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Abstract
Smart environments are built upon many different kinds of technologies. These technologies, which are utilised in a variety of sensors, actuators, displays and computational
elements within the environment, together define the smartness of the environment.
Therefore, to support the users of smart environments in the most effective way, each
technology must be perfected separately for its particular purpose. Moreover, new technologies must be under constant scrutiny in order to achieve the aims of enriching
society in a more efficient way.
In this work, we present two different types of new technologies for the creation of
smarter living environments such as smart homes. More specifically, we will concentrate
on unobtrusive methods for measuring user activity and for learning user routines in
smart environments. Once an individual’s routine has been learned, we will present
techniques to control the environment in a proactive way to diminish the user load and
to create a calm living environment.
First we introduce several methods of capacitive measurement that can be used to
passively track an individual indoors in three dimensions and in a non-intrusive way.
In addition to providing a privacy-preserving way to monitor a person’s position and
posture, the methods presented here can be used to deduce how the user interacts with
the environment. The methods have been tested in a real smart home environment and
have proved to be a feasible solution for tracking an individual without the user having
to wear any electronic tags. Therefore, these methods promote Mark Weiser’s concept of
calm technology1 and are suitable for both residents and visitors to a smart home.
Second, the development of new methods for learning user routines and controlling
the environment are presented. Inspired by the concept of a calm environment, these
computational methods enable people’s routines to be learned without any conscious
input from the users, other than their daily use of everyday household devices such as
light switches or curtain cords. Moreover, the algorithms which have been developed
can adapt to changes in the user’s lifestyle without the need for any user maintenance or
adjustment. Thus, they can always be used for the proactive control of domestic appliances without anyone, including the users, needing to change or even understand the
inner workings of the system. Nevertheless, because the control and learning algorithms
are built with simple fuzzy control rules using common linguistic terms, the rules are
self-evident to most people, which means that specific rules to modify how the system
operates can be added if necessary.

1 Mark

Weiser (1952–1999) is widely considered to be the father of ubiquitous computing. He coined the term
calm technology in 1996 with John Seely Brown in [129] and later elaborated it in [127].

Since the methods developed here have been built into an actual (rather than virtual)
test system and used over long periods of time, these technologies have the potential to
be developed into commercial products without too much effort. Nevertheless, there
is still plenty of scope for further research, and this work also indicates several useful
directions for further study. Taken together, the technologies developed here are a step
along the road to feasible intelligent environments for the future.
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INTRODUCTION

This thesis consists of an introduction and nine published articles. The purpose of this
introductory chapter is to present the objectives of this work and discuss the methods
and results of publications P1–P9 in a concise and unified way.

1

1

Background

Smart environments are not new – the desire to create smart environments has been
around for decades [13, 18]. Over the years, smart environments have been studied
by hundreds, if not thousands of researchers all over the world. Thus, one would imagine that they would have become quite common, particularly in the technologically
developed western societies. So, it is perhaps surprising they are still largely unknown to
most people [13, 42]. Nevertheless, ambient intelligence is slowly making its way into
people’s homes, for example, in the form of modern home automation [13, 78, 105] and
remote healthcare [50, 66, 79, 120] products and applications. However, the current level
of intelligence is usually limited to single applications and apart from a few specialised
research environments, the ultimate intelligent machine – one that can understand a
person’s needs and respond to them proactively – still does not exist [13].
In the nineties Mark Weiser introduced his concept of ubiquitous and calm computing [126–129] and called for a change in the way we use computers. In particular, he
envisioned a new relationship between humans and computers through the embedding
of computational elements in our living environments in a non-intrusive way. Similarly,
in 2000 David Tennenhouse called for a relocation of the boundary between the physical
and virtual worlds [119]. He envisioned proactive computing as an alternative to interactive computing and defined how future systems should become more involved with
the real world.
Today, these visions are being turned into reality in a number of research centers all
around the world [112] under titles such as ubiquitous computing [110], pervasive computing [34], proactive computing [112], and ambient intelligence [37]. Despite the diverse
terminology, a variety of established and innovative technologies have been created to
carry out this work in in various smart homes, e.g.: Adaptive Home [63], Aware Home [74],
Philips HomeLab [99], The PlaceLab [36], and the TUT Smart Home [P5, 41, 42]. The
sensors used in these environments utilize a range of technologies from simple switches
to complicated video processing software [125]. Likewise, a variety of actuators from
standard lighting and heating, ventilation and air conditioning (HVAC) systems [63] to
fluent text-to-speech audio synthesis software [43] are being used to control people’s
living environments and provide feedback to the users. In order to achieve this, a wide
range of discreet computational elements need to be used to connect all the sensors
and actuators together in order to produce intelligent interaction with the user. For
example, some of these smart homes are able to reason and thus predict user activities [P6–P8, 63, 74]. Consequently, these smart environments can proactively control the
actuators in the home based on their knowledge of the human user’s daily or weekly
routines [P6–P9].
3

2

Scope and objectives

Even though the research on smart environments has been going on for decades, there
are still many unresolved technical problems which prevent smart environments from
becoming more common [13, 26, 31, 88]. Indeed, many of the current technologies used
to create smart homes would not be welcome in a home environment where people
should be able to relax in comfort and feel at ease. For example, people might find the
sensors and actuators used in smart environments to be too obtrusive and unattractive,
in addition to which they may feel that their privacy is being violated. It may also be
simply that the users see no benefits in using these types of systems. As can be imagined,
such attitudes pose serious challenges for the technologies which are needed to realise
the smart homes of the future. Therefore, this thesis will seek to provide answers to the
following research questions:
1. What types of sensors and measurement methods are needed to passively track
user activities in a smart environment without violating the privacy of the user?
2. How do we recognize user routines and identify the user’s interaction with his
environment unobtrusively and effectively?
3. How can we control the actuators in smart environments so that they proactively
support and enhance the life of the user in different contexts?
In achieving its objectives, this research answers these questions, the objectives of this
work being:
1. to develop and implement accurate yet unobtrusive three-dimensional (3D) methods for tracking a person’s position and posture, and to create algorithms for
context-sensitive applications using capacitive sensing techniques,
2. to design methods for modeling contexts in indoor environments and to develop
algorithms to adapt these models according to a person’s routines using the principles of fuzzy logic,
3. to implement context-sensitive algorithms for proactive control of smart environments with fuzzy methods, and
4. to set up test environments to validate the results using functional and user tests.
Specifically, this thesis will present two novel technologies that answer the research
questions and enable the creation of unobtrusive and user-friendly smart spaces. These
two technologies, which are used to sense people activities and learn people routines,
as well as control the home environment, can both be implemented in an unobtrusive
way in order to maintain a comfortable and relaxing living environment. Therefore, the
inhabitants of such environments are supported by the environment so that they can
concentrate on other, more important things, rather than waste their time on the actual
5

Technologies enabling smart environments
Context-sensitive
inference and control

Unobtrusive sensing

P1, P2, P5
Tile-based indoor positioning

·
·
·

P6—P9
Routine-based device control
Learning and online adaptation
Unobtrusive user interaction

P5
Contact and activity sensing

P3
Electric field ranging

P4
Height and posture sensing

P6—P8
Lighting
control

P9
Phone
profile
control

P6
Linear
learning

P7—P9
Stepwise
learning

Figure 1: Thematic interconnections between the two technologies researched and
presented in this thesis. Capacitive user tracking methods enable the unobtrusive
sensing of human movements and activities, and proactive fuzzy control methods are
used to realize the context-sensitive inference and control in this work.

control of their living environment, as is the case for most of us now. This study used a
combination of surveys of the relevant literature, simulations, experimental prototyping
in real environments, and user tests.
Figure 1 presents the structure of this thesis with the thematic interconnections between
the two researched technologies. The unobtrusive sensing methods, based on capacitive
user tracking, form the basis that is needed to create smart environments. In other
words, if a smart environment cannot sense people activities, it is hard to enable any
smart behavior that could support people in their daily tasks. Similarly, context-sensitive
inference and control methods, namely proactive fuzzy control, are needed to reason
the required intelligent actions and turn the smartness into reality. Although both of
these parts are equally important for enabling smart environments, the author prefers a
bottom-up approach and will first present the unobtrusive sensing methods of this work.
This way the reader will be able to understand the importance of unobtrusive sensing
prior to moving on to the inference and control methods, which are based on sensing
the user.
Based on the above reasoning, section 3 will discuss the unobtrusive sensing methods
of publication P1–P5. Specifically, it will present a single solution to the challenging
6

problem of the 3D tracking of a person’s position, posture and activities in a smart
environment. This solution is based on electric fields and the measurement of the
varying capacitances between the user and the environment. Because the sensing
electrodes used in this measurement system are at least partly concealed from the users,
the monitoring can be carried out unobtrusively, without violating the privacy of the
observed person by recording them visually.
Next, section 4 presents the context-sensitive inference and control algorithms developed in publications P6–P9. These algorithms can recognize the environmental
situation or context, and learn what state the user prefers the actuator to be in in that
context. The algorithms are stated in ordinary language, using the principles of fuzzy
control, and are thus well adapted to non-deterministic control of the environment
in a way that resembles human reasoning. By using proactive control principles, the
environment can adapt itself to the user’s context even before the user himself is aware
of the need for a change.
These two technologies have been evaluated carefully in a number of short and long term
tests in the TUT Smart Home in the Department of Electronics at Tampere University of
Technology (TUT) and they have been shown to be feasible solutions for their intended
tasks. In addition to controlling the environment proactively and autonomously, the
data collected on the user’s activity and context can be used in a multitude of different
applications. For example, in the health care sector, the user’s mental and physical
activity can be observed at home to support either the rehabilitation progress after
an injury or the nurturing of the elderly [9, 16, 39, 60, 66, 104]. Likewise, in the home
automation sector, the expenditure on energy can be minimised by, for example, turning
off unneeded devices or appliances [77] and by adjusting the heating to a comfortable
level based on the user’s context [5, 11, 63]. In social media, the contextual information
and user activities could be automatically communicated to friends and relatives to
make people more aware of how their loved ones are faring [49, 89]. Finally, inhabitants
of smart homes could adjust and self-evaluate their lifestyle based on the vast amount
of information gathered, as long as it is processed into an easily-digestible form [76].
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3

Capacitive user tracking

Smart environments rely first and foremost on sensory data from the real world. Although many different types of sensors are used in smart environments, one essential
factor in the creation of any smart environment is sensing the user’s location [18, 31, 68].
Furthermore, information about the user’s location and activity plays a vital role in
recognising the user context [18, 80–82]. Nevertheless, the 3D tracking of a person’s
position and posture has been a challenging problem for decades, even when using
video cameras (which of course raise the issue of user privacy) [5]. It is in order to solve
this problem that we have developed our capacitive sensing methods, which use a single
system to work out a person’s position, posture and activity without compromising the
user’s privacy.
The following subsections will outline the theory behind capacitive measurement in
order to familiarize the reader with the subject, describe the latest state of the art usertracking technologies and introduce the developed capacitive human-tracking methods.
The methods have been tested in real-life situations and shown to be a feasible solution
for tracking an individual without the need for the user to wear intrusive tags. As such,
the methods promote Mark Weiser’s concept of calm technology and are suitable for
people either living in or visiting the smart home.

3.1

Measurement theory

Capacitive sensing is based on measuring the capacitance between two or more electrodes or physical objects. In human tracking applications, these objects are typically the
human body and the grounded environment. To measure the capacitance in question,
an electric field is created around the sensing electrodes which is then used to conduct a displacement current into or from the measuring circuitry through the sensing
electrode. Usually, the measurement is performed with a low frequency signal (about
30–100 kHz). This ensures pure capacitive coupling between the electrodes and also
prevents magnetic fields from forming in the environment [P1–P5, 95, 106].
The electronics needed for capacitive measurement can consist of a signal generator,
a phase shifter and a simple synchronous detector as shown in Figure 2. Alternatively,
commercial capacitance measurement chips can be used as in publications P1–P5,
where commercial Analog Devices AD7746 [2] sigma-delta-based capacitance-to-digital
converters (CDCs) [72] were used. Whichever method is used, both provide comparable results (see section 3.4.1) and the main differences are in the ease with which the
measurement circuitry can be modified and in the number of components required.
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a)

Virtual
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Figure 2: Capacitive sensing is typically implemented in one of its three primary sensing
modes. The figure shows a) a basic measurement setup with simple measurement
circuitry and the differences in b) transmit, c) shunt, and d) loading mode electrode and
capacitance configurations. Although commercial capacitance measurement chips are
widely available, simple measurement circuitry can be built consisting of only a signal
source, a phase shifter and a synchronous detector. Modified from [106].

3.1.1 Sensing modes
Three primary sensing modes can be identified and used for measuring body position in
relation to the electrodes: transmit mode, shunt mode, and loading mode [106]. These
modes are visualized in Figure 2 with an example implementation of the measurement
system. The measurement circuitry of Figure 2 always measures the serial capacitance of
C t and C r in transmit and shunt mode by analyzing the displacement current i r flowing
from the transmitter to the receiver. In loading mode, however, only the displacement
current i t flowing from the transmitter through the body to the ground is measured and
the capacitance between the electrode and the body is calculated.
Transmit mode The sensing mode used here is the transmit mode, when either the
capacitance between the transmitting electrode and the human body (C t ) or the capacitance between the receiving electrode and the human body (C r ) is much greater than the
capacitance between the human body and the ground (C g ). In practice, these situations
occur when the measured person touches or is very close to either of the two electrodes.
In the transmit mode, the body is capacitively coupled to the nearby electrode and the
10

potential of the body changes in response to the potential of the electrode. In practice,
a person usually increases the electrode area by a significant amount and reduces the
observed distance between the electrodes. Therefore, the measured serial capacitance
of C t and C r is greater when a human body is close to one of the electrodes than when
there is no body nearby. This sensing mode is used in all publications P1–P5, because it
allows the electrodes to be located in a practical way that enables the distance between
the user and the electrode to be measured.
Shunt mode In shunt mode, the capacitance to the ground through the human body
(C g ) is considerably higher than the capacitances C t or C r between the measurement
electrodes and the human body. Here, the human shunts the electric field to the ground
and prevents the emanated displacement current from being detected by the receiver,
thus decreasing the measured serial capacitance of C t and C r . However, the measured
serial capacitance of C t and C r depends largely on the capacitive coupling between the
measured body and the ground. Indeed, if the grounding of the body is effective and C g
is high, the measured serial capacitance of C t and C r is low and vice versa. Nevertheless,
by measuring the received displacement current i r at the receiver, the portion of the
body between the two measurement electrodes can be deduced. If either C t or C r are
equal to C g , the measured serial capacitance of C t and C r in a measurement system is
about the same as it would be without the presence of a human body.
Loading mode In loading mode, only the displacement current i t flowing from the
transmitter through the body to the ground is measured and the capacitance between
the electrode and the body is calculated. This mode is often used because, apart from
the surrounding ground, only a single electrode is required to make the measurement.
However, as with the shunt mode, the coupling between the human body and the ground
affects the resulting measurement result so it is hard to measure the absolute distance
between the body and the electrode.

3.1.2 Capacitance model
Based on the above description of transmit mode sensing, we can develop a simplified
capacitance model that describes the measured electrical properties of the test systems
that were constructed in publications P1–P5. This simple capacitance model is shown
in Figure 3 with a cutaway picture of the TUT Smart Home used as the test environment, with the system presented in publication P5. Furthermore, this model can also
be presented as a conventional circuit diagram as shown in Figure 4. The following
paragraphs explain the terms used in this capacitance model.
Feet capacitance C Ft
The capacitance model incorporates two capacitances that are
formed between the electrodes and the human body. First, C Ft is the capacitance
between the human feet and transmitter t. C Ft always increases when the common
area between the person and the transmitter grows, and vice versa. Likewise, C Ft increases as the distance between the transmitter t and the body decreases. Typically, C Ft
ranges between 20–700 pF with the floor-tile types used in the test systems of publications P1–P5 when shoes are not worn [P4]. However, if shoes are worn they insulate the
11

Foot

CB

Plastic mat
t

CF

Chipboard
(graphite
enriched)

Receiver

Floor electrode
t
CS1

CS2

Air

t

CO

Concrete
floor

CS3

Plywood spacer

Transmitter t

Figure 3: A simplified capacitance model of the environment with a cutaway picture of
the TUT Smart Home. The floor is constructed from large 60×60-cm raised floor tiles
and the transmitting electrodes are attached to the underside of the tiles. The system’s
receivers are placed in the environment, for example, under the top of the table. [P5]

person from the transmitting electrodes and thus act as an additional insulator. As a result, different types of shoes significantly decrease C Ft and thus affect the measurements.
In fact, C Ft can be up to 96% lower if shoes with 3-cm-thick soles are worn [P4].
Body capacitance C B The second of the body-related capacitances is C B . It is formed
between the body and the receiver(s) of the system, insulated by air, textiles, or wood.
However, with multiple receivers, it is formed mainly between the body and the closest
receiver, because the strength of the electric field is strongest near the body from which
it emanates. Furthermore, because only a single receiver channel is used in all the
implemented systems’ hardware, the receiver signals cannot be distinguished from each
other. Typically, C B varies from around 1 to 10 pF but can be significantly higher if the
tracked person is in actual contact with the receiving electrodes [P4, P5].
User induced capacitance C Ut
Because the electronic circuitry which we used measures the total capacitance between the transmitting and receiving channels, C Ft and
C B cannot be distinguished from each other in the acquired data, and so they must be
combined into a single term. Also, because only a single receiver channel is used in our
hardware implementations, these two capacitances are simplified in our model into one
single capacitance C Ut for any given user. Because C Ft and C B are connected in series
(see Figure 4), C Ut can be defined with the equation
C Ut =

C Ft C B
C Ft + C B

assuming that any stray capacitances in the environment are discounted.
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Figure 4: Circuit diagram of the used capacitance model. The measurement signal
voltage was varied between 5–48 Vpp in all implemented test systems of publications
P1–P5. [P5]

Here, C Ft increases as the area of the feet touching the floor increases and decreases as
this area decreases. Likewise, C B increases when the person’s body is brought closer to a
receiver and decreases when the person recedes from the receiver.
When nobody is in the apartment, there is an offset capacitOffset capacitance C Ot
ance C Ot between each transmitter t and the receivers. Because C Ot is in parallel with
t
C Ut in the capacitance model, it affects the measured total capacitance C TOT
between a
transmitter t and the receivers as in the equation
t
C TOT
= C Ut + C Ot .

(2)

To get a reference level with which all future measurements can be compared and to
obviate the effect of C Ot , this only needs to be measured once before the person enters
the measurement space. Thereafter, this measurement can be subtracted from all
subsequent measurement results to yield C Ut on its own.
t
t
Stray capacitance C S1
Capacitance C S1
occurs between each transmitter t and the
ground, depending on which parts of the environmental structure are acting as an
insulator. With the transmitters shown in Figure 3 in the TUT Smart Home, air acts as
the insulator between the large bottom surface of the transmitting electrode and the
ground. However, there is a significant capacitive coupling between the metal pillars
and the ground, so the plywood spacers on top of the pillars are part of the insulating
t
elements. In all of our test systems, because C S1
between transmitter t and a receiver is
only measured by gauging the received displacement current at the receiving electrode,
the amount of displacement current flowing into the environment from the transmitting
electrode does not affect the result as long as the signal source is able to drive the desired
t
waveform into the transmitter [72]. Thus, C S1
does not affect the measured capacitance
value with a buffered output present in our test systems’ hardware, and so its effect on
the measurement can be neglected.

Stray capacitance C S2 Capacitance C S2 is formed between the human body and grounded objects in the environment. An increased C S2 can cause the received displacement
current to decrease, because C S2 conducts a small part of the displacement current
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emanated by the person to the ground and thus decreases the capacitance reading C Ut .
However, C S2 remains fairly constant even when large and grounded conductive objects
are near the measured person [P4]. At most, these types of conductive objects increase
C S2 only by some tens of percent. Because the absolute value of C Ut is not of major
interest and the error reflected in it is fairly constant, unless the person is leaning against
a wall, C S2 can be neglected for position measurements. Likewise, because the appropriate levels for C Ut must be calibrated to recognize user contact with certain household
objects, C S2 does not have a significant effect on the activity measurements since its
effects are calibrated at the same time.
Stray capacitance C S3 Capacitance C S3 occurs between the receivers and the ground.
With a static receiver position C S3 remains almost constant at all times [P4]. Because
of the internal implementation of the AD7746 CDC, it is theoretically insensitive to
leakage current errors and parasitic capacitance to ground [72]. However, due to the
inevitable imperfections in the manufacture of the CDC, the receiver should always
be positioned so that C S3 remains below 300 pF (see figures 9–10 in [2]) to prevent
large errors in the results with the measurement configurations of publications P1–P5.
Because, when positioned correctly, C S3 has only a slight effect on the measured value of
C Ut , and also because the constant error caused by it is, after all, calibrated during the
system initialization, it can be neglected during the practical measurements.
Cable capacitances C Ct T and C C R These last two capacitances C Ct T and C C R , shown
in Figure 4, are the respective capacitances formed between the transmitter and receiver
cables and the ground. C Ct T is connected in parallel with C S1 and does not affect the
measurements with the buffered output in the hardware implementations. Similarly,
C C R is in parallel with C S3 , and its effect is calibrated out when the system is initialized
by measuring C Ot .

3.2

Literature review

Video cameras have long been used for recording body movements and for positioning purposes [51, 57, 121]. As a result, efficient algorithms for detecting human body
movements from a video stream have been available for some decades. Although videobased motion capture is very efficient today, it has a major drawback with regard to user
privacy. The simple fact is, many people do not want video cameras to be installed in
such a personal space as their own home [118]. Even if the video stream could not be
fed outside the monitored room and would only be used, for example, for context analysis, the slightest risk of hacking and intervention by an outsider prevents most people
from accepting cameras in such places. That is why there has been so much research
into real-time location systems (RTLS) [55] and other alternative, wireless, positioning
and activity sensing methods for monitoring people in indoor environments [19, 54].
These include ultrasonic [71, 91, 92, 124], radio frequency [24, 27, 67, 98, 101, 102, 113],
optical [43, 48, 57, 65] and inertial-sensor [8, 20, 53, 130] based techniques that require
the person to actively carry a device. However, from the occupant’s point of view these
techniques are neither practical nor user-friendly because the user must always carry a
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tag or small electronic device on their person. Moreover, visitors cannot be located in
the home without first equipping them with the necessary tags.
Therefore, lately there have been several studies of passive or tagless methods for positioning the person indoors without the violation of privacy caused by visually-based
solutions. One interesting approach was taken by Shwetak Patel et al. in 2008, when
they published their building-ductwork-based sensing method for determining room
transitions [75]. The idea in this study was to utilise the existing ductwork infrastructure
of the central HVAC systems found in many homes and detect the disruptions in the airflow. Even though the idea is intriguing, the method cannot be used to accurately detect
movements within a room, and even room-to-room transitions can only be detected
with 75–80% accuracy.
Some years before that, in 2003, Susanna Pirttikangas et al. presented their methods for
passive positioning and user footstep identification with a pressure-sensitive floor in [83,
84, 116]. They proposed the use of a novel Electromechanical Film (EMFi) material [73],
which would produce voltage signals during pressure changes when stepped on. By
placing 30-cm-wide strips of EMFi material orthogonally on the floor, they were able
to calculate human X-Y position on the floor and identify human footsteps with a
commendable accuracy. Later, in 2008, Jaakko Suutala and Juha Röning refined the
original footstep identification methods and demonstrated a 95% classification rate with
their floor system [115]. Although, these results are significant and have been proven in
practice, their systems cannot recognize stationary people because of the properties of
EMFi material. Thus, they cannot be used effectively for detecting, for example, a person
standing still on the floor or an elderly person who may have fallen to the floor.
Meanwhile, Yoshifumi Nishida et al. published in [71] a feasible alternative for passively
measuring a person’s position and posture in indoor environments. Their method is
based on an array of ultrasound transmitters and receivers placed in the ceiling at
intervals of around 18 cm. The pilot system they developed is able to position the
subject three-dimensionally within the vicinity of the sensors and can calculate the head
position both horizontally and vertically with about 5 cm accuracy. Although that system
gives promising results in terms of accuracy, it requires the installation of hundreds or
even thousands of sensors in the ceiling, if whole apartments or houses are to be covered
by the system, which is not a practical solution for tracking the users.
In 2010, Daniel Hauschildt et al. published an infrared-based positioning system [32]
that operates with passive thermopile arrays placed in the corners of the monitored
room. The thermopiles detect the thermal radiation of human beings and enable the
tracking of either one or two persons in a 30 m2 room with a maximum error of 26 or
68 cm, respectively. Although their system is reasonably accurate for general indoor
positioning, it is prone to reflection and dynamic background radiation effects that
cause the sensors to give out false readings.
Consequently, it is capacitive methods for human positioning applications that are
attracting the most interest because 1) they provide a way of preserving personal privacy,
2) their sensing electrodes need not to be visible to the user, 3) they can be used to
recognize both static and moving people, and 4) they can be implemented with large
and cheap electrodes that can cover large areas. Indeed, as early as 1993, a simple
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electrode configuration for detecting the presence or movement of a person close to a
robot was developed by Nils Karlsson et al. in [46], and later developed further in [44]
and [45]. The purpose of this system was to stop a robot moving to ensure the safety of
any person who came too close to it. Two years later after Karlsson’s ’person detector’,
Thomas Zimmerman et al. from MIT Media Laboratory presented various ideas on
capacitive applications in [134], including a two-dimensional Finger-Pointing Mouse
and a Person-Sensing Room. The floor of the Person-Sensing Room was covered by a
transmitting electrode and four receiving electrodes were placed on the walls. Using the
floor electrode, a measurement signal was capacitively coupled to the subject and the
strength of the emanated signal from the subject was measured by the wall electrodes.
The room was able to use this information to locate a person two-dimensionally on the
floor plan.
In 1999, Joshua Smith from MIT Media Laboratory published his dissertation thesis [108]
covering electric field sensing with different kinds of sensing applications. Later, some
of their most advanced applications, three dimensional Field mice [107] and Gesture
Wall [106], were presented in depth. The Field mice was able to capture hand position
and alignment above the measuring electrodes with shunt-mode measurements using a
single transmitting electrode and three receiving electrodes arranged on a plane. The
Gesture Wall, in contrast, used the transmit mode to transmit the measurement signal
through the human body to four receiver electrodes placed at the corners of a screen.
The users of the system were able to draw on the interactive screen by making hand
gestures in front of the screen.
Recently, Henry Rimminen et al. have studied the use of electric fields for positioning
people over a segmented floor electrode [95, 96], and in 2011, Rimminen published
his dissertation thesis [94] on these methods. Instead of using the transmit-mode
measurement technique, he proceeded with the loading-mode measurement method,
which measures the capacitance between a transmitter and the ground. Specifically, his
systems scanned the floor area with the floor electrodes and toggled each electrode to
transmit one measurement signal at a time [95]. When the electrode below the feet of
the person was actuated, a larger than normal displacement current flowed from the
body through the air to the surrounding grounded electrodes. The position of the person
was determined using the physical locations of the electrodes and the level of current
measured from each electrode. Although his systems achieved about the same level
of positioning accuracy as the TileTrack system [P1], the loading-mode measurement
method used in his studies has not been demonstrated in user activity recognition
applications, nor can it be modified to measure human height and multiple postures,
as is possible with the transmit-mode systems presented in this thesis. Nevertheless, in
[97] they demonstrated a fall detector that was able to deduce when a person was lying
on the floor.
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Figure 5: Two different types of tiles with different sizes of electrodes were used as
transmitters in the implemented test systems of publications P1, P2, and P5. The lefthand side of the figure shows the bottom surface of a standard, commercial 60×60-cm
raised floor tile from the TUT Smart Home. The inset photo shows a snap fastener
soldered to the middle of the electrode for cable connection and a screw drilled next to
it to prevent the snap fastener from being flattened. The right-hand side of the figure
depicts a custom-built floor tile with four roughly 30×30-cm copper foil transmitting
electrodes. These electrodes are partly hidden by the two plywood boards on the sides
that stiffen the tile and raise it to the same height as the commercial raised floor tiles. [P5]

3.3

Tracking methods and results

In this section, we will present and discuss the sensing methods developed for 3D indoor
tracking and activity measurements of a user. The items discussed include topics such
as the electrode layout, the measurement method, and the key results.

3.3.1 Tile-based positioning
The test systems of publications P1, P2, and P5 use transmit-mode sensing to locate
users at floor level. In contrast to the systems of Karlsson [46] and Zimmermann [134],
the electrode arrangement in these studies consists of a segmented floor composed of
multiple transmitters and one or more receivers placed in the vicinity of the transmitters.
The segmented floor in all of these studies was built from raised floor tiles that had a
conductive metal layer on the bottom surface of the tile (see Figure 3). Regardless of
which receiver configuration was used, the same tracking algorithm was used in all of
these studies.
Transmitter size The test systems of publications P1 and P2 used 60×60-cm commercial raised floor tiles that had steel reinforcement on the underside of the tiles. These
tiles, shown on the left-hand side of Figure 5, were also used in P5 with the large test
system built into the TUT Smart Home. In addition, however, multiple custom-built
tiles with roughly 30×30-cm transmitting electrodes, shown on the right-hand side of
Figure 5, were used to achieve more accurate positioning results. Indeed, the smaller
transmitters can be placed in places where more accurate position information is ne17
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Figure 6: The variation in the the capacitive coupling between the tracked person and
the receivers is demonstrated in the above figure with a percentual received-signalstrength map. The map was obtained by walking slowly around the TUT Smart Home
and by recording the largest measured C Ut for each position. The highest signals were
recorded around the dining table and are represented with the darkest contour lines,
but the positions of the other receivers are also easily distinguishable. Receivers R1–R3
are built of conductive textiles and are either suspended from the ceiling (R1 and R2) or
placed under the bedlinen (R3). R4 and R5 are constructed of copper foil that has been
attached to the undersides of the living and dining room tables. [P5]

cessary or preferable. However, dividing the area of a large transmitter into four smaller
segments also makes the measurements from these tiles four times slower with the
algorithms we used, and increases the amount of wiring needed to connect the tiles to
the measurement circuitry. Therefore, when deciding what size floor electrode should
be used, the assumed usage frequency and application possibilities of the installation
environment should be taken into consideration. It is also important to note that there
is no upper limit to the size of the transmitter, so the compromise between accuracy,
speed and the amount of wiring required can be made freely according to which room
or area needs to be tracked.
Receiver configuration Both publications P1 and P2 used a vertical wire or a small
plate electrode as a receiver but the large-scale test system of publication P5 relied only
on receivers R1–R5 installed below the ceiling (R1–R2) or in common household items
(R3–R5) as shown in Figure 6. Although the same algorithm was used in all of these
studies and the slight variation in the receiver configuration does not affect the tile-based
positioning method, it must be noted that all the used receivers must be installed close
enough to the transmitters for the system to operate reliably. Based on the results of
publication P1, the signal-to-noise ratio (SNR) decreases almost linearly according to the
distance between the tracked person and the receiver. Therefore, in practice the receivers
must be installed at a maximum of about three meters away from the transmitters to
enable a good capacitive coupling between the transmitter and the person. This is also
apparent from Figure 6, which shows the received signal strength in the TUT Smart
Home as a percentage of the maximum signal. However, the measurement range of the
18

Table 1: Tile-based positioning results: the mean (µ) and standard deviation (σ) of the
measured errors with the errors at different confidence levels. The maximum error in
the table represents the 100% confidence level. [P5]

Posture
Standing
Walking

Transmitter size
(cm)
30×30
60×60

µ
(cm)
4.2
5.8

σ
(cm)
4.5
4.2

90%
(cm)
7.0
11.3

Max.
(cm)
18.5
14.3

30×30
60×60

9.4
17.5

6.5
11.3

17.3
32.8

51.1
40.7

receivers can be extended by ensuring that there is either no insulation, or only a thin
layer of insulating material between the transmitter and the feet of the person, and by
raising the emitted voltage.
Algorithm In tile-based positioning, a measurement signal is driven into the tracked
person from the transmitting electrodes in the floor and the received signal strength,
i.e. C Ut , is measured by the receiver electrode. The measurements are taken in a timemultiplexed manner and a single tile measurement takes 11 ms. The 2D user position is
calculated using the relative C Ut values from each transmitter t according to the physical
location of the electrodes. C Ut increases when the feet of the person cover more of the
electrode area, and, the greater the C Ut , the closer to the centroid of the transmitter t the
person is assumed to be.
Key results The practical test systems that were implemented demonstrate that this
type of tracking system can be installed in the structures of the building and at least
partly hidden from the users. As stated above, the tracking accuracy of these types of
systems depends on the size of transmitter used. Furthermore, a standing person can
be located with greater accuracy than a moving person, because of the fact that there
is better electrical coupling between the person and the transmitters when they are in
a standing posture with both feet on the ground. Table 1 presents the measurement
results with the two different sizes of transmitters measured without shoes. With shoes,
the results can be expected to be somewhat poorer, although no exact measurements
have been made [P4].
When analyzing the results of Table 1, we see that the mean and standard deviation
are almost the same for both transmitter sizes. Although the maximum errors differ
significantly because of the weaker signal reception with the smaller transmitters, which
have a thicker insulation layer between the transmitting electrode and the person,
the smaller transmitters actually have about a 38% lower margin of error at the 90%
confidence level.
As a part of the study presented in publication P5, a long-term test was performed in
the TUT Smart Home to test the tile-based positioning system outside a laboratory
environment. A test person was asked to live in the apartment for 14 days and his
position was recorded while he was inside the home. Figure 7 shows a one-hour example
of the data acquired during this test period on the 21st of October, 2009 between 20:00
and 21:00 hours, with the raw positioning data obtained from the hardware with a little
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Figure 7: An example of the gathered walking tracks during the long-term living test in
the TUT Smart Home. The data was gathered between 20:00 and 21:00 hours on the
third day of living in the TUT Smart Home. The activities during this hour are analyzed
in section 3.3.2 and shown in Figure 9. [P5]

filtering and with a smoothed track which depicts more precisely the true path of the
body of the person. It is easy to see from this figure that the raw data obtained with the
tile-based positioning system is rather erratic because it follows the individual steps of
the person. All the gathered positioning data was released for public use and is freely
downloadable at [117].
The hit rate of this system, analyzed from this one-hour data sample, was found to be
95.8%. It was calculated by dividing the number of times the system had not lost the track
of the person, for at least a period of one second, with the total number of measurements
performed. In other words, the system was not able to measure the person position for a
total of about two and half minutes during the one hour sample. The places where the
person was lost were distributed in the following way: a total of about one second in the
dining room, 25 seconds in the hallway and two minutes and five seconds in the kitchen.
In contrast, the false hit rate of the system, analyzed from this same one-hour sample, is
0.2%. This figure was obtained by calculating the number of times the system detected
the person in the sensed floor area while the person was actually still in the bathroom or
on the balcony, and then dividing that number by the total number of measurements
performed during the periods of absence from the tracking area. In figures, the person
was momentarily falsely recognized on the floor five times out of the 2404 measurements
that were performed during the eight minutes and ten seconds of absence.
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Cable connections

Figure 8: Both the transmitters and the receivers can be hidden in household items in
order to recognize user touch and proximity to them. On the left-hand side, the metal
front surfaces of the refrigerator (left appliance) and freezer (right appliance) were used
as transmitting electrodes to detect when these appliances were used in the TUT Smart
Home. On the right-hand side, a copper foil receiver is attached under the tabletop of
the sofa table. With this receiver, the measured data was used both to detect contact
with the table surface and to position the user on the floor in the vicinity of the table. The
connecting cable for the receiver electrode, going under the floor through the carpet, is
also visible. [P5]

3.3.2 Contact sensing
The activities of people in a smart environment can be monitored through their interactions with the objects in the environment. For example, the system described
in publication P5 can observe user contact with common household items such as a
bed, sofa, table or refrigerator. When used in conjunction with the tile-based positioning method (see section 3.3.1) as in publication P5, the position of the person can be
deduced simultaneously with the user interactions using a single measurement system.
Electrode configuration To measure interactions with the environment, transmitmode sensing can be used to recognize user touch to both transmitting and receiving
electrodes that are hidden in the objects of the environment. For example, sensing electrodes can be installed in beds, sofas, tables or electrical appliances as in publication P5.
The left-hand side of Figure 8 shows an example how the front doors of the refrigerator
and freezer were connected to the measurement system in the TUT Smart Home and
used for detecting when they were used. In the case of non-conductive objects, thin
copper foil can be applied to the item, such as to the sofa table in the TUT Smart Home
shown on the right-hand side of Figure 8.
Measurement method Human contact with household objects can be detected by
measuring the C U for the electrode attached to the object. The magnitude of C U changes
in direct proportion to the person’s proximity to the electrodes. In other words, C U is
high when the absolute distance to the electrode is small and vice versa. However, the
changes are non-linear with the distance because the measured capacitances increase
quadratically as the distances between the person and the electrodes become shorter.
In the test system described in publication P5, any contact with the object is given as a
binary signal that is formed by comparing C U to a predetermined constant threshold
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Figure 9: An example of one hour’s worth of activity data acquired from the TUT Smart
Home during a long-term living test. The one-minute-wide boxes are colored dark only
if the test person touched the item during that one minute period. During this one hour,
the test person 1) prepared food in the kitchen, 2) watched TV on the sofa or used a
laptop on the sofa table, 3) ate food in the living room, 4) carried dishes to the kitchen, 5)
checked the home’s status from the bedroom computer, 6) undressed, 7) took a shower
in the bathroom, 8) cooled off on the balcony, and 9) dressed in the bedroom. The
walking paths during this one-hour period have already been shown in Figure 7. [P5]

capacitance for the object. For example, the test system in publication P5 was defined to
give a binary one when the person touched the object and a zero when the object was
not touched by the person.
Key results As a part of the study in publication P5, a two-week long test was performed in the TUT Smart Home to test the contact-sensing system. Figure 9 presents
an example of the activities detected in the TUT Smart Home during a one-hour period
below the annotated events that were recorded by the test user on a portable voice
recorder. This diagram shows that the annotation data matches well with the recorded
contact data. Moreover, if the plotted tracks of the person shown in Figure 7 during this
same one-hour period are analyzed together with the contact and annotation data, they
fit seamlessly together. Therefore, we can conclude that by embedding the electrodes
of a tile-based positioning system in the household objects of a smart environment,
the interactions with the environment can be detected with a good accuracy. Furthermore, when the positioning data is analyzed together with the recorded interactions
it is possible to infer the activities of the person under observation within a particular
context.

3.3.3 Electric eld ranging
Instead of using multiple transmitters and a small number of receivers, it is possible to
track a person with a single transmitter and multiple receivers. This is made possible
by calculating the capacitance between the person and the receivers and converting it
into distances. Moreover, this method allows even slight movements, such as leaning
or moving an arm or a leg, to be discerned, assuming that an adequate signal can be
received by the receivers. As was demonstrated in publication P3, this method allows the
test system developed in publication P3 to be used not only for human position tracking,
but also in gaming, virtual exhibitions, and virtual reality applications.
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Figure 10: The electric field ranging method allows even slight body movements in the
tracking space to be detected. By measuring the user distance from the vertical wires
placed in each corner of the tracking space, the user position can be calculated and used
in addition to indoor positioning, for example, to control a flight simulator game. [P3]

Construction The test system described in publication P3 consists of a single large
transmitter, 180×180 cm in size with four vertical wire receivers placed at the corners of
the transmitter. The transmitter consist of nine commercial raised floor tiles that have
been electrically connected, and the receivers are made of standard power-line cables.
The whole test installation has been placed next to the structures of a virtual reality
cave, which has two background projection screens beside the transmitter. Figure 10
shows the physical construction of the test system with an example application of flight
simulator control.
Measurement method This system measures the capacitances between the user,
standing on a transmitting floor electrode, and four vertically aligned receiver wires
placed in the corners of the tracking area. The system uses the transmit mode and
measures one receiver at a time at 19.5 Hz. The measured capacitances are converted to
absolute distances between the user and the receivers using a capacitance-to-distance
conversion function in the horizontal dimension. If the distances between the user
and the static receivers are known, a non-linear system of equations can be solved to
calculate an unambiguous position for the user.
Specifically, the system measures the value of C Ur for each receiver r at a time. A predetermined capacitance-to-distance conversion function is used to convert the measured
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Figure 11: The response of the electric field ranging method was tested in publication P3
with two postures. First, a test user stood in the middle of the tracking area and swiveled
through 360◦ while keeping both feet on the ground. Second, he stepped forward in
eight different directions while keeping the other foot in the same place. Modified
from [P3].

C Ur value to an absolute distance value d r between the receiver r and the user. The
non-linear system of equations is solved in real-time to find the best approximation for
the 2D body position x by using all four of the computed distances d r from the receivers
using an iterative least squares (Gauss-Newton) algorithm. Also, because the C U changes
vary somewhat according to the person’s height, feet size and footwear, the computed
distances are corrected with a correction factor k whose value typically ranges between
0.6 and 1.5. Altogether, the measurement equation to be solved can be written as
d r = k kb r − x k + e r ,

(3)

where, b r is the location of the receiver r and e r is the measured error for the receiver.
Key results The test system which was constructed and described in publication P3
demonstrates that a person’s body position and movements can be tracked passively with
a simple electrode configuration and affordable electronics by converting the measured
capacitances to absolute distances. The system works with different size people and in
some applications the correction factor k could be used to adequately identify differentsized people or to identify the insulation properties of an individual’s footwear. The test
system can track a human body with relative accuracy of less than 10.4 cm and absolute
accuracy of less than 15 cm.
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Figure 12: The electric field distribution around a 170-cm-tall human standing on a
transmitting floor tile in a conductive building simulated with steel floor and ceiling. By
measuring the capacitance between the body and the receiver above the person, both
the human’s height and posture can be determined. [P4]

Figure 11 shows two different ways that the system positions the user in a flight simulator
scenario. First, the inner circular shape shows the limits to how much a test person was
able to change the tracking result by swivelling in different directions with his arms at
his sides. Second, the larger radial results show how the test user was able to position
himself when he stepped in 8 different directions and bent his body in the direction of
the step. The figure reveals that the test person was able to move his computed position
away from the center position by an average of about 15 cm when swivelling and 70 cm
when taking the single steps. In addition to these experiments, this system was tested
for mouse cursor control, virtual-object viewing-angle manipulation, and drawing.

3.3.4 Height and posture sensing
It is difficult to unobtrusively recognise a user’s height and posture passively without
video cameras. In publication P4 we demonstrated a method for distinguishing a person’s
posture with a simple measurement system. The measurement method is based on
transmit-mode measurements and instead of calculating the horizontal distance from
the person to the receiver as in P3, the conversion is done vertically, and the distance
between the user and a receiver above the user is determined. Further, by first measuring
the standing height of the person, the user’s posture and vertical head position can be
determined with these simple techniques.
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Figure 13: Wooden building structures change the electric field distribution around the
person and the measured values of C U because of the changes in the conductivity of the
environment. [P4]

Measurement setup A system for measuring a person’s height can be constructed
from a single transmitter and a receiver in transmit mode. The transmitter under the
person’s feet is used to emanate an electric field around the body and the C U is measured
with a receiver set in a horizontal plane above the user. Figures 12 and 13 demonstrate
the potential distribution with two different types of building models, constructed from
steel and wood respectively. In these figures, the receiver has been installed at a height
of 240 cm and the person standing on the transmitter is 170 cm tall.
Measurement method The height of a person is calculated using the measured C U
value by converting it to an absolute distance between the person and the receiver and
by subtracting this from the height at which the receiver is installed. The conversion
is done with a pre-calibrated capacitance-to-height conversion function that must be
calculated for the operating environment before the system goes into operation. This
conversion function can be derived either from simulation results by calibrating it for the
given environment or by experimentally defining it in the operating environment. The
head height of the person at any moment can be determined by calculating a percentual
height h % of a person from the standing height h s with the equation
h% =

m e a s u r e d he i g ht
∗ 100%.
hs

(4)

Furthermore, this percentual height can be used to determine the posture of the observed person, for example, by using the posture classification presented in Figure 14.
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Figure 15: Simulated and measured capacitance-to-height conversion functions with
scaled simulation results from publication P4. [P4]

However, this classifier has not been verified, because the small number of test persons
(n = 14) available in P4 were all used to create this classifier.
Key results Both the simulation and experimental results from publication P4 shown
in Figure 15 demonstrate that C U changes with the height of a user in a standing position.
Moreover, since the simulation results and the actual results have a similar shape in
Figure 15 but a somewhat different slope, the scaled simulation graph in Figure 15 shows
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how well the simulation and experimental results correlate with each other. This scaled
graph was calculated from the simulation results using the equation
C USc a l e d = 1.5C U − 1.4

(5)

where the constants have been experimentally defined.
Statistically, the experimental system described in publication P4 was able to calculate
the height of a standing person with at least 7.1 cm accuracy. In all other postures
ranging from standing erect to crouching as low as possible, the absolute accuracy
of the system was always determined to be 21.7 cm or less. At 90% confidence level
these values were 5.2 cm and 14.3 cm, respectively. If the relative change in the user’s
height from a standing posture is enough for a given application, the height change can
always be measured to within at least 14.6 cm accuracy and at 90% confidence level to
within 9.1 cm accuracy. Furthermore, if the system is calibrated for a single individual,
the absolute and relative accuracies for a crouching person are 11.6 cm and 4.5 cm
respectively at 100% and 90% confidence levels.
These unobtrusive height and posture measurement methods can be used in many context and activity recognition applications. Indeed, in smart environments the activities
of the tracked persons can be reasoned with higher accuracy if the three dimensional
position and posture of the person can be inferred. For example, if we know that a
person is sitting next to a table, rather than standing, we can infer that the person might
be eating or reading something. On the other hand, if the person is standing, we can
infer that they might be laying the table. Similarly, if people are sitting on the floor and
playing a board game, we may distinguish that from people standing in a circle and
chatting with each other. Or, if a person is exercising on the floor and doing some sit-ups,
we can differentiate that action from someone just lying on the floor. Therefore, the
elderly could be monitored to support independent living at home and raise the alarm
if the elderly person should fall and not get up again. Finally, smart homes could offer
some unique services to their inhabitants like proactive home appliance control and
real-time context delivery to family members and friends outside the home. Furthermore, if there are sufficient differences in the heights of the family members, they could
be distinguished from each other, and so individualised services could be provided for
them through the home user interfaces and actuators.

3.4

Discussion

This unobtrusive way of measuring a person’s position, posture and contact with the
environment in 3D will be helpful in creating new smart environments that are calm
and non-distracting to their users. Moreover, these methods can be used outside smart
environments in many different types of applications. In this section, we will examine
the pros and cons of the methods, compare the methods to the state of the art technology,
and present ideas for future work.
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3.4.1 Accuracy and reliability
The results presented here indicate that the methods which have been developed cannot
achieve the same level of accuracy as can be obtained with the methods used in the stateof-the-art active systems which can be applied in smart environments. For example,
the two well-known ultrasound-based location systems, Cricket [92] and Bat [124],
can position a person with about 10 cm and 5 cm accuracy, respectively. Likewise,
a commercial Ubisense location system based on UWB (Ultra-wideband) technology
can track a person with about 15 cm accuracy [54]. However, the test systems described
in publications P1, P3 and P5 do demonstrate somewhat better accuracy than the the
passive infrared system of Hauschildt et al. [32], which can only position a single person
with an accuracy of 26 cm. On the other hand, our systems are not as accurate as
the passive ultrasound system of Nishida et al. [71], which can track a human head
with less than 5 cm error. However, it is important to note that in its current state
of development the system of Hauschildt et al. suffers from reflection and dynamic
background radiation issues, and the ultrasonic system of Nishida et al. would require
the installation of hundreds of sensors in the ceiling of the TUT Smart Home in order to
cover most of the rooms.
If the accuracies of the test systems presented in publications P1 and P5 are compared
to the capacitive positioning system of Rimminen et al. [95, 96], we have a slightly
better mean accuracy than Rimminen’s system. Indeed, Rimminen et al. use 25×50-cm
electrodes on the floor and get a mean accuracy of 21.2 cm for people walking, while
our systems obtained a mean accuracy of 9.4 cm and 17.5 cm with the 30×30-cmsized and 60×60-cm-sized floor electrodes respectively. Furthermore, the standard
deviations in our systems are also somewhat lower: 13.2 cm for Rimminen’s system
versus 6.5 and 11.3 cm respectively for the small and large transmitters used in our
systems. The main reason that our systems are more accurate than the Rimminen one,
even with the larger electrodes, is probably due to the fact that Rimminen et al.’s system
had wiring between the electrodes on the floor surface as shown in [94, p. 11]. This
meant that the available electrode area on the floor surface was reduced, which led to
an increase in the positioning errors.
The reliability of the tracking system built in the TUT Smart Home in P5 can be analyzed
with the hit rate and false hit rate figures presented in section 3.3.1. To understand why
the tracking system lost track of the person in the TUT Smart Home, we must look at
where the system lost track of the person. In section 3.3.1 we showed that, most of the
time, the person was lost in either the kitchen (82.7% of the cases) or the hallway areas
(16.6% of the cases). If we compare this distribution with the Figure 6, we can see that
the places reducing the hit rate have a relatively low received signal strength. Thus, a
low signal strength greatly affects the reliability of the tracking system. In addition, the
contact of the person with grounded sources in the kitchen, i.e. the dishwasher, the sink
and the stove, cause the transmitted signal to couple with the ground so it is not received
by the system. Therefore, for much of the time when the person was considered lost he
was preparing food and touching one or other of these grounded objects in the kitchen.
This is also very clear from the publicly released test data [117].
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The acquired hit rate of 95.8% is slightly better than the 91.6% achieved by Rimminen
at al. [96]. Again, the reason for this difference is caused by the gaps between the
floor electrodes in the UPM Kymmene Oyj sensor laminate used in their work [94].
Furthermore, our hit rate is better than the maximum hit rate of 87% obtained with the
pressure sensitive floor in the Gator Tech Smart House [40]. Nevertheless, some ideas to
further enhance the reliability of our system will be presented in section 3.4.4.

3.4.2 Construction, cost and complexity
The physical construction of the electrodes in all of the presented systems is fairly simple,
because they consist of single layers of conductive material, which is easily available.
For example, the floor electrodes could be built from aluminum foil placed underneath
the floor surface, which could be either wood, plastic or ceramic. Similarly, the receiver
electrodes could be built out of almost any conductive solids, textiles, or even from a
sparse wire net. In fact, a 0.22 mm-thick wire net receiver was shown to be a feasible
solution in publications P4 and P5 to create a barely noticeable receiver below the ceiling.
Unfortunately, the current design requires a single coaxial cable for each electrode, which
means that a large amount of cabling is required to cover a house. In the case of the TUT
Smart Home, about 400 meters of coaxial cable were installed to feed the measurement
signals to and from the electrodes. One solution to this problem would be to replace
the cabling and the electrodes with, for example, the thin sensor laminate made by
UPM-Kymmene Oyj that was used in the work of Rimminen et al. [95, 96] and is shown
in [94, p. 11]. This 150-µm-thick laminate was made from a 13-µm-thick aluminum
film that was laminated between two layers of PET (polyethylene terephthalate) film.
All the wiring to the 36×30-cm-sized electrodes were incorporated into this laminate
using etching techniques and were made accessible at the edge of the laminate using a
standard connector.
Based on the large-scale tile-based positioning system implementation of the TUT Smart
Home described in publication P5, we can calculate the total cost per square meter for a
real-world capacitive positioning system. If we include all the materials and devices used
to construct the positioning and contact-sensing system of P5 but exclude the cost of
labour and the PC used for position calculations, we get a total price of about 5800 € for
the roughly 53 m2 area covered by the system. This equates to a cost of 110 €/m2 , of
which only about 16 €/m2 goes on the electronics and cabling, and 4 €/m2 on both the
copper foil and silverized-textile receivers placed in the environment. Clearly, most of
the costs arise from the raised floor tiles, which are relatively expensive, being about
108 €/m2 and 68 €/m2 for the commercial and the custom built floor tiles respectively.
Thus, the type of flooring material greatly affects the total cost of these types of capacitive
systems. By covering the floor with cheaper materials and using alternative construction
for the floor electrodes, the total cost can be brought down to less than half of the
implementation costs of the TUT Smart Home system. Indeed, the capacitive positioning
system of Rimminen et al., implemented with the UPM-Kymmene Oyj sensor laminate
and a thin carpet covering the floor, only costs about 45 €/m2 [94]. Finally, the electric
field ranging and the height and posture measurement systems presented in publications
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P3 and P4, respectively, are at least as affordable as the tile-based positioning systems.
This is because they do not require a large number of electronic components and they
can even be implemented with one large transmitter covering the whole apartment.
Equally importantly, the hardware consumes very little power.
The above compares well with the costs involved with other passive positioning system
implementations. For example, the pressure-sensitive floor of the Gator Tech Smart
House costs about 140 €/m2 [40] and can provide about the same level of accuracy
as our tile-based system. Thus, our systems are slightly cheaper than their system
even if they are built with the raised floor tiles. In addition, they can also be used for
measuring 3D movements and detecting user contact with the environment. In contrast,
the ultrasound sensors of Nishida et al. [71] can measure human position with much
greater accuracy, but their system requires a large array of sensors installed close to each
other in the ceiling. Assuming that the ultrasound transmitter and receiver together
cost about 10 € [103] in their system, the total cost is over 200 €/m2 . However, the
infrared sensors of Hauschildt et al. [32] could be significantly cheaper, as only one
thermopile-array module is required in each corner of a room. Indeed, if one module
costs about 100 € in large quantities [109], a 10 m2 room could be covered for only
40 €/m2 . Nevertheless, the reflection and dynamic background radiation effects of
thermopile detectors still need to be resolved before they can be reliably used in real
living environments.

3.4.3 Safety
The methods presented here can be regarded as completely safe for human beings
because the electric and magnetic fields in the human body are well below the levels set
by the International Commission on Non-Ionizing Radiation Protection (ICNIRP) [35].
The commission has set the limit for maximum internal electric field strength in the
human body to 4.32 V/m at a 32 kHz frequency and the first harmonics of the squarewave signal which was used. Because the human body conducts these frequencies well,
the potential difference between the feet and other parts of the body is only about one
volt, as shown in publication P4. Hence, the internal electric field within the human
body remains under 1 V/m, which is well below the recommended limit.
Because the wavelength of the 32 kHz square-wave signal used in the practical implementations and its harmonics are in the order of magnitude of kilometers, while
the dimensions of the floor electrodes which were used are measured in meters, the
emanated magnetic field from the transmitter is virtually nil. Thus, the human body’s
exposure to magnetic fields from the systems is negligible. Finally, the current levels in
the human body need to stay below the ICNIRP set reference levels for general public
exposure [35]. This was shown by the simulation results in publication P4. In figures, the
current in the neck was determined to be only 25 µA while the maximum current set
by the ICNIRP for the 2.5–100 kHz frequency range is 6.4 mA. Thus, the current levels
remain well under the set limit and do not pose any health hazards.
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Figure 16: If a person is wearing shoes, the system of P4 significantly underestimates
that person’s height. The X axis of the histogram has been divided into 4% wide bars.
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(right Y axis) of the percentual drop in the measured height with shoes. Modified
from [P4].

3.4.4 Future work
As already discussed in sections 3.3.1 and 3.4.1, the test system of publication P5 installed in the TUT Smart Home can sometimes lose track of a person. In addition to the
problem of the grounded objects in the kitchen area causing the person to be electrically
grounded (see section 3.4.1), three other typical reasons for losing track of the person
were identified in publication P5. These were: 1) the insufficient signal strength over a
certain area of the apartment, 2) a person moving too fast, and 3) a person moving in an
unusual way, such as leaping on the floor, jumping from one non-conducting chair to
another or crawling on the floor in areas of low signal strength. Although fixing all these
problems is challenging, the first two problems could be fixed, or at least alleviated in
many ways. First, a better receiver network could be created simply by placing more
receivers in the environment. If the receivers could be placed, for example, in the furniture, the contact with these items could also be recognized. Second, the structure of
the floor tiles could be changed to yield a greater C Ft . This could be done, for example,
by moving the transmitting electrode closer to the surface of the tiles. In an installation
in an old house this could be achieved by spreading the transmitting electrodes directly
over the existing and non-conducting floor surface and by installing a new, thin floor
surface directly on top of it. Also, the use of thinner carpets on the floor would help
with this issue. Third, by decreasing the total number of transmitters, for example, by
using only the larger 60×60-cm-sized electrodes, the scanning speed of the current
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implementation could be increased significantly. Fourth, new electronic circuitry that
would enable faster scanning of the tiles could make a significant difference. Fifth, the
tracking algorithm of the system could be enhanced significantly to help with the speed
issue. Indeed, currently the transmitters under a person are not always scanned before
that person moves to a new position.
The effects of shoes were not studied in detail in publications P1–P5. However, they can
have a significant effect on the ability of the system to track people and on the accuracy
of the results [P4, P5]. This happens, because C Ft gets smaller in inverse proportion to
the distance between the feet and the transmitters, and the insulation characteristics of
shoes cause negative effects. Indeed, the measured C U can be only some tens of percent
of its magnitude without shoes. Based on the short tests described in publication P4 and
shown in Figure 16, the measured height of a person with shoes decreases about 20–50%
from the measurements achieved when the person is not wearing shoes. Even though
the correction factor k of Equation (3) partially quantifies the insulation characteristics
of the shoes, other practical methods for quantifying the shoe insulation characteristics
with tile-based positioning systems could be researched. However, if the transmitting
electrodes were to be installed closer to the feet, as proposed above, this problem would
also be alleviated.
Despite the above problems the methods developed here have a wide range of applications. Nevertheless, the needs of the elderly could have been met more thoroughly.
In fact, with the infrastructure developed, simple fall detection with automatic alarm
features could have been implemented easily as was demonstrated with the capacitive
measurement system of Rimminen et al. [97]. In addition, other helpful functions for
the assisted living sector, such as soft lightning control for night-time toilet visits or
room- and context-sensitive voice-based services, could have been implemented in the
TUT Smart Home using its existing infrastructure. However, because fall detection was
simultaneously studied by Rimminen et al., we paid little attention to developing the
end-user applications and concentrated instead on the development of proper sensing
methods for these types of applications.
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4

Proactive fuzzy control

Reasoning algorithms are the essential components that make smart environments
smart. Because a smart environment cannot behave in an intelligent way without any
inference components, the inference systems in smart environments can be regarded as
at least as significant as the sensors and actuator systems of the smart environments.
According to Diane J. Cook et al. [18], smart systems must be fed extensive knowledge
about human beings in order for them to become smart. In fact, Cook et al. state that
smart systems must be capable of reasoning about, for example, space, time and the
environment, as well as the human tasks and activities that take place within these
parameters. Similarly, Richard Harper claims that smart homes should understand the
traditions and the morals of the people living in them [31]. However, a cursory glance
at the state of the technology in today’s smart homes shows that these visions are still
a long way from reality [5]. Therefore, there is a clear need for more research in that
direction, which should continue.
Albeit that smart environments are still in their adolescence, over the last two decades
the inference systems of smart environments have developed towards the concept of
the disappearing computer [4, 5, 112, 128], in which the computers themselves are far
less prominent and thus facilitate the concept of calm computing. The disappearance of
computers can refer to the physical miniaturization of devices or to a change in people’s
mental attitude, in that computers are no longer perceived in the way they are now, but
are regarded as being just one more feature of the normal domestic environment [112].
Likewise, proactive computing has been raising its head for over a decade and has
already been studied widely [119]. According to David Tennenhouse’s vision of proactive
computing [119], it can be seen as a method for removing man from the interactive
control loop, in which, up until now, he has traditionally been both an observer and a
controller of his own environment. Indeed, humans should be moved to a supervisory
and policy-making role and the control of the systems themselves be handed over to
context-sensitive computers. Indeed, Tennenhouse sees the development of dynamic
and adaptive context-dependent systems as one of the most promising directions for
future research.
In publications P6–P9, we studied proactive fuzzy control methods for controlling the
devices in smart environments. Specifically, we succeeded in applying reinforcement
learning techniques to fuzzy control to enable continuous support for people in their
daily lives. The following subsections describe the development of these methods for
proactive and context-sensitive control of smart environments. The focus will be on
the smart home lighting scenario analyzed in publications P6–P8, but there will also
be brief references to publication P9, which demonstrates phone profile control. The
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computational methods described in these publications originate from the idea of calm
environments [127–129], and enable people’s habits to be learned without any explicit
user input other than the use of common user interfaces such as light switches and
curtain cords. For example, in publications P6–P8 only the existing user interfaces of
the TUT Smart Home were used to control the home lighting, and in publication P9
normal phone controls were used to select the correct phone profile. Furthermore, these
algorithms have been developed to adapt to changes in the user’s lifestyle online and
do not require any attention from the user in order for the system to recognize new
contexts. Thus, they can always be used for proactive control of devices without anyone,
including the users, needing to change or even understand the inner workings of the
control system. Nevertheless, because the control and learning algorithms are built with
simple fuzzy control rules using common linguistic terms, they are self-explanatory to
most people and enable the addition of specific rules to modify the operation of the
system if necessary [70].

4.1

Literature review

Over the last few decades, various types of reasoning and inference methods and systems
have been proposed and built for smart environments. These systems aim to understand
the environmental context, learn user behavior, and control the state of the environment [3, 6]. The reasoning methods that connect the sensing and acting parts of the
smart environment control process together are also commonly referred to as machine
learning techniques [6]. Whatever term is used for the reasoning step of the control
process, we can identify some common reasoning methods that have often been used in
smart spaces, although the classification of different types of methods and techniques is
not always straightforward. Firstly, artificial neural networks have been studied since
1995 in [10, 11, 14, 15, 61–64] to model user behavior with biological neurons. Secondly,
behavioral patterns and sequences have been studied in [17, 28, 33, 38, 85–87, 93] with
different pattern recognition methods. Thirdly, some classification techniques based on
decision trees have been used to model users’ activities in [12, 111]. Fourthly, case-based
reasoning has been applied in [47, 52, 100] to recognize the context of the user based on
contexts which have been observed earlier. Fifthly, reinforcement learning techniques
have been studied in [P6–P9, 63, 133] to reward or punish the rules or agents that have
performed their actions in the environment. And finally, there are fuzzy logic rules,
which have been used to establish human like reasoning in [P6–P9, 22, 23, 25].
To illustrate the development of different reasoning techniques in smart environments,
we need to go back to the mid and late nineties. At that time, Michael C. Mozer et al.
presented their vision of the learning of user routines at the University of Colorado in the
The Neural Network House [62, 64] or, as it is called today, The Adaptive House [61, 63].
The main goal with their house was to observe the desired states of the actuators, set by
the inhabitants, in each room and learn the most desirable states with the level of user
discomfort and energy costs being the defining parameters. With the learned data, the
house was able to utilise the acquired data to predict room occupancy, hot-water usage,
36

and the probability that a zone would be entered in the next few seconds, using trained
feed-forward neural networks and reinforcement learning techniques.
Meanwhile, in 1998, Markus Nebenführ et al. used very similar ideas when they published their findings in [70] on self-optimizing home automation systems. Instead of
processing all the data centrally, they opted to use an adaptive neuro-fuzzy [69] system
that would allow the home to learn the lifestyle of its occupants using a neural-network
learning technique. Moreover, because the embedded fuzzy controllers’ inference techniques resemble human decision making protocols, the actions committed by humans
could be handed over to these developed control systems. Although these visions and
methods were significant at the time of publication, their practicality or complexity was
not demonstrated thoroughly enough at that time. For example, the neural-networkbased learning algorithm of The Neural Network House requires multiple training rounds
before it can make reasonable decisions. Likewise, the analysis of a neural network can
be an arduous task.
In [122], Li-Xin Wang et al. offer support for the views of Nebenführ et al. in that they also
see fuzzy control as a good solution for environmental control when the model of the
environment is so complicated that any mathematical model would be either severely
non-linear or simply impossible to develop. Moreover, along with Nebenführ et al. they
argue that fuzzy control systems can replace human controllers if they learn human
habits. Finally, because fuzzy control and learning algorithms can be constructed to
learn from even a single example using simple IF–THEN rules [P6–P9], it becomes clear
that fuzzy-logic-based methods are very promising for controlling and learning human
habits in smart environments.
In 2004, Faiyaz Doctor et al. presented a student dormitory bedroom-based testbed
iDorm [22, 23] that adopted a fuzzy control based agent. Their agent used a type-2 fuzzy
logic learning technique that was able to learn online and adapt its behavior to the user’s
habits. The learning in this project was initiated by user-generated events, but required
an initial learning period to be able to define the linguistic variables for the system and
to create reasonable rules for its inference database.
Along the same lines, Manuel García-Herranz et al. proposed in 2008 that special triggers
in a rule language should be used to initiate device control [29, 30]. In their study, they
developed a prototype system with modular agents and triggered IF–THEN rules that
were used both to control and to explain the behavior of the environment. In addition,
they defined a reinforcement learning algorithm that rewarded the rules of the system
when the context in the environment changed. However, their intent was not to learn
new rules automatically but only to adapt the user-specified rules to make the control
system conform better to the user’s wishes.
Because the control and learning methods of these two latter systems are at least partly
similar to the methods presented in this thesis, a detailed discussion of the differences is
provided later in section 4.5.1.
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4.2

Fuzzy control theory

Generally, control systems are designed according to the process being controlled and
its properties. Indeed, the control algorithm is typically adjusted using a mathematical
model of the process. However, in the case of smart environments, where at least a part
of the living environment is controlled, the environmental state is not easy to model
with a mathematical model because of its complexity. Because the optimal state for the
environment is typically defined by the inhabitants or the users of the environment,
the control method should be compatible with the thinking process of human beings
for it to be logical to its users. For example, even in a simple lighting control setting
there is no easy answer to the most optimal state of multiple lights, blinds or curtains.
Moreover, different people have different preferences, and over time people change their
attitudes (and minds) for reasons that cannot be known – even by the most state-of-theart technological systems.
It was to help with this control issue that professor Lofti A. Zadeh from the University
of California introduced the principles of fuzzy logic in the 1960s [131, 132]. Since
then, fuzzy control has been exploited in multiple application areas, including smart
environments [22, 70, 90, 132]. The major advantage of fuzzy systems is that they provide
a way to describe relations between contexts and actions in an easily understandable way.
According to professor Zadeh, fuzzy systems try to mimic linguistic human reasoning
on a computer and can handle the uncertainty that is part of human reasoning and
speech [123]. For example, on a winter’s day people may say that it is cold outside,
but the definition of cold is dependent on the occasion and on the speaker’s previous
experience. Furthermore, other noteworthy properties of fuzzy systems are their fast,
user-friendly, and memory-conserving operation [123].
The modeling of fuzzy systems is usually performed using expert knowledge from people
acting in the field of interest. With fuzzy control systems, the modeling includes two
main steps: 1) defining the input and output variables of the system at a linguistic level
and 2) assigning the control system a set of fuzzy control rules that link the variables of
the controlled environment together. Figure 17 shows an example of the link between
the linguistic and technical levels and the control process flow in a fuzzy lighting control
system. In the following subsections we will analyze the most important elements of
this control process, namely context recognition and control process flow. For a more
detailed theory of fuzzy logic and control one may refer to [123] and [132].

4.2.1 Context recognition
It is important to know the context of the controlled environment so that the correct
actuator settings can be set for it. Moreover, if the environmental context is measured
with sensors that resemble human perception, the environment can then be controlled
in a human fashion with the sensor data, thus maintaining calm for its users. Therefore,
the selection of the correct sensors is vital. Typically, it is sufficient to select only those
sensors that affect the human reasoning for the controlled parameter and whose readings
cannot be controlled by the user through the actuators. For example, with a lighting
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Technical level

Fuzzification

Linguistic level

SENSOR READINGS

LINGUISTIC INPUT VARIABLES

· Presence sensor ϵ [ 0, 1 ]
· Outdoor brightness sensor ϵ [ 0, 255 ]
· System clock (minutes) ϵ [ 0, 1440 ]

· Person activity ϵ { absent, present }
· Outdoor lighting level ϵ { dark, mid-lighted, bright }
· Time ϵ { 1, 2, 3, …, 50 }

IF.. THEN ..

Rule database
Fuzzy inference

Process

ACTUATOR SETTINGS

LINGUISTIC OUTPUT VARIABLES

· Lights’ power level ϵ [ 0, 255 ]
· Venetian blinds position (degrees) ϵ [ 0, 180 ]

· Ceiling lighting power ϵ { small, quite small, normal, quite much, much }
· Venetian blinds’ position ϵ { closed down, down, center, up, closed up }

Defuzzification

Figure 17: An example of the fuzzy control process of publication P6 where the lighting
system of a smart environment is adjusted. The real sensor values are fuzzified into their
corresponding linguistic variables to be used by the rule-based fuzzy inference process.
Likewise, the linguistic output variables of the inference process are transformed back
to a crisp form in which they can be used to control the actuators in the environment.

system it would be sufficient to measure only the outdoor lighting level – the indoor
lighting level and the state of the actuators do not necessarily need to be measured
and to be used as an input to the inference system as we discovered with the system
described in publication P6. Indeed, in that system the control system started to oscillate
uncontrollably or behave illogically when the indoor lighting level or the actuator states
were used as an input for the control system.
The definitions of the linguistic variables determine how the crisp sensor readings and
the actuator settings are mapped to and from the fuzzy values used by the inference
system. To map the sensor and actuator values to fuzzy values using a Mamdani [56]
type fuzzy inference method, a set of membership functions (MFs) is used for each
linguistic variable. These MFs can be tailor-made as in publications P6–P9 or derived
from some sample data as was done in iDorm system [22, 23].
Figure 18 shows example MFs from the outdoor lighting level variable used in publication P7. Here, a crisp input value between 0 and 255 is converted to a fuzzy membership
value for each MF separately so that each MF receives a degree of membership between
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Figure 18: The linguistic variables of fuzzy systems are defined with a set of membership
functions (MFs) that can overlap each other. The figure shows the MFs of the outdoor
lighting level variable used in publication P7. A crisp measurement value is converted to
a membership value between zero and one for each MF separately. Modified from [P7].

zero and one. For example, a crisp sensor value of 100 would be converted to a fuzzy set
with approximate values of
Dark = 0.1
Mid-lighted = 1
Bright = 0.0001
with the MF definitions of Figure 18, in which the MFs are based on Gaussian-shaped
curves that are non-zero at all sensor values. More precisely, in Figure 18 the dark and
bright fuzzy values are pure Gaussian-shaped functions, but the mid-lighted value is
a two-sided composite of two Gaussian curves [114]. Regardless of the MFs’ shapes,
the idea behind the multi-valued transformation to linguistic variables is to divide
continuous numerical values into a range of states that are overlapping or fuzzy. With
the use of overlapping MFs an input variable’s state does not change abruptly, but
gradually loses value in one MF while gaining value in the next.

4.2.2 Control process
Fuzzification The control process starts with fuzzification. In this step, all the sensor
readings are fuzzified to the linguistic variables’ fuzzy values using the methods described in section 4.2.1.
Inference A fuzzy control system uses all the input variables’ fuzzy sets in fuzzy
reasoning. This inference process is based on a set of rules, each in the form

IF
THEN

person IS present AND
outdoor lighting level IS dark
ceiling lighting power IS normal AND
venetian blinds' position IS down.
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Here, the output variables ceiling lighting power and venetian blinds’ position are also
fuzzy sets.
The combination of all the input values in each rule defines the context in which the rule
is triggered. For example, the above rule is triggered only if the degrees of membership
for both values present and dark are over zero. Anyway, if the MFs are defined as
Gaussian-shaped functions that are always above the zero level, as is the case for all
three fuzzy values in Figure 18, the above rule is always triggered if the person is present,
because all crisp outdoor-lighting-level sensor readings are fuzzified at least by a small
amount towards the dark value. Thus, if only Gaussian-shaped MFs are used, all the
rules in the rule base are triggered at all times and the control system can use the
weakly detected contexts to control the environment. The advantage of this is that in
this way the system can apply the learned control routines from the weakly detected
contexts to the prevailing context if the routines for the dominant context are still to be
learned, for example, due to recent changes in lifestyle. In other words, the Gaussianshaped MFs help to solve the general problem where the whole state space or the system
dynamics have not yet been modeled. Consequently, in publications P7–P9 we take
advantage of the Gaussian-shaped MF definitions and enable the inference systems of
these publications to act proactively in multiple previously unseen situations.
Depending on the fuzzy context which is detected, various rules may simultaneously
force the output variables towards different fuzzy values. In this case, the individual
degrees of membership of the linguistic variables’ MFs on the input-side of the rule
define the strength with which each context and rule affect the outcome. For example, if
the context of a rule is not dominant, the output-side of the rule has only a small effect
on the actuators. Thus, the better the rules reflect the context of the environment, the
stronger the effect they have on the environment.
Apart from the context, a fuzzy control systems’ output can be controlled by ruledependent weights. They are applied in fuzzy systems to make some rules more effective
than others. By giving a weighting factor between zero and one to a rule, the rule can be
made to have either no or full effect on the actuators.
Defuzzification In the defuzzification step, the system calculates crisp values for the
actuator settings using the output fuzzy sets. The crisp values are obtained in reverse
order to that used in fuzzification: the MFs of a linguistic output variable are used
to convert the reasoned fuzzy values into actuator values. In publications P6–P9, the
calculation is done using a center-of-gravity method [123] so that the output value can
move smoothly over the whole crisp actuator setting area.

4.3

Routine-based control and learning

This part of the thesis was centered around modeling the user behavior, learning the
user routines and controlling the actuators of smart environments according to these
learned routines. Accordingly, in the test systems of publications P6–P8 the three sensors
of Figure 17 were used to recognize the environmental context. Physically, the presence
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sensor was implemented with an infrared thermopile detector [59], the outdoor brightness sensor with a light dependent resistor (LDR) based module, and the system clock
was from the PC used for running the inference systems. Likewise, these sensors and
the actuators of Figure 17 were used together to learn the user routines and to control
the lighting systems of the TUT Smart Home through recurring user contexts. Thus, we
had person activity, outdoor lighting level, and time as inputs, and ceiling lighting power
and venetian blinds’ position as outputs in these lighting control systems. Furthermore,
all the inputs were defined to control the outputs in each and every rule because we
reasoned that each of these inputs would have an effect on both of the actuators in every
context. Likewise, in publication P9 the phone profile settings ring tone, ring volume,
and vibrator mode were controlled with inputs time, place, and weekday.
Because the abstract concept of time is so important for humans, we first focused on
representing and handling the concept of time in an efficient way for modeling user
routines with fuzzy systems. That is, by observing the temporal interactions of the
users, recurring contexts and control routines can be detected and learned [7, 21, 58].
Second, by implementing the learned routines directly into the rule base of a fuzzy
control system, smart environments can be transformed from reactive to proactive
spaces. Third, we concentrated on providing the users of smart environments with
unobtrusive user interfaces to override the control system decisions and to teach the
control system the correct control methods. Accordingly, in the following subsections
we will cover these three topics and present the major contributions of publications
P6–P9 in this research area.

4.3.1 Time-sensitive control
It is essential to represent and handle time in order to learn and control the environment
with user routines, because our society works in a timed fashion. Indeed, most of us
wake up in the morning at a certain time, have breakfast, go to work, go back home,
make supper, watch TV and go to bed in the evening. What’s more, as a rule these events
take place at much the same time every day. Some of these events may even recur at
exactly the same moment, although usually these routines take place at around the same
hour each day. Therefore, it is vital for a context-sensitive system to observe human
contexts in synchronicity with the time and at the natural perception level of human
beings [7, 21, 58].
To present time in fuzzy systems in an orderly fashion without altering the basic fuzzy
control principles, we handle time as an input to our fuzzy control systems. Furthermore, because we talk about quarters or halves of hours and do not always act with
the precision of the minute hand of a clock, it is sufficient to represent time with some
imprecision. Thus, in publication P6 we defined the linguistic input variable time with
the more human one- and half-hour expressions. To be specific, we divided the day into
50 equal time zones, each zone covering about an hour (57.6 minutes) of the day. These
time zones were defined with triangular MFs as shown in Figure 19a. Here, each MF
had a larger degree of membership than its neighboring MFs for a period of about half
an hour (28.8 minutes). As a result, each rule whose fuzzy time value represented the
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Figure 19: The definition of linguistic input variable time with a) triangular and b)
Gaussian-shaped membership functions (MFs). The individual MFs enable fuzzy systems to perceive the abstract concept of time at the same half-hourly level that is
common in human interaction and reasoning. The Gaussian-shaped MFs have the
advantage over the triangular-shaped MFs that they have a degree of membership over
zero all day, thus allowing the environment to be controlled if a previously learned
context should occur at an unusual time. [P8]

prevailing time zone at any given moment was more effective than the other rules with
other time zones in them. Therefore, the effective rules changed gradually and every
half an hour a new set of rules became more effective than the ones associated with the
previous time zone.
With multiple time zones, the test system of publication P6 was able to react differently
to the same conditions at different times of the day. In other words, the time zones
enable the fuzzy control system to perceive the context more precisely. For example, the
morning coffee and evening snack by the kitchen table could be recognized as different
events, because they happen during different time zones. Thus, the same actuator states
can be recognized as different contexts or routines at different times of the day. Now, if
the actuator states are learned for each context and time zone separately, the home can
proactively set the actuator states to the learned states with more confidence. Because a
set of rules associated with each time zone become affective gradually and one set at a
time, the output changes by the context and the actuators are set smoothly (if supported
by the actuator) to the desired states based on the learned routines. Thus, the actuators
are calmly controlled even before the user calls for the change.
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The triangular-shaped MFs, however, caused the system not to perceive the learned
contexts if they occurred at different times of the day than when they had originally been
learned [P7]. Therefore, we redefined the MFs of the time in publications P7 and P9 to be
Gaussian in shape (see Figure 19b) so that each time zone would, at least to some extent,
cover every minute of the day. In other words, the degree of membership for a time zone
would only be greater than all the others for about half an hour per day. The rest of the
time it would be very small, although always above zero. Thus, the rules associated with
a time zone would be effective by small amounts even if the prevailing time were hours
away from the analyzed time zone. For example, the rules associated with the morning
time zones would be very ineffective in the evening and would thus not affect the state of
the actuators as long as some control principles had already been learned for the evening
and the prevailing context. However, if a context that had not previously occurred in
the evening were to be recognized, the system could set the actuators to the state in
which they were in the morning in a similar context. Thus, with this change the control
systems of publications P7 and P9 can replicate the learned solutions for different times
of the day even if no routines for the analyzed time period have been learned. Moreover,
this makes the test systems of publications P7 and P9 able to proactively control the
actuators immediately after initialization, when only a little data has been learned.
As explained in publication P6 the triangular MFs of all the time zones only overlapped
with their neighboring MFs. This made the test system of publication P6 only control
the actuators of the environment with a limited set of rules, because only the rules
associated with the two neighboring time zones were effective at any given time. In order
to limit the number of active rules in the systems of publications P7 and P9, we defined
the Gaussian MFs’ shapes so that they would only overlap slightly with time zones other
than the neighboring ones. Therefore, only the rules associated with neighboring time
zones would have a significant effect on the output of the systems (assuming that some
rules had been learned for these time zones). Therefore, the degree of membership at
which the neighboring Gaussian MFs are seen intersecting with each other in Figure 19
is somewhat smaller than with the triangular MFs. If the two neighboring MFs were
to intersect at a lower level, the transition between any two neighboring time zones
(and thus contexts) would be faster and the changes in the environment would occur
more rapidly, which would not promote the concept of calm technology. Conversely, if
the intersection point were much higher, there would be a greater overlap between the
time zones and the large set of rules associated with multiple time zones could try to
force the actuators into contrary states at the same time. This could easily result in a
situation where the whole control range of the actuators would not be utilised because of
the averaging center-of-gravity method used in the defuzzification step in publications
P6–P9. Thus, on the whole, the exact intersection point between two MFs is not critical
and the MFs’ shape should only be determined based on the amount of time zones that
there are in a whole day.
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4.3.2 Stepwise learning
The main purpose of the learning algorithms developed in this study was to find the
user routines for actuator control in different contexts. However, right from the outset it
was clear that no predefined rule base could possibly suit everyone. That is, our habits
and requirements are simply too different. Therefore, the only person who can make a
good rule base for a given user is that user themselves. To achieve this, an inhabitant’s
actions would have to be monitored and the system would have to learn through these
observations. In addition, the learning process needs to be continuous (that is, non-stop)
because our habits and routines change over time.
Furthermore, we were determined to use only user-friendly and unobtrusive sensing
methods and user interfaces. Specifically, we wanted to keep the user effort to a minimum, because the less the user needs to know about the system the better. This
objective also benefits from the continuous learning process we designed as it does not
need a specific teaching period and can operate online. Thus, we decided to install no
additional controls in the environment so that only the common user interfaces, such
as control knobs and switches, were needed to set the desired environmental state. By
setting the states of the actuators, the users could override the decisions of the control
system and cause it to learn the users’ routines for actuator control.
The learning process consists of three steps, which are illustrated in Figure 20. In the
latest publications P7–P9, the whole process is run once a minute but it could be run
much less frequently. However, if it were run as seldom as once a day, the learned
routines would only be applied in the control process once a day. In other words, the
more often the learning process is run, the sooner the rules are applied in the control
process. The following paragraphs will discuss this three-step process in detail.
Step 1. Saving of the environmental state First, the state of the environment, i.e. both
the crisp sensor values and the actuator values, are periodically saved in a repository.
In publications P6–P8, the data storage interval was set at one minute, because rapid
changes in the environment do not reflect user routines and need not to be saved.
In practice, the one-minute storage interval was found to provide enough data to be
processed without overloading the test systems [P8].
Step 2. Data fuzzification After the environmental state has been saved, the data is
converted to fuzzy values in separate sets, each set having measurement values from a
single moment in time. The fuzzification is done with the same MF definitions as with
the autonomous control process, but in addition to the crisp sensors values, the actuator
values are also fuzzified to get a fuzzy picture of the actuator states. For every linguistic
variable, excluding time, the system chooses only the MF with the greatest degree of
membership. Thus, only the most prominent context and the associated control routine
are recognized during the learning process. For time, however, the system selects all the
MFs whose degree of membership exceeds a given threshold and saves each MF’s degree
of membership. In publication P7, this threshold was set to 0.001, which cuts each time
zone to 91 minutes in length.
Using this method to handle time, the system also learns a little about the time zones
that are adjacent to the time zone with the highest degree of membership. The amount
45

Fuzzy learning process
Saving of
environmental state

Data fuzzification

Rule base update

Crisp sensor
and actuator
values
Measurement
signals

Fuzzification

IF.. THEN ..

Defuzzification
Control
signals

Rule database
Fuzzy inference

Smart environment

Fuzzy control process
Figure 20: The learning process used in publications P6–P9 consists of three steps: 1)
once a minute the sensor and actuator values are saved for later processing, 2) the
saved data is fuzzified, and 3) the data is analyzed and the rule base is updated using a
reinforcement-learning type algorithm.

learned for each time zone is directly proportional to the particular time zone’s degree
of membership. This is important when the system encounters new environmental
conditions, because the system can modify in advance the rules relating to future time
zones on the basis of the current conditions.
Step 3. Rule base update Finally, the system uses the captured data to update the rule
base. It adds new rules, removes obsolete rules, and strengthens or weakens existing rules
using Algorithm 1. With this algorithm, each fuzzified data set is processed separately.
First, the rule base is searched for the input-value combination of a set. If it finds no
such combination, it means that the control system does not know how to control the
environment in this kind of situation. Therefore, it adds a new rule to the rule base
with the set’s output-value combination having a small initial weight. For this weighting
factor, we used 0.001 in publications P7 and P9.
Typically the search yields more than one matching rule for a set’s input-value combination. In such cases, the system compares the set’s output-value combination with
the output-value combination of each input-side-matched rule. If a rule has the same
output-value combination, the system increments its weight so that the rule becomes
more dominant. However, if the output-value combinations differ, the system decrements the weights correspondingly.
The system increments the weights using a two-step increment function shown in
Figure 21. The function shows how a single rule’s weight is incremented over a two-day
period if the context and the actuator states remain the same throughout the whole
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Algorithm 1: During the learning process, reinforcement learning is used to make the
test systems of publications P7 and P9 learn the user habits. The shown algorithm is used
for changing the weights of the rules in the rule base and for adding and removing rules.
The data set N consists of both the sensed context (input values) and the actuator states
(output values) that were saved during the first step of the learning process. Likewise,
each rule R is described with both input and output values. [P8]

# Parse all unprocessed data sets containing the saved environmental-state data
for each new data set N
# Search for a rule that matches the sensed context in data set N
for each rule R
if R.input-values = N.input-values then
# Increment the weight of a rule R, if it matches with the sensed
# context and actuator states in data set N
if R.output-values = N.output-values then
increment R.weight
# Decrement the weight of a rule R, if it controls the environment to
# contradictory actuator states than saved in data set N
else
decrement R.weight
# Remove a rule R that does not have any effect on the actuators
if R.weight = 0 then
remove R from rule base
end if
end if
end if
end for
# If previous search yielded no rules for the sensed environmental state saved
# in data set N , then save the sensed state in the rule base as a new rule with
# a small initial weight
if no rule R where R.all-values = N.all-values exists in rule base then
add N as a new rule with weight 0.001
end if
end for

time zone on both days and the user is present at these times. However, it is important
to note that these days need not be consecutive – the rules can be incremented in
small fragments, even with many days in between. If the states of the actuators or the
context change during the analyzed time zone, the weights of the rules representing
the prevailing conditions stop increasing, and then other rules’ weights depicting the
prevailing conditions start increasing.
The rule weight decrement operation works in the same way as the increment operation,
but it acts in reverse, as shown by the decrement function in Figure 21. Thus, a rule
weight takes at least two days to shift from one back to zero. If a rule’s weight decreases
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Figure 21: The rule weights are increased and decremented in the test system of publications P7 and P9 with stepwise learning functions. The figure shows the increments and
decrements over a single 91-minute-length time zone on two separate days. [P8]

to zero, the rule has no effect on the system and is removed. This helps to keep the rule
base small and the fuzzy inference simple.
Figure 21 also shows the shape of the time MFs over a certain period. In particular, it
shows that the analyzed time zone’s degree of membership affects how quickly a weight
rises. If the real time is close to the MF’s peak point, the weight rises quickly. Together,
the two opposing learning functions of Figure 21 cause the well-established rules (rule
weights close to one) to retain dominance over the developing rules. The latter might or
might not be routines because the developing rules’ weights first increase slowly and the
weights of well-established rules decrease slowly. However, if these developing rules turn
out to be routines instead of transients (that is, random actions), their weights increase
rapidly. Conversely, the weights of the well-established rules decrease rapidly if the users’
routines change.
This algorithm distinguishes transient rules from routine rules by monitoring the
routines’ total appearances over time. Together the learning functions bring about
the result that, if on one day user behavior differs from the control system’s well-learned
behavior, the user sees no noticeable change in the system’s behavior. However, two days
of the same conditions can be considered a change in the routine, and this noticeably
affects the system’s behavior. So, the system generally behaves according to the routines,
and the effects of the random transients are almost negligible. Even without any rules
whose weights would be over the first step of the increment function, the system can
carry out sensible, proactive control actions, because the relative weights of the rules are
only important for the outcome.
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The definition of stepwise learning functions was the most significant change made
between publications P6 and P7. The linear learning functions used in P6 were inadequate because the rules representing random transients became too easily dominant.
This happened because the weights of the rules for the routines were not able to remain
large enough in comparison to the weights of the rules depicting the transient actions.
Thus, the test system’s output in publication P6 was affected sooner than in publication P7 if a break in the user routines had been recognized and lasted for a significant
period.

4.3.3 User override methods
Although a control system in a smart environment needs to work autonomously to be
unobtrusive, the user must still have ultimate control over the environment. Therefore,
the user must be able to override all of the control system’s decisions. These user override
methods are, in fact, also essential for the learning process described in section 4.3.2,
because the control systems of publications P6–P9 learned the correct actuator states
through user interventions. In addition, all these systems were able to continue learning
the user habits in the background for different contexts even if control of the actuators
was prevented. Furthermore, the users could be given the opportunity to create simple
linguistic rules in the system using the fuzzy terms that are easy to understand. Finally,
it is not feasible to learn user preferences and control the environment when the user is
not present in the controlled space, so the control system outputs are also overridden to
a static state when the user is outside the controlled space. In the following paragraphs,
we will cover these different override methods.
Actuator overrides In publications P6–P9, the user was allowed to override any control
system decision at any moment if the user considered it to be unsatisfactory. In the
lighting control systems of publications P6 and P7, the overrides were turned on using
the common light and Venetian-blind user interfaces of TUT Smart Home. However,
using the latest methods presented in publication P7, only the automatic control of
the overridden actuators was discontinued and the other actuators remained under
automatic control.
Although we first required the user to command the system to resume automatic control
after the override setting in publication P6, we eventually discovered that it would be best
if the autonomous control were resumed automatically. In publication P7, the return
to the autonomous control mode was triggered when the user had been absent from
the controlled room for a period of 15 minutes. This way, the system could maintain
the set environmental state during short visits to other rooms but would allow the
system to resume autonomous control later on. Specifically, we reasoned that the user
requirements in terms of actuator control would usually be different if he or she had
spent 15 minutes in another room. However, in other applications other triggering
methods could be used.
As suggested by Dinh Phung et al. in [80–82], in publication P9 we demonstrated how
the change in physical place could be regarded as marking a significant change in user
49

context. In this case, the user was given the possibility of overriding the automaticallyset phone profile using the common user interface controls on the phone. In contrast
to resuming autonomous control after a room change, the control system took over
the profile control after the user had moved from one environment to another. In this
study these different environments were defined as home, work, car, shop, cinema and
outdoors. With this method, the user does not need to remember to switch back to
automatic control if he or she changes place and has overridden the control system.
Nevertheless, in publication P9 the user was allowed to turn off the automatic control
altogether if he or she so desired.
User defined rules If the autonomous control of the system is not able to do a certain
task, the fuzzy rules provide a simple way for the users of the environment to add user
specified rules. For example, if the user wants to prevent the curtains from being opened
when it is dark outside, the user can add a simple rule

IF
THEN

outdoor lighting level IS dark
curtain position IS closed

using an appropriate user interface. Thus, if a fuzzy control system is used for home
automation control, the user can be given the possibility to create these types of simple
linguistic rules in the home automation system to override the learned behavior.
User absence When a person is absent from the controlled space, the environment
can be set to a static and user defined state. This is possible, because it is not necessary
to adjust the environment by user context nor learn the user habits when the user is not
present. In this case, the static actuator states can be defined, for example, to conserve
energy.

4.4

Results

The control and learning methods of publication P7 were tested with a long-term test in
the TUT Smart Home. In particular, from 6 June, 2006 until 24 February, 2007 we ran over
eight months’ worth of tests to see how the system adjusted to new routines and seasons.
During that time, we monitored rule development and archived the rule base daily. The
test space was used mainly for coffee breaks twice a day but also for other occasional
events. However, little activity took place in the TUT Smart Home at weekends or at
night.
In this test, we found that the control system’s decisions did not need to correspond
exactly with the user’s intentions. Most of the time, users did not have strict demands
regarding how the lighting should be adjusted; they only took any notice of it when the
lighting was clearly wrong. Therefore, it is acceptable that the proactive actions do not
always match exactly with the desired conditions. However, it is hard to analyze human
satisfaction at an individual level in the tested multi-user case with questionnaires, for
example, because the 10–15 users that used the TUT Smart Home during the test period
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Figure 22: The test system of publication P7 was tested in the TUT Smart Home for a
period of 8 months and the development of rules was monitored daily. The figure shows
the buildup of rules with different weights. The significant increase in the number of
all rules after the 137th day of operation resulted from the coming of the winter and the
recognition of new contexts for dark-time hours (see Figure 23). [P8]

most likely had their own individual preferences. In other words, a commonly agreed
lighting setting was used that probably was not optimal for each user of the test space. So,
the results of the questoinnaires would most likely have been somewhat contradictory
and also probably biased due to the their familiarity with the authors of P7. Furthermore,
because only the rule bases were saved on a daily basis, and no explicit user intervention
data were saved during the test, it is not possible to unambiguously determine if there
is, for example, any correlation between the number of user interventions and human
satisfaction. Therefore, in the next few paragraphs we will only discuss the development
of rules and their significance for the test system of P7.
By the end of the test period, the system had generated 127 rules for the rule base (see
Figure 22). In the beginning, however, we had had only one rule in the rule base, for the
absent state which set the actuators to their default mode. During the first three days,
the learning system discovered 25 new rules and gave them a weight below the first step
of the increment function, as Figure 21 shows. The first three rules took up to 10 days
to become strong, i.e. to reach a rule weight close to one. Furthermore, on the 28th day,
the number of strong rules changed considerably: the first rules learned after system
initialization reached the second step of the increment function.
On the 137th day of operation, the total number of rules started to increase steadily.
Figure 23 shows that the number of rules representing dark hours also increased because
of the onset of winter. The days became shorter, and the outdoor lighting level became
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Figure 23: The development of rules with different values of brightness over the longterm test in theTUT Smart Home. The coming of winter started increasing the number
of rules with dark value for outdoor-lighting-level input after 137 days of operation. [P8]

increasingly fuzzified in the learning stage to dark values instead of to medium bright
values. On the 225th day of operation, a significant change became evident (see Figure 22): numerous weak rules became strong. A close evaluation of the data showed that
these new strong rules represented the nighttime context and the significant increase
in the number of strong rules occurred because only a few strong rules had existed for
nighttime before the change.
On the whole, the system appeared to learn routines efficiently in the test environment
in which it was used. As a result of the stepwise nature of the learning functions, once a
rule weight reaches the higher step of the increment function, the control system is not
particularly susceptible to occasional breaks in a routine. In other words, the number of
strong rules does not fluctuate much as shown by Figure 22. On the other hand, many
weak rules are introduced daily, but they are also eliminated quickly if they have been
generated by transient actions.

4.5

Discussion

The test results clearly show that the methods developed in this work can be used to
learn user routines and to control the environment proactively with these learned rules.
After initialization, it takes only a few days to learn enough rules for the need for user
intervention to decrease dramatically. If the routines change, it takes only a couple of
days to consolidate new rules for that routine and get rid of the old ones. Nevertheless,
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since our needs are not constant from day to day, it is inevitable that from time to time
the needs will be different from what the fuzzy system determines. That is why it is
important that the system allows the user to override its decisions while simultaneously
teaching the system the correct behavior. Despite this, we found out that the decisions
of the fuzzy system do not need to correspond exactly with what the user is planning
to do. Thus, it appears to be sufficient that the proactive actions take the environment
close enough to the desired conditions.
By looking at the control problem from a different perspective, we can recognise that it is
sometimes hard even for humans to say why they have made certain adjustments to the
actuator states. Therefore, it may sometimes not be possible for a context recognition
system to understand what is happening in the monitored space. Nevertheless, to aid
the computerized context recognition, it is important to use the correct sensors and
measuring methods. Moreover, increasing the number of sensors used to infer the
context usually enables the context to be inferred with somewhat more confidence.
For example, if the test systems of publications P6 and P7 had been backed up with
physical place or weekday data, as demonstrated in publication P9 outside the home,
the context could probably have been inferred with more precision. Thus, to enhance
the context recognition of any context-sensitive control system, it makes sense to use
multiple inputs that are associated with the controlled outputs. However, the inputs for
a system must be selected carefully to ensure that each input to the system is associated
with the controlled parameter in a logical and user-perceivable way. In other words, no
unnecessary inputs should be used and the personal viewpoints of the end users should
be taken into consideration when the system is being designed.

4.5.1 Comparison to related work
The main differences between our best methods, as reported in publications P7–P9, and
the highly similar context-sensitive control system of iDorm [22, 23], are the type of fuzzy
inference system, the membership functions’ construction, the updating of the rules
according to long-term changes, and the removal of obsolete rules. The type-2 fuzzy
logic used in iDorm is an extension of the type-1 fuzzy logic used in our work. In fact,
Type-2 fuzzy logic can achieve comparable results with a somewhat smaller number
of rules [22]. The iDorm system constructs the MFs and initial rules from recorded
data using the Adaptive Online Fuzzy Inference System (AOFIS) technique. However,
in order to do this, iDorm needs to monitor the environment for some while prior to
operation. In contrast, we must craft the MFs manually before the deployment using
expert knowledge. However, by using predefined MFs, our systems do not need to be
trained before they go into operation.
The iDorm system handles online adaptation of rules differently: it does not use reinforcement learning. Instead, it replaces old rules with new ones when user behavior
changes. Even though the behavioral change of the control system might be clear to
the user, iDorm cannot sort out routines from transient actions because it does not use
time in the same way that we do. Indeed, in our system, a single override event has
no significant impact on the system’s behavior unless it lasts for a significant period of
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time. This is due to the fact that the stepwise learning functions prevent the occasional
transients from significantly affecting the rules. So, the changes in our control systems’
behavior are not as fast as in iDorm but they better reflect the users’ routines.
Next, the two systems handle obsolete rules differently. Our system gradually decreases
the obsolete rules’ weight using the decrement function and finally removes these rules
altogether. In contrast, iDorm continues to add rules until a rule limit is reached. After
that, to keep the number of rules within limits, it deletes the least-used rule before
adding a new one. The number of rules never decreases below the rule limit because
rules are not deleted until new ones are ready to be learned. On the whole, the main idea
is the same in both projects. However, we feel that the greatest difference, and advantage,
in our system is its ability to handle routines in a more natural way.
Although the methods presented by García-Herranz et al. in [29, 30] do not use fuzzy
reasoning to implement context-sensitive control of the environment, they do, however,
apply reinforcement learning like we do. In contrast to our work, they propose special
triggers or supervised contexts that need to be activated before the IF part of a rule can
be evaluated and used to control the environment. Specifically, they propose to use
this triggering to time the rules correctly so that the context of the environment can be
checked at the correct times and appropriate actions are only activated when necessary.
In general, this triggering does enable their system to specify precisely when some rules
should be activated, but by the same token, it makes their system unable to apply its
knowledge to unknown situations when there is some uncertainty about the context.
Thus, in contrast to our systems, their system cannot handle the apparent uncertainty
present in human behavior, because their rules have not been defined with fuzzy terms.
Finally, the learning behavior of their system is very different. In their system, GarcíaHerranz et al. do not try to automate anything that the user has not explicitly programmed, so their system cannot learn new control routines online. Instead, their intent
is to locate and solve the problems with user programming. Accordingly, their rules are
weighted according to the context that is sensed after an automated action is performed.
Specifically, they check if the environmental context remains the same after the rule
execution and reward the rule if it does. If the user did not like the performed actions, the
responsible rule is punished for its action. When the weighting of the rules exceeds or
falls below some predefined thresholds, the rules are either enabled or disabled so that
the system can better conform to the user’s desires. On the whole, their reinforcement
process works similarly to ours, but unlike with our system, they require the user to
input the rules to make their system more predictable for the user. In other words, their
system will not learn or control anything that the user has not explicitly wished for.

4.5.2 Future work
The control and learning methods which we have developed have been shown to work
well for lighting control in publications P6–P8 and in phone profile control in publication
P9. However, the methods proposed here could well be used in other areas as well. In
many applications (for instance, in HVAC and some entertainment control systems), our
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system would promote conformity with user preferences and contexts in different ways.
One promising field that could benefit from this kind of technology is the assisted living
sector for the elderly. In fact, there is a growing demand for technology that can help
elderly people live independently at home [1].
Because these methods can recognize routines, they could also be used to recognize
abnormal situations and gradual deviations from routines. This could give important information to caregivers about, for example, living rhythm, sleep disorders, and medicine
taking. Another possible direction for further studies could be in user routine prediction.
By predicting user behavior, smart environments could identify health problems prior
to their emergence or start adjusting themselves to user preferences even before the
routine starts. This could be beneficial in situations where the identification or adjustment typically takes a long time, such as when observing the development of metabolic
diseases or in heating the house before the user comes home from work.
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5

Conclusion

This thesis studied two technologies to facilitate the creation of unobtrusive and userfriendly smart environments. These two technologies, used to sense people’s movements
in 3D, learn their routines, and control their environment, can all be realized in an
unobtrusive way to make the living environment as relaxing a space as possible. Thus,
people’s lives can be supported by the smart environment and the inhabitants can
concentrate on their primary goals rather than be burdened by the everyday control of
their environment.
For the first part of the study, the author investigated accurate and unobtrusive 3D human position and posture tracking methods using capacitive sensing. The objective
of this work was to collect position information to support the context-sensitive control systems designed for the second part of the study. On the whole, the capacitive
user-tracking methods presented in this work provide a reasonable level of accuracy
for tracking people. By using some of the sensing methods developed here together,
the desired user-tracking goals can be achieved in an affordable way. Because some of
these sensing methods have already been tested together, they have the potential to be
developed into commercial products without too much effort.
Furthermore, the sensing methods presented here could be used for many context and
activity recognition applications for assisting the elderly at home. Indeed, by knowing
the 3D human posture of a person in a smart home, the home could reason the activity
of the person with a much higher accuracy than without the position information. With
the developed fuzzy control- and learning algorithms, the home could also offer some
unique services like proactive home appliance control and real-time context delivery to
family members and friends outside the home. Likewise, the daily routines of the elderly
could be monitored to support independent living at home or to call for assistance
if the elderly person should fall down and not get up again. If family members have
enough height difference, they can be distinguished from each other and individual
services could be provided. In addition, many applications in the areas of gaming and
virtual reality could benefit from a relatively simple, affordable, and unobtrusive human
tracking system.
Independent of any future applications, the technologies developed here enable smart
environments to conform more closely to the users’ desires and needs. Nevertheless,
there are still many fascinating and significant research topics in the area of ubiquitous
computing, and research into these technologies will almost certainly continue after
this thesis. Although the rise of the smart environment has thus far been relatively slow,
only the future can show us when these technologies will become an everyday part of
our daily lives.
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Abstract—Accurate, simple and affordable methods for passive
indoor tracking of human beings are still missing. In this article,
we describe the development of an unobtrusive two-dimensional
human positioning system based on low-frequency electric fields.
The system’s operation is based on measuring the capacitance
between multiple floor tiles and a receiving electrode. The
presented system is invisible to the user and uses a single-chip
solution to measure the capacitances. The implemented system is
evaluated with two different types of receiving electrodes and the
results are presented. With the used tiles, the system can locate a
standing human with at least 15 cm accuracy and track a walking
person with at least 41 cm accuracy. The update rate of the
system is 10 Hz.

required calculations. Following that, the system is evaluated
with two different receiving electrodes and with three persons.
Finally, we discuss the test results, compare our system to
previous work, and present a conclusion.

Pervasive positioning, pervasive tracking, human tracking,
ubiquitous location systems, electric field, capacitive measurement

Despite the great number of existing systems, many of
these systems require a user carrying a special transceiver and
are thus called active systems. Active systems can be
considered obtrusive and troublesome for continuous use,
because one needs to change batteries to them or pay attention
to them otherwise, for example, when changing clothes.
Moreover, such systems cannot track people when they are not
wearing the required equipment.

I.

INTRODUCTION

Unobtrusive tracking of persons is one of the key functions
required in future pervasive environments. Unobtrusive
measurements of humans and their actions make it possible to
create user-friendly and supporting environments in which a
user can feel unobserved but still assisted. Despite the great
attention these methods have received, there still exists a need
for simple and affordable systems which could identify and
track people in indoor environments. These systems can be
used, for example, in context sensitive applications in future
homes. Furthermore, they can serve as a tool for healthcare
professionals to support assisted living of the elderly at home.
This paper presents a simple and robust method to position
and track people indoor accurately. The method is based on the
fact, that humans conduct a low-frequency signal well [1]. In
our system, a transmitted measurement signal is coupled
through a human body to a receiving electrode whose
placement is almost arbitrary. The measurement is performed
using a commercial single-chip capacitance-to-digital converter
(CDC) [2]. The person is positioned on the floor using the
physical locations of the floor tiles on which the user is
standing and the measured signal strengths from these tiles.
The developed system can be totally hidden from its users into
the structures of the building, and its positioning accuracy does
not depend on shoes or clothing.
The paper begins with a review of related work. Next, it
presents the used electrode configuration with a capacitance
model of the environment. Then, it continues by discussing the
measurement hardware and the tracking method with the
978-1-4244-3304-9/09/$25.00 ©2009 IEEE

II. RELATED WORK
Previously, many different kinds of indoor positioning
systems have been built based on, for example, infrared [3] or
ultrasonic sensors [4], or on ultrasound and RF transmissions
[5]. A good comparison of these systems can be found from
[6]. Further, [7] presents a recent survey on wireless indoor
positioning techniques.

To overcome the problems of active systems, many passive
positioning systems have been developed. Most of these are
based on sensors that are embedded in the environment and
thus do not require the user paying any attention to them. For
example, video based systems [8] can operate in a passive way.
However, they are hard to hide, because they require a line of
sight from the user to the camera. Moreover, video cameras
always raise privacy issues.
One way to build an unobtrusive tracking system is to
measure the pressure under humans’ feet. This idea became
concrete already in 1997, when The Magic Carpet [9] was
introduced. It used piezoelectric wires below the floor to
measure position. In the same year, the ORL Active Floor [10]
was published. It used pressure sensitive sensors below floor
tiles. Later in 2003, an electret film [11] was proposed as a new
technique to measure pressure signals. A year later, Z-Tiles
[12] was published. It is a modular and pressure sensitive floor
implemented with strain gauges.
The use of pressure as a measurable quantity has been a
great step towards the invisible human tracking system.
However, such systems are fairly complex and not very
scalable in terms of installation, because pressure sensors need
somewhat flexible floor and some installation space below the
floor level to hide the sensors. Further, because of the

mechanical structure of the pressure sensors, they are not
optimal in terms of robustness and cost-effectiveness.
Therefore, a need for more sophisticated techniques exists.
Capacitive sensors, on the contrary, provide a practical
solution to the above problems. They use electric fields as their
perception instrument, which penetrate non-conducting objects
such as wooden or plastic floor coverings, furniture, or walls.
Thus, the electrodes of a capacitive sensor can easily be hidden
in the structures of a home, and the system made invisible to
the users. Further, the electrodes can be constructed from very
thin, cheap, scalable, and durable materials. For example, the
electrodes can be built of plain aluminum foil, purchasable at
any grocery store, and the foil can be cut in to proper pieces at
the installation site.
Even though the electrodes are easily constructible, a
correct measurement method must be selected for each
application. Today, three primary methods or application
modes for capacitive sensing are identified: transmit, shunt, and
loading mode [13]. In transmit mode, a transmitting electrode
emanates a low-frequency signal that is measured with a
separate receiving electrode. If a person stands very close to
either of these electrodes, his or her body electronically couples
with the near electrode and thus prolongs the electrode
dimensions. As a result, a capacitance change between the two
electrodes can be measured. In shunt mode, a grounded human
body blocks the electric field between the transmitting and the
receiving electrode by draining the flowing current to the
ground. In loading mode, a single electrode is used both to
create an electric field between the electrode and the grounded
human body and to measure the capacitance between these.
Equally important, the electrode layout and the electrical
circuitry that measures these capacitances need to be carefully
designed to create a workable sensing system. These problems
have been researched widely over the last two decades. For
example, in [14] the authors present an interactive table that
reliably tracks multiple hands and fingers over a nonconducting surface using the transmit mode and a grid of wires
as electrodes. Further, [13] reports many types of graphical
applications, in which capacitive sensing has been used in its
two primary modes: it describes a graphical screen that
recognizes gestures by measuring the capacitances between the
human and four receiving electrodes at the corners of the
screen by using the transmit mode, and a 3D mouse that uses
shunt-mode sensing to measure the 3D placement of a hand
over a table. In [15], the author presents a workable
measurement board called School of Fish for both transmit and
shunt mode measurements. For those, that do not want to build
their own measuring boards, [16] offers an open-source toolkit
based on the loading mode.
Despite the great amount of research done on capacitive
sensing in the past years, only a little research using capacitive
sensors for positioning or tracking humans has been reported.
Nevertheless, the first step in this direction was already taken
in 1993, when a simple configuration for detecting the presence
or movement of a person close to a robot using the transmit
mode was introduced in [17]. The purpose of this system was
to stop the robot to ensure safety when a person entered too
close to the robot.

The second step towards human indoor tracking was taken
in 1995, when a Person Sensing Room was presented with
various other ideas of capacitive applications [1]. The floor of
the Person Sensing Room was covered with a transmitter
electrode, and four receiving electrodes were placed on the
walls. Using the floor electrode as a transmitter, a signal was
driven to the person and the signal strength was measured at
the wall electrodes. With this information the room was able to
indicate the location of a person on the floor.
After these two initial studies, capacitive sensing
researchers concentrated much on other topics than human
tracking. However, now the researchers are becoming active on
this topic once again. To illustrate, a work on a Smart Carpet
[18] was published in 2007. The carpet can track people
walking over it and has 180 capacitive sensors embedded in it.
Each sensor has its own sensing wire, placed in square 15 x 15
cm-sized squares, that can determine, by using the loading
mode, if a foot is placed over the wire. With this carpet, a few
classification methods were evaluated to identify footsteps and
to estimate walking trajectories.
Today, the Smart Carpet is a commercialized product,
SensFloor [19], that has been developed somewhat further. In
SensFloor, the sensor modules deliver the acquired data to a
central unit through a radio link and the modules can have up to
8 sensing wires connected to them. In addition, the sensing
areas have been enlarged and their shapes have been modified
from square to triangular ones.
In 2008, a human tracking system using a matrix of
conductive floor tiles [20] was presented. This system uses the
loading mode and sequences through all the tiles having one
tile to transmit a low-frequency signal at a time, while all the
other tiles are grounded. If a human is standing over a tile and
thus functions as a transmitter, a current flow to the grounded
tiles increases compared to the situation when the floor is
empty. With this change, it is possible to determine, if a person
is standing over a certain tile. Using the physical locations of
the tiles, the authors compute a two-dimensional position of the
person’s location.
The last three approaches are somewhat similar to our
system. However, instead of using the loading-mode sensing,
we take the advantage of the transmit mode with a separate
receiver, because this sensing mode allows us to neglect the
stray capacitances formed with the environment. We will
provide a more in-depth comparison to these systems in the
discussion part of this paper.
III.

ELECTRODE CONFIGURATION

Our tracking system builds up from several transmitting
electrodes and from at least one receiving electrode that are
used in transmit mode. With this sensing mode, the stray
capacitances formed with the environment become negligible,
because the capacitance between these electrodes can be
measured by only measuring the received current at the
receiving electrode. Hence, the amount of current flowing into
the environment from a transmitting electrode does not affect
the measured capacitance. As a result, we can use several types
of electrode configurations, because we do not need to worry
about the environment properties as long as we keep the
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Figure 1. The tracking area of the system consists of 9 separately
controllable floor tiles placed in a square shape. The dotted line shows the
accurate tracking area. The positions of the two different kinds of
receiving electrodes are also shown.

Figure 2. A cutaway picture of the measurement space with a capacitance
model of the environment. A part of the floor electrodes are shown with
the receiving wire electrode inside the stud of the wooden frame. The
picture is not drawn to scale.

receiver in a reasonable place. Moreover, we can transfer the
system to another environment and only with little calibration
make the system to operate.

which will be explained with the tracking calculations in
section VI.

A. Transmitting Electrodes
We see that the optimal placement for the transmitting
electrodes is on the floor, because people walk on it. The closer
the floor electrodes are brought to the user, the better the
achieved signal-to-noise ratio (SNR) is with the transmit mode,
because the capacitance between the feet and the floor
electrode increases when a person is closer to the electrode.
However, theoretically the places of the transmitting and the
receiving electrodes would be interchangeable without altering
the system operation. But, the internal implementation of the
CDC allows only 60 pF of stray capacitance to exist between
the receiver and the ground. Because we measured the stray
capacitance to be about 1.2 nF between a single floor tile and
the ground, it was not even possible to consider the installation
of the receiver on the floor without making some hardware
modifications.
For these reasons, the transmitting part of the prototype
system is built of 9 floor electrodes. To allow easy construction
and scalability, commercial raised floor tiles are used, even
though any conductive material with some dielectric on top of
it could have been used. For example, plain aluminum foil and
plastic floor covering should work as well.
The square 60 x 60 cm-sized tiles are made of 3.85 cmthick chipboard that has a 0.5 mm-thick steel coating on the
bottom surface. The tiles are placed in a three by three square
providing a tracking area of 1.8 x 1.8 m and have a spacing of
about 5 mm. A thin furnishing carpet insulates them from the
floor covering of the building, which is in our laboratory
covered with a plastic electrostatic mat. The layout of the tiles
and the placement of the receiving electrodes are shown in Fig.
1. In addition, the figure shows the accurate tracking area,

The used floor tiles make the person stand about four
centimeters away from the transmitting electrode. Because the
SNR decreases with the increasing distance between the person
and the electrode, the thick floor tiles are not optimal. On the
other hand, the use of these tiles demonstrates that the tracking
system can work even with many centimeters of insulating
material between the person and the electrode. In practice, even
thick furnishing carpets or thick shoe soles do not inhibit the
tracking of people.
B. Receiving Electrodes
Our system supports virtually an arbitrary number of
receiving electrodes. However, all the receiving electrodes
must be connected together at the measuring circuitry. Further,
the placement of the receiving electrodes is somewhat
arbitrary. The closer to the person the electrodes are installed or
the bigger they are, the better the achieved SNR is.
In this study, we evaluated two different kinds of receiving
electrodes installed in different places. First, a square copper
plate with a side length of 16 cm over a printed circuit board
(PCB) was used as a receiving electrode. This copper plate was
attached to a wooden frame next to the floor tiles and its long
side was put along the Y-axis. In addition, it was aligned
vertically and its top was set at 180 cm from the floor. The
installation point of this small receiving electrode, to which we
will refer with a name plate electrode, is shown in Fig. 1.
A standard power-line cable installed inside a vertical stud
of the wooden frame was used as the second receiving
electrode. The cable runs vertically up from the floor level to
about 190 cm height. The placement of this receiver can also be
seen in Fig. 1. In the following conversation, we will refer to
this receiving electrode with a name wire electrode.

IV.

CAPACITANCE MODEL

We use a simple capacitance model of the environment to
show how the important capacitances form in the measurement
space. This model is shown in Fig. 2 with a cutaway picture of
the environment.
The model incorporates two capacitances that form between
the electrodes and the human. First, CF is the capacitance
between the human feet and the transmitter, having chipboard
as an insulator. In addition, if shoes are used, they insulate the
person from the floor electrode and thus act as an optional
insulator. Second, CB is the capacitance between the body and
the receiver, insulated by air. Because the human body is an
almost perfect conductor at the used 32 kHz measurement
frequency, we model human as a conductor with no internal
impedance.
These two capacitances are the only ones that change when
a person moves in the tracking area. Moreover, they define
where the human is positioned. Indeed, when a person is
standing over a tile, the CF increases and the transmitted signal
is coupled to the human body. The transmitted signal or current
then flows through CB to the receiving electrode. The CDC
measures the current flow coming in from the receiving
electrode and converts it to a capacitance value, which is the
total capacitance between the electrodes. In other words, the
total capacitance is the series capacitance of CF and CB parallel
with CO. Here, CO represents the offset capacitance that exists
between the electrodes even without a human.
In addition to these capacitances, some stray capacitances
with the ground exist. First, CS1 exists between the transmitter
and the ground, having carpet as an insulator. Second, CS2
forms between the body and the ground, and third, CS3 between
the receiver and the ground, both insulated by air. Two of
these, CS1 and CS3, stay always constant, but CS2 varies a little
with the human position.
All of these stray capacitances can be neglected in
operation, because the capacitance between the transmitting
and the receiving electrodes can be measured by measuring
only the received current at the received electrode. Hence, the
current flowing to the environment from the transmitting
electrode through CS1 or from the human body through CS2
does not affect the result calculated by the CDC. Thus, the only
capacitance, that could affect the result, is CS3. It, however,
stays constant all the time, because the receiver is not moved.
V.

HARDWARE

Our measurement board consists of three primary
components. These are a high resolution sigma-delta CDC
AD7746 [2], an ATMega8 microcontroller, and a signal
multiplexer. The CDC performs the capacitance measurement
and delivers the result to the microcontroller when requested.
This, in turn, delivers the result to a PC, which takes care of the
tracking calculations. Additionally, the microcontroller controls
the distribution of the transmitted low-frequency signal with a
multiplexer. The signals are routed to and from the electrodes
using coaxial cabling to prevent unintentional coupling
between the transmitted and received signals, and to shield the
signals from noise.

A. Capacitance Conversion
Capacitance-to-digital conversions with the CDC are
performed according to a predetermined routine. This routine is
both controlled and initiated by the microcontroller and it
consists of three major steps. These are multiplexing,
measuring and data retrieval.
The floor electrodes are sequenced through one at a time,
starting from tile 1 (see Fig. 1). So, the first step is to select an
appropriate transmitting electrode. The microcontroller takes
care of this by adjusting the multiplexer output. Second, it
requests the CDC to perform a single capacitance measurement
through an I2C bus. Then, the CDC excites a 32 kHz, 5 volt
square wave excitation signal to its output port, which is now
routed to the appropriate floor electrode through the
multiplexer. At the same time, it measures the capacitance
between the electrodes, converts it to a digital form and
informs the microcontroller of the finished conversion. Third
and the last, the microcontroller reads the result from the CDC
and sends it to the PC through a serial interface.
The update frequency of the tracking system is limited by
the conversion speed of the CDC. With the fastest setting, the
CDC can perform a single conversion in 11 milliseconds. By
using this setting, we get a 10.1 Hz update rate for human
position, because the sequencing through all the 9 floor
electrodes takes a total of 99 milliseconds. As a result, the
system can provide a good update rate for general tracking
applications, but it is not fast enough, for example, for virtual
reality applications.
B. Transmitter Cabling and Buffering
The floor electrodes are connected to the PCB using RG58
type coaxial cables and BNC connectors. The inner wire carries
the excitation signal from the CDC to the transmitting tile. The
shield of the coaxial cables is connected to the circuit ground at
the PCB end and is left unconnected at the end of the tile. The
use of coaxial cables allows the excitation signal to remain
shielded until the floor tile and not to transmit any signal to the
receiving electrode before the transmitting tile.
Depending on the cable length, some extra capacitance is
formed in the cable between the excitation wire and the ground,
and between the transmitting electrode and the ground. These
capacitances are fairly large and make the excitation signal to
deteriorate, because the CDC cannot supply enough current to
keep the waveform square. For example, a 10 meter long
coaxial cable attached to a single tile can increase the total
capacitance between those and the ground up to 2.5 nanofarads.
Hence, a high current buffer was implemented to counteract
this effect. Now, when the excitation signal is buffered, we
cannot see any difference in the received signal, even if long
coaxial cables are used.
C. Receiver Cabling
The receiving electrodes are connected to the PCB with a
thin coaxial cable. The inner wire carries the received signal
and the shield is connected to the circuit ground at the PCB
end. This cable has no connectors at the electrode end, but uses
a crocodile clip for easy connecting to different types of

electrodes. At the PCB end the cable has been soldered directly
to the PCB.
The length of the receiver cable is approximately 2.9
meters. We have tested different lengths of cables, but as long
as the cable length stays below about 10 meters, we cannot
observe any difference in the received signal. The measured
offset capacitance, however, builds up with the extra
capacitance formed with the ground.
D. Optocoupling
The PCB is galvanically separated from the PC with an
optocoupler. This is done to prevent the noisy signals from the
PC entering the circuit board and decreasing the SNR. As a
result of disconnecting the PCB ground, the ground floats and
the CDC cannot measure the capacitances correctly. To keep
the circuit ground at a constant potential we have connected it
to the power-line ground with a separate lead.
VI.

TRACKING CALCULATIONS

The tracking calculations of the system are performed on
the PC. These calculations consist of a short initialization phase
and of simple filtering and tracking steps. During the
initialization, the tracking software measures the offset
capacitance CO formed between the receiver and each floor
electrode, one at a time, and stores the values into memory. In
this phase, the tracking area must be empty, so that the
measured total capacitance value represents only the offset
capacitance of a floor tile and the receiver.
In operation, the microcontroller sends a ready conversion
result to the PC always, when the CDC has finished a
conversion. Thus, the PC receives the measured total
capacitance value between a single floor electrode and the
receiver, one at a time. Because the series capacitance of CF
and CB is in parallel with the constant offset capacitance CO,
we can easily compute the series capacitance of CF and CB
from the total capacitance by subtracting the respective stored
offset capacitance value from the received total capacitance
value. This series capacitance can then be used in the next step
after it has been low-pass filtered to give a more stabilized
reading. To filter the noise out, we take a moving average of
five successive measurement values for each floor tile
separately. This gives us a position result that oscillates from
about 0.1 cm to about two centimeters with both receiving
electrodes, the amount of noise depending on the distance from
the electrode. We have determined this noise to be normally
distributed.
The actual tracking is performed with these low-pass
filtered values using a simple algorithm. When a person moves
or stands on the tiles, the capacitances CF and CB change. More
specifically, these capacitances increase when a person enters
the tracking area, because the human as a conductive object
decreases the size of the air gap between the electrodes. As a
result, the measured total capacitance increases and a change in
the received signal can be measured.
At this point, we must divide the received values into two
categories, to strong and weak signals, because we also receive
small signals from the neighboring tiles that are located around

the tile that is used as the transmitter. This effect is caused by
the fact, that the floor tiles are installed so close to each other.
The small 5-mm gap is not enough to decouple the floor
electrodes from each other and thus the transmitted signal is
also slightly coupled to the neighboring tiles. In practice, we
divide the signals into these two groups with a preset threshold.
The threshold is set so that a strong signal is only received from
a tile that has a foot over it even partially.
Subsequently, we want to reject the weak signals, because
they are not needed in the position calculation, because the user
never stands on the tiles giving out weak signals. Thus, we do
the actual positioning and tracking by using only the strong
signals. Further, if a person is standing only over a single tile,
we position the person in the centroid of that tile, because it is
the only tile we are receiving a strong signal from. On the other
hand, if a person is standing over more than a one tile, we
calculate a center of gravity with all the tiles that give out a
strong signal. More specifically, we position the user between
the centroids of the tiles that give strong signals in proportion
to the signal strengths. To have a single two-dimensional,
point-sized position for a human, we have defined the position
of the person to be at the centroid of the person’s body. That
position corresponds well to the position of the top of the head
if the person is standing or walking.
Because of the center of gravity algorithm, which only pulls
the position result closer to the tiles’ centroids in proportion to
the signal strengths, the system can only end up with a position
result within the dotted “accurate tracking area” marked in Fig.
1. However, in larger scale implementations a much larger
percentage of the floor can be used accurately, because only
one half of the edge tiles reside outside the accurate tracking
area. Moreover, these edge tiles in a room installation are
usually next to a wall, and thus no person can stand closer than
about 15 centimeters to the wall with the above definition of
the person’s position. Therefore, this algorithm causes at worst
about 15 cm deviation in the position result at the edges of the
tracking area if installed, for example, to a home.
In practice, if a person stands only over tile 5 (Fig. 1), no
other tile is used for calculating the position and the centroid
coordinates of tile 5 are given as the result. Also, if the person
stands in the intersection of tiles 2, 3, 5, and 6 so that his or her
feet are over all of these tiles, then the position of the person is
calculated based on how his or her feet are placed on these four
tiles. In this case, the user is most likely positioned close to the
intersection of these four tiles.
VII. EVALUATION
We evaluated our tracking system with two different
receivers and with three persons of different sizes. In addition,
we measured the SNR of the system when the test person was
standing at different distances from the receivers with and
without shoes.
A. SNR test
The SNR of the measured signal depends a lot on the
distance of the person from the electrode. Also, the shape, the
size, and the installation position of the electrode matters. Thus,
we measured the SNR at three distances with both electrodes
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by having a person to stand in the middle of three tiles for a
period of 30 seconds. This was first done having our test person
(Person 2 in Table 1) to wear socks only, but repeated with
ordinary shoes, to prove that the system can receive a
measurable signal in that case as well. Fig. 3 shows how the
SNR depends on the distance from the receiver with and
without shoes.
The SNR in decibels seems to decrease somewhat linearly
as the distance between the user and the receiving electrode
increases. By looking at the data from these measurements, we
can see that the amplitude of the noise increases when a person
comes closer to the receiving electrode. This shows that the
received noise does not only contribute from the environment
or from the receiver itself. If this would be the case, the amount
of noise would be about constant when the person moves
towards the receiver. Moreover, the SNR should increase quite
rapidly as the signal amplitude increases. Evidently, this is not
the case. Thus, it must be concluded that the transmitter also
acts as a considerable noise source, at least when the signal is
coupled through the person to the receiver.
30

Looking at Fig. 3, the SNR of the plate electrode is at all
distances at least a few decibels smaller than the SNR of the
wire electrode. For example, at 100 cm from the electrodes, the
wire electrode gives about 24 dB SNR with socks, while the
plate electrode gives only about 20 dB in the same case. This
happens, because the parallel surface area of the plate electrode
with the human is much smaller compared to the wire
electrode, which, in contrast, runs vertical. Thus the wire
electrode is in the same orientation as the standing human and
provides a better SNR.
On the other hand, the SNR seems to decrease more rapidly
with shoes than with socks when the distance increases
between the person and the electrode. However, the measured
SNR of the system with the wire electrode and shoes at about
50 cm is better than without shoes. This is a little surprising,
since the actual measurement value without shoes is about 1.6
times larger than with shoes. We repeated this test twice with
the same person and shoes to verify the result and got similar
results. Thus, a little better SNR can be achieved very close to a
receiving electrode with shoes on, because shoes seem to
decrease the amplitude of the noise more than the actual signal.
Summing up, the SNR decreases somewhat linearly when
the distance between the user and the receiver increases.
Further, the wire electrode seems to give a little better SNR
than the plate electrode at all times. Also, in general, shoes act
as a dielectric between the user and the floor plate and reduce
the received signal strength. As a result, the noise becomes
more remarkable compared to the actual signal and thus
decreases the SNR with shoes.
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Figure 3. The signal-to-noise ratio decreases when the distance between
the receiving electrode and the person increases.

B. Standing Test
To evaluate the positioning capabilities of our system, we
asked three test persons to stand in 12 different positions over
the tracking area. The three test persons represent different
sizes of adults. Their personal properties are shown in Table I.

Fig. 4A shows the first three measured standing positions
and the calculated positions for all test persons with both
electrodes. The centers of the circles point the exact positioning
result. These measurement results suggest that the person is
always positioned by the system in the middle of a single floor
tile, no matter where his or her feet are placed, as long as they
lie within a single tile. For example, in position 1, the test
persons stood very close to the edge of tile 3, but were still
positioned in the middle of that tile. This operation is exactly
what we expected to have, because only one received signal is
used here for positioning.
Next, to see how the system works in a case, where a
person is standing over two tiles, we continued the
measurements with positions depicted in Fig. 4B. Now, the
system uses two signals received from two different
transmitters or tiles. Then, it computes the position of the
person using center of gravity algorithm. As the two
neighboring tiles always have either the same X- or Ycoordinate, the positioning result lies on a line between the
centroids of these two tiles. For example, with the position 5
shown in Fig. 4B, all the positioning results are on a line
between tiles’ 5 and 6 centroids. Therefore, the position on this
line is only defined by the placement of the person’s feet over
the border of these two tiles.
In practice, the positioning works almost only by the
division of footprint area over these tiles. Indeed, the calculated
position for all test persons in positions 7 and 8 is almost at the
boundary of the tiles involved, because the footprint area on
both of these tiles is similar. On the contrary, in position 5, the
test persons’ feet are covering more area on tile 5 and thus the
positioning result is closer to the centroid of tile 5 than the
centroid of tile 6. Also, by looking at the results for positions 4
and 6, it can be perceived that all the test persons had more area
on the tile on the toe side compared to the heel side of their
feet. However, this is quite self explanatory, because the area
under the toe side of humans’ feet is bigger than on the heel
side. Thus, it can be concluded, that the persons stood so that
the mid-point of their feet was at the border of the tiles.
TABLE I.

PROPERTIES OF OUR TEST GROUP

Sex

Height
(cm)

Weight
(kg)

Shoe size
(European)

Person 1

Male

183

86

43

Person 2

Male

170

70

40

Person 3

Female

157

61

37

1
0.9
0.8
Cumulative probability

In this test, the test persons were guided to align their foot
as precisely as possible with the predetermined places shown in
Fig. 4 with footprints. These places were selected carefully to
show how different kinds of standing positions affect the
positioning accuracy. After the feet alignment, the system
calculated a position for the person. The measurements were
first done with the plate electrode and then with the wire
electrode. However, because the positioning results did not
differ almost at all, we only present the results with the wire
electrode.
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Figure 5. Cumulative error distributions in all 12 standing positions for
all test persons

Further, we measured how the system positions the persons,
when their feet are over three or four tiles. These calculated
positions are shown in Fig. 4C. Yet, the same principles apply
in these positions.
To evaluate the accuracy and precision of the system with
standing persons, we calculated the error distance between the
calculated and the true positions of the persons. The true
positions were approximated using the footprints shown in Fig
4. Using these error distances, we plotted a cumulative error
distribution function for each test person standing in all of these
12 positions; the plot is shown in Fig. 5. In addition to these
functions, the figure shows cumulative error distribution
function combined for all test persons.
According to the graphs shown in Fig. 5, the system can
position a standing person, with the used tile size, with at least
14.3 cm accuracy and with 10 cm accuracy in 80 % of the
cases. The biggest errors occur in positions 3, 5, 6, and 8,
where the person is neither close to the centroid of a tile nor
standing over a boundary of two or more tiles. Because the
graphs are fairly linear, we make a conclusion that the
combined error probability distribution for all test persons is
almost constant.
C. Walking test
After the positioning tests with standing persons, we
proceeded to measure walking tracks with the same test
persons. We wanted to confirm, that the same principles that
apply for standing persons, can be applied on walking persons
as well. Thus, we defined three simple paths and marked the
footsteps for the test persons on the floor. Then, we asked them
to walk the path at a normal walking speed and recorded the
calculated track. Again, the measured tracks with both of the
electrodes were so similar, that we only present the measured
tracks with the wire electrode. The results are only analyzed
within the accurate tracking area shown in Fig. 1, because the
system cannot end up with a position result outside that area.
On our first path, we asked the test persons to stand on tile
4 and walk a straight line through tiles 5 and 6 out of the
tracking area. The results from this first path are shown in Fig.
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6A. As expected, the system positions the standing user in the
middle of tile 4. Then, when the persons proceeded over tile 5,
the system tracked them over the border of tiles 4 and 5. Next,
the tracking continued to the middle of tile 5, to the border
between tiles 5 and 6, and finally, to the centroid of tile 6.
Because there are no tiles after tile 6, the tracking system
cannot position the user beyond the centroid of tile 6.
Second, we measured a very similar path compared to the
first one, but increased the stride length a little and moved the
path 30 cm to the right, where a person stands over two tiles.
The footsteps for this path are shown in Fig. 6B. On this path,
the test persons first lifted their right foot off the ground. At the
same time, the received signal from tile 7 decreased and the
tracking result deviated to the left. At one point, the signal
amplitude decreased below the threshold set for the strong
signals and the only tile giving out a strong signal was tile 4.
Hence, the tracking position remained a while in the centroid of
tile 4. After a while, the right foot came in contact with tile 8
and caused the tracking result to move towards the centroid of
tile 8. Again, as the left foot was lifted up and placed on tile 6,
the recorded track moved through the centroid of tile 8 to the
centroid of tile 6.
Third, and the last, we recorded a diagonal path so, that the
test persons started their walk outside the tracking area and also
finished outside it. The results form this path, shown in Fig.
6C, seem to be rather rectangular than a straight line through
the tracking area. This, however, shows the nature of our
system quite well: the system always positions a person to the
centroid of a tile or between the centroids of the tiles in
proportion to footprint areas.
The first path gives errors only along the Y-axis, because
the path goes through the centroids of the tiles 4, 5, and 6,
which have the same X-coordinate. Therefore, the cumulative
error distribution function combined for all test persons on the
first path, plotted in Fig. 7, has the smallest errors compared to
the other paths, whose cumulative error distribution functions
combined for all test persons are also shown in Fig. 7. All of
these functions were produced by approximating the true
position of the person from the predefined foot positions and
the measured temporal data.

On the contrary to the first path, the second path was
created to see what the largest tracking error the system gives
out is. The largest tracking error realizes with the second path,
because the error along the X-axis is the highest, since the
position result fluctuates about ± 30 cm on both sides of the
actual track. In addition, the second path has about the same
errors that were produced on the first path, because of the test
persons’ natural movement along the Y-axis during their walk.
The third path resembles the most an actual walking path in
a real environment, because it does not go along the coordinate
axes. However, because it goes somewhat diagonal to the tiles,
it gives a fairly linear cumulative error distribution function.
According to the combined cumulative error distribution
function for all test persons and all paths, shown in Fig. 7, the
recorded track is always less than 40.7 cm from the actual
track. In fact, in normal walk, where the human body is located
between the person’s feet, this maximum error is about the
same as the diagonal distance between the centroid and the
corner of a tile, because the person cannot be any further from
a tile’s centroid without being on another tile. The error
probability distribution for the walking test seems to be fairly
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constant or a little exponentially decreasing with the error
distance increasing.
VIII. DISCUSSION
A. Comparison with previous systems
Below, we highlight the major differences with the Smart
Carpet [18], SensFloor [19], and matrix of conductive floor
tiles [20], which were already shortly presented in the related
work section. However, because the tile sizes and/or shapes in
these works are different from ours, and these works present
very little or no accuracy and precision data, we cannot
reasonably compare the accuracy and precision of our system
with these works.
First, Smart Carpet is built on a fabric that has an
embroidered sensing wire in each 15 x 15 cm-section of the
carpet. Altogether, the 2.4 x 2.0 m-sized carpet has 180 sensing
wires and sensor modules, consisting of a microprocessor,
external memory and several other components, for each
section. In contrast to having such a large number of modules
buried in the floor, we only need to have thin electrodes with
some wiring under the floor level. The thickness requirement of
the floor covering is not much different for Smart Carpet or our
system, because the sensor modules take a few millimeters of
space vertically within the carpet and thin coaxial cabling takes
about the same space. However, the Smart Carpet’s modules
are fairly expensive to manufacture and have a limited life
time, while our electrodes and cabling are cheap and practically
everlasting. Further, we could implement a similar-sized floor
with the same sizes of floor electrodes only with a single
measurement PCB and thus get the total cost and the power
consumption of the system remarkably lower than in Smart
Carpet.
Second, our system does not require any data routing, group
communication or power distribution algorithms that are used
in Smart Carpet and partly in SensFloor. Also, we do not use
radio links to transfer the measurement signals like SensFloor
does. Instead, we route the measurement signals to a single
PCB with coaxial cables. As a result, our system is much less
complex and has less fault-prone parts.
Third, in contrast all of these three works, we do not use
loading-mode sensing but transmit mode. By using this mode
for sensing, we are able to neglect the stray capacitances
formed with the environment. This in turn provides a good
transferability and scalability for the system in terms of
installation space and electrode sizes. In fact, if we would
measure the capacitance between a single electrode and the
ground potential in loading mode like in these three works, the
maximum measurable capacitance would be defined by the
bulk or the offset capacitance formed between the electrode
and the environment, which can be considered to be at a
ground potential.
B. Problems
Although the system has been demonstrated to work here,
the system has some problems that require future work. First,
the contact area of the person’s feet only defines the position of
the user. Thus, if a user is not in a normal standing posture and

is, for example, sitting on the floor legs straightened, the
system can solve the position of the user only with decreased
accuracy. Also, if a person has only one foot on the floor, like
when walking, the positioning result becomes less accurate. For
the same reason, if a man sits on a chair, he will be most likely
positioned in front of the chair, assuming that he keeps his feet
down on the ground. If he does not, he can still be positioned, if
the chair conducts a small but measurable current. This is
luckily the case with many office chairs, because many of them
are made out of plastic and steel.
This problem could be overcome, if the system could
understand on postures. Indeed, it would be desirable to be able
to determine the user’s posture at times. To measure this with
our system, some signal processing should be applied on the
received signal. For example, with the wire electrode, some
height information could be recovered from the signal strength.
A weak signal from many tiles could indicate that a person is
lying on the floor, and a decreasing signal from a set of tiles
could reveal a person crouching down to sit on the floor or on a
chair.
Second, As conductive furniture can help tracking a sitting
person, it and other similar objects can also cause some
problems. For example, if a person moves the place of a steel
table, the operation should be recognized and the table
distinguished from the people. To do this, one option would be
to apply some temporal filtering to resolve the non-moving
objects form the moving objects.
Third, if a user is standing only on a single tile and not over
any tile boundary, the person cannot be positioned anywhere
else but in the centroid of the floor tile. This happens, because
the used center of gravity positioning does not take the small
signals into account at all. This could possibly be overcome, if
the small signals from the neighboring tiles could be used more
wisely. Another simple way would be, of course, to use smaller
or even non-rectangular tiles so that a person would step on the
borders of the tiles more often.
If the tile size would be decreased, more cabling would be
required to connect all the tiles to the PCB. However, the
number of coaxial cables could be reduced by using some
matrix type measurement method like in [14]. Nevertheless,
smaller tiles would increase the system’s accuracy, because the
center of gravity algorithm works better when a person’s feet
are crossing the tile borders. Therefore, tile size and positioning
accuracy can be traded with each other.
C. Future Work
In addition to the previously described problems, the
system could be improved by adding new features. First, in a
large deployment with hundreds of tiles, the update frequency
would drop significantly, if the system were scaled in the naive
way of simply adding more tiles. The scaling can be, however,
done in a more sophisticated way without affecting the update
rate almost at all. Indeed, if the person’s current position is
known, we only need to measure the tiles that lie around the
current position. In other words, we can move the demonstrated
9-tile section virtually in the building with the person and thus
keep the update rate high. If the person should be lost, for
example, because of laying on a bed, the system could cycle

through all the floor tiles (or only the ones around the bed, if
the system would be aware of the bed’s location) to find the
person again.
Second, the deployed system can track multiple persons, if
they stay at least a tile away from each other. However,
because the tracking space used in this implementation is so
small, we have not implemented such a tracking algorithm to
this system. Nevertheless, we expect to implement this
functionality to some future version of our tracking system.
However, if a multiple person tracking algorithm should be
implemented into a large scale deployment, we see that it
would be wise to check the doorways for incoming persons and
“attach” a 9-tile tracking area around each person, if detected.
Although this is possible, this would decrease the position
update rate inversely proportional to the number of tracked
people if only a single measurement channel were used. To
overcome this, the system could be fitted with multiple CDC
chips and each chip given a single person to be tracked.
However, these chips should be time-multiplexed, because they
disturb each other if operated simultaneously. On the other
hand, if these chips would be replaced with other types of
measurement techniques, for example with the one used in
[14], different measurement frequencies could be used to track
different persons, and thus the update frequency would not
drop at all.
IX.

CONCLUSION

In this paper, we have presented a simple and passive
tracking system for indoor use that can reliably track different
sizes of people. The presented tracking system is robust to
environmental changes and offers good transferability.
Moreover, it is scalable and can function with many types of
electrodes. In figures, the system can position a standing
person, with the used tile size, with at least 14.3 cm accuracy
and a walking person with at least 40.7 cm accuracy.
Because of the system’s simple construction and
transferability, it could be easily replicated using raised floor
tiles or other conductive and segmented floor materials to many
application areas. For example, the ambient assisted living
researchers and practitioners could benefit from the system.
With it they could, among other things, help the elderly people
live independently at home. Furthermore, the developed
tracking system could be used to enhance the context sensitive
services of a smart home or to track people in public places like
in shops, offices, and schools.
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Abstract—In this paper we describe a simple, cheap, and
unobtrusive demo system that can track multiple persons with
low-frequency electric fields. The system’s operation is based on
measuring the capacitance between multiple floor tiles and a
receiving electrode. The presented system is invisible to the user
and uses a single-chip solution to measure the capacitances. The
system was provided for hands-on evaluation for conference
attendees with a 3.0 x 1.8 m floor space. The position and the
track of the persons walking on the floor were projected on a
screen. The floor of the demo system is divided to two different
sections that are built of two different sizes of floor tiles to show
how the tile size affects the positioning accuracy and the update
rate of the system.
Pervasive positioning, pervasive tracking, human tracking,
ubiquitous location systems, electric fields

I.

INTRODUCTION

Unobtrusive tracking of human beings is one of the key
functions required in future intelligent environments. In
general, unobtrusive measurements of humans and their actions
make it possible to create user-friendly and supporting
environments in which people can feel unobserved but still
assisted. Despite the great attention unobtrusive human
tracking systems have received, simple and affordable systems
are still needed to position and track people indoors. For
example, a tracking system can be used as a single sensor
within a multiplicity of sensors embedded in the environment
to help the decision making in an intelligent home.
Furthermore, these systems can serve as a tool for healthcare
professionals to promote assisted living of the elderly at home.
This paper describes a robust demo system built on a
simple tracking method. The system uses conductive floor tiles
to transmit a measurement signal through a human body to a
receiver electrode. The capacitance between the floor tiles and
the receiver is measured with a commercial single-chip
capacitance-to-digital converter (CDC) [1]. By using the
measured capacitances and the physical locations of the floor
tiles, the system can position multiple persons walking on the
floor. The demo system was provided for hands-on evaluation
for conference attendees.
The paper begins with a short review of related work. Next,
it presents the measurement principle used, capacitance model

978-1-4244-3304-9/09/$25.00 ©2009 IEEE

of the environment, and the electrode configuration. Then, the
measurement hardware and the tracking method are discussed.
Finally, the paper presents a conclusion.
II. RELATED WORK
Many current systems—e.g. systems based on infrared [2]
or ultrasonic sensors [3], on ultrasound and RF transmissions
[4], or on low-frequency signals inserted into power lines [5]—
require that a user carries a special transmitter or receiver and
are thus called active systems. Active systems can be
considered obtrusive and troublesome in continuous use,
because one needs to change the batteries or pay attention to
them otherwise, for example, when changing clothes.
Moreover, these systems cannot track those people that are not
wearing the required equipment.
To overcome the problems of the active systems, many
passive positioning systems based on sensors embedded in the
environment have been developed. For example, video based
systems can operate in a passive way. However, they are
difficult to hide, because they require a line of sight from the
user to the camera. Because video cameras always raise privacy
issues, they have not been taken into use in private places.
On the contrary, capacitive sensors, which use electric
fields as their perception instrument, are nowadays considered
simple, cheap, and even durable. Consequently, this technology
has been widely used for many invisible applications [6].
However, the technology has not been used very extensively
for tracking human beings even though electric fields penetrate
non-conducting objects such as furniture or walls and thus
make it possible to hide the systems into building structures.
Nevertheless, the first step towards human indoor tracking
was taken in 1995, when a Person Sensing Room was
presented with various other ideas of capacitive applications
[7]. The floor of the Person Sensing Room was covered with a
transmitter electrode, and four receiver electrodes were placed
on the walls. Using the floor electrode, a low-frequency signal
was driven to a person, and the signal strength emanating from
the person was measured with the wall electrodes. Using the
measured signal strength the room was able to indicate the
location of a person on the floor.
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Figure 1
Schematics of measurement space with capacitance model of
the environment. Part of floor electrodes shown with a receiving wire
electrode inside a plastic pipe standing on the floor

Figure 2
The demo floor consists of 9 large and 24 small, separately
controllable transmitting electrodes that are mounted on the bottom
surfaces of the floor tiles

Recently in 2008, a passive and capacitive human tracking
system using a matrix of conductive floor tiles [8] was
presented. This system sequences through all the floor tiles
having one tile to transmit a low-frequency signal at a time,
while all the other tiles are grounded. If a human is standing
over a tile and thus functions as a transmitter, a current flow to
the grounded tiles increases compared to the situation when the
floor is empty. With this change, the authors determine if a
person is standing over a tile.

person from the floor electrode and thus act as an optional
insulator. Second, CB is the capacitance between the body and
the receiver, insulated by air. Because the human body is an
almost perfect conductor at the used 32 kHz measurement
frequency, we model human as a conductor with no internal
impedance.

III.

MEASUREMENT PRINCIPLE

The operation of the tracking system presented in this paper
is based on the fact that human beings conduct well a lowfrequency signal or current [7]. Such a current can be fed into a
human body by having a person very close to a conductive
surface exciting a signal (transmitting electrode), like in [7] and
[8]. For example, by having a person to stand on a steel plate
exciting a low-frequency signal, the signal will “hop” to the
person through the feet, and the person starts to emanate this
signal around him or her.
In contrast to [8], we do not measure the current flow from
the transmitting electrode to the ground, but use a transmitterreceiver configuration used originally in [7]. With this
configuration, we can neglect the stray capacitances formed
with the environment, because the capacitance between the
transmitting and the receiving electrodes can be measured by
measuring only the received current at the receiving electrode.
This in turn provides a good transferability and scalability for
the system in terms of installation space and electrode sizes.
Moreover, we can transfer the system to another environment
and only with little calibration make the system to operate.
IV.

CAPACITANCE MODEL

We use a simple capacitance model of the environment to
show how the important capacitances form in the measurement
space. The model, shown in Fig. 1 with schematics of the
environment, incorporates two capacitances that form between
the electrodes and a human. First, CF is the capacitance
between the human feet and the transmitter with the soft tile as
an insulator. In addition, if shoes are used, they insulate the

These two capacitances change when a person moves in the
tracking area. When a person stands over a tile, CF increases
and the transmitted signal is coupled to the human body. The
transmitted signal or current then flows through CB to the
receiver electrode. The electronic circuitry measures the current
flow coming in from the receiver electrode and converts it to a
capacitance value, which is the total capacitance between the
electrodes. In other words, the total capacitance is the serial
capacitance of CF and CB parallel to CO, which is a constant
offset capacitance between the electrodes even without a
human.
V.

ELECTRODE CONFIGURATION

The demo system described in this paper is implemented
with separate transmitting and receiving electrodes, whose size
and shape can be selected freely. To demonstrate this, we use
many different types of electrodes in this demo system.
A. Transmitting Electrodes
Because people walk on the floor, it is an optimal place for
the transmitting electrodes. The closer the floor electrodes are
brought to the user, the better the signal-to-noise ratio (SNR),
because the measured signal is stronger when a person is closer
to the electrode. Therefore, the transmitting part of the demo
system is built of 9 pieces of 60 x 60 cm-sized and of 24 pieces
of 30 x 30 cm-sized thin copper plates that are mounted on the
bottom surface of soft, interlocking floor tiles, which allow
easy construction and portability. Altogether, these tiles make
up 3.0 x 1.8 m-sized demo floor, pictured in Fig. 2.
The small and large floor electrodes provide contrasting
levels of accuracy and scalability for the system. Indeed, with
smaller tiles a person stands almost always at least on two tiles,
which makes the positioning much more accurate. However,

the small electrodes require more cabling and installation effort
per square meter, and decrease the position update rate if the
electronic circuitry is not changed. On the contrary, large floor
tiles need only 1/4th of the cabling and installation effort that
the smaller tiles need, and they provide a higher update rate
with the same electronic circuitry. Therefore, it is practical to
use large floor tiles to cover large areas where an approximate
position is sufficient and small floor tiles in places where
precise position information is needed. For example, in a smart
home scenario, large tiles could be a reasonable choice for
large rooms and corridors, but small tiles could be installed e.g.
in front of a couch and sink, in bathroom, and around a kitchen
table.

VII. HARDWARE
Our simple measurement circuitry consists of only three
primary components. These are a high resolution sigma-delta
CDC AD7746 [1], a microcontroller, and a signal multiplexer.
The CDC performs the actual measurement and the
capacitance-to-digital conversion, and delivers the result to the
microcontroller. This in turn, delivers the result to the PC,
which takes care of the tracking calculations and shows the
calculated position of the users on the screen. Additionally, the
microcontroller controls the distribution of the transmitted low
frequency signal with a multiplexer. The signals are routed to
and from the electrodes using coaxial cabling to shield the
signals from noise and prevent unwanted electrical coupling.

B. Receiving Electrodes
The system supports an arbitrary number of receiving
electrodes. However, all the receiving electrodes must be
connected together at the measuring circuitry, because the
system has only one measuring channel. Further, the placement
and the shape of the receiving electrodes are arbitrary.
Therefore, we can use many types of receiving electrodes, but
the closer to the person the electrodes are installed or the bigger
they are, the better the SNR is.

The update frequency of the tracking system is limited by
the conversion speed of the CDC. With the fastest setting, the
CDC can perform a single conversion in 11 milliseconds. By
using this setting, we get a 2.75 Hz update rate for the whole
test area, because sequencing through all the floor electrodes
takes a total of 363 milliseconds. Thus, the system can provide
a sufficient update rate for demonstration purposes.

In this demo system, we use many different types of
receiving electrodes to demonstrate their differences. Indeed,
we allow the conference attendees to experiment with the size,
shape, and place of a receiving electrode. For this hands-on
experimentation we provide, for example, copper plate,
aluminum folio, and copper wire electrodes. Fig. 1 exemplifies
how a wire electrode could be placed next to the demo floor.

In this paper, we have presented a simple and an
unobtrusive tracking method for indoor use that can be used to
track multiple persons. The method has been implemented on a
demo system that was provided for hands-on evaluation for
conference attendees. The system was demonstrated to be
operable with different tile sizes and several types of receiving
electrodes.

VI.

VIII. CONCLUSION
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Errata
1. Page 323, Figure 25:
The probability density function values on the right Y axis have wrong values. The
figure has been reproduced below with the correct values.
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2. Page 328, Table 3:
The simulated currents have the wrong values and the table has been reproduced
below with the correct values. Nevertheless, the conclusions made using the
originally published values remain valid, because the newly calculated values are
still well below the ICNIRP set limits [35] as discussed on page 328 below the table.
Table 3: Simulated current flows in a 170-cm-tall person

a
b

Building model
Steel

Additional model
Shoes
Conductive object

Anklea (µA)
2.14
0.66
2.61

Neckb (µA)
0.97
0.85
1.08

Dry wood

Shoes
Conductive object

1.14
0.46
1.24

0.98
0.76
1.02

The simulation model was lumped to 10 cm depth.
The simulation model was lumped to 15 cm depth.

3. Page 328, 2nd paragraph:
"25 nA" should read "about 3 µA"
4. Page 328, 3rd paragraph:
"160 nA and 209 nA" should read "14 µA and 25 µA"
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Unobtrusive human height and posture
recognition with a capacitive sensor
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Abstract. In pervasive context recognition and user identification applications, unobtrusive recognition of user height and posture
is difficult. With the current state of technology, this becomes even harder in environments where cameras are not desired or
allowed. This paper answers this problem by presenting a simple, unobtrusive, and low-cost system for measuring height and
posture of the user. The measurement method is based on capacitive coupling of low-frequency signals and conductivity of the
human body. The designed system was simulated, implemented, and tested with 14 adults. The experimental results show that in
90% of the test cases the height of a person can be measured with 5.2 cm and 14.3 accuracy in standing and all other postures,
respectively.
Keywords: Height measurement, posture recognition, capacitive sensor, context recognition, user identification

Pervasive and context-aware applications are today
an important topic among researchers. In many smart
homes, large quantities of data are measured using various techniques to reveal the personal context or activity within the home. Even though many methods in
the unobtrusive context and activity recognition have
already been presented in the past, unobtrusive human height and posture recognition have received little attention. However, this information could well be
used together with the other measurement data collected from the environment to infer identity and personal context. Most of the current recognition methods
are based on a mesh of distributed sensors, video cameras, or three-dimensional localization of tags carried
by the users. These techniques can, however, be hard
to install or maintain because of a large number of sensors, violative to the privacy of a user if visual observations are done, and not very user-friendly if the users
are required to carry any items. In fact, simple, unnoticeable, and user-friendly methods for measuring user
height and posture are still missing.
Many smart home applications could benefit from
the unobtrusively measured height information in nu* Corresponding

author. E-mail: miika.valtonen@tut.fi.

merous ways. Moreover, for some applications user
height and posture can be indispensable. Indeed, if a
smart home could identify people by their height, it
could, for example, provide personal, automatic, and
proactive device control for family members or deliver
their context to relatives and friends with high accuracy. Further, the frail and elderly could benefit if their
actions would be monitored passively (without violating their privacy). For example, an alert could be raised
if one should fall to the ground. Likewise, height measurements used together with passive two-dimensional
tracking systems would allow medical professionals to
use three-dimensional location records to evaluate the
activity or fitness of an individual and adjust the nurturing accordingly. In addition, many applications in
the areas of gaming as well as augmented and virtual
reality could benefit from a simple, low-cost, and unobtrusive human height measuring system. In all cases,
as long as the users are not aware of the sensing actions, they are not distracted by the measurements and
can, for example, live a comfortable life without feeling unsettled in their home.
This paper presents methods, simulation data, and
experimental results on a user height and posture measurement system that can be integrated and hidden into
the environment. The system can be used to measure
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the height of standing, sitting or crouching persons and
to determine the posture of a subject by using the measured height information. The measured height of the
system represents the distance from the floor to the
tallest point of the body which generally is at the crown
of the head. The measurement is based on a capacitive
method and a setup that is used to measure the capacitance between the human body and a ceiling electrode
by using a hidden floor electrode.
The paper begins with a review of related work.
Next, it presents the objectives and the physical measurement setup. Then, several electric-field simulation
models of the measurement environment are introduced and the simulation results with a capacitance
model of the test installation are discussed. After the
theoretical analysis of the simulation results, the practical system hardware is presented. Following this, the
proposed measurement system is evaluated with experimental methods. Finally, the evaluation results are
discussed in detail and a conclusion is presented.

1. Related work
Video cameras have been commonly used for measuring several different types of human properties like
height, posture, facial expressions, and identity [23].
In recent years, they have also been proved to be very
powerful in capturing human actions. For example, efficient algorithms for processing and detecting human
body postures from a video stream have become available during the last two decades [23,24]. In a recent
study, [8] Jeges et al. evaluated human height measurement using multiple cameras. Their results showed that
with a camera resolution of 320 × 240 pixels it is always possible to measure the height of a walking person with a 3 to 5 cm margin of error depending on the
number of used cameras. Other studies have reported
[4,13] similar levels of accuracies.
On the whole, video-based motion capture is very
efficient today, but video capture has a major limitation concerning user privacy. That is, many people do not want video cameras to be installed in private places like homes or workplaces. Even though
the video stream would not be fed outside the monitored room and would only be used for context analysis, a small risk of hacking and unwanted intervention
prevents most people from accepting cameras in such
places. Thus, alternative methods for measuring human height and postures have been researched. These
include radio frequency [9] and acceleration-based [2]

techniques that require a person to carry an active device. From the viewpoint of an inhabitant of a home,
these techniques are not practical or user-friendly because one must pay attention to the device and remember to carry it.
In 2004, Y. Nishida et al. published a good alternative for passive measurement of human height and
posture in indoor environments [14]. Their method is
based on an array of ultrasound transmitters and receivers placed in the ceiling with a spacing around
18 cm. The developed experimental system is able to
position a user three-dimensionally in the vicinity of
the sensors and can calculate head position of a person
both horizontally and vertically with about 5 cm accuracy. Although that system gives promising results
in terms of accuracy, it requires installation of hundreds or thousands of sensors in the ceiling, if whole
apartments or houses are to be covered with the system. On the other hand, capacitive methods for human
height and posture estimation are interesting, because
they provide a privacy preserving way to monitor a person’s behavior passively without the need for attaching any tags or devices to the monitored person. In addition, they can be implemented with large and cheap
electrodes that can span over large areas.
As early as 1993, a simple electrode configuration
for detecting the presence or movement of a person
close to a robot was introduced by N. Karlsson et al.
in [12]. The purpose of this system was to stop a robot
to ensure safety when a person entered too close to the
robot. Later, N. Karlsson et al. published some articles
focusing on the same safety system [10,11]. As a continuum, L. Båvall and N. Karlsson reported in 1998 an
electromagnetic model that worked with human bodies
of different permittivity in the vicinity of a capacitive
sensor [3]. In that study they calculated theoretical outputs of their capacitive person detector and evaluated
their model with a small and a full scale setup. They
were the first to show how the capacitance changes in a
large sensor according to the variations in human body
size.
Three years before the presentation of this model,
T. Zimmerman et al. from MIT Media Laboratory presented ideas on various capacitive applications [22],
including a two-dimensional Finger-Pointing Mouse
and a Person-Sensing Room. The floor of the PersonSensing Room was covered with a transmitter electrode and four receiver electrodes were placed on the
walls. Using the floor electrode, a signal was driven
to the person and the signal strength was measured at
the wall electrodes (this is called a transmit-mode mea-
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surement). With this information, the room was able
to indicate the location of a person two-dimensionally
on the floor. Later, in 1999, J. Smith from MIT Media Laboratory published his dissertation thesis [16]
covering electric field sensing with different kinds
of sensing applications. In a separate article, one of
his most advanced applications, a three dimensional
mouse [17], was presented in depth. This mouse was
able to capture hand position and alignment above the
measuring electrodes using shunt-mode measurements
[22]. This system used a single transmitter electrode
and three receiver electrodes arranged on a plane.
Over the last few years, we have also studied the
use of passive and capacitive human tracking systems.
In 2009, we published two articles [19,21] that used
the same transmit-mode measurement as the PersonSensing Room in [22], but instead of having a single
electrode on the floor we used a single receiver wire or
plate next to the tracking area and several transmitting
floor segments to position the user two-dimensionally.
More precisely, we used the known physical positions of the floor tiles and the proportional capacitances between these tiles and the receiver for calculating the user position. Further, in 2010 we published
a method [20] for positioning a person by electric
field ranging. The system measures the capacitances
between a user standing on a transmitting floor electrode and four vertically aligned receiver wires placed
at the corners of the tracking area. The system converts the measured capacitances to absolute distances
using a capacitance-to-distance conversion function in
the horizontal dimension, which in turn can be used to
resolve the unambiguous position of the user.

2. Objectives and measurement setup
The main objective of this study was to create an unobtrusive and hidable human height and posture measurement system that would be so simple that it could
easily be applied to other environments. In addition,
to be able to merge the system described in this paper with our previous human tracking systems [19–21]
and thus implement three-dimensional positioning, we
looked forward to using the same transmit-mode capacitive measurement technique that we had successfully used before. To reach these objectives, we applied
the sensing setup proposed by L. Båvall and N. Karlsson [3] and built a test system consisting of two measurement electrodes placed above and below the user.
With this type of a setup, the capacitance between
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these two electrodes changes directly proportionally to
human height.
Thus, in comparison to our previous human tracking systems [19–21], we decided to keep the transmitting floor electrode on the floor and replaced the previous line and small plate receiver electrodes with a large
electrode placed horizontally above the user. With this
type of a setup, both electrodes can be made unnoticeable even in home environments. For example, the
transmitting floor electrode can be placed underneath
the floor covering of a room and the receiving ceiling
electrode can be built into a non-conducting ceiling or
hung below a conducting ceiling as a decorative element (e.g. sewn with a conducting fabric) if a conducting ceiling structure itself cannot be used.
After the objectives and the main guidelines for the
measurement system had been outlined, we designed
a full scale physical test environment in which real
persons could be measured with the proposed method.
Following this, we performed preliminary testing with
the existing hardware from our previous studies to find
a practical setup for the electrodes. Finally, the test system was built next to two projection screens of a virtual reality environment, shown in Fig. 1, even though
the virtual reality environment itself was not used for
anything else than testing the proposed setup in a free
space. However, the virtual reality environment functions as a prospective test space for future applications.
2.1. Floor electrode
The floor is an optimal place for the transmitting
electrode, because people walk on it. The closer the
floor electrode is brought to the user, the better the
achieved signal-to-noise ratio (SNR) is at the receiver,
because the capacitance between the feet and the floor
electrode increases when a person is closer to the electrode. This, in turn, causes the current flow to increase
to the receiver through the human body. Further, to allow easy construction and scalability, the transmitting
electrode was built out of a single commercial floor
tile. This square 60 × 60-cm-sized tile was made of
3.85-cm-thick graphite-enriched chipboard that had a
0.5-mm-thick steel coating on the bottom surface and a
plastic floor covering on the upper surface. These type
of tiles are used in environments where electrostatic
discharges (ESDs) need to be prevented. A thin furnishing carpet insulated the tile from the plastic electrostatic mat covering the floor of the building.
The small graphite chips inside the chipboard make
the chipboard fairly conductive, and the resistance be-
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and the used electronic chip was designed to have a
maximum of a few hundred picofarads capacitance to
ground in order to keep the measurement error in a few
femtofarads [1, p. 8, Fig. 9]. Further, if the ceiling electrode is installed too close to the grounded ceiling, the
measurement current flows to the ceiling instead of the
receiver (see Section 7.13 for details).
Thus, the receiver electrode was built of a 2 × 2m-sized chicken wire mesh attached to a wooden
frame, hung horizontally from the ceiling with plastic, non-conducting ropes, and centered with the floor
electrode. The installation height of the receiver,
hceiling electrode , was selected to be 240 cm with a
room height of 310 cm.

3. Electric-field simulation

Fig. 1. Test space consists of a standard 60×60 cm-sized raised floor
tile making up the floor electrode and of a 2×2 m-sized chicken wire
mesh that creates the ceiling electrode. Both of them are placed next
to two virtual reality environment screens. A thin, vertically aligned
measurement line for reference measurement of height is attached
on the crown of the person’s head with a string.

tween the upper and lower surfaces of the chipboard
is about 10–20 MΩ. The plastic surface covering of
the tile has, however, a very large resistance and acts
as an insulator. Despite the properties of this tile,
any conductive material with some dielectric on top
of it could have been used. Indeed, according to our
tests, a plain aluminum foil with a plastic or wooden
floor covering works in a similar fashion but provides
somewhat smaller capacitance changes and SNR with
height changes.
2.2. Ceiling electrode
Even though we initially looked forward to hiding
both electrodes out of human sight, we had to leave the
ceiling electrode hanging from the ceiling in order to
be able to use the already existing version of electronics and thus speed up the prototyping process. This was
neccessary, because the ceiling was built from steel
reinforced concrete elements and acted as a ground,

With the physical electrode setup defined, we proceeded to simulate the electromagnetic behavior of the
setup with quasi-electrostatic models. Our goal was
to study how the electric fields behave in the proposed measurement configuration with varying building properties, different heights of people and other
conductive objects such as furniture or other persons
near the measured person. To reach this goal, multiple simulation models were designed and tested with
simulation software. In the following sections we will
present the built simulation models, introduce the used
software and discuss the simulation parameters.
3.1. Building models
Two different types of building models were used
to vary the electrical properties of the environment. In
particular, we wanted show how the conductivity of the
floor and the ceiling affect the simulation results. To
demonstrate this, the two models were built by using
two common building materials with a significant difference in their conductivity: steel and wood. The use
of steel simulates in practice a well grounded building where the floor and the ceiling of the building are
built of metal structures. In contrast, wood presents a
house built with highly non-conductive materials. Because many buildings are built using a wide range of
materials with different conductivities, these two extreme models provide a good insight into electric-field
behavior in different types of buildings and allow us to
infer on the general applicability of the proposed measurement method.
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Fig. 2. Two building models with different conductivities were used to simulate the electric field distribution in an empty test space. The steel
structures (left) create a smaller spherical electric field on top of the transmitter whereas the wooden structures (right) let the electric field to
distribute much more evenly in the surrounding space.

The electrodes of the building models were constructed with the dimensions described already in Section 2. The simulation space was defined to be 500 cm
in width and 345 cm in height, and the ceiling and floor
structures were selected to be 480 cm in width. The
building models are shown in Fig. 2 with the calculated
voltage distributions when the transmitter is exciting a
5-volt peak-to-peak square-wave signal that is used in
the practical measurements.
When comparing the models, it is clear that the
grounded steel floor and ceiling direct the electric field
from the transmitter towards the grounded surfaces
while the electrically floating wood surfaces let the
electric field emanated by the transmitter extend radially in the space. In other words, the electric field, being perpendicular to the illustrated voltage field, rotates downwards at the sides of the transmitter with
the steel model because of the existing potential difference between the transmitter and the building structures, and, the wood does not change the field direction
much at all.
3.2. Body models
We used six different-sized body models to evaluate
the designed measurement setup with persons of different height. The heights of the persons were varied
from 150 to 200 cm with 10 cm steps. Figure 3 shows
an example of the used simulation model with a 170cm-tall person standing on a transmitting floor tile with
both building models. This 170-cm-sized body model
was used as the main template and all other test bodies
were created by scaling this body up and down linearly
in both height and width. The model was developed

with an assumption that the person is standing on the
floor tile with bare feet or socks.
In addition to showing the body shape, Fig. 3 illustrates the voltage distribution of the produced electric
field in the test environment. From the figure, it can
be seen that that the body is strongly coupled to the
transmitter through the large capacitance between the
feet and the floor electrode with both building models.
In fact, the 5-volt voltage of the transmitter makes the
body stay above 4.9 volts potential from head to heels
with both building models.
Further, with the steel building structures, the human body emanating the electric field has a higher potential than the steel floor and ceiling, and thus a small
current flows through the body to the ground. In contrast, with the wooden floor, the field is mostly directed
upwards and most of the measurement current flows
into the receiver, because it only has a capability to
conduct the current and a lower potential than the body.
Nevertheless, with both building structures the electric
field direction above the head is vertically oriented and
greatly similar in shape and strength. Thus, the effect
of the building material on the height measurements
can be assumed to be small.
3.3. Shoe models
The effect of shoes was simulated with both building models and with all body models to get a comprehensive view of the effect of shoes on the results. To
simulate a case with very non-conducting shoes and
with a fair amount of thickness, the body models were
lifted up to 3 cm from the surface of the floor tile and
air was used as the insulator. Figure 4 shows an exam-
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Fig. 3. Six different-sized human body models were used to evaluate the electric field behavior in the measurement environment. A 170-cm-tall
human body is shown standing on the transmitting floor tile both with the conductive (left) and non-conductive (right) building models.

Fig. 4. Non-conducting shoes were simulated by lifting the body model up to 3 cm from the surface of the floor tile. Electric field distribution
with the conductive (left) and non-conductive (right) building models are shown.

ple, where a 170-cm-tall body model has been lifted to
this height.
As it is observable from Fig. 4, the electric field distribution with shoes remains almost the same as without shoes and the only significant change that is observed is the reduction of electric coupling between
the transmitter and the body. This, in turn, causes the
body to remain with the steel building model only at
about 3.4 V potential from head to heels and at about
4.1 V potential with the wooden model. Thus, when
the person is taken apart from the floor, the capacitive coupling between the body and the transmitter decreases and eventually at some point the current flowing through the body, as well as the measured height,
becomes close to zero. Hence, the insulation characteristics of shoes have a significant effect on the measurement.

3.4. Conductive object models
Large conductive objects like furniture, door frames,
and other people near a measured human body deflect
the electric field strongly towards these objects. Especially vertically oriented objects have a larger surface
parallel with a standing human body than flat horizontal objects and cause the body to couple with the taller
objects more effectively. To demonstrate and analyze
this effect, we added a 200-cm-tall steel cabinet about
52 cm beside the human body and simulated the effect
with all body and building models. The cabinet, shown
in the simulation space with a 170-cm-tall human body
in Fig. 5, was modeled as an electrically floating object
that was not grounded to zero potential.
With the conductive building model, the cabinet was
effectively grounded to zero potential by the floor. In
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Fig. 5. A steel cabinet placed next to a human body alters the electric field distribution and affects the measured height both with the conductive
(left) and non-conductive (right) building models.

contrast, with the wooden floor the potential of the cabinet remained floating at about 3.1 volts and the electric field emanated by the human body was further emanated from the cabinet. Thus, the steel cabinet conducts part of the measurement current to ground with
a conductive floor while the wooden floor cannot take
in much current at all.
Since a human body conducts a current well at the
used measurement frequency of 32 kHz, the steel cabinet behaves electrically much the same that another
human standing next to the measured person. We verified this hypothesis by simulation and got similar results than with the human body and cabinet. Thus, the
acquired results with the cabinet can also be applied
to other human beings standing next to the measured
person.
3.5. Simulation software
Maxwell 2D (version 9.0.573SV) simulation software was used to analyze the shown models. The software can simulate electric fields in the vicinity of the
drawn physical structures in two dimensions and calculate the electric fields and capacitances that form in
the simulated environment. The software assumes that
the defined physical model is a cross-section of the
drawn environment and uniform in the depth axis. Because the software reports the calculated capacitances
in farads per meter (F/m) units, it can be used to calculate the capacitances between 3D objects by stretching the model along the depth axis. However, because
the cross-sections of the designed test space and human body are not uniform along the depth axis, the 2D
model cannot give precise results with all our simu-

lation models. Hence, the software gives only a good
approximation on the electric behavior of the environment. Nonetheless, because it is hard to model a human body in 3D with good accuracy, the calculated results are a good approximation of the true capacitances
and can be used to verify the operation of the proposed
system. In practice, to approximate the human body
depth, e.g. from stomach to back, the simulation model
was lumped to 25 cm in depth when evaluating the capacitances formed with the human body and the environment. Likewise, the results were lumped either to a
depth of 60 cm or 200 cm when evaluating the capacitances between the electrodes and the environment.
All simulations were done with the AC conduction
solver using a 32 kHz sine wave signal. Although the
actual measurement signal in the hardware is a square
wave with the 32 kHz base frequency and its harmonics, the calculated simulation results can be considered
at least to be indicative of the magnitude of the real capacitances if not exact. In all simulations the achieved
energy error was less than 0.3%.
3.6. Materials
To simplify the construction of the simulation models, steel was used as the simulation material for the
transmitter and the receiver. Free space and the carpet between the floor tile and the building floor were
modeled as air. Because exact data on the permittivity
and conductivity of the 2-mm-thick plastic mat used
as the floor covering on the floor tile was not available, the mat was modeled as PVC with a conductivity
that is common to the recent ESD floor coverings of
the manufacturer. Further, since the graphite-enriched
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Table 1
The simulation materials and their properties

Object

Material

Relative
permittivity

Conductivity
(S/m)

Background

Air

1.0006

0

Building ceiling

Steel
Dry wood

1
4 [18]

2 ·10 6
5 ·10−7 [18]

Receiver

Steel

1

2 ·10 6

12 [6]

0.35 [6]

Plastic mat

PVC
(ESD)

3

1 ·10−8

Transmitter a

Steel

1

2 ·10 6

Carpet

Air

1.0006

0

Human body

Steel
1
2 ·10 6
Dry wood
4 [18]
5 ·10−7 [18]
Shoes
Air
1.0006
0
Cabinet
Steel
1
2 ·10 6
a Includes transmitting electrode and graphite enriched chipboard.
Building floor

Fig. 6. Cutaway picture of the measurement space with the floor and
ceiling electrodes. Used capacitance model of the environment is
also presented. Picture is not drawn to scale.

chipboard conducts well a current at the 32 kHz frequency, the whole floor tile under the plastic mat was
simulated as a uniform transmitter block made out of
steel. The properties for the human body were selected
from literature. All the used material properties are
shown in Table 1.
3.7. Boundaries
The boundary conditions for the simulation models
were defined as several value boundaries and as a single balloon boundary which enclosed the models. In
the steel building model, the floor and ceiling structures were modeled as grounded and thus were defined
to have a constant voltage of zero volts. In contrast,
with the wooden building model they were left floating
and were not defined as boundaries at all. In all models, the transmitter was set to have a voltage of 5 volts
and the receiver was grounded with a voltage setting
of 0 V. All other objects in the simulation models were
left floating.

4. Simulation results and capacitance model
The simulation results, as already partly depicted in
Figs 2–5, clearly show that the electric field distribution and strength vary systematically in different situations. To be able to analyze the results and the measurement system in detail, this section presents a capacitance model of the measurement environment and

Fig. 7. Circuit diagram of the used capacitance model.

discusses the effects of the simulation results on the
measurements.
The simulation results are presented in Table 2 and
the associated capacitance model is shown in Fig. 6.
Figure 7 shows this same capacitance model as a traditional circuit diagram.
4.1. Body related capacitances CF and CB
The capacitance model incorporates two capacitances that form between the electrodes and the human body. First, CF is the capacitance between the human feet and the transmitting electrode. Here, only the
plastic covering of the floor tile insulates these bodies from each other, because the resistance between the
graphite chips on the upper and lower surfaces of the
chipboard makes the chipboard a fairly good conductor. In the simulation model, the feet area varies from
354 to 474 cm2 with the 150-cm-tall and 200-cm-tall
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Table 2
Simulated capacitances with multiple simulation models for empty measurement space and for persons of different height
Height
(cm)

Building
model

Additional model

CF
(pF)

CB
(pF)

CO a
(pF)

CS1 a
(pF)

CS2
(pF)

CS3 b
(pF)

CU c
(pF)

Empty

Steel
Dry wood

–
–

–
–

–
–

1.250
1.190

828
825

–
–

101.7
95.4

–
–

150

Steel

–

549

3.29

0.033

821

6.50

87.7

3.27

Shoes
Conductive object

24
549

3.41
2.36

0.034
0.016

821
819

6.49
9.63

85.3
113.1

2.99
2.35

Dry wood

–
Shoes
Conductive object

512
23
512

3.27
3.38
2.35

0.031
0.031
0.015

818
818
818

6.56
6.54
9.70

84.4
84.2
108.1

3.25
2.95
2.34

Steel

–
Shoes
Conductive object

562
25
562

3.68
3.81
2.70

0.027
0.029
0.013

819
821
819

6.78
6.72
10.24

87.1
85.5
111.1

3.66
3.30
2.69

Dry wood

–
Shoes
Conductive object

547
24
542

3.69
3.81
2.73

0.026
0.026
0.013

818
818
818

6.84
6.81
10.27

83.7
83.5
106.9

3.66
3.30
2.71

Steel

–

577

4.19

0.021

819

7.10

83.5

4.16

Shoes
Conductive object

26
576

4.37
3.19

0.023
0.011

821
819

7.03
10.84

83.7
106.8

3.74
3.17

Dry wood

–
Shoes
Conductive object

574
25
570

4.18
4.33
3.18

0.021
0.022
0.010

819
819
818

7.11
7.07
10.84

83.2
82.8
105.8

4.15
3.69
3.17

Steel

–
Shoes
Conductive object

626
26
626

4.84
4.97
3.74

0.019
0.019
0.009

819
821
818

7.30
7.30
11.39

85.6
84.2
108.7

4.81
4.18
3.71

Dry wood

–
Shoes

610
25

4.77
4.96

0.017
0.018

818
818

7.39
7.34

82.3
82.1

4.73
4.15

Conductive object

604

3.75

0.009

818

11.42

104.5

3.73

–

641

5.53

0.014

819

7.65

82.2

5.48

Shoes
Conductive object

27
642

5.70
4.47

0.016
0.007

821
818

7.56
12.01

83.8
104.7

4.69
4.44

Dry wood

–
Shoes
Conductive object

624
26
624

5.52
5.77
4.47

0.014
0.015
0.007

818
818
818

7.67
7.61
12.02

81.6
81.5
103.4

5.47
4.73
4.44

Steel

–
Shoes
Conductive object

692
28
692

6.54
6.81
5.41

0.012
0.013
0.006

820
821
819

7.90
7.78
12.58

84.4
83.5
106.2

6.48
5.46
5.36

Dry wood

–
Shoes

665
27

6.51
6.86

0.012
0.012

818
818

7.95
7.88

81.2
80.9

6.45
5.46

160

170

180

190

200

Steel

Conductive object
666
5.44
0.006
818
12.61
102.2
Unless otherwise noted, the simulation model was lumped to a depth of 25 cm when calculating the shown capacitance values.
a The simulation model was lumped to 60 cm depth.
b The simulation model was lumped to 200 cm depth.
c The value of C is derived from C and C using Eq. (1).
U
F
B

5.40
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persons, respectively. With these areas, the results indicate that CF varies always between 512 and 692 pF
with both building models without shoes. Thus, CF is
about 1.46 pF for each square centimeter of foot area
touching the floor tile.
If shoes are used, they insulate the person from the
floor electrode and act as an additional insulator. As a
result, different types of shoes make CF to be significantly smaller and affect the measurement result. According to the results shown in Table 2 with a 170-cmtall body model standing with shoes, CF drops about
96% from 575 pF down to 25 pF with 3-cm-thick shoe
soles.
Second, CB is the capacitance between the body and
the receiver, insulated by air. It is formed mainly between the receiver and the highest point of the body,
because the strength of the electric field decreases exponentially with the distance from the receiver. According to both simulation and experimental results
(see Section 6), CB varies typically between 3 and 8 pF
with adults of different height. Thus, CB is the most
significant capacitance that is needed for calculating
the human height from a measurement result. According to the simulation results, no significant differences
in CB can be seen between the two building models,
but with the 170-cm-tall body model CB increases by
about 4% when a person wears shoes with 3-cm-thick
soles, because the person’s head is now actually at the
height of 173 cm and closer to the receiver.
Because the practical measurement circuit used for
measuring the height of the user measures the total capacitance between the two electrodes, CF and CB cannot be separated from the acquired result and must be
combined to a single variable. Thus, these two capacitances are simplified in our model to a single capacitance CU that changes by user height and posture. Because CF and CB are connected in series (Fig. 7), CU
can be defined with equation
CU =

CF CB
CF + CB

(1)

when the stray capacitances of the environment are ignored (see Section 4.3 for explanations).
4.2. Offset capacitance CO
An offset capacitance CO exists between the electrodes even without human presence. As shown in Table 2, CO is about 1.2 pF when the test space is empty
with both building models. With a person in the mea-

surement space, CO decreases about 97–99% from
this figure with both building models. This decrease
is natural, because the mutual area between the electrodes decreases significantly when the body of the
person covers them and most of the measurement current flows through CF and CB between the transmitter and the receiver and no longer directly between the
two electrodes.
Because CO is parallel to CU in the capacitance
model, it affects the measured total capacitance between the electrodes, CT OT , by equation
CT OT = CU + CO .

(2)

To be able to ignore CO during actual height measurements, its effect must be removed from the measurement result CT OT after each measurement. To do
this, CT OT is measured once before the person enters
the measurement space. Now, this value equals CO ,
because CU is zero when a person is not in the measurement space. Thus, the measured value of CO can
be saved and subtracted later from each measurement
result CT OT to obtain only CU .
4.3. Stray capacitances CS1 , CS2 and CS3
Three fundamental stray capacitances exist with the
ground. First, CS1 exists between the transmitter and
the ground having the carpet as an insulator. Because
CT OT between the two electrodes is only measured
by gauging the received current at the receiving electrode, the amount of current flowing into the environment from the transmitting electrode does not affect
the result as long as the signal source is able to drive
the wanted waveform into the transmitter [5]. Thus,
CS1 does not affect the measured capacitance value
with the buffered output that was implemented to our
hardware (see Section 5) and its effect on the measurement can be ignored. According to our simulations results shown in Table 2, CS1 remains always at about
820 pF.
Second, CS2 is formed between the human body
and the ground. CS2 can cause a significant error in
the measurement, because CS2 conducts a small part
of the current emanated by the person to the ground
and thus decreasing the capacitance reading CU . In
our simulations, CS2 was found to vary between 6.49
and 12.61 pF with all simulation models. However,
without the large conductive object next to the measured body model, CS2 remained always between 6.49
and 7.95 pF. Thus, a large conductive object can in-
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crease CS2 by some tens of percent. In general, CS2
is slightly larger with taller persons than with shorter
ones.
Third, CS3 exists between the receiver and the
ground. It was simulated to be about 100 pF in an
empty measurement space with both building models.
For a person with and without shoes, CS3 consistently
varies between 80.9 and 87.7 pF. With the cabinet, CS3
increases about 30%, because the cabinet has a large
conducting surface that is close to the receiver.
As shown by the simulation results, CS1 can be considered constant. Because it does not affect the received current at the receiver, it can disregarded when
evaluating person height or posture. CS2 and CS3 , on
the other hand, remain almost constant in all other
cases but increase about 25–60% only when the conductive object is present. Thus, their effect on the results is considerably small and is partly calibrated out
when CO is measured prior to any height measurements. Moreover, if the location of the large conductive objects within the measurement environment are
unknown, their effect on the end result cannot be determined easily. Hence, we disregard all the stray capacitances in the practical evaluation of the proposed
system and use Eq. (1) for height and posture determination.
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Fig. 8. Simulated CU change with different body models using the
steel building model.

4.4. Capacitance to height conversion
As shown by the simulation results, CF increases
as the feet area touching the floor increases and decreases when the area gets smaller. This touching area
is small, for example, with short persons and shoes, in
walking, or when heels leave the floor when crouching. Likewise, CB increases when the highest point of
the person’s body, usually the head, is brought closer
to the receiver and decreases when this point is lowered. The magnitudes of the changes are directly related to the person’s closeness to the electrodes so
that the changes are larger when the absolute distances
to the electrodes are small. These changes in capacitances are not, however, linear with the changes in distances. Indeed, these capacitances increase exponentially when the distance between the person and the
electrodes becomes shorter. Thus, when using the system for height and posture measurements, an appropriate non-linear capacitance-to-height conversion function must be used.
Figures 8 and 9 show a series of simulated capacitance-to-height conversion functions drawn using
the steel and wood building models. These functions

Fig. 9. Simulated CU change with different body models using the
wooden building model.

demonstrate how CU changes with the body height
when different simulation models are applied. When
comparing these two figures, it becomes clear that
there is no significant difference between the two
building models, because the graphs between the two
figures are almost the same. Indeed, the most interesting changes happen when the additional shoes and
conductive object models are applied together with the
building models: with shoes the measured person is
determined to be shorter than without shoes especially
with shorter people and conductive objects decrease
CU by a constant amount. Thus, we can reliably build
the test system to any building constructed from any
floor or ceiling material, but we need to take into account the effects of shoes and the conductive structures
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of the environment in and near the measurement area.
These ideas are discussed in more detail in Sections 7.2
and 7.3.
Because it is evident that CB changes with the
height of a person and CF stays fairly constant if the
person is not moving on the floor, CU can be used as
an accurate approximation of the height of the person.
However, other physical properties of the measured
person can affect the magnitude of CU and can cause
small errors in the capacitance-to-height conversion.
For example, the mass of the measured person changes
the measured value of CU slightly. Thus, methods for
compensating these types of errors should be considered important but may be hard to implement in a practical way.

5. Hardware
The measurement board of the test system consists of two primary components. These are a high
resolution sigma-delta capacitance-to-digital converter
(CDC) AD7746 [1] and an ATMega8 microcontroller.
The CDC performs the capacitance measurement and
delivers the result to the microcontroller when it requests it. The microcontroller delivers the result to a
PC which takes care of the required calculations. The
measurement signals are routed to and from the electrodes using coaxial cabling to shield the signals from
noise.
5.1. Capacitance-to-digital conversion
Capacitance-to-digital conversions are performed
according to a predetermined routine. This routine is
both controlled and initiated by the microcontroller.
First, the microcontroller requests the CDC to perform
a single capacitance measurement through an I2 C bus.
Subsequently, the CDC excites a 32 kHz, 5 volt squarewave signal to its output port, which is routed to the
floor electrode. After the CDC has converted the measured capacitance value to a digital form, it informs
the microcontroller of the finished conversion. Then,
the microcontroller reads the result from the CDC and
sends it to the PC through a serial interface.
The update frequency of the system is limited by the
conversion speed of the CDC. With the fastest setting,
the CDC can perform a single conversion in 11 milliseconds. By using this setting, a 90.9 Hz update rate
is achieved.

5.2. Cabling
Both electrodes are connected to the printed circuit
board (PCB) using thin coaxial cables. The inner wires
of the two cables carry the excitation signal from the
CDC to the floor electrode and the measurement signal
from the receiver to the CDC. The shields of the cables
are connected to the circuit ground at the PCB end and
are left unconnected at the electrodes.
The length of the receiver cable is 2.2 meters. With
the characteristic capacitance of 80 pF/m, the total cable capacitance at the receiver end is 176 pF. When this
cable capacitance is connected in parallel with CS3 ,
the total capacitance to ground from the receiver is approximately 250–285 pF. According to the specifications of the CDC, this total capacitance will cause less
than 1 fF error in the result [1, p. 8, Fig. 9]. If the receiver cable would be extended by 2 meters, the capacitance seen by the CDC at the measurement pin would
be about 445 pF, which would cause about 18 fF error
in the result. Even though these figures are minimal,
the error increases considerably if the capacitance to
ground increases. According to our practical findings,
no significant degradation in the received signal should
be observed as long as the cable length stays below
5 meters. In practice, this error is, however, automatically removed when the system is initialized. This happens when CO is measured and calibrated out by using
Eq. (3), because the error is summed up with CO .
Depending on the transmitter cable length, some extra capacitance is formed in the cable between the excitation wire and the ground, and between the transmitting electrode and the ground. These capacitances
are fairly large and deteriorate the excitation signal
because the CDC can not supply enough current to
keep the waveform square. For example, a 10 meter
long coaxial cable attached to a single tile can increase
the total capacitance between the ground by up to 2.5
nanofarads. Hence, a high current buffer was implemented to counteract this effect. Now, when the excitation signal is buffered, no degradation in the received
signal should be observed even if long coaxial cables
(tens of meters) are used.
5.3. Optocoupling
The printed circuit board (PCB) is galvanically separated from the PC with an optocoupler to prevent the
noisy signals from interfering with the precise measurement. To keep the circuit ground at a constant
level, it is connected to the power line ground with a
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Fig. 10. The designed system was evaluated with 14 different-sized adults.

separate lead. This approach seems to give a little better SNR than without the optocoupler.
5.4. Measurement software
A standard PC is used to do the required calculations. When the system is started, a custom software
measures the initial offset level, that is CO , and stores
it in a calibration register. By using Eq. (2), this calibration value is then subtracted from each received
measurement result to get CU :
CU = CT OT − CO .

(3)

After the subtraction, the received signal is filtered
with a moving average filter. Finally, CU can be converted to a distance between the body and the receiver
with a capacitance-to-height conversion function.

masses, and silhouette photos of the test persons. The
measurements were done with the test persons wearing socks because different types of shoes would affect
the result by changing CF considerably for each test
person. The effect of shoes is analyzed and discussed
in depth in Sections 6.7 and 7.2.
To get a reference height of a person in the latter
two test cases, a custom designed line length measurement device was used to measure the length of
a thin line when pulled out from the device. A nonconducting plastic line was routed above the floor tile
and through the ceiling electrode, and attached on the
crown of the test person’s head with a string. Thus, the
line length measurement device gave the distance between the head and the receiver above the user. The
mean error of the reference measurement was measured to be 0.9 cm with a standard deviation of 2.3 cm.
6.1. Standing posture

6. Practical evaluation
The designed system was evaluated by analyzing
how a measured capacitance can be converted to the
height of a person in three different test cases: 1) standing, 2) crouching with heels lifting off the ground, and
3) crouching with heels staying on the ground. In the
first test case, an empirical capacitance-to-height conversion function was created to have a general conversion method from capacitance to height for differentsized adults as well as to find out how large variations in the calculated height the differences in physical size cause. The latter two tests were performed to
resolve the capacitance-to-height conversion function
for other postures and to see how much CU is affected
by the changes in capacitance CF which can change
significantly when a person crouching down lifts up his
or her heels from the ground.
In all test cases, CU was measured with 14 adults
ranging from 157 to 193 cm in height and from 61
to 140 kg in mass. Figure 10 shows the true heights,

At first, the value of CU was measured twice with
each test person in a standing posture. The test persons
were instructed to stand still in the middle of the floor
electrode one at a time. Then the change in CT OT was
measured and CU calculated. The measured CU values
are shown in Fig. 11 with the true height of the measured person. The capital letters in the data point labels
show the anonymous names of the test persons that are
listed in Fig. 10. Each person’s two separate measurement values of CU are shown in the labels with subscript indexes 1 and 2.
After the measurements, a capacitance-to-height
conversion function was fitted to the measured data
values of CU . However, the data point E1 was excluded from the curve fitting because it had over 18%
error in capacitance value. Thus, a function of form
hs = hceiling electrode −

a
CU b

(4)

was fitted numerically to the data. Here, hs is the calculated height of a standing person, hceiling electrode
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Fig. 11. Capacitance-to-height conversion function fitted to measured capacitance values. 95% confidence bounds for new measurements are also shown.

the installation height of the receiver, and a and b
are estimated constant parameters. This form of fitting equation was selected because the measured values of CU increase exponentially when a person’s head
comes closer to the ceiling electrode. The equation
gives the person’s height in centimeters. The constant
values of a and b were experimentally selected to be
285.6 and 0.8929, respectively. This capacitance-toheight conversion function is plotted in Fig. 11 with the
95% confidence bounds for new measurements. These
confidence bounds run about 7 cm from the calculated
capacitance-to-height conversion function.
To analyze the error distribution of the results in
terms of accuracy and precision, a cumulative error
distribution function is plotted in Fig. 12. From the figure, it can be seen that the height of a standing person
could always be measured with at least 7.1 cm accuracy and with 5.2 cm accuracy in 90% of the cases.
6.2. Standing posture with ponderal index correction
The physical size of a person, if known, can be
optionally used to correct the error in the calculated
standing height as presented by Båvall et al. in [3].
This size information could be, for example, extracted
from a video capture or from an ordinary weighing
scale. Although this correction step can be ignored
if no physical information of the measured person is
available, we will demonstrate here how the calculated
height can be corrected with a ponderal index if the
mass of the person is known or can be measured.
A visual comparison between Figs 10 and 11 supports the finding of Båvall et al. and suggests that there

Fig. 12. Cumulative error distribution function for standing persons
with 95% confidence bounds.

is some correlation between the physical size of the
person and the error of a single data point from the
capacitance-to-height conversion function. To analyze
the effect of the physical size of a person in practice, a
ponderal index [15] was calculated for each test person
using the standing height measurement results and the
true mass of the person using formula
ponderal index =

mass
.
measured height 3

(5)

The ponderal index is better for scaling variations in
the size of people than the commonly used body mass
index because the volume of a three-dimensional object changes to the power of three when scaled up or
down [15].
Figure 13 shows the difference of each height measurement result and the fitted capacitance-to-height
conversion function versus the ponderal index of each
test person. Because a fair correlation between these
measures can be found by visual observation of the
figure, a linear height correction function was fitted to
the data and plotted in the same figure. Data point E1
was excluded again during the fitting process because
of the large error in its capacitance value.
Now, this height correction function can be used
to correct all measured height readings by adding the
function-defined correction value to the original height
data. When this function is applied to the measured
height data, the data points are moved to their new
corrected positions that are shown in Fig. 14 over
the original capacitance-to-height conversion function. If Figs 14 and 15 are at this time compared with
Figs 11 and 12, it can be seen that many of the mea-
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Fig. 13. Dependency of measured standing height and personal ponderal index.
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Fig. 15. Cumulative error distribution function for standing persons
with ponderal index correction. 95% confidence bounds are also
shown.

6.3. Crouching with heels off the ground

Fig. 14. Measured standing heights with ponderal index correction
along the original capacitance-to-height conversion function.

sured data points are distributed closer to the original capacitance-to-height conversion function with
the ponderal index correction. However, some data
points move a bit further away from the capacitanceto-height conversion function and increase the measurement error. For example, data point B1 has now
a 7.5 cm error instead of a 7.1 cm error, and thus the
overall maximum error is also increased by 0.4 cm. In
general, however, the height of a standing person can
be measured slightly more accurately with the ponderal index correction in 80% and 90% of the cases:
with 3.1 cm and 4.4 cm accuracy, respectively. Nevertheless, because the achieved enhancement with this
correction method is very small, this type of correction
may not be useful or beneficial in practice.

To evaluate how CU changes with the height of the
user in other postures than standing, the first test procedure was continued by asking the test persons to
crouch down slowly from the standing posture so that
their heels would lift off the ground. In this test case,
CU decreases with the person’s height because CB decreases, but when the test persons lift their heels off
the ground, CU decreases even more because of the
change in CF when the surface area of the feet touching the ground gets smaller.
Simultaneously with the change in the user’s posture, both capacitance CU and the true height of the
person were measured. Figure 16 shows the change
of true height as a function of CU change for the two
shortest and the two tallest persons of the test group.
The data points for all other persons are shown in light
gray. The measurement points from person E have
been excluded from the data, because the starting point
(previously presented as E1 ) was far away from other
results and caused a large deviation from the trend.
Because CU seems to decrease almost linearly with
the height of the user, a linear fit to the data was plotted above the data points in Fig. 16 using the data from
all test persons. This fit is, however, a rough approximation, since the data points of these lines lie up to
13.9 cm from this fit, as shown by Fig. 17. However, if
a 90% accuracy is enough for a given application, the
change the height of a person can be determined with
9.3 cm accuracy in all other postures than standing.
Nevertheless, if the absolute height of a person needs
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Fig. 16. Capacitance CU decreases linearly with the height of the
person when the person crouches down with heels lifting off the
ground.

to be known, we must take into account both the error
in the measured standing height and in the measured
height change by summing them together. Thus, the
maximum absolute error in this test case can be up to
21 cm in other postures than standing when ponderal
index correction is not used. The corresponding figure
for 90% probability is 14.5 cm.
If person N is disregarded, CU seems to change
differently with shorter and taller persons. The lines
drawn for short persons A and B in Fig. 16 have steeper
slopes than the line drawn for person M, who is much
taller than these two persons. Nevertheless, the slope
of the line for person N is contradictory to the measured values with other persons. The measured data
points for person N go roughly the same path as for
person A, although a height difference of 36 cm exists.
On the other hand, person N weighs 79 kg more than
person A.
6.4. Crouching with heels on the ground
The same height change measurement tests were repeated with the test persons crouching with their heels
staying on the ground. Figure 18 shows the decrease
of CU with the decreasing true height of the person for
the two shortest and the two tallest persons. The data
points for all other persons are shown in light gray.
Because capacitance CU seems to decrease linearly
with the height of the user also in this test case, a linear
fit to the data is plotted above the data points in Fig. 18.
In contrast to the measurements made with heels off
the ground, here the slope of the plotted lines changes

Fig. 17. Cumulative error distribution function when the test persons
crouched down with their heels lifting off the ground.

Fig. 18. Change of capacitance CU with the height of the person
when a person crouches down with heels staying on the ground.

nicely with the height of the person; the two tallest persons have a shallower slope and the shorter persons
have a steeper slope. However, according to the cumulative error distribution of this experiment, shown
in Fig. 19, the maximum measured error is greater
than the one shown in Fig. 17. Even though, the maximum measured error is 21.0 cm and the 90% error is
12.8 cm is this test case, it must be noted that the test
persons were able to crouch further with the heels on
the ground and the absolute height change was about
10–20% larger here and the maximum error seems to
increase slightly with the height change. Thus, this
height change difference does explain at least partly
the difference in the measured errors between these
two test cases. Anyhow, when absolute height mea-
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Fig. 19. Cumulative error distribution function when the test persons
crouched down with their heels staying on the ground.
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Fig. 21. Average slopes for each test person when they crouched
down both heels off and on the ground.

heels are lifted off the ground and thus decreases CU
that is defined as the series capacitance of CF and
CB .
Figure 20 also shows an average capacitancechange-to-height-change conversion function, which
can be used in practice to calculate a person’s height
when the person is not standing. This, however, always
requires that the value of CUs , depicting the measured
CU in standing posture, is known and stored before
the person changes his or her posture. In practice, this
value can be determined by storing the maximum CU
reading for a person when the person enters the measurement space.
6.5. Slope correction by height
Fig. 20. Capacitance CU decreases faster when a person crouches
with heels being lifted off the ground.

surement results are needed, the maximum height error
in this test case is 7.1 cm worse because of the possible error in the height measurement of a standing person without ponderal index correction. Thus, the maximum absolute height measurement error in this test
case can be up to 28.1 cm and at 90% probability it is
18 cm.
Now, by looking at Fig. 20, in which the calculated
linear fits for these two test cases are plotted in the
same figure, it is clear that the measured capacitance
CU decreases faster with true height when a person
crouches down with their heels lifting off the ground
compared with their heels staying on the ground. This
is natural because capacitance CF decreases when the

According to the measured data, with most test persons the rate of change in capacitance CU depends
on the height of the test person. Indeed, the overall
steepness of lines in Figs 16 and 18 seem to be inversely proportional to the height of the person. Figure 21 shows the slopes of these individual fits versus the measured standing heights of the persons. The
capital letters in the data point labels show the anonymous names of the test persons with the corresponding
crouching test cases with heels off and on the ground
marked with subscript indexes 1 and 2, respectively.
The data point E1 is excluded here, because it resides
so far off the other data points.
By having the individual data points plotted in
Fig. 21, it is possible to fit a linear height-to-slope conversion function to the data. If the standing height of
a person has been measured beforehand, this function
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Fig. 22. Cumulative error distribution function for slope-corrected
data including both test cases in which the test persons crouched
down.

can be used to correct the measured height of a person in other postures than standing. This function was
experimentally defined to have a form
slope = −0.218(hs + 60.3).

(6)

For example, the height-to-slope conversion function
gives slopes of 26.1 and 18.2 cm/pF for test persons A
and N, respectively.
When Eq. (6) is used to calculate the slope of the linear capacitance-change-to-height-change conversion
function for all other postures than standing, the height
of a crouching person hc can be calculated with function
hc = hs −

slope(CUs

− CU ).

(7)

If the value of CUs has not been measured before a person crouches down, an average slope of 20.5 cm/pF,
depicted as the average function in Fig. 20, can be used
to determine height changes of the measured person.
The accuracy of Eq. (7), when being used in both
test cases with heels on and off the ground, is always
better than 14.6 cm, and in 90% of the cases the accuracy is 9.1 cm, as shown in Fig. 22. Altogether, these
figures are very close to the results of the test case
where the test persons were asked to crouch down with
heels off the ground, but significantly better than in the
test case with heels staying on the ground. Because the
maximum standing height error without the ponderal
index correction is 7.1 cm and 5.2 cm in 90% of the
test cases, the maximum absolute height measurement

Fig. 23. Cumulative error distribution function if the identity of the
person is known.

error in other postures than standing is 21.7 cm and
14.3 cm at 90% probability.
Further, if the identity of a person is known and the
system has been calibrated to measure the height of
that individual using an external reference measurement, a much greater accuracy could be achieved. To
prove this, linear fits for each person were fitted to the
data in both test cases. As a result, the system always
gives at least 12.1 cm accuracy and at 90% probability better than 4.5 cm accuracy. The cumulative distribution function from which these values have been
derived is shown in Fig. 23.
6.6. Posture selection
The results show that the current posture of a person can be determined at a moment of interest by calculating a percentual height h% of a person from the
standing height with equation
h% =

measured height
.
hs

(8)

By using Eq. (8), the posture of a person can be
determined using a predefined classification. For example, with the obtained measurement data from both
crouching test cases, four posture classes can be determined as shown in Fig. 24. The lower and upper boundaries of crouched down posture were obtained from the experimental data presented in Sections 6.3 and 6.4 by selecting both the minimum and
the maximum h% values of crouched persons. The
lower boundary of standing or walking was selected to
be at 90% of full standing height.
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Fig. 24. Classification of different postures.

6.7. Effects caused by shoes
Shoes represent a difficult situation for the system
as already shown by the simulation results. If a person
wears shoes, the measured capacitance CU decreases
significantly, because shoe soles insulate the person
from the floor electrode by making CF smaller. Thus,
the calculated height is smaller than without shoes.
Further, different types of shoes affect the result differently.
The effect of shoes was measured in practice to verify the simulation results with two different test persons wearing in total 19 different types of shoes. The
measurements were done with an installation in which
the places of the receiver and the transmitter electrodes
were reversed and smaller steel plates were used as
electrodes. This, however, does not change the basic
measurement principle and the presented results are
still comparable to the other results.
The tested shoes were selected to represent as wide
a variety of shoes as possible. For example, sandals,
sneakers, running shoes, boots, and ESD protection
shoes were used. The test persons were asked to stand
still on the floor electrode, one at a time, and CU was
measured with all shoes. Figure 25 shows both a histogram of the results calculated with 4% wide containers and a probability density estimate of the data. The
expectation value for CU for a person wearing shoes
was determined to be at 64% of the measured hs without shoes.
Even though shoes have a significant effect on the
height measurement result, it is still possible to recognize the user posture with the system if the measured person does not put shoes on and off between
the measurements. This is possible, because the pos-
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Fig. 25. Histogram and probability density estimate of the measured
heights when 19 different types of shoes were used with two test
persons.

ture recognition algorithm (see Section 6.6) is based
on percentual height measurement readings and not on
absolute values. Thus, the reference height for standing posture is different with and without shoes, but the
percentual height readings still change as a function of
posture. In fact, we have evaluated this statement in an
actual measurement setup and have been able to recognize three different postures of multiple persons wearing different types of shoes.
6.8. Effects of the environment
The properties of the measurement environment as
well as the shape and coverage of the ceiling and floor
electrodes affect the measurement results. To illustrate
this phenomenon, we expanded the floor electrode to
cover the whole virtual reality environment shown in
Fig. 1 with 9 similar floor tiles to form a 180×180 cmsized measurement area. The bottom steel plates of the
tiles were connected together to form a uniform transmitter. The ceiling electrode was not altered because it
already covered the larger floor area.
To test how the measured standing height changes
in the measurement space when the person moves
around, we had a 170-cm-tall person to move slowly in
the measurement space with heels on the ground at all
times. The position of the person was measured with
an electric-field ranging based positioning method (see
[20]) simultaneously with the height of the person.
Here, the top of the head was considered to be the
true location of the person. The results of this experiment are shown in Fig. 26 as percentual errors of the
true height at different positions. The shown data was
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about 85-cm-tall table with metal structures is at about
150 cm behind the right screen. Thus, with this information on hand, it is easy to understand that the closer
the metal structures are located to the measurement
area, the greater is the error caused by them.
In practice, however, the acoustic screen on the
south side is so far away from the measurement area
that it can be considered to have zero effect on the
height measurement. Hence, on the whole, the errors
caused by the degradation in CB at the edges of the
measurement area can be understood to cause about
−5% drop in the measured height, and the projection
screens, their structures, and the close by metal structures the rest of the observed errors, about 3–10%.

7. Discussion

Fig. 26. The percentual error in the measured height when a 170-cmtall person moved around the test space on a larger floor electrode.

smoothened to make the general trend in the errors
more perceivable.
As it is clearly observable from the figure, the height
of the person is about −5 to −15% smaller when the
person gets close to the edges or corners of the tracking
area defined by the floor and ceiling electrodes. Likewise, the error increases when the person gets closer to
the virtual reality environment screens and their nonconducting supporting structures. In addition, conductive objects behind the screens and their supporting
structures affect the error distribution effectively. Although they are not shown in Fig. 26 or visible in
Fig. 1, they can be considered for the irregularity of the
shown error in Fig. 26. Altogether, the shown errors in
the measured user height can be deduced to originate
from the reduction of CB when closer to the edges of
the ceiling electrode, because the common area above
the person with the ceiling electrode gets somewhat
smaller, and from CS2 becoming bigger when closer
to the conductive objects.
The conductive structures in the environment are the
following: 1) on the north side, some small conductive
pipes behind the screen parallel to the screen at about
40 cm from the measurement area at a height of about
60 cm, 2) on the left, a about 200-cm-tall acoustic
screen with metal structures is located vertically about
100 cm from the measurement area, 3) on the south
side, an acoustic screen is placed at about 290 cm from
the measurement environment, and 4) on the right, an

According to the presented simulation and practical
results, the proposed human height measurement system can be used as an input for many different types
of applications because it can capture human height
and posture with a reasonable accuracy. However, to
get a better picture of the system’s applicability to different application areas, we will discuss the properties
and the use of the system in this section in detail. We
have divided the discussion into several subsections in
which we will examine the pros and cons of the system
from different point of views and compare the system
properties to previous works if possible.
7.1. Simulation vs. experimental results
According to our results, the simulation and practical results seem to support each other in terms of capacitance changes in the environment. Although the
simulation was limited to measuring only standing
adults and the crouching of the persons was not simulated, the capacitance model defined in Section 4 accounts for the observed changes in the practical measurements and allows us to understand the changes
more thoroughly. To show the correlation of the results, Fig. 27 shows both the simulated and measured
capacitance-to-height conversion functions together in
the same figure. Here, the persons are standing without
shoes, no conductive objects are present and the steel
building model is used since the obtained difference
with the building models can be considered insignificant.
Since the simulation results and the practical results
have a similar shape but a somewhat different slope,
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Fig. 27. Simulated and measured capacitance-to-height conversion
functions with scaled simulation results.

we scaled the simulation results to see how well they
would fit with the practical results. By applying a simple experimental equation
CUScaled = 1.5CU − 1.4

(9)

to all simulation results, we obtained the scaled simulation data shown in Fig. 27. From this figure, it is clear
that the simulation and practical results are much alike,
because the graphs have maximum error between each
other about 3 cm.
The possible reasons for the differences in the simulation and experimental data are most possibly related
to the limitations of the simulation accuracy. For example, the used software did not allow us to model
the environment, shapes of the body, and conductive
objects in three dimensions. Likewise, the stray capacitances are neglected in the definition of CU and
the CDC is used in the practical measurements outside
its primary application areas. Nevertheless, the comparison of the scaled simulation and practical evaluation results proves that the experimentally acquired
capacitance-to-height conversion function correlates
well with the simulation results and the used methods of this paper can be considered valid for measuring both user height and posture if an appropriate capacitance-to-height conversion function is developed for the used environment.
7.2. Shoes
According to the simulation and practical results,
shoes can cause significant errors in height measure-
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ments if their contribution to the result is not taken into
account. As presented in Section 6.7, shoes can cause
several tens of percents error in the measured human
height. Thus, to compensate for this effect, to maintain
good electrical coupling with the transmitter and the
body, and to obtain the shown accuracy levels, different methods should be researched.
As the first initiative, the transmitting electrode
should be brought as close to the surface of the floor
as possible. This would make CF larger and allow the
body to remain at a higher potential level and thus increase the current flow to the receiver. As a result, the
measurement result with shoes would better reflect the
result without shoes and thus the true height of the
measured person as shown by simulation results in Table 2.
Second, this problem could be significantly alleviated if the insulating characteristics, that is the dielectric constant, of the shoe soles could be measured. One
way to measure it would be to section the floor into
small segments and then measure the capacitance between two segments on which the feet of the measured
person are placed, using a transmitter-receiver pair.
The placement of the feet on the segments is not critical because the segments can be virtually combined
to a single segment by either distributing the transmitter signal to multiple segments at the same time or by
adding the received signals from different segments together.
Third, we have built and tested a positioning system that is based on a single, transmitting floor electrode and multiple receiver electrodes placed in the
corners of a tracking area [20]. The designed implementation can reason a constant factor which corresponds to feet size, human height, and shoe insulation.
Thus, by merging that system with the height measurement system proposed in this paper, we could at least
partly correct the error caused by shoes.
Fourth, in a single user case, the wearing of shoes
and even the type of shoes could possibly be determined from the measurement result if the posture of
the person would be known by other methods. For example, a person moving fast enough could be determined to be in a walking posture, and with the known
standing height the insulation characteristics of the
shoes could possibly be inferred using the malformed
height data.
On the whole, significant proportions of people retain their shoes or use a variety of slippers indoors although in some cultures shoes are never worn at home.
Because the current design must be used with bare feet
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or socks only to get an unbiased reading, shoes present
a significant limitation for the world-wide applicability of the height measurement part of the system at this
point. Nevertheless, shoes do not prevent the recognition of user posture when the methods presented in
Section 6.6 are used. Moreover, if some or all of the
above correction methods would be implemented, the
height measurement problem could be significantly alleviated.
7.3. Conductive objects
All conductive objects near the measured person
cause a significant error in the height measurement result as shown by Figs 8, 9, and 26. However, the error
in CU is always constant if the object size and position relative to the measured person does not change.
In other words, the capacitance between the object and
the person remains constant when both the common
area and the distance between the person and the conductive object remain the same. Because this error is
constant in each single user position in a static environment, the error can be calibrated out in real-time based
on simulation results if the user position can be measured, the location and the electrical properties of the
conductive objects in the environment are known, and
the effects of the objects on the height measurement
can be mathematically formulated. Likewise, and in a
more practical way, a correction can be applied to the
measurement results if the errors of the environment
have been collected by fingerprinting them in the installation phase of the system or whenever the environment is significantly changed.
If the correction is applied based on simulation results, for example, in an apartment with multiple conductive walls, door frames, and cabinets, the developed
model must take the electrical properties of these conductive objects into account. In this case, at least the
object position, size, and material (relative permittivity and conductivity) should be known. Yet, modeling of an apartment even with this information is difficult, because it is a laborious task to get accurate information, for example, on the walls, piping, electrical, and HVAC systems. Further, if these conductive
objects are hidden, for example, in the wall structures,
the modeling gets even harder because of local permittivity changes between the person and the conductive
objects. Thus, the electrical simulations of the environment can easily become a remarkably tedious task.
Nevertheless, modeling could be used to correct the
height measurement result of an individual when other

people are close by. For example, if the floor would
be segmented into multiple floor tiles with positioning
systems like [19] and [21], the not-measured person
would be grounded and would act as any conductive
object near the measured person. Thus, by knowing the
positions of the both people, a generalized correction
based on the persons’ proximity could be applied if an
appropriate model would be available. However, if the
two persons would be very close to each other, the orientation of the persons should be taken into account as
well. This, in turn, would make the model more complicated and would require the positioning system to
give out the person’s orientation in addition to the position.
On the contrary, fingerprinting could be used much
more easily to develop a correction model for the static
conductive objects in the measurement environment.
With the assistance of a positioning system, one would
need to walk slowly around the measurement space
and the height readings could be collected at each
point. Thus, by saving the percentual height error at
each point in the space, a precise correction lattice (see
Fig. 26 for an example) could be developed and used
to correct the height measurement results of people
about the same tallness than the person who did the
calibration walk. Further, by having a few persons with
significantly different heights to do the same, a threedimensional correction lattice for people of different
heights could be established by interpolating the results.
7.4. Accuracy
In comparison to previous systems, the presented
system cannot measure human height with the same
accuracy that, for example, video cameras can. The authors of [8] showed that their three-unit camera system
can produce a height measurement result of a walking
person always with less than 5.1 cm accuracy using all
the views. If only a single camera is used, the maximum error is 5.4 cm and a maximum error of 2.9 cm is
achieved by estimating the spatial position of the measured subject. These figures are somewhat better than
the achieved practical result for standing persons with
the presented system (7.1 cm maximum error without
ponderal index correction), but significantly better for
other postures. Indeed, the 14.6 cm maximum error for
measuring height changes with our system in all other
postures than standing must be added together with
the error given in the standing posture, if an absolute
height measurement result is needed. Thus, the max-
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imum error with our system can be up to 21.7 cm in
other postures than standing. Further, the camera system of [8] can resolve the height of a moving person,
yet we have only focused on measuring the height of
a stationary person. However, based on some preliminary measurements on moving subjects, we believe
that the achieved errors with moving persons are not
significantly worse than the presented results.
On the other hand, our measurement accuracy of
standing height is close to the accuracy achieved with
ultrasound measurements. For example, the authors of
[14] showed they could track a human head with less
than 5 cm error. This result is fairly close to our 7.1 cm
result with standing persons, but again about four times
better for other postures. Further, the proposed ponderal index correction based on the physical size of
the subject does not seem very useful or beneficial because the achieved enhancement with this correction
method is very small (about 1 cm) for less than 95%
probabilities and the maximum error at 100% probability increases slightly (about 0.4 cm). More discussion on the physical size based correction can be found
in Section 7.8.
Despite the fact that the achieved accuracy is rough
especially in non-standing postures, the percentual
height of a person can still be used to identify the most
significant postures by using the classification shown
in Fig. 24. Further, the accuracy of the system may not
be enough for identifying family members based on
their standing height, especially if the family members
are about the same tallness, but the presented method
is fully capable of distinguishing an adult from a child.
7.5. Construction, cost and complexity
The developed system has a simple construction
that requires only a single floor and a single ceiling eletrode. These electrodes can be built from ordinary and easily available conductive materials. For
example, the floor electrode could be built from an
aluminum foil placed underneath the floor covering,
which could be e.g. wood, plastic or ceramic. The ceiling electrode could be built of a solid, conductive electrode material or by using a sparse net built from even
less than a millimeter thick wires. In fact, we successfully tested a 0.22 mm-thick wire electrode in the ceiling of TUT Smart Home with a wire separation of
60 cm. This installation is discussed in more detail in
Section 7.12.
Similarly, the required cabling between the electrodes is small, but it must be implemented with coax-
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ial cabling to prevent unwanted electronic coupling
of the measurement signals. The cabling, however,
should not be a problem, unless the thickness of the
coaxial cables (typically 2–5 mm) becomes too large
for the installation environment, for example, in terms
of installation space.
Because the current electronic implementation uses
only a few components, the electronic implementation
of the system becomes very affordable. Indeed, the single AD7746 CDC chip used in the current implementation costs about $5 in large quantities. Also, by using newer CDC chips, for example Analog Devices
AD7142, the price of a single CDC unit with 14 channels is pushed down to $1.37 in large quantities. Likewise, almost any cheap microcontroller in the price
range of $1 to $2 could handle the communication to
the CDC and the PC attached to it. Altogether, the total cost of a measurement device could be less than $5
in large quantities. Equally important, the power consumption of the hardware is low, in the range of few
milliamperes because of the small number of components.
On the whole, the complexity of the designed system is low and it should be possible to install it into
any apartment. If the floor electrode cannot be placed
underneath the floor covering, a carpet with some conductive fabric could also be used as the transmitter. In
the same way, the ceiling electrode could be created
from some conductive fabric and used as a decorative
element.
7.6. Safety
The presented system can be considered completely
safe to human beings because the formed electric and
magnetic fields in the human body are well below
the International Commission on Non-Ionizing Radiation Protection (ICNIRP) set restrictions [7]. The commission has set the limit for maximum internal electric field strength in the human body to 4.32 V/m at
the 32 kHz frequency and the harmonics of the used
square-wave signal. With the 5-volt excitation, an electric field of 2.08 V/m exists in the measurement space
when the receiver is installed at a height of 2.4 meters.
However, as the human body conducts these frequencies well, the internal electric field within the human
body remains under 0.1 V/m, because the potential difference between the head and feet of an adult remain
under 0.1 V as shown in Section 3.2. Thus, the experienced internal electric field is well below the set limit.
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Table 3
Simulated current flows in a 170-cm-tall person

Building
model

Additional model

Anklea
(nA)

Neckb
(nA)

Steel

–
Shoes
Conductive object

0.41
0.04
0.69

0.15
0.08
0.17

Dry wood

–
2.25
Shoes
1.24
Conductive object
25.0
a The simulation model was lumped to 10 cm depth.
b The simulation model was lumped to 15 cm depth.

0.18
0.15
6.89

Because the wavelength of the 32 kHz square-wave
signal and its harmonics are in the order of magnitude
of kilometers and the used floor electrode dimensions
are measured in meters, the emanated magnetic field
from the transmitter is virtually null. Thus, the human
body exposure to magnetic fields by the system is negligible.
Equally important, the current levels in the human
body need to stay below the ICNIRP set reference levels for general public exposure [7]. To prove this, we
simulated the current in the ankle and in the neck with
the 170-cm-sized body model with all additional simulation models described in Section 3 and acquired the
data shown in Table 3. According to the data, the maximum current through the human body flows in the ankle and is only 25 nA. The current flowing through the
neck and head is much lower in all cases.
In addition to these results with the defined simulation models, we simulated the currents when the persons crown of the head was grounded. This simulation resulted in currents of 160 nA and 209 nA for ankle and neck, respectively. Altogether, because the ICNIRP set maximum current for 2.5–100 kHz frequency
range is 6.4 mA and the simulated the body current remain well under the set limit, the used measurement
currents do not pose any safety implications.

that the video material is not fed out from the building
for anything other than intended purposes. Thus, because the proposed capacitive methods can be implemented in an unobtrusive way that do not violate one’s
privacy, the system is well suited for use in any home
or residence.
7.8. Physical size based correction
If the physical size of a person is known, it can be
optionally used to correct the error in the calculated
standing height as presented in Section 6.2. Since the
achieved enhancement with the ponderal index correction is, however, very small and the maximum error increases slightly, it can be argued that this type
of correction may not very useful or beneficial. Especially, if the measurement environment does not already support the measurement of the physical size of
the person, the burden of making a reliable size measurement system (e.g. a weighing machine) may easily
overcome the achieved benefits.
In spite of the small benefits, the mass of an individual could be saved to a central repository and retrieved, for example, by using the personal information
gained through an access card, keycode, or electronic
key when a person enters the apartment. Similarly, if
a home is normally occupied by a single inhabitant or
the same family, a single mass measurement point at
the entrance could be used to measure the mass of a
person or the size of the person could be extracted from
a video capture. However, with multiple persons these
methods would require the inhabitants to be tracked
within the home (see Section 7.9 for further discussion). Altogether, we believe that the presented methods for physical size correction, although weak, could
function as a reference for further research in capacitance sensing applications.
7.9. Multiple occupancy

7.7. Privacy
If the proposed implementation is compared to
video based methods, the achieved privacy is much
better than with video cameras. In fact, we believe that
not many people would accept a video camera in their
bedroom or bathroom, even if it was only used for
monitoring the person without any human intervention because the inhabitant might not have any control
of the equipment. Particularly, if the inhabitant is not
technically oriented, it is hard for him or her to confirm

The current system does not support the measurement of multiple persons. If a person of the same
height stands next to another person on the same floor
electrode, the computed height would be higher than
with a single person. In other words, the result would
have a significant error. However, if a small child
should stand next to an adult on the same floor electrode, the caused error would be much smaller or even
insignificant. Because no children were tested in this
study, it would be very beneficial to research the sys-
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tem with both children and adults in the same test
space at the same time.
Even though the current implementation does not
support measurement of multiple persons, the system
could easily be modified to support multiple persons.
The way to accomplish this goal would be to segment
the floor into multiple electrodes, which could be used
as separate transmitters either time or frequency multiplexed. Different persons would need to, however,
stand on different segments for the height measurement result be correct or the used segments should be
virtually combined to cover the feet of a single person
at a time. In fact, we have evaluated this setup with
the system of [21] using a ceiling electrode as a receiver and have found that the height reading does not
significantly change when persons stand on different
tiles and are about 50–100 cm away from each other. If
closer than that, a degradation in the measured heights
for both persons can be observed.
Finally, if the issue of multiple occupancy is compared with video or ultrasound-based height measurement, the found problems are much different. For example, video capturing may suffer from measured subjects being hidden behind other objects or persons,
while ultrasound may require many more sensors to
recognize people standing next to one another. Nevertheless, these problems should be solvable with the
appropriate measurement setups with each technology.
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namic changes are especially interesting because they
seem to look somewhat different with different people. Hence, they could likely be used to recognize the
identities of different persons.
Altogether, the proposed system should allow the
inference of standing height from a walking person,
and together with the dynamic changes, all these data
could be used for identifying different persons. As a
result of using these two identification methods at the
same time, better user identification accuracies should
be achievable.
7.11. Large scale implementation
If the designed system should be installed to cover
a large area, the electrodes could be enlarged to cover
the required area. However, only a single person could
be measured at a time in that area. If support for a large
measurement area and multiple occupancy is needed,
then the floor electrodes would need to be segmented
and measured separately, as discussed in Section 7.9.
In comparison to ultrasound sensors, the ultrasound
sensors would require a large array of sensors installed
close to each other in the ceiling. As a result, the installation and operating costs of such a system would
become more expensive than with the competing techniques. However, both the segmentation of the floor
and the addition of ultrasound sensors would enable
the tracking of multiple persons at the same time.

7.10. Dynamics of movement
7.12. Real-world testing
The proposed system was evaluated with both standing or slowly crouching persons with a goal to measure the changes in CU by human height. Therefore,
and because the used floor electrode was so small, the
presented system was not used to obtain measurements
of the subjects moving horizontally in the test space.
Nevertheless, Fig. 20 shows that the measured capacitance CU decreases a little faster in crouching when the
heels raise off the ground than when they are kept on
the ground. Thus, the measured CU changes also only
by lifting the heels off the ground. Because heels lift
off the ground and the head moves a little up and down
in a normal gait, we can deduce that the measured CU
will also change in walking.
Even though we haven’t made any measurements
with multiple persons walking in the current test space,
our preliminary results with a similar type of a test
setup as presented in this paper have showed that CU
changes much like a sawtooth wave when the received
signal is observed with an oscilloscope. These dy-

It is somewhat uncertain how well the presented
capacitance-to-height conversion function and the presented boundaries for posture selection would work in
a real-world installation. However, we see no reason
why the presented methods could not be implemented
in ordinary homes. To justify this statement, we tested
the presented method in TUT Smart Home at Department of Electronics, Tampere University of Technology (TUT).
Most of the floor in TUT Smart Home is built with
the type of the floor tile that was used in this study. So,
to test the system in a real-world environment, we used
the floor tiles already installed in TUT Smart Home.
To implement the receiver stylishly, we spanned out
a sparse copper wire net only 9 cm from the ceiling
using thin wooden sticks for support. The ceiling is
made of wooden tiles that are supported by a uniform
metal structure. Figure 28 shows the installation of the
wires and the thin wooden sticks supporting the wires
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presented measurement method should work in a realworld setting as well, although some modifications and
calibrations would need to be made.
7.13. Ceiling electrode placement

Fig. 28. A quick test of the system was performed in TUT Smart
Home. The pictured thin copper wires, supported by wooden sticks,
were used as receiving electrodes in the ceiling.

from the ceiling. The wires run parallel to each other
every 60 cm and the thickness of the wires is 0.22 mm.
The same CDC was used for testing the measurement
principle, but a higher voltage of 48 volts was used to
get a better SNR.
In brief, a moving person caused similar types of
changes in CU in TUT Smart Home as in the evaluated
test space of this paper. However, to make the height
measurement work on a larger scale and to test the proposed system in real-world scenarios more work needs
to be done. For example, a new capacitance-to-height
conversion function may need to be defined because
the environment and the ceiling electrode type are different from the test setup described in this paper. Also,
because the size of the ceiling electrode was large,
about 50 m2 in area, somewhat more noise was captured with it compared to the 4 m2 chicken wire used
in the test space of this paper. Further, the high ceiling
of TUT Smart Home, 288 cm from the floor, poses a
difficulty for precise measurements because the SNR
decreases significantly with distance [19]. Hence, no
exact measurements were performed with this test system.
Nevertheless, we tested the interference with other
devices giving out electromagnetic radiation. For example, TV, computers, lights, a refrigerator, motorized
curtains, and wireless networks did not cause any interference with our test setup. However, the microwave
oven caused some noise in the measurement and decreased the achieved SNR. Thus, this type of interference should be studied more carefully in the future
to obtain a better SNR even with highly radiating appliances. Altogether, our observations suggest that the

With the current electronics, the ceiling electrode
can be hidden under the ceiling covering if the ceiling structures are not grounded. However, the ceiling
structures are often grounded in many buildings that
are not built from timber. Hence, if the ceiling electrode is installed too close to the grounded ceiling, CS3
becomes too large compared to CB and the received
current flows to ground instead of the receiver. Therefore, the ceiling electrode must be kept low enough
from the ceiling to keep CS3 small enough. Although
this effect was not simulated in this work, in TUT
Smart Home test implementation (see Section 7.12)
the 9 cm installation distance of the receiver wire mesh
from the ceiling with the metal structure was found to
be enough to keep the system functional.
7.14. Future work
Because it is somewhat uncertain how well the system would work in real-life, more tests should be done
to verify the system’s operation in a real-world installation with multiple persons. For example, practical scenarios with moving people, persons sitting
on different types of chairs, sofas, and beds should
be studied. Equally important, if the standing height
is measured with a large group of people ranging
from small children to very tall persons, a more accurate capacitance-to-height conversion function could
be calculated and the distribution of measurements
evaluated better. Moreover, a general way to fit a
capacitance-to-height conversion function to other environments than the measurement environment should
be researched.
Further, because shoes present a major problem in
the current system, research on different methods to
compensate for the effect of shoes should receive more
attention. We see that the best way to compensate for
this effect would be to find a practical way of determining the shoe insulation characteristics. Next, the dynamic changes with walking people should be studied
in real-life test environments and different recognition
algorithms applied in the system for user identification.
The methods and practical implementation problems regarding children, floor segmentation and virtual combining of segments should be researched in
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the future to obtain more accurate information on
these. Moreover, different electrode setups and different types of electrodes should be studied with simulations and practical tests. Then, the measurement electronics could be developed, for example, in terms of
measurement voltage and frequency. These parameters
would directly affect the accuracy and the precision
of the measurements and the achievable measurement
distance with the system.
In the future, the described system could be incorporated with our two-dimensional capacitive tracking
system installed in TUT Smart Home. As a result, TUT
Smart Home should be able to track and resolve the
postures of the tracked people. The specifications of
the current tracking system have not yet been published, but the operating principle is the same as in [19]
and [21].

8. Conclusion
The capacitive measurement methods and the measurement apparatus described in this paper provide a
passive and an unobtrusive way to measure the height
of a person in various postures. With the system of this
paper, an inhabitant does not need to wear any tags or
carry any devices, but his or her height and posture can
be measured in all places where the floor and the ceiling electrodes of the system have been installed.
The calculated simulation results of this paper support the findings of the experimental results obtained
with 14 different-sized adults. Based on the practical
measurements, the experimental system of this paper
can always measure the height of a standing person
with at least 7.1 cm accuracy. In all other postures between standing and fully crouching, the absolute accuracy of the system was determined to be always better than 21.7 cm. At 90% probability these values are
5.2 cm and 14.3 cm, respectively. If a relative change
in the user height from a standing posture is enough
for a give application, the height change can be measured always with at least 14.6 cm accuracy and in
90% of cases with 9.1 cm accuracy. Further, if the system is calibrated for an individual, the absolute and
relative accuracies for a crouching person are 11.6 cm
and 4.5 cm at 100% and 90% probability, respectively.
The developed system has been mainly tested in a
laboratory environment. However, further tests should
be done to test the system in real-world situations. As
shoes cannot be practically used with the current implementation to measure user height, methods for find-

331

ing shoe insulation characteristics that could be used
to compensate the effects of shoes should be applied.
Nevertheless, the user posture can be determined with
and without shoes by using a percentual posture recognition method. By merging the presented system with
already existing capacitive indoor positioning systems,
it would be possible to passively track human beings
indoors in three dimensions.
The unobtrusive way of measuring human height
presented in this paper can well be used in many context and activity recognition applications. For example,
by knowing the posture of a person in a smart home,
the home can reason the activity of the person with
a much higher accuracy and offer some unique services like proactive home appliance control and realtime context delivery to family members and friends
outside home. Likewise, when the proposed system is
coupled with a positioning system, the daily routines
of an elder could be monitored to support the independent living at home or to alert help if the elder should
fall down and not get up. Further, if family members
have enough height difference, they can be recognized
from each other and personal services could be provided. In addition, many applications in the areas of
gaming and virtual reality could benefit from a simple, low-cost, and unobtrusive human height measuring system.
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&RQWLQXRXVWLPH)X]]\&RQWURO
DQG/HDUQLQJ0HWKRGV
9DOWRQHQ09DLQLR$0DQG9DQKDOD-
,QVWLWXWHRI(OHFWURQLFV
7DPSHUH8QLYHUVLW\RI7HFKQRORJ\32%R[7DPSHUH)LQODQG
7HO)D[
(PDLO^PLLNDYDOWRQHQDPYMXNNDYDQKDOD`#WXWIL

$EVWUDFW² 7KLV SDSHU SUHVHQWV D QRYHO DSSURDFK WR FRQWLQX
RXVWLPHFRQWURODQGOHDUQLQJPHWKRGVXVHGLQKRPHFRQWUROV\V
WHPV7KHDSSURDFKLVEDVHGRQDFRQWH[WDZDUHIX]]\FRQWUROOHG
LQWHOOLJHQWHQYLURQPHQW:HSURSRVHFRQWLQXRXVWLPHFRQWURODQG
VWHSZLVH OHDUQLQJ PHWKRGV WKDW DOORZ WKH KRPH WR DGDSW WR WKH
XVHU URXWLQHV XQREWUXVLYHO\ DQG VPRRWKO\ 7KH DGDSWDWLRQ LV
EDVHG RQ UHFRJQL]LQJ SDWWHUQV RI KXPDQ SUDFWLFHV ZKLFK PD\
FKDQJHRYHUWLPH7KHQHZPHWKRGVZHUHDSSOLHGWRDIX]]\FRQ
WUROOHGOLJKWLQJV\VWHPDQGWHVWUHVXOWVZHUHREWDLQHG

, ,1752'8&7,21
&RQWH[WDZDUHQHVV LV D ZHOO NQRZQ FRQFHSW LQ VPDUW KRPH
UHVHDUFK $W WKH VDPH WLPH SURDFWLYLW\ KDV EURNHQ WKURXJK LQ
DPELHQW LQWHOOLJHQFH UHVHDUFK 7HFKQRORJ\ KDV DGYDQFHG WR
ZDUGVDQDGDSWLYHDQGDXWRQRPRXVKRPHZKLFKFDQWDNHFDUH
RIWKHLQKDELWDQWV¶ZHOOEHLQJLQQXPHURXVZD\V
&RQWH[WUHFRJQLWLRQLVDQHIIHFWLYHPHWKRGIRUSURYLGLQJDS
SOLFDWLRQVSHFLILF LQIRUPDWLRQ DQG HQDEOLQJ FRQWH[W WULJJHUHG
DFWLRQV>@>@,WFDQEHXVHGIRUFUHDWLQJLQWHOOLJHQWHQYLURQ
PHQWVDQGE\XWLOL]LQJPDFKLQHOHDUQLQJDOJRULWKPVZLWKFRQ
WH[WUHFRJQLWLRQSURDFWLYHV\VWHPVFDQEHHVWDEOLVKHG>@>@
$ FRQWH[WDZDUH KRPH FDQ VHUYH LWV LQKDELWDQWV PRUHIOH[L
EO\DQGDGDSWLYHO\>@$FFRUGLQJWR-0lQW\MlUYLHWDO>@LW
LV UHDVRQDEOH WR DVVXPH WKDW WKH GHYHORSPHQW RI FRQWH[W GH
SHQGHQWEHKDYLRUPLJKWEHQHILWIURPIX]]\FRQWH[WUHSUHVHQWD
WLRQ7KH\DOVRFODLPWKDWKXPDQDFWLRQVDUHEDVHGRQFRQWLQX
RXVO\ OHDUQHG DGDSWDWLRQ PRGHOV 6LQFH KXPDQV SHUFHLYH WKHLU
HQYLURQPHQW ZLWKIX]]\YDULDEOHVOLNHZDUPWKEULJKWQHVVDQG
KXPLGLW\ZHKDYHVHHQWKDWDIX]]\FRQWUROV\VWHPZRXOGEHD
VXLWDEOHSODWIRUPIRUDQDGDSWLYHKRPHFRQWUROV\VWHP
,QDGGLWLRQWRFRQWH[WUHFRJQLWLRQDGDSWLYLW\FDQEHVHHQWR
EH DQ HVVHQWLDO SDUW RI LQWHOOLJHQW HQYLURQPHQWV >@ %\ XVLQJ
DGDSWDWLRQ PHFKDQLVPV WKH HQYLURQPHQW FDQ DGMXVW LWVHOI WR
FRPSO\ZLWKWKHXVHUSUHIHUHQFHV%\FRQIRUPLQJWRXVHUSUHI
HUHQFHV WKH HQYLURQPHQW FDQ EHFRPH XQREWUXVLYH DQG LW FDQ
EHWWHU VXSSRUW XVHU DFWLYLWLHV >@ ,W LV PXFK PRUH FRQYHQLHQW
IRUDKRPHWRDGDSWWRLWVLQKDELWDQWV¶OLYLQJVW\OHWKDQWKHQHHG
IRUDXVHUWRDGDSWWREHKDYLRURIWKHKRPH
7KH SXUSRVH RI WKLV VWXG\ LV WR HQKDQFH WKH DGDSWLYLW\ URX
WLQHV RI D FRQWH[WDZDUH FRQWURO V\VWHP DQG GHOLYHU SURDFWLYH
VHUYLFHVWRWKHXVHU7KHVWXG\IRFXVHVRQFUHDWLQJDQDOJRULWKP

WRDGDSWWKHEHKDYLRURIDKRPH8WLOL]LQJWKHSURSRVHGFRQWURO
PHWKRGVIRUFRQWH[WUHFRJQLWLRQOHDUQLQJDQGSUHGLFWLQJIXWXUH
FRQWH[W LV WR WKH EHVW RI RXU NQRZOHGJH D QHZ DSSURDFK DQG
KDVQRWEHHQFRYHUHGEHIRUHE\SXEOLVKHGUHVHDUFK
$ 5HODWHGZRUN
3HUYDVLYH DQG SURDFWLYH FRPSXWLQJ DUH QRW QHZ SDUDGLJPV
,Q>@0:HLVHUQRWHVWKDWSHUYDVLYHFRPSXWLQJSRVHVQREDU
ULHUWRSHUVRQDOLQWHUDFWLRQVDQGE\SXVKLQJFRPSXWHUVLQWRWKH
EDFNJURXQG KXPDQ LQWHUFRPPXQLFDWLRQ FDQ EH HQKDQFHG ,Q
>@'7HQQHQKRXVHFDOOVIRUDFKDQJHLQWKHERXQGDU\EHWZHHQ
SK\VLFDO DQG YLUWXDO ZRUOGV +H SRLQWV RXW WKH SURDFWLYH FRP
SXWLQJ DV DQ DOWHUQDWLYH WR LQWHUDFWLYH FRPSXWLQJ DQG GHILQHV
WKHZD\KRZWKHIXWXUHV\VWHPVVKRXOGJHWPRUHLQYROYHGZLWK
UHDOZRUOG+HDOVRDGYLVHVWRSODFHWKHKXPDQDERYHWKHFRQ
WUROORRSDQGVHHVWKHFRQWH[WDZDUHFRQWUROV\VWHPVSURPLVLQJ
ZLWKRQOLQHDGDSWDWLRQ
7RUHFRJQL]HFRQWH[WVGLIIHUHQWPHWKRGVKDYHEHHQXVHGWR
H[WUDFW WKH GDWD IURP WKH HQYLURQPHQW 7KHVH LQFOXGH +LGGHQ
0DUNRY0RGHOV +00V DVZHOODVVHYHUDOFOXVWHULQJPHWKRGV
>@>@/HDUQLQJXVHUURXWLQHVKDVSUHYLRXVO\EHHQH[SORUHGE\
0 & 0R]HU LQ 7KH 1HXUDO 1HWZRUN +RXVH >@ ,W LV DEOH WR
SUHGLFW RFFXSDQF\ RI URRPV KRW ZDWHU XVDJH DQG SUREDELOLW\
WKDW D ]RQH LV HQWHUHG LQ WKH QH[W IHZ VHFRQGV XVLQJ WUDLQHG
IHHGIRUZDUGQHXUDOQHWZRUNV7KH$ZDUH+RPHSURMHFWDWWKH
*HRUJLD,QVWLWXWHRI7HFKQRORJ\>@KDGDJRDOWRVHQVHFRQWH[
WXDOLQIRUPDWLRQDERXWLWVHOIDQGLWVLQKDELWDQWV,QWKLVSURMHFW
WKH\DOVRIRFXVHGRQVXSSRUWLQJWKHHOGHUO\LQWKHLURZQKRPHV
$Q H[WHQVLYH PHWKRGRORJLFDO FRPSDULVRQ RI SUHGLFWLRQ PHWK
RGV IRU FRQWH[WXDO GDWD ZDV GRQH E\ 5 0D\UKRIHU >@ +H
FRPSDUHG WKH SHUIRUPDQFH RI QHXUDO QHWZRUNV +00V DQG
RWKHUIRUHFDVWLQJPHWKRGV
,QWKHL'RUPSURMHFW>@DYHU\VLPLODUDSSURDFKWRRXUVR
OXWLRQZDVWDNHQWRUHDOL]HWKHYLVLRQRIDPELHQWLQWHOOLJHQFHLQ
XELTXLWRXV FRPSXWLQJ HQYLURQPHQWV 7KH\ SHUIRUPHG H[SHUL
PHQWV ZLWK DQ DGDSWLQJ RQOLQH DJHQW EDVHG RQ W\SH IX]]\
ORJLFLQVLGHDW\SLFDOGRUPLWRU\HQYLURQPHQW7KLVSURMHFWXVHG
DOHDUQLQJPHWKRGWKDWZDVLQLWLDWHGE\XVHUJHQHUDWHGHYHQWV
,Q FRQWUDVW WR WKLV ZH SURSRVH WR XVH D FRQWLQXRXVWLPH DQG
VWHSZLVH OHDUQLQJ PHWKRG WR DFKLHYH D PRUHXSWRGDWHPRGHO
RIWKHHQYLURQPHQWDQGWKXVPRUHSUHFLVHFRQWUROLQUHVSHFWRI
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WLPH )XUWKHUPRUH ZH XVH WLPH DV DQ LQSXW SDUDPHWHU LQ WKH
FRQWUROV\VWHPWRDFKLHYHWLPHGHSHQGHQWFRQWURO
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7KH FRQWURO V\VWHP XVHV WKH OLJKWLQJ V\VWHP RI WKH VPDUW
KRPH DV D WHVW FDVH EHFDXVH LWV RSHUDWLRQ FDQ HDVLO\ EH RE
% %DFNJURXQG
'LIIHUHQW WHFKQRORJLHV IRU VPDUW VSDFHV DQG WKHLU GHYLFHV VHUYHGYLVXDOO\7KHRSHUDWLRQRIWKHV\VWHPLVEDVHGRQIX]]\
QHWZRUNV XVHU LQWHUIDFHV DQG VRIWZDUH VROXWLRQV KDYH EHHQ FRQWURO
VWXGLHGH[WHQVLYHO\LQGLIIHUHQWSURMHFWVDWWKH,QVWLWXWHRI(OHF $ )X]]\LQIHUHQFH
WURQLFV >@ 0DQ\ RI WKHVH WHFKQRORJLHV KDYH EHHQ HYDOXDWHG
)X]]\V\VWHPVXWLOL]HPXOWLYDOXHORJLF7KHFRQWUROSURFHVV
LQRXUVPDUWKRPHWHVWLQJODERUDWRU\7KHVHVWXGLHVKDYHKLJK
FRQVLVWV RI WKUHH VWHSV IX]]LILFDWLRQ IX]]\ LQIHUHQFH DQG GH
OLJKWHGWKHQHHGIRUDFRQWUROV\VWHPWKDWFRXOGOHDUQIURPWKH
IX]]LILFDWLRQ $ JRRG GHVFULSWLRQ RI WKHVH VWHSV FDQ EH IRXQG
EHKDYLRURILWVXVHUVDQGXVHWKDWLQIRUPDWLRQWRDGDSWWRSHR
IURP>@
SOH¶VQHHGVZLWKRXWH[SOLFLWO\FRQILJXULQJWKHV\VWHP
)X]]LILFDWLRQFRQVLVWVRIWUDQVIRUPLQJDUHDOPHDVXUHGYDOXH
3UHYLRXVO\ZHKDYHH[SORUHGVXFKDVPDUWFRQWUROV\VWHPLQ
LQWRIX]]\YDOXHVRIWKHOLQJXLVWLFYDULDEOHV7KHVHIX]]\YDOXHV
 XVLQJ IX]]\ FRQWURO >@ 'HVSLWH VRPH SUREOHPV
UHFHLYHDGHJUHHRIPHPEHUVKLSEDVHGRQWKHUHDOYDOXHDQGWKH
IX]]\ FRQWURO ZDV IRXQG WR EH D JRRG FKRLFHIRUDQLQIHUHQFH
UHVSHFWLYHPHPEHUVKLSIXQFWLRQ
WHFKQLTXH 7KHUHIRUH WKH QHZ DGYDQFHG FRQWLQXRXVWLPH FRQ
7KHSUREOHPVROYLQJRULQIHUHQFHEHWZHHQLQSXWDQGRXWSXW
WURO DQG OHDUQLQJ PHWKRGV DUH DOVR LPSOHPHQWHG XVLQJ IX]]\
YDULDEOHVLQWKHV\VWHPLVEDVHGRQLIWKHQW\SHUXOHV(DFKUXOH
FRQWURO $OWKRXJK WKH FRQWH[WDZDUH QHXUDO QHWZRUNV ZKLFK
GHILQHVDFHUWDLQFRQWH[WZLWKLWVLQSXWVDQGWKHFRUUHVSRQGLQJ
KDYH DOUHDG\ EHHQ XWLOL]HG LQ 7KH 1HXUDO 1HWZRUN +RXVH >@
RXWSXWV GHILQH WKH VWDWHV RI WKH DFWXDWRUV (DFK UXOH KDV D GH
FDQ EH FRQYHUWHG WR IX]]\ V\VWHPV WKH LPSOHPHQWDWLRQ RI D
JUHH RI PHPEHUVKLS ZKLFK LV DJJUHJDWHGIURPWKHGHJUHHVRI
IX]]\V\VWHPLVPXFKHDVLHU>@$GGLWLRQDOO\FRQWUROV\VWHPV
PHPEHUVKLSRIWKHLQSXWYDULDEOHV¶YDOXHV$UXOHLVDOVRDVVR
XVLQJ IX]]\ ORJLF DUH JHQHUDOO\ IDVW XVHU IULHQGO\ FKHDS DQG
FLDWHG ZLWK D ZHLJKW WKDW GHSLFWV WKH VLJQLILFDQFH RI WKDW UXOH
WKH\ GR QRW QHHG PXFK PHPRU\ >@ 2YHUDOO E\ XWLOL]LQJ
7KHZHLJKWLVW\SLFDOO\GHILQHGWREHLQWKHLQWHUYDO>@
IX]]\V\VWHPVIRUFRQWUROOLQJWKHKRPHDQGDVDSUHSURFHVVLQJ
/DVW WKH OLQJXLVWLF RXWSXW YDULDEOHV DUH GHIX]]LILHG WR UHDO
DQGFRQWH[WOHDUQLQJPHFKDQLVPZHEHOLHYHWKDWDPRUHJHQX
RXWSXWYDOXHVWKDWDUHVHQWWRDFWXDWRUV)RUWKLVZHXVHFHQWHU
LQHDQGQDWXUDOHQYLURQPHQWFDQEHDFKLHYHG
RIJUDYLW\GHIX]]LILFDWLRQ
& 2EMHFWLYHV
% )X]]\YDULDEOHV
7KHPDLQREMHFWLYHRIWKHVWXG\ZDVWRKDQGOHWLPHDVDFRQ
2QO\DIHZVHQVRUVQHHGWREHXVHGWRUHFRJQL]HFRQWH[WVUH
WLQXRXVSDUDPHWHUDQGWRILQGDQDOJRULWKPWRDGDSWWKHIX]]\
ODWLQJ WR WKH XVH RI OLJKWLQJ LQ D KRPH 7KH PHDVXUHG IX]]\
FRQWUROPRGHOWRFKDQJLQJVLWXDWLRQV%\KDYLQJFRUUHFWDGDS
YDULDEOHV DUH RXWGRRU OLJKWLQJ OHYHO SHUVRQ DFWLYLW\ DQG WLPH
WDWLRQ URXWLQHV ZH EHOLHYH WKDW WKH G\QDPLF EHKDYLRU RI WKH
)LJVKRZVWKHEDVLFVWUXFWXUHRIWKHFRQWUROV\VWHP
KRPHHQYLURQPHQWFDQEHPDGHPRUHXQREWUXVLYH
7ZR GLIIHUHQW NLQGV RI DFWXDWRUV DUH XVHG WR FKDQJH WKH
7KHVWXG\EHJDQIURPWKHSUHPLVHWKDWQRSUHGHILQHGRSHUD
OLJKWLQJHQYLURQPHQW7KHFHLOLQJOLJKWVSURYLGHDUWLILFLDOOLJKW
WLRQDO PRGHO IRU WKH KRPH HQYLURQPHQW KRZHYHU LQWHOOLJHQWO\
IURP DERYH DQG 9HQHWLDQ EOLQGV DGMXVW WKH DPRXQW RI OLJKW
DQGWKRURXJKO\GHYLVHGFRXOGSRVVLEO\VXLWIRUHYHU\RQH2XU
FRPLQJLQWKURXJKZLQGRZV7KHIX]]\YDULDEOHVIRUWKHDFWXD
KDELWVDQGQHHGVDUHMXVWWRRGLIIHUHQW7KHUHIRUHWKHRQO\RQH
WRUV DUH FHLOLQJ OLJKWLQJ SRZHU ZLWK ILYH YDOXHV DQG 9HQHWLDQ
ZKRFDQPDNHDJRRGRSHUDWLRQDOPRGHOIRUDJLYHQXVHULVWKDW
EOLQGVSRVLWLRQZLWKYDOXHV
XVHUKLPVHOI7RDFFRPSOLVKWKLVWKHDFWLRQVRIWKHLQKDELWDQW

KDYHWREHPRQLWRUHGDQGWKHV\VWHPKDVWROHDUQWKURXJKWKHVH
REVHUYDWLRQV
7R DFKLHYH DQ XQREWUXVLYH HQYLURQPHQW LW LV IXQGDPHQWDO
WKDWWKHV\VWHPFDQOHDUQWKHKDELWVRIWKHXVHUZLWKRXWUHTXLU
LQJWKHXVHUWREHDFWLYHO\LQYROYHGLQWKHOHDUQLQJSURFHVV$
SDVVLYHZD\WKDWGRHVQRWGLIIHUIURPFRQYHQWLRQDOOLYLQJKDE

LWVLVUHTXLUHG$OVRVLQFHWKHXVHUKDELWVDQGURXWLQHVFKDQJH
RYHUWLPHLWLVHVVHQWLDOWKDWWKHOHDUQLQJSURFHVVLVFRQWLQXRXV
)LJ 7KHIX]]\LQSXWDQGRXWSXWYDULDEOHVRIWKHFRQWUROV\VWHP

)XUWKHUWKHV\VWHPPXVWEHDEOHWRDQWLFLSDWHXVHUQHHGVEDVHG
$OOWKHPHPEHUVKLSIXQFWLRQVRIWKHLQSXWYDULDEOHVRXWGRRU
RQ WKH OHDUQHG GDWD DQG FRQWURO WKH DYDLODEOH GHYLFHV SURDF
OLJKWLQJOHYHODQGWLPHDUHFRQWLQXRXV7KLVPHDQVWKDWWKHGH
WLYHO\
$OWKRXJKWKHV\VWHPQHHGVWRZRUNIXOO\DXWRQRPRXVO\WKH JUHHRIPHPEHUVKLSRIHDFKPHPEHUVKLSIXQFWLRQLVRYHU]HUR
LQKDELWDQW VWLOO KDV WR KDYH DQ XOWLPDWHFRQWURORYHUKLVRUKHU ZLWKDOOUHDOPHDVXUHPHQWYDOXHV+HQFHLIWKHXVHULVSUHVHQW
KRPH7KHUHIRUHWKHXVHUPXVWKDYHDSRVVLELOLW\WRRYHUULGHDOO DQGWKHUXOHEDVHLVQ¶WHPSW\HYHU\UXOHKDVDGHJUHHRIPHP
EHUVKLSJUHDWHUWKDQ]HUR,QWKHVHFLUFXPVWDQFHVHYHU\UXOHLV
GHFLVLRQVWKDWWKHIX]]\V\VWHPPDNHV
XVHG WR FRQWURO WKH DFWXDWRUV 7KLV LV DGYDQWDJHRXV ZKHQ WKH
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V\VWHP LV LQLWLDOL]HG RU HQFRXQWHUV QHZ HQYLURQPHQWDO FRQGL
WLRQV +RZHYHU W\SLFDOO\ RQO\ D IHZ RI WKH UXOHV KDYH KLJK
HQRXJK GHJUHH RI PHPEHUVKLS DQG ZHLJKW FRPSDUHG WR RWKHU
UXOHVWKDWWKH\KDYHDPDMRUHIIHFWRQWKHRXWFRPH
2XWGRRUOLJKWLQJOHYHO
:HKDYHSUHVXSSRVHGWKDWWKH RXWGRRUOLJKWLQJOHYHODIIHFWV
WKHXVHRIWKHDFWXDWRUV)RUH[DPSOHWKHFRQWUROV\VWHPLVDEOH
WRFORVHWKH9HQHWLDQEOLQGVZKHQLWJHWVGDUNRXWVLGHXVLQJWKH
PHDVXUHGLQIRUPDWLRQIURPWKHVHQVRULILWKDVEHHQWUDLQHGWR
GRVR
)LJVKRZVWKHIX]]\PHPEHUVKLSIXQFWLRQVRIWKHRXWGRRU
OLJKWLQJOHYHO7KH;D[LVUHSUHVHQWVWKHELWUHDOPHDVXUHPHQW
YDOXHIURPWKHVHQVRU%HFDXVHWKHXVHGPHDVXUHPHQWPHWKRG
GRHV QRW JLYHDOLQHDUVLJQDOZLWKWKHOLJKWLQWHQVLW\OHYHOWKH
PHPEHUVKLS IXQFWLRQV VKRZQ DUH QRW OLQHDUO\ VSDFHG QRU
VKDSHG7KHPHPEHUVKLSIXQFWLRQVRYHUODSHDFKRWKHUVRWKDWD
VPRRWKHUFRQWUROLQDFKLHYHG


ZLOOEHDVKRUWHUWUDQVLWLRQWLPHIURPRQHWLPH]RQHWRWKHQH[W
7KLVUHVXOWVLQVKDUSHUFKDQJHVLQWKHHQYLURQPHQWEHFDXVHWKH
WLPHFRQWH[WLVLQWHUSUHWHGWRFKDQJHPRUHTXLFNO\,QFRQWUDVW
ZKHQDGMDFHQWPHPEHUVKLSIXQFWLRQVRYHUODSHDFKRWKHUPXFK
PRUH UXOHV JHQHUDWH WR WKH UXOHEDVHGXULQJWKHOHDUQLQJSURF
HVVEHFDXVHPDQ\GLIIHUHQWFRQWH[WVSUHYDLODWWKHVDPHWLPH
7R PDNH WKH WLPH FRQWH[W WUDQVLWLRQV VPRRWK DQG WR NHHS WKH
QXPEHURIUXOHVLQUHDVRQDEOHOLPLWVZHKDYHVHOHFWHGWKHDG
MDFHQWPHPEHUVKLSIXQFWLRQVHGJHVWRFURVVDWWKHPHPEHU
VKLSOHYHO$OVRWRPDNHDJRRGFRPSURPLVHEHWZHHQFRQWURO
DFFXUDF\ DQG WKH QXPEHU RI UXOHV D GD\ LV GLYLGHG LQWR 
HTXLYDOHQWWLPH]RQHV



)LJ $SDUWRIWKHPHPEHUVKLSIXQFWLRQV
RIWKHOLQJXLVWLFLQSXWYDULDEOHWLPH


)LJ 7KHWKUHHPHPEHUVKLSIXQFWLRQVRIWKHOLQJXLVWLFLQSXWYDULDEOH
RXWGRRUOLJKWLQJOHYHO

3HUVRQDFWLYLW\
,W LV HVVHQWLDO WR NQRZ ZKHWKHU WKHLQKDELWDQWLVLQWKHFRQ
WUROOHGVSDFHEHFDXVHZHVHHWKDWWKHFRQWUROV\VWHPPXVWDFW
GLIIHUHQWO\ZKHQDSHUVRQLVSUHVHQWDQGZKHQKHLVQRW$SHU
VRQDFWLYLW\VHQVRULVXVHGWRJLYHRXWELQDU\LQIRUPDWLRQ7KH
VHQVRUJLYHVRXWDUHDORXWSXWYDOXHWKDWLVIX]]LILHGWRWZRGLI
IHUHQWYDOXHVRIWKHOLQJXLVWLFYDULDEOHµDEVHQW¶DQGµSUHVHQW¶
7LPH
7KHV\VWHPQHHGVWREHDEOHWRUHDFWGLIIHUHQWO\WRVDPHFRQ
GLWLRQV DW GLIIHUHQW WLPHV RI GD\ 7KH V\VWHP GRHV QRW XVH DQ
DFFXUDWHFORFNZLWKHYHQDPLQXWHSUHFLVLRQ,QVWHDGDGD\KDV
EHHQ GLYLGHG WR PXOWLSOH WLPH ]RQHV ZKLFK DOO FRYHU VHYHUDO
PLQXWHV RI WLPH %\ XVLQJ WLPH ]RQHV LQVWHDG RI PLQXWHV WKH
DPRXQWRIUXOHVWKDWGHILQHWKHRSHUDWLRQRIWKHFRQWUROV\VWHP
FDQEHNHSWFRQVLGHUDEO\ORZHU
7KH DFFXUDF\ RI FRQWURO FDQ EH GHILQHG E\ FKDQJLQJ WKH
ZLGWKRIDVLQJOHWLPH]RQH7KHV\VWHPFRXOGKDQGOHWLPHYHU\
DFFXUDWHO\ LI YHU\ QDUURZ PHPEHUVKLS IXQFWLRQV ZHUH XVHG
+RZHYHUWKDWZRXOGPDNHLWKDUGIRUWKHV\VWHPWROHDUQURX
WLQHVWKDWGRQRWKDSSHQH[DFWO\DWVDPHWLPHRQGLIIHUHQWGD\V

7KH WLPH ]RQHV DUH GHILQHG ZLWK *DXVVLDQ VKDSHG PHPEHU
VKLSIXQFWLRQVWKDWRYHUODSHDFKRWKHUDVGHSLFWHGLQ)LJ,I
DGMDFHQW PHPEHUVKLS IXQFWLRQV RYHUODS HDFK RWKHU OLWWOH WKHUH
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& &RQWUROV\VWHPRSHUDWLRQ
7KH FRQWH[W RIWKHKRPHLVFRQVWDQWO\DQDO\]HGDQGWKHDF
WXDWRUV DUH SURDFWLYHO\ DGMXVWHG DFFRUGLQJ WR WKH OHDUQHG UXOHV
ZKHQDFKDQJHLQWKHFRQWH[WLVUHFRJQL]HG7KHXVHUGRHVQRW
QHHG WR FRQFHQWUDWH RQ FRQWUROOLQJ WKH KRPH IRU WKH KRPH
DGDSWVWRWKHFKDQJHVLWREVHUYHV
&RQYHQWLRQDOZDOOVZLWFKHVDQGRWKHUXVHULQWHUIDFHVOHWWKH
XVHUPDQXDOO\DGMXVWDQ\DFWXDWRUDWDQ\WLPHUHJDUGOHVVRIWKH
IX]]\ FRQWURO ,I WKH XVHU PDQXDOO\ DGMXVWV VRPH DFWXDWRU WKH
FRQWURO RI WKDW DFWXDWRU LV WDNHQ DZD\ IURP WKH IX]]\ FRQWURO
V\VWHP DQG XVHU KDV GLUHFW FRQWURO RYHU WKDW GHYLFH 7KHVH
RYHUULGGHQ GHYLFHV NHHS WKHLU FXUUHQW VWDWH UHJDUGOHVV RI WKH
FKDQJHVLQFRQWH[W
2YHUULGHV DUH UHPRYHG DQG GHYLFH FRQWUROV DUH UHWXUQHG WR
WKH IX]]\ FRQWURO V\VWHP ZKHQ QR QHZ DGMXVWPHQWV DUH PDGH
DQG WKH XVHU KDV EHHQ DEVHQW IRU  PLQXWHV 7KH SXUSRVH RI
WKLV ZDLWLQJ SHULRG LV WR SUHYHQWVLWXDWLRQVZKHUHWKHXVHUKDV
WR RYHUULGH VRPH GHYLFH UHSHDWHGO\ RQO\ EHFDXVH KH RU VKH
OHDYHV WKH URRP IRU D PRPHQW 2Q WKH RWKHU KDQG D WRR ORQJ
ZDLWLQJ SHULRG PDNHV LW GLIILFXOW WR WKH V\VWHP WR UHWXUQ WR
DXWRPDWLFFRQWURODQGWKXVPDNHVWKHFRQWUROV\VWHPOHVVHIIHF
WLYH 7KH VHOHFWHG WLPH SHULRG ZDV IRXQG WR EH DQ DGHTXDWH
FRPSURPLVHWKDWXVXDOO\SUHYHQWVWKHVHXQZDQWHGVLWXDWLRQV
$W WKH FRPSRQHQW OHYHO WKH KRPH FRQWUROOHU RI WKH VPDUW
KRPH>@PRQLWRUVWKHLQSXWVHQVRUVDQGSDVVHVWKHLQSXWLQ
IRUPDWLRQ WR WKH IX]]\ FRQWURO SURFHVV ZKHQ DQ\ RI WKH LQSXW
YDULDEOHVFKDQJH7KHPHDVXUHPHQWVDUHWKHQFDOFXODWHGXVLQJ
IX]]\ LQIHUHQFH7KHUHDORXWSXW YDOXHVDUHWKHQSDVVHGWRWKH
KRPH FRQWUROOHU ZKLFK DGMXVWV WKH DFWXDWRUV WR WKHVH YDOXHV
7KH FRQQHFWLRQV EHWZHHQ WKH KRPH FRQWUROOHU DQG RWKHU FRP
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SRQHQWVRIWKHV\VWHPDUHYLVXDOL]HGLQ)LJ

QLILFDQWWRWKHV\VWHP

' 7KHDEVHQFHRIWKHXVHU
:H VHH WKDW WKH XVHU LV W\SLFDOO\ RQO\ LQWHUHVWHG LQ JLYHQ
URRP¶V OLJKWV DQG 9HQHWLDQ EOLQGV ZKHQ KH RU VKH LV LQ WKH
URRP2WKHUWLPHVWKHLUVWDWHVGRQ¶WPDWWHUWRWKHXVHUDVORQJ
DV WKH\ IXQFWLRQ UHDVRQDEO\ 7KHUHIRUH WKH XVH RI D OHDUQLQJ
PHWKRGLVQRWSDUWLFXODUO\ZRUWKZKLOHZKHQWKHXVHULVDEVHQW
>@ 6R WKH V\VWHP KDV D IL[HG VHW RI VHWWLQJV WKDW DUH XVHG
ZKHQWKHXVHULVDEVHQW%\GHIDXOWWKHOLJKWVDUHWXUQHGRIIDQG
9HQHWLDQ EOLQGV DUH KDOIFORVHG 8VHU FDQ UHSODFH WKH ROG VHW
WLQJV E\ DGMXVWLQJ WKH DFWXDWRUV WR GHVLUHG VWDWHV DQG VDYLQJ
FXUUHQWVHWWLQJVIURPDXVHULQWHUIDFH

% 'DWDIX]]LILFDWLRQ
$IWHUWKHFRQWH[WLQIRUPDWLRQKDVEHHQVDYHGWKHFRQWH[WXDO
GDWD DUH SURFHVVHG LQ VHSDUDWH VHWV HDFK KDYLQJ VHQVRU DQG
DFWXDWRUYDOXHVIURPDVLQJOHWLPHRIPHDVXUHPHQW7KHSURF
HVVLQJRIWKHVHWVVWDUWVZLWKIX]]LILFDWLRQ7KHVWRUHGUHDOYDO
XHVH[FOXGLQJWLPHDUHIX]]LILHGWRWKHYDOXHVRIWKHOLQJXLVWLF
YDULDEOHV )RU HYHU\ OLQJXLVWLF YDULDEOH RQO\ WKH PHPEHUVKLS
IXQFWLRQ ZLWK WKH JUHDWHVW GHJUHH RI PHPEHUVKLS LV VHOHFWHG
7KHVHVHOHFWHGYDOXHVDUHWKHQXVHGLQWKHQH[WVWHS
7KHLQSXWYDULDEOHWLPHLVWUHDWHGVOLJKWO\GLIIHUHQWO\,QVWHDG
RIVHOHFWLQJRQO\WKHYDOXHZLWKWKHJUHDWHVWGHJUHHRIPHPEHU
VKLSWKHV\VWHPVHOHFWVDOOPHPEHUVKLSIXQFWLRQVZKRVHGHJUHH
RIPHPEHUVKLSH[FHHGVDJLYHQWKUHVKROGYDOXH$OVRWKHGH
JUHH RI PHPEHUVKLS LV VDYHG IRU HDFK PHPEHUVKLS IXQFWLRQ
$OOWKHVHYDOXHVDQGWKHLUGHJUHHVRIPHPEHUVKLSDUHWKHQXVHG
LQWKHQH[WVWHS
,Q RXU LPSOHPHQWDWLRQ ZH XVHG D WKUHVKROG YDOXH RI 
ZKLFKFXWVRQHWLPH]RQHWREHPLQXWHVLQOHQJWK8VLQJWKLV
PHWKRG WR KDQGOH WLPH LQ WKH OHDUQLQJ SURFHVV WKH V\VWHP
OHDUQVDOVRDOLWWOHIRUWKHWLPH]RQHVZKLFKDUHDGMDFHQWWRWKH
WLPH]RQHZLWKWKHKLJKHVWGHJUHHRIPHPEHUVKLS7KHDPRXQW
OHDUQHGIRUHDFKWLPH]RQHGHSHQGVRQWKHGHJUHHRIPHPEHU
VKLS RI WKH SDUWLFXODU WLPH ]RQH 7KLV PHWKRG VPRRWKHQV WKH
WUDQVLWLRQV IURP RQH WLPH ]RQH WR DQRWKHU GXULQJ WKH FRQWURO
SURFHVV ,W LV DOVR DGYDQWDJHRXV ZKHQ WKH V\VWHP HQFRXQWHUV
QHZHQYLURQPHQWDOFRQGLWLRQVEHFDXVHWKHV\VWHPFDQPRGLI\
WKHUXOHVUHODWLQJWRWKHIXWXUHWLPH]RQHVLQDGYDQFHEDVHGRQ
WKHFXUUHQWFRQGLWLRQV

,,, /($51,1*352&(66
7KH OHDUQLQJ SURFHVV LV EDVHG RQ PRQLWRULQJ WKH FRQWH[W LQ
WKH KRPH DQG WKH XVHUV¶ DFWLRQV LQ WKHVH FRQWH[WV 7KH WKUHH
VWHSSURFHVVLVFHQWUDOO\PDQDJHGE\WKHKRPHFRQWUROOHU7KH
FRQQHFWLRQ EHWZHHQ WKH KRPH FRQWUROOHU WKH IX]]\ FRQWURO
SURFHVVDQGWKHVWHSVRIWKHOHDUQLQJSURFHVVDUHVKRZQLQ)LJ




)LJ 7KHWKUHHVWHSVRIWKHOHDUQLQJSURFHVV
DVDSDUWRIWKHV\VWHPDUFKLWHFWXUH


$ &RQWH[WLQIRUPDWLRQVDYLQJ
7KHILUVWVWHSLQOHDUQLQJLVWRJDWKHUHQRXJKLQIRUPDWLRQRI
WKHFRQWH[WRIWKHHQYLURQPHQW7KHVHGDWDFDQODWHUEHXWLOL]HG
WR UHFRJQL]H URXWLQHV 7KH KRPH FRQWUROOHU PRQLWRUV ERWK WKH
VHQVRUVDQGWKHDFWXDWRUVFRQWLQXRXVO\DQGZULWHVWKHLUFXUUHQW
YDOXHVSHULRGLFDOO\WRVWRUDJH
7KLVGDWDVWRUDJHLQWHUYDOGHILQHVWKHVDPSOLQJSHULRG7KXV
LW GHWHUPLQHV KRZ UDSLG FKDQJHV LQ WKH HQYLURQPHQW DUH GH
WHFWHG,WLVQRWQHFHVVDU\WRVDYHWKHUDSLGFKDQJHVRIWKHHQYL
URQPHQW EHFDXVH WKH\ GR QRW QRUPDOO\ UHSUHVHQW WKH URXWLQHV
WKH V\VWHP LV ORRNLQJ IRU ,Q RUGHU IRU D VDPSOLQJ WR RFFXU
HYHQO\LQHDFKWLPH]RQHWKHVDPSOLQJSHULRGLQPLQXWHVPXVW
EHHTXDOWRWKHGD\OHQJWKLQPLQXWHVGLYLGHGE\WKHQXPEHURI
WLPH]RQHV$PRUHIUHTXHQWVDPSOLQJSHULRGKRZHYHUPDNHV
WKHV\VWHPOHVVVXVFHSWLEOHWRVSRUDGLFDFWLRQV
:H FDPH WR WKH FRQFOXVLRQ WKDW RQH PLQXWH LV D UHDVRQDEOH
LQWHUYDOIRUVWRULQJWKHGDWDLQOLJKWLQJFRQWUROSXUSRVHV2QH
PLQXWH LQWHUYDO SURYLGHV HQRXJK GDWD WR SURFHVV ZLWKRXW HQ
FXPEHULQJWKHV\VWHPZLWKWRRPXFKLQIRUPDWLRQ,IVRPHFRQ
GLWLRQ GRHV QRW ODVW ORQJHU WKDQ D PLQXWH LW LV PRVW OLNHO\ LQ
VLJQLILFDQWWRWKHV\VWHP

& 5XOHEDVHXSGDWH
,QWKHODVWVWHSWKHGDWDDUHXVHGWRXSGDWHWKHUXOHEDVH7KH
UXOHEDVHLVHGLWHGLQWKUHHZD\VQHZUXOHVDUHDGGHGREVROHWH
UXOHV DUH UHPRYHG DQG H[LVWLQJ UXOHV PD\ EH VWUHQJWKHQHG RU
ZHDNHQHG
(DFKVHWRIIX]]LILHGGDWDDUHSURFHVVHGVHSDUDWHO\)LUVWWKH
UXOHEDVHLVVHDUFKHGIRUWKHLQSXWYDOXHFRPELQDWLRQRIDVHW,I
QR VXFK FRPELQDWLRQ LV IRXQG WKH V\VWHP KDV QR NQRZOHGJH
KRZWRFRQWUROWKHHQYLURQPHQWLQWKLVNLQGRIVLWXDWLRQ6RD
QHZUXOHZLWKWKHRXWSXWYDOXHFRPELQDWLRQRIWKHVHWLVDGGHG
WRWKHUXOHEDVHZLWKDVPDOOLQLWLDOZHLJKLQJIDFWRU
7\SLFDOO\WKHVHDUFKUHWXUQVPRUHWKDQRQHPDWFKLQJUXOHIRU
WKHLQSXWYDOXHFRPELQDWLRQRIWKHVHW,QWKLVFDVHWKHRXWSXW
YDOXH FRPELQDWLRQ RI WKH VHW LV FRPSDUHG WR WKH RXWSXW YDOXH
FRPELQDWLRQ RI HDFK LQSXW VLGH PDWFK 7KHQ LI D UXOH KDV WKH
VDPH RXWSXW YDOXH FRPELQDWLRQ LWV ZHLJKLQJ IDFWRU LV LQFUH
PHQWHG VR WKDW WKH UXOH EHFRPHV PRUH GRPLQDQW +RZHYHU LI
WKHRXWSXWYDOXHFRPELQDWLRQVGLIIHUWKHZHLJKLQJIDFWRUVDUH
GHFUHDVHGUHVSHFWLYHO\
7KH ZHLJKLQJ IDFWRU LV LQFUHPHQWHG XVLQJ D WZRVWHS LQFUH
PHQW IXQFWLRQ VKRZQ LQ )LJ  7KH IXQFWLRQ VKRZV KRZ WKH
ZHLJKWRIDVLQJOHUXOHLVLQFUHPHQWHGRYHUDWZRGD\SHULRGLI
WKHFRQWH[WDQGWKHDFWXDWRUVWDWHVUHPDLQWKHVDPHWKURXJKRXW
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WKH ZKROH WLPH ]RQH RQ ERWK GD\V DQG WKH XVHU LV SUHVHQW DW
WKHVH WLPHV ,W¶V LPSRUWDQW WR QRWLFH WKDW WKHVH GD\V KRZHYHU
GRQ¶WQHHGWREHFRQVHFXWLYH7KHUXOHVFDQEHLQFUHPHQWHGLQ
VPDOOIUDJPHQWVZLWKDORWRIWLPHLQEHWZHHQ,IWKHVWDWHVRI
WKHDFWXDWRUVRUWKHFRQWH[WFKDQJHVLQWKHDQDO\]HGWLPH]RQH
RWKHU UXOHV ZLOO JHW PRUH GRPLQDQW DQG WKH UDLVLQJ RI WKH
ZHLJKWRIWKHUHVSHFWLYHUXOHVWRSV
7KHUXOHZHLJKWGHFUHPHQWRSHUDWLRQRUWKHGHFUHPHQWIXQF
WLRQ LQ )LJ  ZRUNV LQ WKH VDPHIDVKLRQDVWKHLQFUHPHQWRS
HUDWLRQ,WWDNHVDWOHDVWWZRGD\VIRUDUXOHZHLJKWWRVKLIWIURP
YDOXHRIRQHWR]HUR
7KH VKDSH RI WKH PHPEHUVKLS IXQFWLRQV RI WKH WLPH LV DOVR
GUDZQLQWKH)LJ,WFDQEHVHHQIURPWKHILJXUHWKDWWKHGH
JUHH RI PHPEHUVKLS RI WKH DQDO\]HG WLPH ]RQH DIIHFWV KRZ
TXLFNO\ D ZHLJKW ULVHV XS ,I WKH UHDOWLPHLVFORVHWRWKHKLJK
SRLQW RI WKH PHPEHUVKLS IXQFWLRQ WKH ZHLJKW ULVHV WKH TXLFN
HVW

5XOHZHLJKW







)LJ



$ /RQJWHUPWHVWUHVXOWV
7R YHULI\ FRUUHFW ORQJ WHUP RSHUDWLRQ DQG WR VHH KRZ WKH
V\VWHP DGMXVWV LWVHOI WR QHZ URXWLQHV DQG VHDVRQV DQ RYHU 
PRQWK WHVW SHULRG ZDV FDUULHG RXW IURP WK RI -XQH  XQWLO
WKRI)HEUXDU\'XULQJWKDWWLPHWKHGHYHORSPHQWRIWKH
UXOHV ZDV PRQLWRUHG DQG WKH UXOH EDVH ZDV DUFKLYHG RQ GDLO\
7LPH]RQH
EDVLV7KHWHVWVSDFHZDVXVHGPDLQO\WZLFHDGD\DVDSODFHIRU
,QFUHPHQW
FRIIHHEUHDNVLQDGGLWLRQWRRFFDVLRQDORWKHUHYHQWV+RZHYHU
'HFUHPHQW
QRDFWLYLW\WRRNSODFHLQWKHVPDUWKRPHGXULQJZHHNHQGVRUDW
QLJKWV
)LJGHSLFWVWKHUXOHJHQHUDWLRQRYHUWKHWHVWSHULRG2YHU
WKHZKROHWHVWSHULRGWKHV\VWHPJHQHUDWHGUXOHVLQWRWDOWR
WKHUXOHEDVH$WWKHEHJLQQLQJWKHUHZDVRQO\RQHUXOHLQWKH




 WPLQ
UXOHEDVHIRUWKHDEVHQWVWDWHZLWKDUXOHZHLJKWRIRQH'XULQJ
WLPH]RQHQGD\_WLPH]RQHQGD\

WKH ILUVW WKUHH GD\V WKH OHDUQLQJ V\VWHP GLVFRYHUHG  QHZ
UXOHV DQG JDYH WKHP D ZHLJKW EHORZ  RU PRUH SUHFLVHO\ D
7KHWZRVWHSZLVHOHDUQLQJIXQFWLRQVVKRZKRZWKHUXOHZHLJKWVDUH
LQFUHPHQWHGDQGGHFUHPHQWHGE\WLPH
ZHLJKWEHORZWKHILUVWVWHSRIWKHLQFUHPHQWIXQFWLRQLQ)LJ

7KHOHDUQLQJIXQFWLRQVFUHDWHWKHHIIHFWWKDWLIRQRQHGD\WKH
XVHUEHKDYLRUGLIIHUVIURPWKHZHOOOHDUQHG UXOHZHLJKWVFORVH
WRRQH EHKDYLRURIWKHV\VWHPWKHXVHUGRHVQRWVHHDQRWLFH
DEOHFKDQJHLQWKHEHKDYLRURIWKHV\VWHP+RZHYHUWZRGD\V
RIVDPHFRQGLWLRQVFDQEHFRQVLGHUHGDFKDQJHLQWKHURXWLQHV
DQG LW KDV D QRWLFHDEOH LPSDFW RQ WKH V\VWHP EHKDYLRU 7KLV
ZD\WKHZHOOHVWDEOLVKHGUXOHVDUHYHU\GRPLQDQWRYHUWKHGH
YHORSLQJUXOHVZKLFKPD\RUPD\QRWEHURXWLQHV$VWKHV\V
WHPEHKDYHVPRVWO\RQO\E\WKHURXWLQHVWKHHIIHFWVRIUDQGRP
WUDQVLHQWVRQWKHEHKDYLRURIWKHV\VWHPDUHDOPRVWQHJOLJLEOH
,IWKHZHLJKLQJIDFWRURIDUXOHLVGHFUHDVHGWR]HURWKHUXOH
KDVQRHIIHFWRQWKHV\VWHPDQGLWLVUHPRYHG7KLVNHHSVWKH
UXOHEDVHVPDOOHUDQGWKHIX]]\LQIHUHQFHVLPSOHU
$IWHUDOOIX]]LILHGGDWDVHWVKDYHEHHQSURFHVVHGWKHOHDUQ
LQJSURFHVVLVFRPSOHWH7KHXSGDWHGUXOHEDVHLVWKHQLPPHGL
DWHO\WDNHQLQXVHLQWKHIX]]\FRQWUROSURFHVV





$OOUXOHV
5XOHZHLJKW
5XOHZHLJKW
5XOHZHLJKW!


1XPEHURIUXOHV




GLGQ¶WQHHGWRFRUUHVSRQGH[DFWO\ZLWKWKHXVHUVLQWHQWLRQV:H
VHHWKDWPRVWRIWKHWLPHWKHXVHUVGRQRWKDYHYHU\VWULFWGH
PDQGVIRUKRZRXUOLJKWLQJVKRXOGEHDGMXVWHG7KH\RQO\QR
WLFH ZKHQ WKH OLJKWLQJ LV FOHDUO\ ZURQJ 7KHUHIRUH LW LV VXIIL
FLHQW LI WKH SURDFWLYH DFWLRQV WDNH WKH HQYLURQPHQW FORVH
HQRXJKWRWKHGHVLUHGFRQGLWLRQV7KLVFDQEHVHHQWRPDNHWKH
DQWLFLSDWLRQSURFHVVPRUHDFFHSWDEOH
7KHDSSURDFKWDNHQZLWKWKHDEVHQFHRIWKHXVHUZDVIRXQG
YLDEOH $V DQWLFLSDWHG WKH XVHUV GLG QRW FDUH PXFK ZKDW WKH
KRPH GLG ZKHQ WKH\ ZHUH QRW DURXQG 0RUHRYHU WKH GHIDXOW
VHWWLQJV ZHUH QRW HYHQ DOWHUHG GXULQJWKHZKROHWHVWSHULRGDV
WKH\ZHUHDOUHDG\JRRGHQRXJK














1XPEHURIGD\VIURPV\VWHPVWDUWXS

)LJ 7KHGHYHORSPHQWRIWKHUXOHVRYHUWKHWHVWSHULRG
FDWHJRUL]HGE\UXOHZHLJKW





,9 (9$/8$7,21

7KHIX]]\FRQWUROV\VWHPZDVWHVWHGLQRXUVPDUWKRPH)LUVW
,WWRRNXSWRGD\VXQWLOWKHILUVWWKUHHUXOHVEHFDPHVWURQJ
VRPHIXQFWLRQDOWHVWVZHUHSHUIRUPHGWRFRQILUPWKHGHVLJQHG WKDWLVUHDFKHGDUXOHZHLJKWJUHDWHUWKDQ2QWKHWKGD\
RSHUDWLRQ/DWHUDORQJWHUPWHVWZDVSHUIRUPHGWRHYDOXDWHWKH WKH QXPEHU RI VWURQJ UXOHV FKDQJHG FRQVLGHUDEO\ 7KLV LV WKH
V\VWHPPRUHWKRURXJKO\
GD\ZKHQWKHILUVWOHDUQHGUXOHVDIWHUWKHV\VWHPLQLWLDOL]DWLRQ
,W ZDV QRWHG WKDW WKH GHFLVLRQV PDGH E\ WKH FRQWURO V\VWHP
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UHDFKHGWKHVHFRQGVWHSRIWKHLQFUHPHQWIXQFWLRQLQ)LJ
$ VLPLODU UHPDUNDEOH FKDQJH LQ WKH QXPEHU RI UXOHV UHSUH
VHQWLQJGDUNKRXUVFDQEHVHHQLQ)LJRQWKHWKGD\RSHUD
WLRQ +RZHYHU D FORVHU H[DPLQDWLRQ RI WKH UXOH WDEOHV UHYHDOV
WKDWWKLVFKDQJHGRHVQ¶WUHODWHWRWKHSUHYLRXVO\GHVFULEHGODUJH
FKDQJHDWDOO,QVWHDGWKDWLVWKHILUVWWLPHVRPHERG\ZDVSUH
VHQW LQ WKH WHVW VSDFH DW PLGQLJKW DQG FDXVHG WKH V\VWHP WR
OHDUQQHZUXOHVIRUWKHGDUNKRXUV




'DUN
0LGOLJKWHG
%ULJKW


1XPEHURIUXOHV

:HGLVFXVVHGWKHFRQWLQXRXVWLPHDSSURDFKERWKLQWKHFRQWURO
DQG OHDUQLQJ SXUSRVHV ,W ZDV GHPRQVWUDWHG WKDW WKH FRQWURO
V\VWHPZDVDEOHWRILQGDQDSSURSULDWHUXOHWRFRQWUROWKHHQYL
URQPHQWLQHYHU\VLWXDWLRQZKHQWKHXVHUZDVSUHVHQW$OVRLW
ZDV VKRZQ WKDW WKH V\VWHP GRHVQ¶W QHHG DQ\ WUDLQLQJ EHIRUH
XVH 7KH VWHSZLVH OHDUQLQJ IXQFWLRQV FUHDWH DQ HIIHFW WKDW WKH
URXWLQHV FDQ EH ZHOO UHFRJQL]HG IURP RWKHU DFWLYLWLHV )LQDOO\
WKHSUHVHQWHGPHWKRGVZHUHYHULILHGWRSHUIRUPDVH[SHFWHGLQ
WKHOLJKWLQJFRQWUROSXUSRVHVZLWKORQJWHUPWHVWV
5()(5(1&(6














1XPEHURIGD\VIURPV\VWHPVWDUWXS





)LJ 7KHGHYHORSPHQWRIWKHUXOHVRYHUWKHWHVWSHULRGZLWKWKHGLIIHUHQW
YDOXHVRIWKHOLQJXLVWLFYDULDEOHRXWGRRUOLJKWLQJOHYHO


$W WKH WK GD\ RI RSHUDWLRQ WKH WRWDO QXPEHU RI UXOHV
VWDUWHGWRLQFUHDVHVWHDGLO\7KLVFDQEHH[SODLQHGZLWKWKH)LJ
 LQ ZKLFK WKH QXPEHU RI UXOHV UHSUHVHQWLQJ GDUN KRXUV DOVR
LQFUHDVHV7KLVUHVXOWVIURPWKHFRPLQJRIZLQWHU7KHGD\VJHW
VKRUWHU DQG WKH RXWGRRU OLJKWLQJ OHYHO JHWV LQFUHDVLQJO\ IX]]L
ILHGLQWKHOHDUQLQJVWDJHWRGDUNYDOXHVLQVWHDGRIPLGOLJKWHG
YDOXHV
7KHV\VWHPDSSHDUVWROHDUQWKHURXWLQHVRIWKHXVHUTXLWHHI
ILFLHQWO\LQWKHXVHGHQYLURQPHQW7KHVWHSZLVHQDWXUHVRIWKH
OHDUQLQJ IXQFWLRQV FDXVH WKDW DIWHU D UXOH ZHLJKW KDV UHDFKHG
WKHKLJKHUVWHSLWLVQ¶WYHU\VXVFHSWLEOHWRRFFDVLRQDOEUHDNVLQ
DURXWLQH7KHUHIRUHWKHQXPEHURIVWURQJUXOHVGRHVQ¶WIOXFWX
DWHPXFK2QWKHRWKHUKDQGPDQ\ZHDNUXOHV UXOHZHLJKWOHVV
WKDQ   DUH LQWURGXFHG GDLO\ EXW WKH\ DUH DOVR HOLPLQDWHG
TXLFNO\LIWKH\KDYHEHHQJHQHUDWHGE\VSRUDGLFDFWLRQV7KLV
EHKDYLRUFDQZHOOEHVHHQLQ)LJ
9&21&/86,21

>@ 0lQW\MlUYL - 6HSSlQHQ 7 $GDSWLQJ DSSOLFDWLRQV LQ KDQGKHOG GHYLFHV
XVLQJIX]]\FRQWH[WLQIRUPDWLRQ ,QWHUDFWLQJZLWK&RPSXWHUVYROLV
VXH$XJXVWS
>@ 3LUWWLNDQJDV 6 5RXWLQH /HDUQLQJ IURP 5HDFWLYH WR 3URDFWLYH (QYLURQ
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P

for a change in the boundary between the physical and virtual worlds.1 He iden-

Using pattern

tified proactive computing as an alternative to interactive computing and defined how

recognition,

future systems should become more involved with the real world. He also considered

continuous control,

context-aware control systems with online adaptation especially promising.
Today, ambient-intelligence researchers show increasing interest in both proactive applications and
context-aware applications. Using different contextrecognition methods (see the “Related Work in Context Recognition and Adaptation” sidebar), researchers can easily gather application-specific information
from the environment and enable context-triggered
actions.2 According to Hee Eon Byun and Keith
Cheverst, a context-aware home can serve its inhabi
tants more flexibly and adaptively than an ordinary
home.3 They also claim that proactive systems can
be built using machine-learning algorithms with
context recognition.
In addition to context recognition, adaptivity is
essential in intelligent environments.2 For example,
Jani Mäntyjärvi and Tapio Seppänen note that human actions are based on continuously learned adaptation models.4 In terms of computing systems,
the environment can adjust itself using adaptation
mechanisms to comply with user preferences; it can
become unobtrusive and better support user activities. A home adapting to its inhabitants’ living style
is much more convenient than a user adapting to the
home’s behavior.

and online adaptation,
researchers
built a proactive,
autonomous, contextaware, unobtrusive
lighting system for a
lab-based smart home
environment.
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roactive, context-aware computing isn’t new. In 2000, David Tennenhouse called

1541-1672/08/$25.00 © 2008 IEEE

In this article, we show how to develop a proactive, adaptive, fuzzy home-control system, present
the algorithm we used for adaptation, and evaluate
the test results we obtained.
Problem formulation
We want to build a system that can change the
environment so that it always conforms to the user’s
desires and needs. More precisely, we want to control the environment actuators proactively so that
the system can always anticipate the user’s requirements. In this way, the user wouldn’t need to bother
with equipment control.
Our research on this kind of control system began from the premise that no predefined operational model for the home environment, however
intelligently and thoroughly devised, could possibly
suit everyone—people’s habits and needs are just
too different. So, the only person who can make a
good operational model for a given user is that user.
To make this possible, the system must monitor the
user’s actions and learn through its observations.
For an environment to be unobtrusive, the system must be able to learn the user’s habits without
actively involving the user in the learning process.
The system must require no change in normal livIEEE INTELLIGENT SYSTEMS
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Related Work in Context Recognition and Adaptation
To recognize contexts, researchers have used various
methods to extract necessary data from the environment.

Neural nets, contextual sensing,
and fuzzy control
Michael C. Mozer explored how to learn user routines in
“The Neural Network House.”1 Once learned, these routines
can be used to predict room occupancy, hot-water usage,
and the probability that a zone will be entered in the next
few seconds using trained feed-forward neural networks.
The Georgia Institute of Technology’s Aware Home project
had as its goal the sensing of contextual information about
the home and its inhabitants. 2 This project also focused on
supporting the elderly in their own homes.
According to Li-Xin Wang and Jerry Mendel, a fuzzy control system is a good solution when the model of the environment is so complicated that the mathematical model
would be severely nonlinear or impossible to develop.3 They
argue that a fuzzy control system can replace a human controller if it learns human habits. To accomplish this, they
indicate some general methods for generating fuzzy rules
derived by learning from examples.
In addition to Wang and Mendel’s approach, researchers
have applied many different evolutionary and reinforcement-learning algorithms to fuzzy learning.4,5 In particular,
Q-learning with several extensions6 has seen wide use as a
reinforcement-learning method with fuzzy-logic controllers. In our implementation, we use a reinforcement-learning
method with stepwise learning functions to develop a system
that can distinguish routines from transients (that is, random
actions).

iDorm
In the iDorm project (using a student dormitory bedroom
testbed for intelligent-interactive-environment research),7 researchers implemented ambient intelligence in a ubiquitouscomputing environment by adopting an approach similar to
our solution. They ran experiments using an adaptive online
agent based on type-2 fuzzy logic. This project used a learning method that was initiated by user-generated events.
The main differences between our system and iDorm are
the type of fuzzy system, the membership functions’ construction, the updating of the rules according to long-term
changes, and the removal of obsolete rules. The type-2 fuzzy
logic used in iDorm is an extension of the type-1 fuzzy logic
used in our work. Type-2 fuzzy logic can achieve comparable
results with a somewhat smaller number of rules.7
The iDorm system constructs the MFs and initial rules from
recorded data using the Adaptive Online Fuzzy Inference
System (Aofis) technique.7 To do this, iDorm needs to monitor
the environment for a while prior to operation. In contrast,
in our system we manually craft the MFs before deployment

ing habits. Also, because a user’s habits and
routines change over time, the learning process must be continuous. Furthermore, the
system must be able to anticipate user needs
on the basis of learned data and proactively
control the devices involved.
March/April 2008

using expert knowledge. By using predefined MFs, the system doesn’t need training before operation.
The iDorm system handles online adaptation of rules differently; it doesn’t use reinforcement learning. Instead, it replaces old rules with new ones when user behavior changes.
Behavior change in the system is clear to the user, but this
method doesn’t sort out routines from transient actions. In
our system, a single override event has no large impact on
system behavior unless it lasts for a significant amount of
time. The stepwise learning functions prevent the occasional transients from significantly affecting the rules. So,
the changes in system behavior aren’t as fast as in iDorm, but
they better reflect the user’s routines.
The two systems handle obsolete rules differently. Our
system gradually decreases the obsolete rules’ weight using the decrement function and finally removes these rules
altogether. In contrast, iDorm continues to add rules until a
rule limit is reached. After that, to keep the number of rules
within limits, it deletes the least-used rule before adding a
new one. The number of rules never decreases below the
rule limit because rules aren’t deleted until new ones are
ready to be learned.
All in all, the main idea is the same in both projects. In our
opinion, the greatest difference and advantage in our system is the more natural handling of routines.
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Although the system needs to work autonomously, the inhabitant must still have
ultimate control over the home. Therefore,
the user must be able to override all of the
system’s decisions.
Previously, we constructed a smart system

that would take all these issues into account
by means of fuzzy control.5 Despite some
problems with this original fuzzy system,
fuzzy control turned out to be a good choice
for an inference technique. Later, we improved the original system by incorporating a
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Degree of membership

the lighting environment. The ceiling lights
provide artificial light from above, and venetian blinds adjust the amount of light
coming in through windows. The linguistic
output variables are ceiling lighting power with
five values and venetian blinds position with five
values in our original design and 19 values
in our current design.
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Outdoor lighting level
We’ve assumed that the outdoor lighting
level affects actuator use. For example, the
control system can close the venetian blinds
when it gets dark outside using the measured information from the sensor, if it has
been trained to do so. The sensor measurements are represented with three fuzzy values: dark, medium bright, and bright.
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Figure 1. Part of the membership functions of the linguistic input variable time for
(a) the original version and (b) the current version of the system.

few major and many minor changes.6 We designed these modifications to handle the input parameters in such a way that the system
would have proactive control of the environment in every situation. Also, we replaced the
original system’s linear learning functions
with stepwise ones.
Fuzzy control
Fuzzy logic offers a way to interface inherently analog processes with a digital
computer.7 It’s based on the idea that we can
divide continuous numerical values into a
range of states. These states are overlapping,
or fuzzy, as figure 1 shows, and we define
them using membership functions (MFs).
Using overlapping MFs, an input variable’s
state doesn’t change abruptly; instead, it
gradually loses value in one MF while gaining value in the next.
The control process starts with fuzzification. At any one time, the system uses an input variable’s MFs to convert a crisp input
value to a fuzzy set in which each MF receives a degree of membership. For example, we can convert a crisp value of an input variable outdoor lighting level to a fuzzy set
in which the fuzzy values dark, medium bright,
and bright receive the degrees of membership
0.7, 0.3, and 0, respectively. The system can
then use all the input variables’ fuzzy sets
in fuzzy reasoning. This inference process
is based on a set of rules, each in the form
44

IF person IS present AND
outdoor lighting level IS dark THEN
lighting power IS full.
Here, the output variable lighting power is also
a fuzzy set.
A combination of all the input values defines a context. The system invokes the rules
relating to a given context. For example, if
outdoor lighting level has the degrees of membership 0.7 for dark and 0.3 for medium bright, the
system will invoke all the rules that contain
dark or medium bright. All these rules produce
fuzzy output values, which are combined to
create a fuzzy set for each output variable.
A rule-dependent weight is then applied to
make some rules more effective than others.
This weighting factor is usually between 0
(no effect) and 1 (maximum effect).
Finally, in the defuzzification step, the system calculates crisp end results for the output
variables using the obtained fuzzy sets.
System description
The control system in our Smart Home
testing laboratory uses a lighting system as a
test case because its operation is immediately
observable. In our implementation, we need
only a few sensors to recognize contexts related to home lighting use. The measured linguistic (meaning fuzzy) input variables are
outdoor lighting level, person activity, and time.
We use two kinds of actuators to change
www.computer.org/intelligent

Person activity
The control system must know whether
the inhabitant is in the home because it
should act differently depending on whether
a person is present. We use a person activity
sensor to provide binary information. The
sensor provides a real output value that’s
fuzzified to either absent or present. Despite its
binary nature, the variable must be fuzzified
into the same format as the other variables
because the inference can only use fuzzy
values.
Time
The system must be able to react differently to the same conditions at different
times of the day. The system doesn’t use a
clock with even minute precision. Instead,
we divide a day into multiple time zones,
each covering several minutes. Using time
zones instead of minutes, we can keep the
number of rules that define the control system’s operation considerably lower. To provide a good compromise between control
accuracy and the number of rules, we divide
a day into 50 equivalent time zones.
Our original system used the time-zone
definitions shown in figure 1a. Here, situations could arise where the control system
has no rules associated with the active time
zone. Instead, in the current system, all
rules regardless of the time zone can contribute to actuator control using the Gaussian-shaped MFs.
Our current system defines time zones
with overlapping Gaussian-shaped MFs (see
figure 1b). If adjacent MFs overlap only a
little, the transition time from one time zone
to the next is shorter. This results in sharper
IEEE INTELLIGENT SYSTEMS
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changes in the environment because the system interprets the time context to change
more quickly. In contrast, when adjacent
MFs overlap a lot, the system generates more
rules in the rule base during the learning
process because many different contexts prevail at the same time. To make the time context transitions smooth and keep the number
of rules within reasonable limits, we set the
adjacent MF edges to cross at the 0.5 membership level.
Fuzzy modeling
The choice of certain parameters affects all the stages of the fuzzy inference
system. We use a Mamdani type8 of inference method because it’s suitable for most
problems and lets us define the outputs with
MFs. We use an AND method implemented
with a minimum operator for input aggregation so that we can increase the effectiveness
of the rules representing a context. We do
this because all the input membership values must correspond well with the context
to get a big aggregation result. We also use
an AND method implemented with a minimum operator for implication so that the
real output values will be close to the output
MFs’ peaks. This works well with Gaussianshaped MFs and center-of-gravity defuzzification. The center-of-gravity method provides a reasonably soft transition for the
outputs when the context changes. With
these parameters, we’ve achieved an acceptable performance for the control system.
We gathered expert knowledge of each
variable from sensor and actuator designers and then manually crafted static MFs.
We used these MFs to define the fuzzy variables before deploying the system in user
premises.
The number of MFs for each input and
output variable is a trade-off between the
number of rules that will build up in the
rule base and how precisely the variable is
modeled. In our system, we used only as
many MFs as we could name sensibly or
an amount that defines the control accuracy we normally require for the devices.
For example, according to the human perspective, the outdoor lighting level values dark,
medium bright, and bright are quite clear. Also,
we can assign the five values of ceiling lighting
power sensible names (off, dim, medium, bright,
and full). Having 50 time zones per day
means that one time zone remains most effective for a time period that’s close to our
“half an hour” concept. The 19 values of
March/April 2008

the venetian blinds position give us a reasonable
accuracy of 10 degrees over a rotational
angle of 180 degrees. These additional values make control more accurate than in
the original system because our adaptation
method tends to move the real output value
toward the MFs’ peaks.
In the current system, we modified all triangle-shaped MFs (see figure 1a) of the input variables outdoor lighting level and time to
take on a Gaussian shape (see figure 1b).
Thus, each MF’s degree of membership is
greater than 0 with all real measurement
values. So, if the user is present and the rule
base isn’t empty, every rule has a degree of
membership greater than 0, and every rule
is used to control the actuators. In this way,

The system constantly
analyzes the home’s context
and proactively adjusts the
actuators according
to the learned rules when it
recognizes a context change.
the system can perform proactive control
actions even when the correct action is uncertain. This can be advantageous when the
system is initialized or encounters new environmental conditions. However, only a
few rules typically have a high-enough degree of membership and weight compared
with the other rules for them to have a major
effect on the outcome.
Control-system operation
The system constantly analyzes the home’s
context and proactively adjusts the actuators
according to the learned rules when it recognizes a context change. The user doesn’t
need to concentrate on controlling the home
because the home adapts to the changes it
observes.
At the component level, the Smart Home’s
central home controller monitors the input
sensors and passes the input information to
the fuzzy control process when any input
variable changes. The system then calculates the measurements using fuzzy infer-

ence. It passes the real output values to the
home controller, which adjusts the actuators
to these values.
Overrides
Conventional wall switches and other
user interfaces let the user manually adjust
any actuator at any time, regardless of the
control-system output. If the user manually
adjusts an actuator, he has taken actuator
control from the control system and has direct control over that device. These overridden devices keep their current state regardless of the context changes.
The original system had no automatic
way to release the overrides. If a user
wanted to let the system continue controlling the environment, she had to manually
remove the overrides. This need for manual
intervention made the system more obtrusive to the user.
To resolve this issue, the current system
removes the overrides and returns device
control to the control system when the user
has made no new adjustments and has been
absent for 15 minutes. This waiting period
makes it possible to return to autonomous
control automatically and thus makes the
control system more effective. To prevent
situations in which the user must override
a device repeatedly only because he leaves
the room for a moment, we must select a
long-enough waiting period. To reach an
adequate compromise, we selected a 15minute period.
The user’s absence
The original system learned all the time,
even when the user was absent. However,
during testing we realized that it would become a problem if a user, for example, always left the lights on when leaving the
room. This would teach the system to leave
lights on at all times, which would be a
waste of energy.
In further studies, we realized that the
inhabitant typically pays attention only to
lights and venetian blinds when in the room.
At other times, their states don’t matter to
the user as long as they operate reasonably
well. So, using a learning method isn’t particularly worthwhile when the user is absent. Also, to conserve energy, the current
system has fixed settings that operate when
the user is absent. By default, the lights are
turned off and the venetian blinds are halfclosed. However, the user can change the
old settings by adjusting the actuators to the
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FOR each data set N
FOR each rule R
		 IF R.inputs = N.inputs, THEN
			 IF R.outputs = N.outputs, THEN
				 increment the weight of R
			 ELSE
				 decrement the weight of R
				 IF the weight of R is 0, THEN
					 remove R
				 END IF
			 END IF
		 END IF
END FOR
IF no rule with R = N was found, THEN
		 add N as a new rule with weight 0.001
END IF
END FOR
Figure 2. The algorithm for changing
the weighting factors and for adding
and removing rules. These changes are
based on input and output comparisons.

desired states and by saving the set states
through a user interface.
Online adaptation
The current system’s online adaptation is
based on monitoring contexts in the home
and users’ actions in these contexts. The
home controller centrally manages the following three-step learning process.
Step 1. Save context information
First, the controller gathers information
on the environmental context. The system
can later use this data to recognize routines.
The controller continuously monitors the
sensors and actuators and stores their current values periodically.
The data storage interval defines the sampling period. Saving rapid changes in the
environment isn’t necessary because they
normally don’t represent the routines the
system is looking for. To make the system
less susceptible to sporadic actions, we need
to make the sampling period much less
than the day length divided by the number
of time zones. One minute is a reasonable
interval in practice for storing the data for
lighting-control purposes. A one-minute
interval provides enough data to process
without encumbering the system with too
much information. If a condition doesn’t
last longer than a minute, it’s most likely
insignificant.
The original system’s adaptation process
differs in two ways from the current sys46
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Figure 3. Increasing and decreasing rule weights. Two stepwise learning functions
show the increments and decrements of rule weights over time—the minutes inside
a single 91-minute time zone on two separate days.

tem. Instead of adapting to all changes in
the environment, we used a filtering method
to sift out the sporadic environmental actions. From the recorded data, the system
chose only the most common environment state in a certain time period for postprocessing. This method seemed to work
well, but it became unnecessary when we introduced stepwise learning functions, which
constitute the second difference between the
original and the current system (more on
this later).
Step 2. Fuzzify the data
After the controller has saved the context
information, it processes the contextual data
in separate sets, each with sensor and actuator values from a single measurement time.
This processing starts with fuzzification.
The system fuzzifies the stored real values
to the linguistic variables’ values. For every
linguistic variable, excluding time, the system chooses only the MF with the greatest
degree of membership.
For time, the system selects all MFs whose
degree of membership exceeds a given
threshold. It also saves each MF’s degree of
membership.
Our implementation used a threshold of
0.001, which cuts each time zone to 91 minutes. Using this method to handle time, the
system learns also a little for the time zones
that are adjacent to the time zone with the
highest degree of membership. The amount
learned for each time zone depends on the
www.computer.org/intelligent

particular time zone’s degree of membership. This method smoothes the transitions from one time zone to another during
the control process. It’s also advantageous
when the system encounters new environmental conditions, because the system can
modify in advance the rules relating to future time zones on the basis of the current
conditions.
Step 3. Update the rule base
Finally, the system uses the data to update the rule base. It adds new rules, removes obsolete rules, and might strengthen
or weaken existing rules.
The controller processes each set of fuzzified data separately. First, it searches the
rule base for the input-value combination
of a set. If it finds no such combination, the
system doesn’t know how to control the environment in this kind of situation. So, it
adds a new rule with the set’s output-value
combination to the rule base with a small
initial weighting factor. For this factor, we
used 0.001.
Typically the search yields more than one
matching rule for the set’s input-value combination. In this case, the system compares
the set’s output-value combination with the
output-value combination of each inputside match. If a rule has the same outputvalue combination, the system increments
its weighting factor so that the rule becomes
more dominant. However, if the outputvalue combinations differ, the system decIEEE INTELLIGENT SYSTEMS
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rements the weighting factors correspondingly. We use the algorithm in figure 2.
The system increments the weighting
factors using a two-step function (see figure
3). The function shows how a single rule’s
weight is incremented over a two-day period, if the context and the actuator states
remain the same throughout the whole time
zone on both days and the user is present
at these times. However, these days need
not be consecutive—the rules can be incremented in small fragments with a lot of
time in between. If the states of the actuators or the context change in the analyzed
time zone, the active rules become inactive
and their weights stop increasing.
The rule weight decrement and increment operations work in the same way. A
rule weight takes at least two days to shift
from 1 to 0. If a rule’s weighting factor decreases to 0, the rule has no effect on the
system and is removed. This keeps the rule
base small and the fuzzy inference simple.
Figure 3 also shows the time MFs’ shape
over time—in particular, it shows that the
analyzed time zone’s degree of membership
affects how quickly a weight rises. If the
real time is close to the MF’s peak point,
the weight rises quickly.
The two learning functions, shown as mirror images of each other in figure 3, cause
the well-established rules (rule weights
close to 1) to remain dominant over the developing rules. The latter might or might not
be routines, even with many transient conditions, because the developing rules’ weights
first increase slowly and the weights of wellestablished rules decrease slowly. However,
if these developing rules turn out to be routines instead of transients (that is, random
actions), their weights increase rapidly. In
contrast, the well-established rules’ weights
decrease quickly if the user’s routines
change. The system distinguishes transient
rules from routines’ rules by monitoring the
contexts’ total appearances over time.
Together these learning functions bring
about the result that if on one day user behavior differs from the system’s welllearned behavior, the user sees no noticeable change in system behavior. However,
two days of the same conditions can be considered a change in the routines, and this
noticeably affects system behavior. So, the
system generally behaves according to the
routines, and the random transients’ effects
are almost negligible.
Even if there are no weighted rules over
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Figure 4. Rule development over time. During the test period, the system mapped
127 rules and categorized them by rule weight.

the first step of the increment function, the
system can carry out sensible, proactive
control actions because the relative weights
are what’s important for the outcome.
After the system has processed all fuzzified data sets, the learning process is complete. The updated rule base is then immediately implemented in the fuzzy control
process.
The definition of these stepwise learning functions is the most significant change
we made to the original version. We found
that the original system’s linear learning
functions were detrimental because the
rules representing random transients became more easily dominant. This happened
because the rules’ weights for the routines
weren’t able to remain sufficiently greater
compared with the weights of the transient
actions’ rules. Thus, the system’s control
output was affected after a transient action
had lasted for a while.
Evaluation
We tested the current fuzzy control system in our Smart Home. We first performed
functional tests to confirm the designed operation and later performed a long-term test
to evaluate the system more thoroughly.
We found that the control system’s decisions didn’t need to correspond exactly with
a user’s intentions. Most of the time, users
don’t have strict demands regarding how
the lighting should be adjusted; they notice only when the lighting is clearly wrong.

So, it’s acceptable that the proactive actions
don’t always match exactly with the desired
conditions. This makes the anticipation process more acceptable.
We found that our approach to the user’s
absence was viable. As we anticipated, users
didn’t care much what the home did when
they weren’t there. The default settings
stayed the same throughout the test period
because they were already good enough.
To ascertain correct long-term operation
and to see how the system adjusted to new
routines and seasons, we ran tests for more
than eight months, from 6 June 2006 until 24 February 2007. During that time, we
monitored rule development and archived
the rule base daily. We used the test space
twice a day, mainly as a place for coffee
breaks but also for other occasional events.
However, little activity took place in the
Smart Home on weekends or at night.
Over the test period, the system generated 127 rules for the rule base (see figure
4). In the beginning, we had only one rule
in the rule base for the absent state, with a
rule weight of 1. During the first three days,
the learning system discovered 25 new rules
and gave them a weight below 0.1—more
precisely, a weight below the first step of the
increment function, as figure 3 shows.
The first three rules took up to 10 days
to become strong—that is, to reach a rule
weight greater than 0.9. On the 28th day,
the number of strong rules changed considerably: the first rules learned after system
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Figure 5. Development (over the test period) of rules with different values of the
outdoor lighting level variable.
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initialization reached the second step of the
increment function (see figure 3).
Figure 5 illustrates a similar significant
change in the number of rules representing dark hours on the 28th day of opera48

tion. However, closer examination of the
rule tables reveals that this change doesn’t
relate at all to the previously described big
change. This was just the first time when
someone was in the test space at midnight,
www.computer.org/intelligent

causing the system to learn new rules for
the dark hours.
On the 137th day of operation, the total
number of rules started to increase steadily.
Figure 5 shows that the number of rules representing dark hours also increased because
of the coming of winter. The days became
shorter, and outdoor lighting level became increasingly fuzzified in the learning stage to
dark values instead of to medium bright values.
On the 225th day of operation, a significant change became evident (see figure 4): numerous “weak” rules (with a rule
weight less than 0.1) became strong. The
data shows that these new strong rules represent the nighttime context. The increase
in the number of strong rules occurred because few rules existed for nighttime before the change. However, the cause of this
change is somewhat unclear. Possible explanations are that someone was present overnight or the person activity sensor gave erroneous readings because of changes in the
air conditioning.
We see another big change for the 228th
day of operation in the number of rules representing the dark hours (see figure 5). Figure 4 also shows this rapid increase and the
following equally rapid decrease. A break in
the routine caused the creation of new rules,
which in turn were removed in the following days when the user returned to the earlier routine.
The system appeared to learn the user’s
routines efficiently in the environment we
used. As a result of the stepwise nature of
the learning functions, after a rule weight
reaches a higher step, it’s not particularly
susceptible to occasional breaks in a routine. So, the number of strong rules doesn’t
fluctuate much. On the other hand, many
weak rules are introduced daily, but they’re
also eliminated quickly if they’ve been generated by sporadic actions. This behavior is
clearly observable in figure 4.

A

lthough we demonstrated that our
system works sensibly only for
lighting control, we could use it in other areas. In many applications (for instance, in
heating, plumbing, and air conditioning and
in some entertainment control systems),
conformance to user preferences in different ways and contexts would benefit from
our system.
One promising field that could benefit
IEEE INTELLIGENT SYSTEMS
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from this kind of technology is assisted living for the elderly. There’s great demand
for technology that can help elderly people
live independently at home. Because the developed system can recognize routines, it
could also recognize deviations from routines. This could give important information to caregivers about, for example, living rhythm, sleep disorders, and medicine
taking.
Another possible direction for further
studies could be using knowledge of the
user’s routines for prediction. This way the
smart home could start adjusting itself to
user preferences before the routine starts.
This could be beneficial in situations where
adjusting takes a long time, for example in
heating the house before the user comes
home from work.
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Proactive and Adaptive Fuzzy Profile Control
for Mobile Phones
Miika Valtonen, Antti-Matti Vainio, Jukka Vanhala
Department of Electronics
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Tampere, Finland
{miika.valtonen, antti-matti.vainio, jukka.vanhala}@tut.fi
Abstract—In this paper we describe a context-sensitive way to
change an active mobile phone profile. We present a method to
create a proactive and adaptive phone profile control system that
automatically adapts the profile to the best alternative based on
the current context. The adaptation is based on recognizing
patterns of human practices, which may change over time. The
control system is implemented with a fuzzy controller that
supports reinforcement learning. The operation of the system is
demonstrated with a mobile phone that is controlled by a PC.
The PC lets a user to simulate the context parameters, and the
phone works as a user interface for profile selection and display.
Context-aware computing, proactive control, adaptive control,
fuzzy control, reinforcement learning

I.

INTRODUCTION

We aim to build a control system that can change the active
phone profile according to a user’s context, so that the profile
always conforms to the user’s desires and needs. More
precisely, we want to control the profile settings, such as ring
tone, ring volume and vibrator mode, proactively so that the
phone can always alert the user of an incoming call in the userpreferred way. With the help of automatic control, the user
does not need to bother with phone profile selection for
different situations.
We see that the only person who can determine the correct
phone profile for a given context is the user of the phone.
Therefore, an adaptive profile control system must monitor the
user’s actions and find routines or repetitive contexts from
those actions. To make the adaptation of the phone profile
settings unobtrusively, the control system must be able to learn
the user’s habits without actively involving the user in the
learning process. Indeed, the system must require no change in
normal phone usage habits. Further, because user’s habits and
routines change over time, the learning process must be
continuous.
In this paper, we show how to develop a context-sensitive,
proactive, and adaptive phone profile control system. The
operation of the system is demonstrated with a mobile phone
that is controlled by a laptop PC, shown in Fig. 1. The PC lets
the user to simulate the context parameters, and the phone
works as a user interface for profile selection and display. The
demo system was provided for hands-on testing for conference
attendees with some simple scenarios to speed up the testing.

978-1-4244-3304-9/09/$25.00 ©2009 IEEE

Figure 1 The laptop is used for context simulation, and the mobile
phone acts as an user interface for profile selection and display

II. FUZZY CONTROL
Fuzzy logic offers a way to interface inherently analog
processes with a digital computer [1]. It’s based on the idea that
we can divide continuous numerical values into a range of
states. These states are overlapping, or fuzzy (see Fig. 2), and
we define them using membership functions (MFs). Using
overlapping MFs, an input variable’s state does not change
abruptly; instead, it gradually loses value in one MF while
gaining value in the next.
The control process starts with fuzzification. The system
uses an input variable’s MFs to convert a crisp input value to a
fuzzy set in which each MF receives a degree of membership.
The system can then use all the input variables’ fuzzy sets in

Figure 2

A part of the membership functions of the fuzzy input
variable time

fuzzy reasoning. This inference process is based on a set of
rules, each in IF-THEN form, for example,
IF place IS home AND
time IS night THEN
phone profile IS silent.
Here, the output variable phone profile is also a fuzzy set.
A combination of all the input values defines a context. In
operation, the system invokes the rules relating to a given
context. For example, if time has the degrees of membership
0.7 for night and 0.3 for morning, the system will invoke all the
rules that contain night or morning. All these rules produce
fuzzy output values, which are combined to create a fuzzy set
for each output variable. A rule-dependent weight is then
applied to make some rules more effective than others. This
weighting factor is usually between 0 (no effect) and 1
(maximum effect). Finally, in the defuzzification step, the
system calculates crisp end results for the output variables
using the obtained fuzzy sets.
III.

SYSTEM VARIABLES

In this paper, we use three input parameters to determine
the user context. The measured fuzzy input variables are place,
time and, and weekday. On the output side, we only change the
active phone profile using a fuzzy output variable phone
profile. These input and output variables are discussed below.
Place We see that the physical place of the phone affects
the user’s context the most. For example, the behavior of the
phone should be different at a cinema or at home. We assume
that the determination of the user’s place and the definition of
known places are handled by other systems. Thus, in this demo,
we will use only named places.
For the fuzzy control system, we have implemented the
different physical places with a single input variable place that
has multiple fuzzy input values, each value corresponding to a
single physical place. The values are defined with nonoverlapping MFs, so only a single place is valid at a time. The
places we have included to this demo are home, work, car,
shop, cinema and outdoors.
Time The desired phone behavior, in a given place,
changes by time. For example, at home, the phone should
presumably be silent at nighttime, but ring with an audible tone
during daytime. Our implementation, however, does not use a
clock with even minute precision. Instead, we divide a day into
multiple time zones, each covering several minutes. Using time
zones instead of minutes, we can keep the number of rules that
define the control system’s operation considerably lower. To
provide a good compromise between control accuracy and the
number of rules, we divide a day into 50 equivalent time zones.
Moreover, this approach has proven to be feasible in our
previous studies [2], because humans do not usually act even
with minute precision and tend to do things at slightly different
times of the day.

TABLE I.
Index

Profile name

PHONE PROFILE SETTINGS
Profile settings
Ring tone

Ring volume

Vibrator mode

1

Silent

N/A

Off

Off

2

Vibra

N/A

Off

On

3

Beep

Single beep

Low

On

4

Low

Normal

Low

On

5

Medium

Normal

Medium

On

6

Loud

Normal

High

On

The time zones are defined with Gaussian shaped MFs (Fig.
2). As a result, each MF’s degree of membership is greater than
0 at all times. This way the system can perform proactive
control actions even when the correct action is uncertain. This
can be advantageous when the system is initialized or
encounters new contexts. However, only a few rules typically
have a high-enough degree of membership and weight
compared with the other rules for them to have a major effect
on the outcome.
Weekday Many people do certain things on selected
weekdays. For example, one might use the Wednesday evening
for choir singing, or playing soccer. Therefore, we have defined
a fuzzy input variable weekday, which consists of seven nonoverlapping values, named by the weekdays.
Phone profile The phone profiles have been configured
and sorted into a reasonable order in advance; they are listed in
Table 1. The fuzzy output variable is called phone profile with
each output value corresponding to a single profile of the
phone.
IV.

CONTROL-SYSTEM OPERATION

The system constantly analyzes the user’s context and
proactively adjusts the active phone profile according to the
learned rules when it recognizes a context change. The user
does not need to concentrate on changing the profile because
the phone adapts to the changes it observes. As a result, the
phone will have always the same profile set active in a given
context, unless the user makes the system to learn a new active
profile for the context.
Although the system needs to work autonomously, the user
must still have ultimate control over the phone. Conventional
phone menus let the user to override any of the phone’s settings
at all times, including the profile settings. If the user manually
activates a profile that the control system has not selected, the
control system suspends itself and goes into only learning state.
Then, the phone will keep the new profile active regardless of
changes in time and weekday. ‘

V.

1
0.8
Rule weight

Because we see that the change of place causes a
significant change in the context, the automatic control takes
over of the profile control when this happens. This way the user
does not need to remember to switch the system back to
automatic control. In a case a user does not want the system to
be automatically controlled at all, he or she can turn off the
automatic control altogether. Then, the system only continues
to learn in the background, but does not change the active
profile automatically.

Save context First, the system gathers information on the
user’s context. The system continuously monitors the input
variables’ crisp values and stores them periodically using a
predefined sampling period. In practice, one minute is a
reasonable interval for storing the data for phone profile control
purposes. Indeed, saving rapid changes is not necessary
because they normally do not represent the routines the system
is looking for. If a condition does not last longer than a minute,
it’s most likely insignificant.
Fuzzify the context data The system processes the saved
contextual, crisp data in separate sets; each set with input and
output values from a single measurement time. More
specifically, the system fuzzifies the stored real values to the
fuzzy variables’ values. For every fuzzy input and output
variable, excluding time, the system chooses only the MF with
the greatest degree of membership.
For time, the system selects all MFs whose degree of
membership exceeds a given threshold. It also saves each MF’s
degree of membership. Using this method to handle time, the
system learns also a little for the rules associated with the time
zones adjacent to the time zone with the highest degree of
membership. The learned amount depends on the particular
time zone’s degree of membership. As a result, this method
smoothes the transitions from one time zone to another during
the control process. It’s also advantageous when the system
encounters new contexts, because the system can modify in
advance the rules relating to future time zones on the basis of
the current conditions.
Update rules Finally, the system adds new rules, removes
obsolete rules, and possibly strengthens or weakens existing
rules. The system processes each set of fuzzified data
separately. First, it searches the rule base for the input-value
combination (that is, the context) of a set. If it finds no such
combination, the system does not know how to control phone
profile in this kind of situation. In this case, it adds a new rule
with the set’s output value (that is, phone profile) to the rule
base with a small initial weighting factor. For this factor, we
use 0.001.
Typically the search yields more than one matching rule for
the set’s input-value combination. In this case, the system
compares the set’s output-value with the output-value of each

0.4
0.2
0
0

ONLINE ADAPTATION

The system’s online adaptation is based on monitoring the
user context and the active profile on the phone. The adaptation
process consists of three steps that are described below. After
the completion of the adaptation process the learned data is
immediately implemented in the fuzzy control process.

0.6

Time zone
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Decrement

30
60
time zone n / day 1

0 / 91
|

30
60
time zone n / day 2

91 t/min

Figure 3 The two stepwise learning functions show how the rule
weights are incremented and decremented by time

input side match. If a rule has the same output value, the
system increments its weighting factor so that the rule becomes
more dominant. However, if the output value differs, the
system decrements the weighting factors correspondingly.
The system increments and decrements the weighting
factors using two-step functions (Fig. 3). The function shows
how a single rule’s weight is either incremented or
decremented over a two-day period, if the context and the
phone profile remains the same throughout the whole time zone
on both days. However, these days need not be consecutive—
the rules can be incremented or decremented in small
fragments with a lot of time in between. If the phone profile or
the context changes in the analyzed time zone, the active rules
that were incremented become inactive and their weights stop
increasing. If a rule’s weighting factor decreases to 0, the rule
has no effect on the system and is removed.
Fig. 3 also shows the time MFs’ shape over time—in
particular, it shows that the analyzed time zone’s degree of
membership affects how quickly a weight rises. If the real time
is close to the MF’s peak point, the weight rises quickly.
Together these learning functions bring about the result that
if on one day user behavior in active profile selection differs
from the system’s well learned behavior, the user sees no
noticeable change in system behavior. However, two days of
the same conditions can be considered a change in the routines,
and this noticeably affects system behavior. So, the system
generally behaves according to the routines, and the random
transients’ effects are almost negligible.
VI.

CONCLUSION

In this paper, we have presented a context-aware, proactive,
and adaptive phone-profile control system, which was provided
for hands-on testing for conference attendees. The system is
based on fuzzy control and allows automatic control of the
active phone profile based on place, time, and weekday.
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