parts deal with the domain of wireless sensor networks, environmental

sensing and mobiles and duty cycling followed by an overview of the main
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networking issues. Time series approaches related works are covered by the last
part in this chapter. Chapter 2 mainly reviews the different modeling approaches
which have been investigated in the literature to address the issue of power
consumption in Wireless sensor networks.

The research methods are explained in Section 3 in four parts. The main part of this
section is elaborated in Subsection 3. a and b. It acquaints the reader with the
domain of Multilayer perceptron and nonlinear autoregressive, and covers the
methods regarding reducing the amount of communication employed by each of
these models.

Experimental results are explained in Section 4 based on the main phases of the
research. Section 5 discusses the method and the results obtained from the

experiments. Section 6 concludes the thesis.
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Chapter 2

Literature Review

1. Environment and Sensing

The number of people who tend to share and record data through the Internet
has widely increased in recent years. This similar tendency has required researchers
to analyze these distributed data. Many scientists and researchers encounter with
the explosion of information through blogs and social networks, therefore they
persuaded to investigate on this phenomenon. . Due to the advent of sharing the
data, new styles of life have been developed that influence different aspects of life
such as business, government and politics, commerce, public discourse, health and
medical, etc. Besides this phenomenon generates considerable changes on related
technologies.

In recent decades, scientists consider the environmental information as an
important aspect since it affects people’s real life. Due to the importance of
environmental influences, changes and interactions of information on our life,
these elements considered operationally valuable to define the environmental this
studying and indicates the limitations that exist regarding the knowledge and

uncertainties [30].
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In this section, a general and practical definition of mobile environmental
sensing is described to facilitate collecting and analyzing data to obtain
environmental information. However, wireless sensor networks make the following
environmental information available regarding temperature, humidity, pressure,
solar radiation. This chapter deals with the effectiveness of the smartphones, which
are similar to the sensors, to gather the environmental data from distance.
Furthermore, this technology has the potential development that many groups of
people are participating to gather data process. This feature is identified as
participatory sensing that allows to perceive the parameters of environment by
mobile phones. Some mobile phones are equipped with built —sensors and help to
sense and interpret the condition of environment.

In general, the term sensing is defined as an ability such as sight, hearing,
smell, taste, or touch which is used from the outside of body [30]. Generally,
“Sensing” and “Remote sensing” technology refer to detection or perception of a
phenomenon via awareness of perceiving the human’s external objects. It is
recognized as a simulated ability to detect and perceive the phenomena. According
to Hussein [31] definition:

“Gathering of information regarding an object without having physical
contact is named as remote sensing technique which is used to collect information.
It is considered to analyze the digital information quantitatively. .

Likewise, Bureau from Africa’s Office of Sustainable Development [32]

specified that remote sensing is defined as:
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“The science of attainment and interpretation of information remotely,
utilizing sensors without coming into physical contact with the observed object.”

Data gathered from distance, supplies the information that is not simply
accessible. In addition, another significant parameter is the time that facilitates
remote sensing systems to analyze the data at the required interval. Various
researches and projects applied different systems to sense from distance.
Inaccessible information can lead to more achievable data (but not completely)
therefore, these systems are favored since they make sensing the environments
possible. There are some differences between the method or the way of sensing and
the accuracy of information. Whereas, more sensing leads to more information but
not necessarily leads to accurate data. Consequently the process of sensing must be
improved to lead to the accurate data.

It is necessary to define the Environmental Remote Sensing, which means
to predict, analyze, and make decision regarding the environmental condition.
Subsequently the concept of environmental information and the process of data
gathering are concerned with the ambiguity and complexity, the information can be
accessed remotely is applied with different techniques to overcome subsequent
problems. The techniques of environmental remote sensing can be extended, to
apply various approaches, methods, and technologies to acquire related information
and furthermore achieve the accuracy of obtained data. Mobile phones are used as
a remote sensing method to access environmental information that enables the

systems to access data remotely by means of the most popular devices (especially
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for small distances). For example, in [4], we presented a method by using
smartphone to obtain environmental information for small distances. It is revealed
that environmental information can be obtained as moving is easier through

controlling and having warning facilities.

2. Mobile phone as a sensor

Power consumption is still considered a challenge from inventing the first
mobile phones that were light, small, and smart, in 80s. Mobile phones enable
people to connect with each other via text and voice. The manufacturers of mobile
phones included more services which is called PDA (Personal Digital Assistant)
namely checking email, playing game and sending and receiving files. When
characteristics of primitive mobile phones are combined with the PDAs’ abilities
with more applications are upgraded devices called Smartphones [33]. The process
of cell phones evolution is illustrated in Table 1. Three various generations of the
cell phones are generally compared in terms of size, shape, equipment and power
consumption. The mobile phones technology evolution in various fields beginning
with the first generation of mobile phones is revealed in this table. This growth of
mobile phones was very fast starting from category of simple low-end mobile
phones [20] and out to the smartphones that includes wide range of operations.
Several characteristics make these types of phones a part of daily life and identify
them as one of most commonly used electronic devices [21]:

. Multitasking operating systems
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. Running myriad of applications, and
. Having several features (such as Bluetooth)

Now they are involved in various applications:

. Health and medical [34]
. Military

. Environmental

. Home and office [3]

. Commercial

In reality, these potential attributes of new generation mobile technology
such as computing, communicating, analyzing, and monitoring considerably
influenced the quality of life.

Currently, the subsequent compound is applied in different fields for
example environmental monitoring, business, healthcare, social networks, safety
and transport. These equipped devices facilitated various application with respect
to different domains along with their operating systems [35]. These new mobile
generations, particularly smartphones and tablets, have been using to monitor the

parameters of quality of life. The following sensors in these smartphones:

. Accelerometers
. Compasses

. GPSs

. Gyroscope

. Microphones, and
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. Cameras

These kinds of sensors are still set in the smartphone [36], however the air
quality or the pollutants of the environment are not considered. These sensors are
embedded as part of the mobile phones that can enable the internal APIs of them.
The microphone, the camera, the GPS modules are sensors which are easily
recognized easily by everybody. Some external sensors are utilized besides the
embedded sensors; two kinds of external sensors are also used as a prototype in this
chapter. Commonly, wireless sensor networks apply sensors as pre-planned sensors
which are equipped on carriers or vehicles, with fixed routing plans; otherwise, at
the present time, mobile devices used as data collectors, particularly smartphones,
play major role as distributed movable sensors. Moreover, they can share
information with groups or communities as a key parameter to assist governments,
groups of people, and researchers in various communities for making important
decisions [23]. As it is mentioned the abilities of smartphones such as computation,
communication, and sensing, create the conditions of participatory or opportunistic
operations [37], There are two types of sensors in case of mobility; the first type is
identified as the wearable sensors, which is worn by people [38]; the second is
named as Phone to web [39], that is also known as phone sensors. Some mobile
devices such as PDAs and cell phones can be connected to devices to transfer data
via Bluetooth. In other usages they acted as memory cards to store data rather than
transfer it online. In contrast, the gathered data can periodically or continuously be

sent to other devices or center station. The second type of mobile application is to



19

record the information of the environment. The mobile phones are able to record
necessary data and afterwards send it quickly to a particular station or upload the
data through internet to the web portal [6]. The environmental information can be
gathered by users in different circumstances for instance walking, biking, driving,
and running; also they can include the location and tagged (i.e. custom) data.
Otherwise, it is not possible to apply camera, send text messages, or tag more
information in these moving circumstances. Therefore, mobile phones and Web are
used to communicate and promote the quality of lifestyle, and to assist elders, their
families, and doctors in medical cases [6].

Monitoring the environment can be conducted in different situations. In
these situations, personals, groups, and communities have been using wireless
sensor networks [36] to obtain environmental information. Nowadays, simplest
way to obtain environmental information is to employ the mobile devices.
Environmental sensors, such as temperature, humidity, solar radiation, and pressure
provide possibility to monitor outdoor and indoor sites simultaneously. However,
one of these types of networks’ features is that they usually enable transfering the
short distance data transferring. In design of any related networks’ system, two
parameters of low power and low cost are considered essential. Generally, four
parameters significantly influence the structures of sensors and subsequently their
platforms:

. Deployment (based on activities)

. Location (indoor or outdoor)
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. The application

. Data

Two useful parameters of sensing environmental information such as
temperature and humidity are employed to control and monitor diverse fields such
as medical, social services, and agriculture. Mobile robot temperature sensing is
identified as a sample solution to monitor temperature of the airport and hospital
[40]. This robot has the potential and capacity to be employed in other application
for instance detecting heat temperature for firefighting. Likewise, wireless sensor
networks’ solutions are used with fixed distributed sensors [41, 42]. Small
environment can be monitored via mobile phones rather than using pre-planned or
robot sensors systems [43].

This section deals with the probability of the smartphones application for
collecting data from other phones or sensors. Currently, two important parameters
for monitoring climate condition are identified as temperature and humidity to
sense the environmental changes in order to prepare more useful information about
living or working places. To this end, it is a novel solution to use distributed devices
in various environments equipped with high-resolution sensors and wireless
transmission devices to transmit data to smartphones. The Bluetooth which is
embedded in all smartphones can be utilized as a tool to transmit data in the place
where Wi-Fi connection is not available. Smartphones facilitate communication
with other gadgets equipped with the programmable tools with the possibility of

having diverse types of applications. They are capable to gather, analyze, and
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confirm data. In [5], we proposed and improved a prototype to sense Temperature

and Humidity by using a number of Bluetooth-based sensors to monitor

environmental conditions in the android-based smartphone.

Table 1. The Growth of Mobile Phones

Type Analog Digital Smart Phone

Weight About 2 Ib About 7 o0z. Less than 5 oz.

Processor Simple tasks Preliminary tasks Advanced tasks such as
multimedia, internet
communication, playback

Memory Only for storing some  For storing more datain  More than 32MB with

setting and phone the range of megabytes  possibility to have extra
numbers memory

Bluetooth - A few of them Yes

Battery For talking short time For talking long time For talking in longer time

and
for standby time

and
for standby time

and
for standby time

3. Duty Cycling

As of today, it is common practice for developers to refine on the structure of

wireless sensor networks so as the latter would incorporate duty cycling strategies.

Duty cycling method assists in mitigating power consumption by regulating the

work of the motes. In particular, the essence of the aforesaid method lies in

switching on the radio of the mote strictly at the time of its active participation in

data processing. Having been introduced into the field quite recently, duty cycling

as a method has gained popularity soon. To date, duty researchers work on

accomplishment of 0,1% duty cycles, which is rather high-reaching objective [44].

Updates on the duty cyclings usually envisage different modifications on nodes'

interaction and its further synchronization as per the hardware and acceptable
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complexity parameters. Also, varying duty cycling methods are distinguishable by
their inherent features, such as, for example, topology, thresholds for network
density, fluctuations in increase of delays etc. In [8] duty cycling is categorized

through two different and complementary approaches shown in Figure 3.
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Figure 3. A detailed taxonomy of Duty Cycling schemes considering Energy conservation in wireless sensor
networks based on the general taxonomy that is presented in [8].
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Figure 4. A taxonomy of Duty Cycling techniques in wireless sensor networks based on the

general taxonomy that is presented in [44].
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Since in [44], as shown in Figure 4 the authors presented other taxonomy.

It is important to know that there is a potential for taking advantage of the
redundancy of the nodes. The latter commonly occurs in WSNs: the connectivity is
therefore maintained merely by reliance on a small fragment of active nodes,
chosen adaptively. Respectively, the sleeping mode can be enabled for the nodes
which do not take part in maintenance of connectivity. As opposed to that, other
nodes which contribute to stabilizing connectivity are defined as topology control.
Topology control is established with the aims of extending the lifetime of the
network by two or three points in comparison to the networks which encompass
only active nodes [45, 46].

However, the studies show no strong need for keeping the radio of the active nodes
switched on at all material times. Instead, in the absence of any activity of the
network the nodes, singled out by the topology protocol may continuously make
changeovers between the periods of waking and sleeping. Similar the approach was
adopted by us in the second step of our research’s first phase. The first survey
presented above focuses on the duty cycling processes which involve only active
nodes as "management of power'. Power managing and control of topology both
depend on duty cycling processes. The granularity of these processes may
considerably vary. The type of the network's architecture determines which of the
two existent categories the techniques for power management may be fitted in. This

category is explained in more details in the second mentioned survey which also
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includes expanded taxonomy. To be more specific, there are two categories of
cycling strategies, i.e. synchronous, asynchronous schemes. As a matter of fact,
synchronous and asynchronous methods sufficiently differ as regards the extent of
synchronization itself. For instance, asynchronous strategies do not envisage
maintaining uniformity of the clock on account of the nodes, whereas synchronous
strategies require strict adherence to time limits. Also, distinguishable principles
of these two methods allow for creation of a combined method, known as semi-
synchronous or semi-asynchronous scheme. This hybrid method is based on the
relative simplicity to accomplish pair-wise synchronization rather than attempting
more general synchronizing. Figure 4 overviews the taxonomy described above.
Figure 3 demonstrates two possible options for the integration of power
management protocols, i.e. first option suggests that such protocols be fully
implemented into the MAC protocol, while the second option presupposes
integrating the sleeping and waking components of power management protocols
at the top layers of MAC protocols. Figure 4 provides for more extensive
description of sleep/wakeup protocols.

Total integration of power management protocols into the MAC layers facilitates
regulating power expenditures by assisting access to the medium within the
duration of active and passive periods, in contrast to that, separate protocols
responsible for sleeping and waking phases are more easily adaptable to

requirements of particular applications and circumstances. In other words, these
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protocols have greater flexibility in comparison to top layer protocols, and thus may
be used at any level of the MAC protocol.

As it was referred to above, main purpose of developing data cycling method was
optimizing the nodes' energy costs and prolonging lifetime for the network. This
method seeks to eliminate idle periods of the network’s components, for instance,
radio continuing its work outside related data transmissions. Though, solving the
problem of the idleness of the radio have never been straightforward: it still remains
difficult to predict at which moment the mote will receive a new package of data.
Besides, apart from the idle periods attributable to the radio there exist other risks
threatening stability of the network. For example, energy supply can be exhausted
when the node overhears those frames which do not have any impact on the
system’s power. The occurrences of wasting power require thorough analysis due
to the fact that duty cycling may unwillingly trigger collisions between the nodes,
which are likely to boost power expenditures contrary to the goals pursued by the
method. Even though duty cycling has gained reputation of as a deeply-rooted
method, this area demands profound studies. For instance, one of the developers'
nearest objectives is to adopt duty cycles which can retain efficiency by abandoning
secondary goals of network performance.

One of the latest developers' innovations is incorporating duty cycling into WSN's
architecture, even though it may require further research and upgrading. Ideally,

duty cycle introduced to the system should not exceed 1% of the radio's
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performance [44]. Yet, it is almost inevitable that other targets of the network's
activity might be eventually overlooked.

All in all, there exists a wide range of wireless sensor networks, which differ by
their architecture, weight, practical applications etc. Following the objectives of
this research, it important to explain distinctions between the wireless sensor
networks regarding to duty cycling. WSNSs, as said earlier, may have a lot of
discernible variations based on the categories to which they belong. Within the
frame of the research, [44] suggests that the differences between WSNs be analyzed
according to the networks' hardware, deployment and application characteristics
that all showed in Figures 5, 6 and 7 respectively. It should be noted that the
categories listed above happen to have mutual dependence. With regard to the fact
that WSNs are usually tailored for predefined application, deployment and mote
features of the network should be compatible with requirements dictated by that

application.



Application

End-to-end delay

Data flow types requirements

Frequency of

transmissions Security requirements

Synchronization

requirements Additional remarks

Figure 5. Duty cycling performed for actually existing wireless sensor networks
requires considering extensive applicational taxonomy at the stage of the networks'
designing. Therefore, apart from establishing the requirements pertinent to the
communication of entire network the application will also engage in selecting mote
hardware for the sensor.
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Terrain
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nodes
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Additional remarks

Figure 6. Usually, it is not feasible to consider extended taxonomy of customized hardware,
rarely available in the market. Instead, it is advisable for the developer to select more readily-
available and convenient technical solutions. Complications arising out of the hardware's
incompatibility with the main system threaten to impede the process of duty cycling. Duty
cycling technique will not be able to exploit its inherent features such as synchronization,
memory, processing, communication abilities in case of hardware-related constraints.
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stability)
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Additional remarks

Figure 7. The individual needs of the application may not only significantly influence the
taxonomy elaborated for the characteristics of deployment, but also make an impact on the
designing and selection of the scheme for duty cycling.
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4. Data Prediction approaches

Data readings in WSNs are often impeded by insufficient energy supply of the
network. However, the actual data which could be acquired from the nodes may be
substituted by the predicted data, which is the aggregate of the readings from one
or several sensors.

In [8] and [47] the authors analyzed three basic approaches to data prediction,
namely algorithmic, stochastic and time series forecasting methods. For the purpose

of our study, these three methods are summarized in Figure 8.

Data Prediction

Stochastic Time Series Algorithmic
Approaches Forcasting Appraoches

Random process

described by PDFs Heurisitic

State space

representing State-Transition

Figure 8. A detailed taxonomy of Data Prediction schemes
The goal of data forecasting method is to substitute any real data with a model

which applies predictions to respond to a set of relevant queries. For the purposes
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of testing the validity of a model, the data is first subjected to regular sampling by
sensor nodes and then compared against the forecast. Consequently, validity is
considered to be affirmed when the data prediction falls within the extent of set
thresholds and/or tolerances. In the contrary case, the sensor node will update the
model in question or use actual data sampled before. The structure of the model and
its working principles usually define which forecasting method would be

compatible with it.
a. Stochastic Approaches

For the first time, the description of method for data forecasting applicable for
WSNs was described in [48]. The aforementioned technique involved a so-called
"probabilistic model". In greater details, the framework developed by the authors
allowed wireless systems to exploit correlation-aware probabilistic models while
processing the queries. Upon incorporation of the model, it was no longer needed
for the system to make any direct connection to the network itself. Accordingly, the

quantity of data transmissions was sufficiently reduced. Though, the aim of the
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work referred to above was not confined merely to reducing the data transfers but
to find a means to cut down the quantity of required data samplings.

Probabilistic model relies on the forms which apply stochastic characterization
methods to statistical properties and probabilities of the system. Basic techniques
applied in this respect are as follows:

1) State space representation
2) Random processing.

Firstly, in the course of performing state space representation non-predictable
components (noises) are eliminated, which, in turn, enables predicting further
coming samples. It is possible to randomize the data, thus fitting it into the
probability density function (herein - "pdf"). PDFs generated this way may serve
as base for data prediction [49]. However, preliminary combining of PDFs with the
samples acquired earlier is obligatory in such case. Secondly, labeling noises as
unpredictable components and excluding them from the transmission helps
obtaining state space representation for the chosen phenomenon. The approach
addressed above may be illustrated by the Ken solution cited in [49]. This solution
is targeted at reconsideration of the technique used to process basic tasks on data
collection, such as, for example, "SELECT" queries for collecting data and
detection of anomalies. Following the contemporary practices (such as BBQ [48]),
Ken achieves desirable accuracy by relying on probabilistic models. The key asset
of Ken's solution is its capability to ensure compliance of the predicted data with

the real value determined by sampling. At the same time, Ken helps shrinking the
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volumes of data subjected to transferring. During the prediction each model
involved in the data transfer is duplicated two times: first time when it leaves the
source, second time when it enters the sink. Following this scheme, it becomes
possible to acquire pdfs which correlates with specified attributes. Should the
probabilistic base model lose its validity, it will be automatically upgraded by the
corresponding node. As soon as the upgrade of the model is effected, the sink will
receive new samples required for further updates. It should be emphasized that
models built with regard to temporal and special correlations may be used during
the training of Ken's method equally well as the ordinary models. The same refers
to the models devised to deal with the peculiarities of particular phenomena. By
way of example, it is rather challenging task to develop the analogue to spatial
correlations, whereas temporal correlation known to resemble Markov processes,
and thus can be generated as such. Since Ken is capable of processing varying kinds
of processes, it may be uniformly applied both to spatial and temporal correlations.
Though, the potentiality of Ken's solution is limited. Hence, there arises the need
of expanding the scope of its functions by reaching to a Dynamic Probabilistic
Model (herein - DPM) which provides for a smarter interface and enhances the
view of probabilistic database. DPM is elaborated in more details in [50]. DPM
opens up new opportunities to perform model-based views and enables more
convenient managing of the databases by users. Via DPM users receive insight into

databases stored by the sensors.
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b. Time Series forecasting

Time series prediction is the second data prediction method which will be
considered within the frame of the research at hand. During the time series
prediction most credible values of future transactions are generated by analyzing
values acquired from previous data samplings. In contrast both to probabilistic and
statistical methods, in the interim of time series prediction only the internal data
structuring is being processed. The forecasting involves the following successive
steps:

1) An error is randomly selected and compared against the established

pattern

2) The pattern is defined as regards its inherent features, i.e. fluctuation,

periodicity etc.

3) Generating prediction model based on accomplished characterization of

the pattern.
Then by the generated model it is possible to predict future values. So far, time
series forecasting proves to be most compatible with non-complex basic models,
such as, for example, auto-regressive, moving average or combined techniques [8].
In theory, the aforementioned models may be substituted by more contemporary
and more complicated solutions, for example, GARCH and ARIMA [51].
However, in the case with WSNs more lightweight technique is preferred, since

high intricacy of the models threaten the stability of entire systems.
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[52] refers to PAQ which makes predictions of future values dependent on the in-
built autoregressive models, attributable to every sensor. During the transmission,
any immediate communication of the models with sensors is set aside. Instead,
models are processed by a sink node. Accordingly, predicted values are then
modeled. The sink is regularly updated as regards any new developments of the
models or acquired data on external readings. Upon implementing this method the
monitoring of sensors becomes more straightforward on account of dropping
mostly unnecessary communications. Also, error-bound rate of forecasted data
remains within control of WSN's users.
The prediction itself starts at the learning phase when values acquired previously
are used for generating appropriate model. Meanwhile, the sampled data is queued
with the aid of the corresponding nodes. As soon as the queue is completed the
model can be generated and transferred further to the sink. In order for the model
to be regarded as feasible the values obtained via it should not exceed the acceptable
rate of errors. In the opposite case, the system may follow the scenarios:

a) Defining outliers among the data sets and excluding them from the

reading (marking the samples),

b) Singling out invalid models and forwarding the latter for recalculation

(marking model). It should be mentioned that the model is no longer valid

when a sufficiently high quantity of readings performed within a series

overlap the error threshold. Therefore, as soon as the update is completed,

the model is directed back to the sink.
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Another workable technique that can facilitate time series forecasting is familiar as
"distributed clustering scheme™. This technique is feasible for regrouping the nodes
based on their similarities. Nodes are considered to be if they relate to one specific
model operating within the limits of the chosen threshold. This threshold is defined
by the users of the system. Also, PAQ makes it possible to give probabilistic
responses to the queries relying on AR models. There exists two basic schemes for
the operation of the model, i.e. it may be applied directly to the sink and to
individual sensors;

In the first case, it produces ordinary reading, whereas in the other case the model
aims to determine discrepancies between real and predicted data or any other
failures requiring timely notification to the sink. As it was discussed earlier in this
work, the model must be reconsidered if the data predicted by it appears to have a
large error rate when compared to recent readings. On account of that, it may be
concluded that AR models are fully capable of cutting down the number of
communications involved in observation of the nodes. In the course of AR's
operation the quality and accuracy of readings is not compromised. In contrast to
the techniques that envisage use of probabilistic models, Because of AR, PAQ
shows considerably better results, since the modest size of this solution enhances
data processing. To be precise, PAQ allows maintaining high precision of
monitoring performed on the models without increasing the number of relevant
communications. Also, PAQ enables straightforward and prompt scanning of the

models for detection of outliers and unpredicted parameter variations.
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Further on, in [53] the author overview another type of time series models known
as Similarity-based Adaptive Framework (SAF). SAF represents the combination
of AR and a time-varying function. SAF encompasses benefits that would be
enlisted below:

1) It is efficient in performing value predictions for the sensors which
evaluate environmental parameters like humidity, temperature and others,
2) It has low operational cost,

3) It is compatible with contemporary WSNSs.

Unlike PAQ, SAF is not devised for performing repeated readings for the purposes
of increasing precision of the prediction. Instead, SAF seeks to prevent the
involvement of highly noisy data and outliers in the readings. Moreover,
implementation of SAF allows forecasting the values disregarding abnormalities of
their variations. This is accomplished by way of including the trend component into
the volume of data under sampling. This feature of SAF contributes in the accuracy
of performed prediction and extends the scope of detections to discrepant data.
There is arisk for the data to become inconsistent should any complications impede
the sensors' calculation of models. Assuming that data degrade actually happens,
the node will be commanded to initiate the scenario for restoring the stability of the

model.
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c. Algorithmic Approaches

Final chapter on comparing methods for data forecasting is dedicated to heuristic
models. Heuristic models are also referred to as "state transition models". The task
attributed to heuristic models lies in selecting correct techniques for devising novel
models or inputting updates on characterization into currently valid models. There
also exist some alternative models which can be tailored to technical requirements
of WSNs. [54] addresses one of the alternative solutions mentioned earlier. In
particular, the authors refer to Energy Efficient Data Collection (EEDC)
mechanisms. It serves as an example of a behavioral model. The role of EEDC may
be described as conducting source-initiated updates. In the course of source-
initiated update, real value of sensed data is compared against the upper and lower
node bounds. The precision of performed readings is confirmed by calculating
differences between these two bounds. Later on, the sink distributes upper and
lower bounds between the sensors which altogether form the network. Further data
acquisition envisages matching bounds to the acquired samples. If the anticipated
precision is not met, the sink would be immediately updated. Apart from
aforementioned factors, several other issues may require more focus within the
frame of this analysis. Particularly, it is essential to provide explanation of the
reading process for better understanding of applicable heuristics' principles.
Therefore, the process is initiated when users of the system send queries to the sink.

These queries embody strict accuracy parameters. Contingent upon determining of



41

a variation between the real values bound and the accuracy of the incoming query
the sink may switch to the usage of cached range instead of actual range.
Approximation generated this way will be communicated to the node. Though
power consumption limits should be minded during the whole process. With regard
to the need to keep consumption of power at moderate level the researchers propose
to implement a new computational method. The methods should seek to organize
representation of data by most suitable ranges.

Besides, reduction of power consumption is also possible to achieve upon
compressing the sensed data. In [55] scientists provide overview for PREMON,
which aims to observe different kinds of correlations typical for the readings
performed by spatially proximate sensors. Respectively, temporal, spatial and
spatial-temporal correlations may occur. PREMON method relies on the same
principles as adopted in compressing the size of videos. In other words, MPEG
technique embrace on wireless sensor Networks’ behavior from the moment when
sink receives their first readings. Here, the role of the sink is to build a prediction
model based on correlative properties. The sensors receive the model as soon as it
is devised. Similarly to other techniques discussed in this chapter, MPEG
presupposes comparison of the real values and predictions formulated by the model.
If the discrepancy of the actual data and predicted values is insignificant, there is
no necessity to communicate the real value to the sink. Pursuing the objective to
increase the accuracy of predictions, model is occasionally annulled and new

models are created based on more recent data samples.
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d. Comparison and Summary

Among the aforementioned options, the stochastic approach is the most holistic and
integrated solution. Feasibility of the said method is widely acknowledged.
Moreover, such technique offers new opportunities for conducting data aggregation
and other related high-level tasks. At the same time, the major disadvantage of
stochastic approach and/or similar methods is their excessive consumption of
energy. Our observations reveal that the stochastic framework is especially feasible
when applied to many sensors. In this respect, stochastic methods do not suit the
purposes of the present study, which primarily concentrates on low-power sensor
networks. Yet, the computational cost of the stochastic framework can be reduced
with the aid to a distributed model which retains robustness of network without
extra energy losses. Referring to Algorithmic methods it should be highlighted that
such methods cannot be analyzed in the cumulate. There is no general concept of
an algorithm. On the contrary, each algorithm serves a certain purpose, the
peculiarities of which should be considered in development process. Specific
features of these algorithms, as said earlier, are mainly revealed during their
practical application. With regard to that, it is advisable to analyze each algorithm
separately.. Hence, Time series prediction method most effectively meets the goals
of the study in question since time series prediction usually runs at a moderate
energy cost. In this regard, it has been proven experimentally that time series

forecasting may be performed on low power networks without compromising the
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accuracy of predicted data. In the same vein, up-to-date technical solutions do not

involve the whole amount of data in the sensing processes before enabling a

compatible model. As a result, sufficient computational reduction is achieved. It

should be also apparent that the extent of possible reduction is directly proportional

to the volumes of stationary data subject to sensing. Upon comparison of

corresponding approaches, it appears that Time Series predictions are most

prevalent in the WSNs realm. During past ten years the scientists working in this

field have aptly compared the techniques designed for time series predictions

demonstrated in Table 2 that is mostly listed in [47].

Table 2. Time series samples of data prediction

Predicting Method Samples Description

Dual Prediction Scheme(DPS) or | [28, 56 — 60] Agreement between node and

prediction approach based on sink with threshold

Kalman Filter

Least Mean Square (LMS) [57 — 59] No Agreement between node
and sink — No prior knowledge

Moving Average or [47, 61, 62] Sink and sensors exchanging

Autoregressive based models data and performing prediction

(AR, ARMA and ARIMA) on both sides.

A hybrid model based on Grey- [63] -

Model-based and Kalman Filter

Proportional-integral—derivative | [64] -

(PID)

“Send on delta” [65] Calculates the difference
between the current value and
the predicted value.

Mean square error (MSE) [58, 59] Calculates the difference
between the current value and
the predicted value.

Root mean square error (RMSE) | [62, 66] Calculates the difference

between the current value and
the predicted value. / Ratio
reduction/RMSE.
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Today’s WSNs are capable of processing complex algorithms but the highly
variable data should be avoided for the sake of accuracy. In the meantime, WSN
data prediction is usually performed via models based on time series forecasting
instruments, such as Moving Average (MA), Autoregressive Moving Average
(ARMA) [61] and GM(1,1) [67]. In case the probability density model is tried on
the data in laboratory conditions, stochastic approaches have proved to be more
effective. Meanwhile, it is still impossible to disregard the risk of computational
overhead of the applied algorithms approaches. In view of the foregoing, this paper
aims to propose the time series based method of data reduction essential for
decreasing energy consumption during sensors’ communication. This objective is
met by putting the network through meticulous examination prior to selecting the

appropriate time to commence interrogation of certain sensors.
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Chapter 3

Research Method

In the first phase of the project, duty cycling approach is applied. Then, in
second phase a data driven approach is used both for attenuating amount of
communication and consequently, reducing power consumption. In this thesis, two
different scenarios are followed during the first phase. First phase involves our
primary version of both sensor and application. In the second step, both sensor and
application are improved. There are two different methods that are used for the

second phase as applied data prediction approaches.

1. Bluetooth as communication Protocol

We have analyzed a very wide range of basic communication protocols.
Even though it is considered to be an application-specific choice, but we have

tried to make a general overview on these protocols (see Appendix A).
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2. Bluetooth-based, low power temperature
and humidity acquisition system

a. First version of the Bluetooth sensor

The goal of the first version of the Bluetooth sensor was to demonstrate the
feasibility of the architecture and to provide a device which is easy to interface to;
this way showed the ability to have a simple data stream, so it made it possible to
develop the “client side” application more easily. The sensor is presented in [4]. It
consists of a temperature and humidity sensor, a microcontroller and a Bluetooth
module. Figure 9 and 10 shows the first version of the sensor from both sides. The
Bluetooth-based temperature and humidity acquisition system consists of a device
comprising a sensor and a microcontroller that wirelessly transmits these climatic

parameters to a receiver using the Bluetooth communication system.
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Figure 9. The electronic circuit related to the Bluetooth-based temperature and humidity
acquisition system at Bottom view of the device including the temperature and humidity
sensor and the microcontroller

Figure 10. The electronic circuit related to the Bluetooth-based temperature and humidity
acquisition system at Top view of the device including the battery holder and the Bluetooth
module.
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For the realization of this system, a very precise temperature and humidity sensor
(SHT11 from Sensirion, temperature range from -40 to +125°C and accuracy of
0.4°C, humidity range from 0 to 100% and accuracy of 3%) was inserted to the
board. The sensor was chosen due to its very low power consumption (about 80uW)
and high accuracy. By using the 12C protocol it communicates the environmental
parameters to a microcontroller (C8051F314 from Silicon Labs Inc), which was
selected for its low power consumption as well (about ImW for 1IMHz operation)
and its internal characteristics that fits the requirements of the device. The
microcontroller acquired temperature and humidity values from the sensor each 10
second, and it is connected to a Bluetooth module through its embedded UART
(Universal Asynchronous Receiver-Transmitter).

Bluetooth was chosen as wireless communication system because of its relative low
power consumption (compared with other high data rate wireless communication
systems, such as Wi-Fi), simplicity, wide use in the world, and the capability to
work in lack of particular condition (e.g. the absence of the Wi-Fi connection).
Moreover, since the main idea is to acquire and store data using a smartphone,
Bluetooth was preferred since it is embedded in nearly all smartphones. In order to
enable Bluetooth in the device, an embedded module (F2ZMO3GLA from
Free2Move) was chosen for its simplicity and relative low power consumption
(about 0.6mW in sleep mode and 200mW during the transmission). The Bluetooth
module receives data from the UART of the microcontroller using the SPP (Serial

Port Profile) service, and directly transmits it to a receiver using the Bluetooth
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Protocol. The device is powered by a lithium button battery (CR2247 from

Motorola) that allows to it working for a long time according to its high capability
of 1000mAh. The voltage supply of the device is 3V.
Generally, the designers overlooked the necessity to implement power saving
techniques at the early stages of devising the sensor. As advantage of the Bluetooth
module is its extensive connectivity. Accordingly, persons using this module may
establish connection with it at any moment. As soon as the user of the module
connects to the serial port, data on humidity and temperature measurements will be
immediately generated, encoded by ASCII and transferred to the user's device. Yet,
in the absence of any energy cost reduction mechanism, operations targeted at
performing measurements of environmental parameters are impeded by power
supply insufficiency. In this regard, it is suggested that the following points be
enhanced:

1. Measures need to be taken in order to prevent excessive energy

consumption in the times when the Bluetooth module is activated.

2. Power consumption of the microcontroller should be cut down.

3. The protocol itself requires full upgrading in view of the low energy

consumption requirements.
The second version of the sensor created within the frame of this research was
devised based on the aforesaid recommendations.
In this context it is necessary to highlight that most recently created Bluetooth

modules (i.e. version 4) incorporate certain low power consuming techniques. In
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fact, most of the power available to our nodes was consumed by the Bluetooth
module. Yet, the research at hand envisaged application of version 2. Accordingly,

Bluetooth version 4 was not analyzed at this work.

b. Second version of the Bluetooth sensor

As already stated, the first version has a major problem: it consumes too much. That
device is battery powered and it comprises a temperature and humidity sensor, and
a microcontroller that transmits these climatic parameters to a receiver using a
Bluetooth module. However, the presented has excessive consumption of energy
since low power techniques were not adopted during the design; consequently, the
battery lifetime is limited.

The second version was designed to keep the power as low as possible. This is done
in three ways: by changing the components, changing the way they are handled and
by changing the protocol.

In order to reduce power consumption, a novel Bluetooth based temperature and
humidity acquisition system was designed and as for the components, a new
microcontroller was chosen. A low power temperature and humidity sensor
(SHT21 from Sensirion, temperature range from -40 to +125°C and accuracy of
0.3°C, humidity range from 0 to 100% and accuracy of 2%) was used to sense
environmental parameters. The sensor communicates the environmental parameters
to a microcontroller (MSP430 from Texas Instrument) using the 12C protocol. This

microcontroller was selected because of its low power consumption and its



o1

integrated peripherals. In fact it consumes on average 24pW when transmitting data
each minute, while the one used in the previous device consumes about 3mW. In
order to avoid power consumption, the microcontroller switches on the temperature
and humidity sensor only during the acquisition of the environmental parameters,
then it switches it off. Moreover, the microcontroller puts itself in a low power
mode between two consecutive measurements in order to save power. The time
distance between two consecutive temperature and humidity measures can be set
directly by the user; since the power consumption is proportional to the measuring
frequency, modifying this parameter the user can select the best tradeoff between
high sampling rate and long battery life. Bluetooth was chosen for its relatively low
power consumption (compared with other high data rate wireless communication
systems, such as Wi-Fi [24]), simplicity, wide use in the world, the capability to
work in lack of particular conditions (e.g. the absence of the Wi-Fi connection),
and mainly because it is embedded in nearly all smartphones. The Bluetooth
module F2MO3GLA from Free2Move was chosen for the designed device. Again,
the main criterion used in this choice was power consumption; in fact it consumes
about 26mW when it is waiting for connection and 90mW during the transmission.
The Bluetooth module receives data from the UART interface of the
microcontroller, and forwards it to a receiver using the SPP (Serial Port Profile)
service. The microcontroller switches the Bluetooth module on only during the
transmission of the environmental parameters, and then turns it off. In order to

reduce the power consumption at minimum, switching off the Bluetooth module
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was preferred to putting it in sleep mode. The device is powered by a 3V lithium

battery (CR2247 from Motorola) that allows the device to work for a long time
thanks to its high capacity (1000mAh). Both sides of the electronic circuit of the
Bluetooth based temperature and humidity acquisition system are shown in Figure

11 and 12.

Figure 11. The electronic circuit of the new Bluetooth-based temperature and humidity
acquisition system at top view of the device including the temperature and humidity sensor,
the microcontroller, and the Bluetooth module with the clearly change in size.

Figure 12. The electronic circuit of the new Bluetooth-based temperature and humidity
acquisition system at bottom view of the device including the battery holder.
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c. Smartphone application for sensing a

number of sensors

As a prototype, an application for performing sensing operations via one sensor was
developed for communicating directly with a certain sensor in [4]. The application
read and stored data that aided to analyze them and the system performance and

accuracy. As it shown in Figure 13, the obtained data of one sensor is displayed.

Sony Ericsson

7 . A - 22

Figure 13. The “Display” part of the aBluSen previous version shows the temperature and
humidity values obtained from the Bluetooth-based acquisition system.

The new version of the application reads data for several available sensors that are
distributed in short distance around the mobile phone. The user can discover the
sensors and select them manually, or this task can be accomplished automatically.
It means that the user can select the required sensors by himself/herself or it is

possible to organize system to communicate with all available sensors in the certain
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area automatically. The software continuously checks for the availability of the
sensors and the connections. Each minute, the application can repeat the process of
connection, disconnection, and reading for each sensor. As it shown in Figure 14,
itis possible to select several available sensors and run system to work with selected

ones.

Paired Sensors

N TH_8T AME

N THBT-MAK

N Thar

Available Sensors

Figure 14. “Select Sensor” part of the new android application (aBluSen ) for selecting
several available sensors.

Among each of these processes, the availability of the selected sensors is checked.
Also, there is an alarm if no sensor is detected in the network.

Unlike the first experiment’s mobile phone application, the new version enables to
show current and previous data of the current connected sensor and the last one (see

Figure 15). The system shows the temperature and humidity values of the previous
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connected sensor at the time the system tries to connect to the next sensor or reading

the sensor. It means that, at the same time, there will be the values of last two read

sensors in the screen.

3 alCY 139

Current Data
THT. % RH
263 51.0

Update frequency:1

Sensor Number: 3

Sensor Name: TH-BT

Status: Reading...

Buffer Counter: 5

Previous Data THT. % RH
26,6 50

Total Sensor Number: 3

Figure 15. “Display” part of the new aBluSen application for the android’s mobile phone
that shows the current and last data of the temperature and humidity values of the two
sensors at the same time

The application was developed, as the previous version, for Android! mobile phone

with the updated version of the Android software development kit (SDK) (with the

! The Window-based application called “BluSen” is developed as well to meet the
needs of the system. It is programmed by C# .net. Readers who want to develop the
application or continue this research may pay attention to Appendix B which
contains some parts of the source codes.
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ADT Plug-in for Eclipse). The application has a menus for different features;
aBluSen has four main parts:

e Configuration

e Discovering

e Selecting sensors

e Display

Discovering and Selecting parts both have a menu; the former is for scanning

the available sensors, while the latter makes it possible to select desired Bluetooth-
based sensors from which gather the environmental information. aBluSen
distinguishes between non-Sensor Bluetooth-based devices and Sensors. Checking
the name of the devices is a method to detect differences between Sensors and non-
Sensors. In Configuration part, user can set the number of sensors that can be
simultaneously connected, sampling frequency, and also the way of system
working (e.g. manually or automatically). As mentioned before and showed in
Figure 15, Display part shows the temperature and humidity values as
environmental information related to the current and previous sensor, number of
available and selected sensors, sensor information. After first communication,
sensors are set as Paired-Sensors. After selecting sensor/s, the process of connecting
starts. In some cases, twice attempts are needed to connect to the sensor. There are
two methods of connections:

e Standard method

e Reflection method
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If the standard method of connecting failed, the reflection method is then launched.
The second method avoids failure of connection during the standard attempts for
connecting. After connecting, the aBluSen tries immediately to read data from the
open port. The mobile phone keeps listening to the port to read Input stream while
connected. The size of buffer can set from the application that handles the amount
of data for each time of reading. The default size is 64.

The obtained data stream needs to follow the process of tokenization to break
desired values of temperature and humidity from several lines of data that are read
from the sensor. For example, the following line is the sample line of read data for
the first attempt to a sensor: T=+ ., +25.6,46. Two required values break from the
lines. Here +25.6 is the temperature and 46 is the humidity. At the same time, all
sensor data is being stored in a text file in android based mobile phone. The
application has a setting to select a number of available sensors to follow mentioned
processes automatically. There is a menu with multi-selecting feature to choose
sensors then aBluSen connects to each of selected sensors as described for the single
sensor. The process of reading from connected sensor will be finished after a certain
time. This period for each sensor is 1 minute as default. The frequency sample can
be changed for communicating and reading to/from the sensors. After this certain
interval, the reading process will be stopped then the application tries t
communicate between mobile phone and the other selected sensor. The mobile
phone communicates with all sensors and reads and stores information according

to the configured interval. As it is demonstrated in Figure 13, the display shows the
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environmental information and the name of the connected sensor while reading

data. The application can work continuously.

3. Algorithm for efficient sampling

a. Using a Multilayer perceptron

To reduce the number of acquired data, we predicted them and estimated the
uncertainty of the prediction. An additional measurement was required from a
sensor when the associated uncertainty went beyond the threshold.

Each available measurement was considered together with its uncertainty, assumed
to be equal to the accuracy of the sensor. A MLP was used to perform periodically
a forward prediction on 100 realizations of stochastic inputs extracted from a
uniform probability distribution with mean and range given by the available data
and their uncertainty, respectively (see Appendix 1 for details on the MLP). The
prediction was computed as the mean of the obtained 100 estimations. The
uncertainty of the prediction U was defined in terms of two contributions. The first
was the dispersion of the predictions, indicated in the following as U: and defined
as the range of the estimations provided by the MLP from the 100 random trials.

The second contribution U, was the estimated rate of prediction error

[J2 — l(lp]_mjl + |pj—1_mj—1|> (2)

2 Tj=Tj-1 Tj—1—Tj-2
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Where pj and m; indicate the jth predicted and measured value, respectively (so that
|pj — mj| is the prediction error), 7 is the time sample in which the jth measurement
is taken (so that 7j — 7j — 1 is the time delay between the jth and the previous
measurement). Thus, U: is the mean of the last two estimated ratios between the
prediction error and the time delay from the last measurement (so that the estimated
rate of increase of prediction error has a memory term). A convex combination of

the two contributions was considered as the definition of the uncertainty

U=aU,+(1—-a)U, (3)

where the parameter o (with 0 < a < 1) weights the importance of the two mentioned
contributions. In the following, the same algorithm is tested on different datasets.
For such general applications, there is no reason to give more importance to one of
the two contributions in Equation 2, so that a is considered 0.5 in the following.
However, for specific applications, a different weight could be optimal.

A new acquisition was required from a sensor when the uncertainty of the predicted
measurement was larger than a threshold (which was chosen as sensor specific).
Thus, the MLP was used to estimate when and from which sensor to acquire a
measurement. This allows to reduce the number of measurements and,
consequently, also the power consumption (as there is a decline on communication,
the energy is saved by decreasing the number of transmissions). After acquiring a

measurement from a sensor, its present and past data were updated by interpolating
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the acquired measurements and their uncertainties were updated according to the

accuracy of the sensor.

(i) Data test bed

Both simulated and experimental data were used to test the algorithm.

1) Simulated data
Simulated data were deterministic and noise free. Two different simulations were
considered. The first one involved the following two signals

x1(t) = sin(2rf (t)t)
x2(6) = a(t)x1(t)

(4)

where t is the time (in the range of 0 to 200 s, sampled at 20 Hz), f(t) is a square
wave varying between 0.5 and 1.0 Hz with period 20 s and a(t) = 4 + sin(0.15xt).
The signals were quantized in order to have resolution 0.05 (also considered as the

accuracy of the measurement). The two signals x1 and x2 were first used separately,

then together.

As the second set of simulations, two uncorrelated signals were considered and
sampled every 6 s for 60 min. The first signal is a sinusoid with frequency 0.1 Hz,
and the second is defined as the first component y1 of the solution [y1 y 2 y3] of a

Lorenz system in chaotic regime [68]:
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a4 28y1 — Y2 — V1¥3 (5)

d 8
L %z)’l)’z —3Y3

The signals were quantized in order to have resolution 0.1.

2) Experimental data
Two different experimental data were considered. The first dataset was constituted
of meteorological data acquired every 15 min from four sensors, measuring
temperature, pressure, wind velocity, and humidity, located at the Turin-Caselle

airport, for 100 days from June to August 2010 (refer to [69] for details).

The second dataset was gathered from two sensors of a Bluetooth-based acquisition
system that measures temperature and humidity. The general structure of the WSN
is shown in Figure 2. A smartphone communicates and reads data from sensors
separately. The Bluetooth module F2MO03GLA from Free2Move was attached to
the device. It consumes about 44 mW when it is waiting for connection and 108
mW during the transmission. Data is received from the UART interface of the
microcontroller by the Bluetooth module and forwards it to a receiver using the
serial port profile (SPP) service. The device is powered by a 3-V lithium battery
(CR2247 from Motorola) with 1,000 mAh. The sensors were fixed on a carrier, and
their location was changed irregularly and sequentially in three different locations

in a laboratory:
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e Close to air conditioner (cold source)
e Close to working laboratory’s equipment (warm source), and

e Far away from any other sources (normal).

The sources were sufficient to prompt changes on temperature and humidity up to

5°C and 10%, respectively. Data were recorded every 15 s for about an hour.

b. Using Nonlinear Autoregressive

The efficient time series prediction of the sensor's output is needed to achieve the
goal of minimization of power consumption by the sensor. Lesser the
communication, the lesser will be the power consumption. As discussed before,
there are different kinds of time series prediction methods depending on the
applicable parameters and the practical usage. We have implemented a Nonlinear
Autoregressive (NAR) model for prediction. This model is used for prediction of
an output at time t by using the subsequent outputs as shown in Figure 16. We used
an Artificial Neural Network (ANN) by employing NAR model for time series
prediction. An ANN is a network composed of large number of inter-connected
units called neurons. An ANN architecture may have one or more hidden layers,
but typically one hidden layer is sufficient to map any kind of linear as well as
nonlinear approximation as shown in Figure 17 [70]. Estimation of optimized

number of neurons in the hidden layer is a vital task. Higher number of hidden layer
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neurons may result overfitting due to over parameterization. On the contrary, a
small number of hidden neurons may become insufficient to fit the data.

We used sensor’s values against the time and applied to ANN using one hidden
layer. In this application, the temperature values vector [Ty Ts,...,T,] against n
time-steps n are fed as input to the network. We introduced two (feedback) delays
in the input layer to store the previous two values: T;_; and T;_, for the prediction
of target value T; at the jth time stamp. Therefore the network uses the temperature
values at two delayed time-stamps to predict the current value (see equation 6) [70].
Learning of the neural network plays an important role in achieving optimum
results. We used the Levenberg-Marquardt (LM) algorithm [71] as the training
algorithm of the classifier. This is a sophisticated form of gradient descent back-
propagation algorithm which performs nonlinear least square minimization. The
mathematical details of the LM algorithm are provided in [72]. Parameters for

network training are summarized in Table 3.

yt)=F[yt-1,yt-2),.yt-d)] (6)

Table 3. Network’s training parameters

Parameter Value
Minimum gradient threshold 1et0
Initial learning rate () 0.01
Increasing ratio of p 10
Decreasing ratio of u 0.1
Maximum value for p 1e®

The data is allocated as follows: 70% for network training, 15% for cross validation,

and the rest 15% for test purpose. The network is set to be trained using the training
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data, and simultaneously to be optimized based on cross validation outcome. In

every iteration, regularized cost for the training data is calculated as:

n

J(B)= -liy‘ log(P(x"))+(1-y")log(-P(x")) +i2ﬂf @)
m iz 2m <

Where xi represents the input feature vector for ith sample, yi represents target
value of ith sample, A is the regularization parameter, set as 0.01, and [j represents
the weight parameter for jth sample. P(xi) represents the sigmoidal output for ith

sample and is calculated as

1

P(x)= (8)

l1+e
In order to train the network, the cost equation 2 needs to be reduced after every
iteration. Weight parameters are optimized after each iteration according to the LM
algorithm. For the hidden layer, sigmoid activation function (see Equation 8) is

used whereas linear function is applied at output neuron. Training is set to be

stopped if either there are six consecutive increasing in validation error or the
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gradient becomes less than the selected threshold (see Table 3). Later the network

calculates the test data results.

Our proposed solution’s artificial neural network architecture is shown in Figure

18.

F Y(t) = F[y(t'1 ),y(t—2),,,y(t-d)]

Figure 16. Nonlinear Autoregressive model

Hidden
Layer

Figure 17. A three layer artificial neural network architecture
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Algorithms (1 and 2) for network training for efficient sampling are defined as

follows:

Algorithm 1 Neural Network Training

Input: training data for n time stamps at input layer
Return sum
while Number of iterations = Max iterations do
Calculate cost J(f), as in (3)
Calculate gradient of J(f3),
Compute the validation data errors,
Compute the no of iterations c, if validation error continues
increasing
if ( thenc == 6) then
Stop training
else if ( thengradient | Min threshold defined) then
Stop training
end if
end while

Test the network by using test data

Algorithm 2 Efficient sampling from sensor

Define: Max number of time stamps

while time stamps = Max time stamps do
Define no. of time stamps for sampling (opted equal to 2)
Define sampling interval (8 for Temp sensor)
if ( thensampling interval ends) then
Read data from sensor
if ( thensampling sampling time ends) then
Start prediction
end if
end if
end while
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(ii) Data test bed
The algorithm was verified based on two types of data. Likewise, the proposed
solution was analyzed under different conditions of datasets, i.e. in the chamber and

in the natural environment of the Neuronica Laboratory of Politecnico di Torino.

1) First Dataset
In [4], the choice of Texas Instruments MSP430F2132 is determined by its low

power consumption. The sensor Sensirion SHT21 was selected for the same reasons
[5]. This Bluetooth-based sensor incorporates 3V lithium battery (CR2247). In the
course of the experiment the environmental data was obtained via three Bluetooth-
based temperature and humidity acquisition systems. The experiment was
conducted in the controlled environment, in particular, in a climatic chamber with
temperature range for climatic test from -40°C to +180°C and Angelantoni
Challenge 250.

Initial environment of the chamber was established as follows (as shown in Figure
19): a relative humidity of 50%; temperature of 25C. These circumstances were
maintained for the period of 10 min. Then the temperature was decreased until -
20C. Its gradient was set as -0.5°C per minute. The lowered temperature was
preserved within the chamber for about 10 minutes and then brought back to 25C.
Then gradient was estimated as 0.5°C per minute. At the final stage of the
experiment the stable temperature of 25C had been supported within chamber for

10 minutes. The sampling frequency of the wireless sensor network was set to a
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rate of one sample per minute. The interval between two corresponding

measurements was set to 60-second schedule.
-0.5°C per minute

(1) 5 (2)

*25°C *.20°C
*50% *Humidity left
free

(4)
10 Minutes

3)

0.5°C bér mrirnrute

Figure 19. The process of testing, recording data and analyzing acquisition system in a climatic
chamber with different temperature ranges.

2) Second Dataset
The second consequent sampling was performed to assess the temperature and
humidity parameters via Bluetooth-based tool in real conditions. Sampling of the
datasets was performed in the laboratory, where carrier was used to move the
sensors between the warm and cold sources. The data reading at every source points
lasted for about 2-3 minutes. In accordance with the scientific requirements, the
laboratory sources used in the experiment could vary their own temperature by 5C
and humidity by %10. Data readings were performed every 15s. The length of entire
experiment was one-hour. The stationary conditions of the experiment can be
potentially reproduced in any ordinary environment. For the sake of proper

comparison between method that is proposed in [16] and the final proposed solution
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in this thesis, this data set is the same as the one tested in the second part of the

3.a.1.2.

4. Power Consumption; Relation between

power saved and reduction ratio

Here, sensor measurement was conducted. The sensor can be either in a reading or
a no communication state. The power consumption of the Bluetooth-based
temperature and humidity acquisition system was measured. The sensor was
supplied with a constant voltage of 3 V, and the current was measured using a
digital multimeter (DM3051 Digital Multimeter) with a sampling frequency of 10
Hz. As showed in Figure 20, Pr = 108 mW and Pnc = 44 mW, so that their ratio is

about k = 2.45

Pp = kPyc ©
The average power Pave is the sum of the power spent during reading Pr or during
no communication Pnc weighted by the percentage time spent in the two states (Ton

and Torr, respectively)

ToN Torr

Py =
Ton+ToFrF R ToN+ToFF NC (10)

_ Tonk+TorFF

Ppvg =

TonN+ToFF NC

When our algorithm is applied, the signals are under-sampled, so that the average

time of the reading state is reduced (of a ratio given by the reduction ratio imposed
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by the choice of the threshold). The reduction in average power is described by the
nonlinear function multiplying the power of the no communication state in the

previous equation

Tonk+ToFF

f(Ton) = (11)

ToN+ToFrF

This function is monotonically increasing and is larger than 1 for positive values of
Ton. If the time of no communication is much larger than the reading time, the
function is close to be linear with angular coefficient k/Torr. Considering our
experiment, assuming that the reading time is 1 s long and that the reference
sampling is at 0.1 Hz, the factor in Equation 11 is varying between 1 and 1.17. For
example, we could achieve about 7.5% of power saving with a reduction factor of

50%.

Figure 20 shows power measurement of one sensor during two states of “reading”

and “no communication” states.
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Power cosumption in reading and no communication states
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Figure 19. Power measurement of one sensor during two states. The sensor is supplied with a
constant voltage of 3V, and the current is measured using a digital multi-meter with a

sampling frequency of 10 Hz.



73

Chapter 4

Results

1. Bluetooth-based acquisition system

During the first experiment, temperature and humidity values, as raw data, were
acquired using the smartphone application from three Bluetooth-based acquisition
systems. The results are shown in Figure 21. Temperature values obtained by the
three devices correctly follow the temperature condition provided by the climatic
chamber (see the description in the previous section). The humidity values for
temperatures higher than 0°C are nearly at 50% as imposed by the climatic
chamber. For temperature lower than 0°C, since the climatic chamber cannot
impose the humidity condition for these temperatures, the humidity values gathered

by the three devices are not constant to a fixed value.
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Figure 20. Temperature and humidity values that are obtained by the three Bluetooth-based
temperature and humidity acquisition systems during the first experiment.

The values of the current raw data that are gathered by the Bluetooth based
temperature and humidity acquisition system described in this work and the
acquired values by the digital multimeter during the second experiment. The device
was connected in series to a digital multimeter, and it was powered by a power
supply. The experiment lasted for an hour, and the current values were averaged
(since the device transmits the environmental data each minute). The current value

absorbed by the device between two transmissions is in the order of 1pA. The
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current consumption during the transmission, without any smartphone connected,

is in average 8mA (Figure 22), while during the acquisition with a smartphone is in

average 27mA (Figure 23).
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Figure 21. Current values absorbed by the Bluetooth based temperature and humidity acquisition

systems during the second experiment without smartphone connected.
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Figure 22. Current values absorbed by the Bluetooth based temperature and humidity acquisition

systems during the second experiment with smartphone connected.
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2. Using a Multilayer Perceptron

Figures 24, 25, 26, 27 and 28 illustrate the application of the method to simulated

signals. In Figure 24, 25 and 26, correlated non-stationary signals are considered.

7t d
g o Signal 1 |
§ o
o 5|
S
g 4
& O Signal 2

o - O Combination of ]

. 1 . signgl1 an_d 2

2 -
20 30 40 50
Reduction ratio (%)

Figure 23. Application of the method to non-stationary, correlated signals. Relation between
reduction ratio and error (100 simulations with different thresholds are considered).

As shown in Figure 24, the method using the combination of the two signals has a
lower slope of the reduction ratio versus estimation error. This indicates higher
performances when information is jointly extracted from the two correlated signals.
Moreover, the method selects more samples for the portions of the signals with

higher frequency (Figure 25), showing the ability to adapt in time to temporal

variations of the signal.
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Figure 24. Application of the method to non-stationary, correlated signals
Samples for the portions of the signals with higher frequency versus those with
lower frequency (same 100 simulations as in Figure 24).
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Figure 25. Application of the method to non-stationary,

correlated signals. Representative example application for
the method.
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In Figure 27 and 28, the sinusoidal and the chaotic signals are considered. As
expected, the prediction of the sinusoid is simpler than that of the chaotic signal;
for this reason, more measurements are selected by the algorithm to sample

appropriately the second signal (see Figure 27).
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Figure 26. Application of the algorithm to simulated data. Number of samples and mean estimation
error (mean and standard deviation over ten repetitions).
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test set - signal 1 (56 samples selected)
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Figure 27. Application of the algorithm to simulated data. Representative
example (threshold = 0.03 for both signals).

In Figure 29 and 30, a representative example in the subsequent paragraph,
application for our algorithm to our first bunch of experimental data is shown
(meteorological data). The MLP was trained and validated on the basis of the first
80 days (see Appendix C). Then, it was applied for the following 20 days
considered in Figure 27 and 28 (test set). In Figure 29, we show the results of many
applications of the prediction algorithm to the test experimental data, with different

thresholds. As expected, by increasings the threshold, the reduction factor
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Figure 28. Application of the algorithm to meteorological experiments. Accuracy is assumed to be
0.2°C, 20 hPa, 0.1 km/h, and 1%, for the temperature, pressure, wind velocity, and humidity sensors,
respectively. Root mean square estimation error and reduction ratio as functions of the uncertainty
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threshold (20 repetitions are considered).
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increases, at the expense of decreasing the accuracy in estimating the

measurements. In Figure 30, a portion of the test data is shown. Note that the

number of samples required from the wind velocity sensor is the highest among the

four sensors, reflecting the erratic dynamics of the signal. On the other hand, the
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sampling of humidity, which has smooth variations correlated with temperature,

has the lowest rate.

-------- Data » Samples — Interpolation

10 Temperature (°C) —404 samplesin 20 testdays

Pressure (hPa) — 520 samples in 20 test days
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Estimation error: 16.1% - reduction factor: 70%

Figure 29. Application of the algorithm to meteorological experiments. Example
of application to a portion of the test set.

The second bunch of experimental data used as an example application for our
algorithm is shown in Figure 31, 32 and 33 (indoor experiment with a WSN).
Temperature and humidity values are clearly correlated when measured from the
same sensor. Some lower correlations are also visible from data via different

sensors, as they are placed close to each other. Figure 31, 32, 33 show the results
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Figure 30. Application of the algorithm to indoor experiments .Root mean square (RMS) estimation error.

of many applications of the prediction algorithm to the test experimental data with

different thresholds. Again, by increasing the threshold, the reduction factor

Reduction ratio (%)
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Figure 31. Application of the algorithm to indoor experiments. Reduction ratio as functions of the
uncertainty threshold (assumed proportional to sensor accuracy; the method was run 100 times
for each choice of the threshold, mean and standard deviations are shown). The accuracy was
assumed to be 0.1°C and 0.3%, for the T and H sensors, respectively.

increases and the accuracy in estimating the measurements decreases.

20
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32 sensor 1 — Temperature (°C) — 30 samples selected

30 F

O Samples |

26 1 1 1 1 1 ‘- 1 1 1
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Estimation error 36.2% Reduction ratio: 60% Esiimataddaka

Figure 32. Application of the algorithm to indoor experiments. Representative example application for
our method: uncertainty of the measurements was assumed to be two times the accuracy.
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3. Applying NAR

We have the dataset obtained from temperature as well as humidity sensors placed
in the indoor environment covering a time span more or less of two hours with 96
samples. In addition, we have another dataset composed of temperature values for
260 samples, recorded from the sensor placed in an environmental chamber for 4.5
hours. This data can be assumed as noise free simulated data representing the
temperature. We applied the sensor's values as targets against time to the network
and analyzed the time series prediction response. As we discussed earlier, a number
of hidden layer neurons plays an important role in achieving the optimized network
accuracy. To estimate a good choice for hidden layer neurons, we varied this
number and analyzed the network performance. For each of the sensor's dataset, we
changed the number of hidden neurons as 5, 10, 20 and 30, and observed the
performance with respect to mean squared error (MSE). We introduced two
feedback delays (two delayed values are fed to the network) to predict the current
value. The prediction response for the humidity sensor, dataset 1, showing target
and the predicted outcomes for each timestamp is shown in the Figure 34. The error
for each quantized timestamp is also plotted at the bottom of each response
(recorded with variable number of hidden layer neurons). Similarly, the prediction

response for humidity sensor, dataset 2 is also recorded and illustrated in Figure 35.
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and Test = 15% each) by varying the size of hidden layer of the network
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Figure 36 and Figure 37 represent the network prediction response for the
temperature sensor dataset 1 and dataset 2 respectively. The response for the data
acquired from temperature sensor placed inside environment chamber is shown in

Figure 38.
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Figure 37. Time series prediction response of the neural network with the error plots for
the Temperature Sensor inside Environment Chamber (Training data 70%, Validation
and Test 15% each) by varying the size of hidden layer of the network
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The mean squared error (MSE) for each of the sensor's data is plotted against

variable number of hidden layer neurons, presented in Figure 39.
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Figure 38. Mean Squared Error plot for each of the sensor’s data against different number of
hidden layer neurons used in the network

We recorded the network prediction response for each of the sensor's datasets. If
we consider the network performance with a particular architecture, it can be seen
that the network response is almost similar for each of sensor's datasets. The
network shows good prediction even with fewer numbers of hidden neurons (like
in case of 5 hidden neurons). With the increase in hidden layer size and the
maximum accuracy (corresponding to minimum MSE) is achieved with 20 hidden
layer neurons. In the Figure 39 (MSE plot), the continuous error reduction can be
noticed up to 20 hidden neurons. Later by selecting 30 hidden neurons, the mean
squared error is increased. The problem of overfitting occurred here due to over-
parameterization. This overfitting response can be traced in all the sensor's datasets
with the choice of 30 hidden layer neurons. On the basis of aforementioned results

it can be concluded that among the selected choices, 20 is a good number for hidden
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neuron. This network architecture estimation was carried out by using two previous
outcomes in a NAR system. We wondered what could happen if we changed the
number of inputs (delayed outcomes). In this regard, we kept the hidden layer
neurons equal to 20 (as estimated), and varied the number of inputs to the network.
We changed the number of inputs (subsequent output delays) as 1, 2, 3 and 4. We
calculated the results in the same manner as in the previous section. The response
of the network is recorded for each of the sensor's data and comparative results are
presented by using different number of inputs to the network. Figures 40 and 41
demonstrate the comparative results for humidity sensor, for dataset 1 and dataset
2 respectively. Comparative results for temperature sensor dataset 1 and 2 are
presented in Figure 42 and 43 respectively. Figure 44 shows the results for

temperature sensor of environmental chamber.
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Figure 39. Network prediction response with 20 hidden neurons by varying the number of
inputs, Humidity sensor 1, dataset 1
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Figure 40. Network prediction response with 20 hidden neurons by varying the number

inputs, Humidity sensor 1, dataset 2
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Figure 41. Network prediction response with 20 hidden neurons by varying the number of

inputs, Temperature sensor 1, dataset 1
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Metwork Prediction Response, Hidden Layers = 20
Termnperature Sensor 1, Data Set 2
4 T T T T T

T
—+—Targets
Ouputs (using 1 delayed Input)
Ouputs (using 2 delayed Inputs) | |
(
(

Ouputs (using 3 delayed Inputs)
Quputs (using 4 delayed Inputs)

Temperature

1} 1o 20 30 40 50 B0 70 80 a0 100
Time stamps

Figure 42. Network prediction response with 20 hidden neurons by varying the number of
inputs, Temperature sensor 1, dataset 2
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Figure 43. Network prediction response with 20 hidden neurons by varying the number of
inputs, Temperature sensor kept inside environmental chamber.

Evidently, network prediction response has been improved for all sensor's datasets
by feeding more information to the network. The best response is given by the
network when 4 delayed targets are being used as input to the network i.e. more

information, better learning and higher accuracy. We calculated the MSE for each
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of the sensor's data against variable number of network inputs presented in Figure

45.
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Figure 44. Mean Squared Error plot for each of the sensor’s data against different number
delayed outcomes used as input to the network

In Figure 45, it can be observed that the error reduces continuously with the increase
in number of inputs. A large gradient in the error can be observed upon changing
the number of inputs from 1 to 2. However, there is a slight reduction in error with
further increase in number of inputs. Therefore by keeping the number of inputs
more than 2 did not significantly improve the accuracy. This typical behavior can
be observed for all the datasets. On the other hand, the network showed higher error
for humidity sensor's data due to its wider range. Hence for the same number of
samples, the network performed better for temperature data. After estimating a
choice for number of hidden layer neurons earlier equal to 20, we are now
interested in finding the best tradeoff between the number of hidden layer neurons

and the number of inputs to the network which lead to an optimum solution.
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To estimate the existing margin of error in the network setup, we calculated the

Mean Absolute Percentage Error (MAPE) as;

MAPE =EZTK;PK x100 (12)

niz| Ty
Where Tk represents the target value for timestamp k, and Pk represents the

corresponding predicted value, and k = 1,2,3,...n for n number of samples.

The MAPE plot against variable number of network inputs for all datasets is
presented in Figure 46. The minimum percentage error was recorded when 4 inputs
were fed to the network. Once again it can be observed that reduction in MAPE by
choosing more than 2 inputs is very small. Thus, restricting the number of inputs to
2 with 20 neurons in the hidden layer seems to be a favorable solution to achieve

the optimized and computationally efficient solution.
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Figure 45. MAPE plot for each of the sensor’s data against different number of network inputs
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We also calculated the error margin by reducing the size of the network. Figure 47

shows MAPE calculated by choosing different sizes of hidden layer of the network.

It is noted that although the error is higher with fewer hidden neuron (5 neurons),

however the error gradient by switching from 5 to 20 remains significantly low.

With these results we can make a general conclusion that in case of larger tolerable

error margin, even a network with few hidden neurons is selectable.
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Chapter 5

Discussion and

Conclusion

This work investigates the possibility of reducing the amount of
communications and subsequently the power consumption of a sensor network by
elaborating on both data and sensor. Since reading from a Bluetooth-based
acquisition system is one of the most expensive task in terms of power consumption
in WSNs, energy saving can be obtained by timely replacing read data with
predicted data. Reducing the number of measurements or keeping sensor in sleep
mode could be beneficial also in general networks, considering that it allows saving
power or memory. An innovative and general method is discussed in this this
research to determine when, how and which sensor has to be interrogated. The

major work is based on a data prediction approach.
1. Bluetooth-based Acquisition System

This phase of the research investigates a low power wireless sensor network to

acquire temperature and humidity values from a number of devices built using low
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cost and low power components, and the Bluetooth communication system for the
transmission of the acquired environmental data to a smartphone using an
application that automatically connects with them.

The performances of the system were tested by a laboratory test which used a
climate chamber for modifying the environmental conditions. Results showed that
all the devices connected to the wireless sensor network, correctly reported the
environmental condition created by the climatic chamber, and the application for
the smartphone properly acquired and stored the data sent by the Bluetooth
connection. The environmental data was continuously acquired by the smartphone
application during the first experiment without losing absence of signal from any
of the devices. This trend indicates that wireless sensor network, is working
properly.

Results from the second experiment demonstrated that the current consumption of
the Bluetooth based temperature and humidity acquisition system is 1pA while
waiting for a transmission and on average 27mA during the transmission to a
smartphone. It was calculated that, using a time interval of 15 minutes between two
measures and the CR2247 battery, the device can transmit data to a smartphone for
more than 4 months. This approach is useful in monitoring climate conditions for
small environments, such as laboratories, home rooms, medical spaces, etc., and
turn on alarms when the conditions change or go over fixed thresholds. Another
possible application of the system presented is the detection of fire in small

environments.
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2.Using a MLP

Data prediction is also applied in [73], where data is predicted and streamed
only when the mismatch with respect to the acquired measurement is higher than a
threshold. A similar approach is adopted in [74], where Kalman filters are applied
for the prediction. These methods are more useful to conserve bandwidth than to
reduce battery consumption. Indeed, the sensors waste energy to perform
predictions and continuous sampling, so that they cannot be switched off, but the
computational load and cost of each node are increased. Otherwise, only the base
station is used in [11] to perform the prediction, not the nodes. However, the sensors
are periodically interrogated to test if the predicted value is sufficiently accurate.
Another method to reduce power consumption of a WSN is data aggregation [75].
It is an application-specific technique considered in most cases where data is
transferred between intermediate or neighboring nodes.

The proposed algorithm estimates a prediction uncertainty for each sensor
in the network during the monitoring. A specific sensor is interrogated when its
uncertainty is above a threshold, which can be selected by the user (allowing, for
example, to fit better a specific dataset or to impose a deeper undersampling of a
sensor). The algorithm to estimate the sensor uncertainties is based on a tool for
data forecasting. It is used to estimate the rate of increasing to the prediction error
and the future dispersion of the predictions due to the uncertainty contained in the

available data (due to the finite precision of the sensors or to the errors cumulated
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by iterating the prediction). Two contributions (related to the predicted errors and
to the dispersion of the predictions) are given the same weight and are linearly
combined for the estimation of the uncertainty associated to the sensor.

The method was tested on both simulated and experimental data. Simulated
data were examined to analyze the algorithm correctness. Different simulations

were considered, in order to analyze the following properties:

1. The performance of the proposed method on non-stationary signals

2. The ability of integrating the information from correlated
measurements

3. The management of chaotic versus periodic signals

The method adapted the sampling rate to the properties of a non-stationary
signal, so that more samples were required for the portions of the signal with higher
frequency. Moreover, when applied to two correlated signals, the method improved
the performances with respect to the case in which it was applied on the two signals
separately. Finally, the method required more samples to describe a chaotic system
than a simple periodic one. All these results are in line with our expectations and
confirm the reliability of the proposed method.

Two applications of the method on experimental data are also provided.
When applied to meteorological data, the method was able to reduce the number of
acquired samples with low estimation errors. More samples were recorded from the
sensor monitoring the wind velocity, which provided a very erratic signal, with

respect to temperature, pressure, and humidity, which showed regular and
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correlated variations. Notice that only a representative application is here
considered: for practical applications, as only average information on wind velocity
is usually of interest, subsequent measured or estimated samples could be averaged,
further reducing the data to be effectively transmitted. This outdoor application is
in line with the results of the application of our method to indoor environmental
data from a WSN.

Considering the power consumed by the sensors during transmission and
while being in the idle state, some considerations could be made on the power that
could be saved using our algorithm to reduce the number of measurements (see
Appendix B). Considering the indoor application, a reduction of the 50% of
samples (getting an estimation error of about 35%,) allows to decrease the power
consumption of about 7.5%; for the outdoor application here considered, data could
be reduced to 70% (guaranteeing an estimation error lower than 20 %); thus, by
scaling the acquisition and sampling times, a 10% of power saving could be
obtained.

The results of the application of our method appear to be promising in light
of the basic and general method considered within the frame of this research.
Following the same ideas, more sophisticated methods could be developed, in order
to better fit specific applications. For example, only the last two (measured or
predicted) samples are here considered as the inputs of the prediction algorithm.
This choice is due to the general applications discussed here, where four different

datasets were processed by the same algorithm. However, different inputs can be
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chosen (e.g., the average values of data on long periods, often used in
meteorological forecasting applications, or delayed samples with an optimally
chosen delay, or simply more than two values could be used from each sensor; the
methods of time series embedding [76] could be used to support a proper selection
of the optimal delay and of the number of delayed values to characterize better each
sensor). Moreover, a simple MLP was used for data prediction (see Appendix C).
Different alternative methods relevant to the main idea of this paper could be
applied instead of the proposed method. For example, different neural networks or
fuzzy rule-based systems can be used [77]. Also, a single MLP is used here to
predict all the measurements of the sensors, but different MLPs could be used, one
for each sensor. The method estimates the uncertainty of the predicted
measurements as the average of two contributions: different combinations can fit
specific applications better. Moreover, a linear increase of the prediction error,
including a memory term, is assumed here, but a more sophisticated (nonlinear,
adaptive) algorithm can be introduced in the future to estimate better the raise of

the prediction error over the time.
3. Using NAR ; High Reduction

We devise a data driven approach to reduce power consumption in wireless sensor
networks. The method is based on the prediction of sensed data using non-linear
autoregressive neural networks. Evaluation is also performed using the actual data

obtained from temperature and humidity sensors. The performance of the network
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is assessed under different conditions. In fact, we feed two delayed targets to the
network and change the size of the hidden layer. The results imply that the most
accurate forecast is obtained with 20 hidden layers. Another observation pertains
to the number of inputs. The results show that increasing the number of inputs does
not lead to a significant decline in the error rate.

The experiments conducted in this research indicate that our method substantially
reduces power consumption in wireless sensor networks. Implementing the
proposed method in real-life sensor networks will help prevent unnecessary
sampling and, in turn, reduces energy and costs. There is still much to be done.
More theoretical work on the proposed method and characterizing the environments
for which the method leads to satisfactory results deserve future research. However,
in our second step in the last phase, we achieved higher reduction on data,
consequently on power consumption with reducing error as well.

Also here, we used the neural network for time series prediction of the sensor's data.
Hereby, we selected the NAR which performs time series prediction by using the
target values at subsequent delayed time stamps as inputs, and predicts the value at
the current time stamp. Initially, we analyzed the performance (based on MSE) with
the aforementioned data to estimate a good network architecture with optimum
choice of hidden layer neurons. The network performance was better for
temperature sensor data, set 1 and set 2, which correspond to indoor environment
readings and range between 15C and 42C (A=27C). There was no significant

improvement recorded in accuracy with the increase in hidden layer size. The
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network showed good performance even with fewer hidden layer neurons. On the
contrary, the error recorded for humidity sensor data (ranges 20-90, A= 70) was
higher. The range of humidity data is quite larger than that of temperature with the
same number of samples. Consequently for humidity sensor, the network
performed better with larger hidden layer size. The environmental chamber's sensor
data contains large number of samples with linear change in temperature, so the

network outperformed for this data even with the smallest network size.

Later, the data was used to analyze the network performance by altering the size of
input data fed to the network. While keeping the hidden layer size equal to 20, the
network was fed with 1, 2, 3 and 4 subsequent delayed targets alternatively, and the
performance was recorded. Continuous reduction in the error was observed as a
result, however it wasn't significantly reduced by using more than two inputs. With
20 hidden neurons and feeding 2 delayed target values as input, we calculated the
MAPE to estimate the error margin projected by the network. The network showed
the MAPE upto 1.6% for the indoor temperature sensor and 2.2% for the indoor
humidity sensor. At the same time, the error margin for the sensor in the chamber
was recorded as 2.4%. It may be thus concluded that the network provides lower
error even with small architecture. The reduction in percentage error by increasing
the hidden layer size is less than 1% for humidity sensor, and even lesser for
temperature sensor. Hence, keeping the number of inputs to 2 with 20 hidden

neurons produces the optimized results. However, the network can be restricted to
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5 hidden layer neuron by compromising 1% of error. This can be adopted to
improve computational efficiency in the case where there is a large error margin is

allowed.

Regarding the power saving, it is obvious that less communication with the sensor
corresponds to more power saving. By selecting the optimum network architecture
with 20 hidden neurons, test data prediction is done for every sample by using two
delayed feedbacks as input. Hence to predict a target value (of temperature or
humidity) with the presented accuracy, the network requires targets at previous 2
timestamps. In this way 66.6% is the communication time, while 33.3% is the
prediction time. In view of the change in temperature in an indoor environment is
small, it is possible to minimize communication with the sensor to save more
power. In case of predicting temperature once in 8 timestamps, the communication
time is 25% (2/8*100) at t1 and t2. The idle time is 75% (6/8*100), prediction at t3
and no communication for t4-t8. For the humidity sensor where there is a large
range of observations, the idle time can be reduced to maintain the accuracy. Hence
we can conclude that for the temperature sensors, upto 75% of power can be saved
with an error margin of 2.6% (1.6% by network + 1% of the sensor). Similarly for
the humidity sensor, 66% of power can be saved for predicting once in 6
timestamps, with an error margin of 3.2% (2.2% by network + 1% of the sensor).
For the temperature sensor inside the environmental chamber, 75% of power can

be saved within an error margin of 3.6% (2.6% by network + 1% of the sensor).
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Appendix A

Bluetooth as

communication Protocol

The next section of the thesis compares and analyzes a variety of protocols
in order to identify the most effective and efficient protocol. An overview of the
protocols embraced by the scope of research at hand will be provided below. The
overview shows that among all the alternatives, Bluetooth is best matched to the

objectives of this study.

i. Wired connections

Generally speaking, poor connectivity problems which arise in the course of
interaction between the smartphone and related sensor may be potentially solved
with the aid of wired connections. However, even though wired connection is
considered as more or less resultant technique, its stability remains dependent on
the individual interface and other peculiarities of the smartphone.

For instance, the capacity of the smartphone to connect to other devices externally

is still rather limited with regard to the fact that it only has a single USB port.
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Therefore, USB hubs will be inevitably required should there be a need to enhance
the smartphone’s external connectivity. Besides, modern smartphones almost never
incorporate any interface (i.e. RS232 serial ports), partly for the reason that such
interface would demand incorporating extra hardware.

In view of the above, wired connection objectively appears as an overly complex
method for Smartphone applications. Even though this way is rather inconvenient,
it may be applied in the research purposes or for development of new prototypes.
Wired connections typically rely on SPP (Serial Port Profiles) based on UART
standards. The aforementioned protocols were as well adopted in the aBluSen,
which was devised within the frame of the present research but wirelessly. Another
distinguishing characteristics of wired connections is the speed of data processing,
which may reach around 920.16 kbits/sec. Such speed is considered sufficient

enough for performing operational tasks of the sensing applications.

ii. Wi-Fi
Unlike wired connectivity and Bluetooth, Wi-Fi (IEEE 801.2) protocols necessarily
include complete stack of TCP/IP. Since TCP/IP is also commonly used for
Ethernet and tools related to it, we can infer some similarity between Wi-Fi and
other applications enabled by Wireless Local Area Networks (WLANSs) and Wide
Area Networks (WANS). In this case, location and placement of the sensor merely

plays a supplementary role. To illustrate, hypothetically TCP/IP connectivity may

allow global access to the Wi-Fi-enabled sensor provided that its IP number is
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recognizable by WLAN. Consequently, it is no longer necessary to make any
physical connection between the devices or conduct any immediate management
tasks. In comparison to Bluetooth, Wi-Fi protocols also have the following
advantages:

1) Compatibility with more advanced encryption techniques;

2) Faster data processing;

3) More robust external connections achieved by reliance on TCP/IP tools.

iii. ZigBee
Stages of designing sensors usually envisage early assessment of applicable
wireless components. Accordingly, ZigBee protocols, as one of the available
alternatives, suffice for the purposes of this preliminary analysis. In terms of their
operational principles, ZigBee protocols slightly resemble RS-232 and Bluetooth
interfaces. Additionally, point-to-point connection established with the aid of
ZigBee covers up to 1-km distance. Nonetheless, Zigbee is a niche instrument

which demands individually selected tools. Accordingly, inherent smartphone

abilities may not be sufficient to support a ZigBee-based network.
iv. Modems

Potentially, a sensor may be upgraded by installation of a modem for data
processing. In this respect, there exist two types of suitable data modems:
1) Modems which operate on a landline;

2) Modems which establish connection via mobile technology.
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Such type of modems is capable of establishing communications as listed below:
1) Via switched circuit
2) Via dialing a phone number
3) Via exploiting the in-built capacities of trafficking the data (reliance on
TCP/IP networking, accessing the Internet).
Both types of modems above may apply when measurement stations and motes
controlled need from the distance. As opposed to that, technical impediments render

these tools impractical for individual sensing systems.
v. Bluetooth

Having rapidly gained popularity in the sphere of smartphones, Bluetooth tools
appear to be well suited for performing individual sensing tasks. Notwithstanding
positive feedbacks on adoption of Bluetooth technology, connection along with the
communicational protocols should be established solely on an ad hoc basis.
Communications handled via Bluetooth may be one-way and two-way. In the first
case the sensor carries out its activities autonomously. By contrast, in the second
case the sensor commences its work upon receiving the command from external
sources. Evidently, these commands are transferred to the sensor through
Bluetooth. Referring to the means of enabling Bluetooth connectivity, the following
methods should be considered:

Bluetooth-operated devices may be connected between each other mainly through

the following ways:
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1) Serial Soft Profiles;

2) TCP/IP packet-based for configuring relevant applications with
Bluetooth;
3) Profiles for running specific devices, such as cameras, scanners,
applications, headsets etc.
Correspondingly, majority of the applications tuned for sensing implement
Bluetooth SPP owing to its compatibility with proprietary formatting tasks. To
understand the distinctive characteristics of Bluetooth, more detailed analysis of
Bluetooth-enabled connections is required. At that, several important points were
identified, these ones in particular:
a) In all transmissions except for the multicast ones Bluetooth solution may
connect transmitter to the receiver only on a point-to-point basis;
b) Multi-sensors may be potentially applied to a single mobile
device/smartphone;
c) Bluetooth-based nodes strictly requires Bluetooth-based receivers,
otherwise the connection will not be established.
d) Default abilities of hardware used for Bluetooth transmissions determine
whether multi-connections can be initiated on the same device.
In total, point-to-point connections may offer a number of prospective benefits,
such as enhanced confidentiality and protection of the data involved in sensor
transmissions. Privacy of the information is safeguarded by narrowing the

transmission ranges down to areas in close proximity to the transmission base. This
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solution can be an asset for such technologies as vehicle sensors, applications used

for military purposes, telemetry and other areas.

vi. Conclusion

The results of comparative analysis between Wi-Fi, ZigBee and Bluetooth are
contained in Table 4. Evidently, low cost, moderate complexity, ubiquitousness,
accessibility, reasonable energy costs and robust security mechanism allows us to
conclude that Bluetooth module works best for the sensor transmissions especially
for this thesis scenarios. Even though ZigBee has lesser energy costs, Bluetooth
matches to the requirements of most smartphones, while ZigBee cannot be utilized

by a smartphone without installation of rare hardware which may not be easily

found in the market.

Table 4. Wireless communication protocols comparison

Standard Bluetooth ZigBee Wi-Fi
IEEE spec. 802.15.1 802.15.4 802.11a/b/g
Max signal rate 1 Mb/s 250 Kb/s 54 Mb/s
Complexity Complex Simple Very Complex
Nominal range 10m 10 - 100 m 100 m
Number of RF channels 79 1/10; 16 14 (2.4 GHz)
Max number of cell nodes 8 > 65000 2007
Encryption EO stream AES block RC4 stream cipher
cipher cipher (WEP),AES block
cipher
Authentication Shared CBC-MAC WPA2 (802.11i)
secret (ext. of CCM)
Data protection 16-bit CRC 16-bit CRC 32-bit CRC
Security protocols/Models Security High security WEP and WPA
Modes mode” and
“Standard
security mode”
Power [Wi2] | transmit (TX) 54 24.7 219
(The current Receive (RX) 47 27 216
consumptions - mW)
Cost Low Low High
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Appendix B

BluSen Source Codes for

Windows;

Application for data acquisition system



123

Here are only some parts of the source code that may help readers and developers
to improve the applicational implementation of this work in the future. Application
part of this work is developed in both Android and Windows operating systems.

Figure 48, 49, 50 and 51 shows different features of the application which allow

+ Neuronica Lab - BluSen =]
BluSen
View | Automatic Setting Log | Manually Setting | Log2
Sensor Data
Sensor Temperature Humidity
No.
o= = =

LABORATORIO @& | Neuronica Lab
DI NEURONICA ';‘T’?F E Electronic Department - Politecnico di Torino @’

toolStripStatusLabell toolStripStatusLabel2 toolStripStatusLabel2

Figure 47. The interface is dynamic. It makes the application compatible with number of connected
sensors to present the sensed information dynamically.

handling communication to a number of available or pre-configured sensors.
Windows codes that are written by C# .net are listed as following:

Eight parts of the source codes are presented here for readers who want to develop
similar applications. Some of the important components and classes (WidcommAPT

and widcommstack) are needed to be added to the project.

Source Code 1
using System.IO.Ports;
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using System.IO;
using InTheHand.Net;
using InTheHand.Net.Sockets;

using InTheHand.Net.Bluetooth;
using System.Net.Sockets;

Two public variables are needed to be used for handling Bluetooth

communication.

Source Code 2
public bc2;
public rdr ;

A public class for handling device is needed as well: public class Device with
the following subclasses:

Source Code 3
public string DeviceName { get; set; }
public bool Authenticated { get; set; }
public bool Connected { get; set; }
public ushort Nap { get; set; }
public uint Sap { get; set; }
public DateTime LastSeen { get; set; }
public DateTime LastUsed { get; set; }

public bool Remembered { get; set; }

Source Code 4
public Device(BluetoothDeviceInfo device_info) {

this.Authenticated = device_info.Authenticated;
this.Connected = device_info.Connected;
this.DeviceName = device_info.DeviceName;
this.LastSeen = device_info.LastSeen;

this.LastUsed = device_info.LastUsed;
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this.Nap = device_info.DeviceAddress.Nap;
this.Sap = device_info.DeviceAddress.Sap;

this.Remembered = device_info.Remembered;

}

A function can be used as Bluetooth counter, allowing us to that let us to work

with each set of Bluetooth information in a loop with the following variables:

Source Code 5
List<Device> devices = new List<Device>();
BluetoothClient bc = new BluetoothClient();
BluetoothDeviceInfo [] array = bc.DiscoverDevices(100, false, false, false,
true);

By checking the Bluetooth module which will be used for communication should
not be NULL,

Source Code 6
if (bc2 !'= null)
DisConnect();

Then we can have the following codes for making connection to the Bluetooth
device:

Source Code 7

serviceClass = BluetoothService.SerialPort;
bc2 = new BluetoothClient();

BluetoothAddress addr = BluetoothAddress.Parse(addt);
BluetoothDeviceInfo device = new BluetoothDeviceInfo(addr);

try
{

BluetoothEndPoint ep = new BluetoothEndPoint(addr,
serviceClass, 1);
bc2.Connect(ep);

If the Bluetooth is connected we can further make a line to read stream of data:



Source Code 8
if (bc2.Connected)

{
try
{
var peer = bc2.GetStream();
var rdr = new StreamReader(peer);
string line2;

try

{
line2 = rdr.ReadlLine();
// Here we can work with read data

}

126
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é = =
-+ Neuronica Lab - BluSen @Eﬂ
- —
BluSen
[ View | Automatic Setting | Log | Manually Setting | log2 |
Log Log Information
Date
Time

Sensor Name

Disconnected Time: 13:16 Date: Tuesday, February 10, 2015

Figure 49. User can record logged data with more information such as data, time and sensor name

+ Neuronica Lab - BluSen —— = | B [ S|
BluSen
| View | Automatic Setting | Log | Manually Setting | Log2 |
Port Setting Port Status

v It is not connected yet.

Fi§ure 50. Port setting can be set up manually as well.
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Appendix C

Prediction algorithm

A set of MLPs is considered to perform the prediction. Measurements from each
sensor were interpolated at a constant time interval r. The value of the interpolated
measurement in the most recent time and the delayed value of one sample interval
are considered for each sensor as the inputs of the MLP. The data are divided into
training (60% of data), validation (20% of data), and test sets (20% of data). A
single hidden layer is used, which is sufficient to approximate any non-linear
function (universal approximation property, [70]). The neurons in the hidden layer

applies a sigmoidal activation function

F) = (1 +exp(=x)) " (13)

The number of neurons in the hidden layer is chosen in the range from 20 to 50.
The output neurons have linear activation function. Each output neuron is used to
predict the measurement of a specific sensor. MLPs are trained by modifying
iteratively the weights and the bias in order to reduce the error in predicting the
training data, applying the quasi-Newton algorithm [17] for a number of iterations

in the range of 50 to 400 times. An optimal network is selected choosing the
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topology (i.e., the number of hidden neurons) and the parameters (synaptic weights
and bias, after a specific number of iterations of the optimization algorithm) with
best generalization performances (i.e., with minimum error in the validation set).
The proper MLP provides a function estimating the relation between the available

information (past and present measurements) and the subsequent measurements

Xt +1)= F@RE@O),2(t—1) (14)

where X (t) indicates the set of sensor measurements (acquired or predicted) and

F(-) is the vector function predicting the future values from each sensor.
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