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Chapter 1

Introduction

Technology for the measurement of location is becoming a part of our everyday lives.
Traditionally, location technologies are found in vehicle navigation and land surveying.
But in the past decade, location technologies have appeared into the world of everyday in
the form of car navigation systems, consumer GPS devices, and location-based services
for mobile phones. The best known location system is probably the worldwide satellite-
based Global Positioning System (GPS) [41]. Location technologies are also increasingly
found in application domains such as real-time inventory control and asset tracking, sports,
mobile robotics [14], virtual reality and motion capture [70], and security systems. Various
technologies have been developed to fulfill the different needs for location information in
these application domains. A location system could measure the location of a person, a
device, an animal, an object, or a vehicle, with an accuracy that may vary from millimeters
to kilometers. Some location systems can measure the orientation of entities as well. This
thesis is about a specific class of location systems, that could become a part of everyday life
in the future: indoor ultrasonic location systems. These systems can be applied in domestic
environments, but also in professional environments such as offices, factories, or hospitals.
Although domestic applications are considered in this thesis, the methods described here
could be applied in certain professional environments as well.

1.1 Domestic applications of indoor location systems

1.1.1 Consumer electronics

Location technology can be applied in the consumer electronics domain. Applications in
this domain provide consumers with information, communication, entertainment, or auto-
mated home control. It is expected that future consumer electronics move into the direction
predicted by theAmbient Intelligencevision [1] and by theubiquitous computing[83] vi-
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2 Chapter 1. Introduction

sion. Both predict that distributed, networked computers and sensors will appear more and
more in our daily environment, invisibly embedded into the products and tools that we
use. Ambient Intelligence implies that, through sensor technology, consumer electronics
becomecontext-aware[1, 24]. This means that devices or applications may recognize their
context: who is using them, where they are used, and when they are used. Information
about the location of people or things helps to determine this context. For this reason,
indoor location systems are an active topic of research [38] in ubiquitous computing.

The work in this thesis was carried out as part of the PHENOM project, short for Per-
ceptive Home Environments. PHENOM [77, 78, 60, 66] was a joint academic/industrial
research project of Eindhoven University of Technology and Philips Research Laboratories
Eindhoven. The project investigated several applications that a future perceptive (context-
aware) home environment could provide to its inhabitants. Such a home environment con-
tains many electronic devices that can communicate and cooperate via a home network.
Several application scenarios were developed in the project, in which the locations of peo-
ple, devices, or objects in a home are needed by devices in the home network, to provide a
particular service to the inhabitants.

To give an impression of possible applications of location technology in a perceptive
home, examples are shown below for three groups of applications.

1. Entertainment.Computer gaming is an important entertainment market. Using lo-
cation technology, the familiar concept of a board game could be combined with the
sounds and graphics of computer games to create appealing interactive board games.
The location of playing pieces on a game board plays a role in such games. At a
larger scale, the location of an object or person in a room can be used as an input
modality for a computer-aided variant of the game of hide-and-seek, or for digital
interactive children’s stories. Mobile robots for entertainment, considered to be a
future growth market, need their location in a room to function properly.

2. Context-aware user interfaces.The ease-of-use and enjoyment-of-use of electronic
devices can be improved using context awareness. In the PHENOM scenarios for a
perceptive home, a mobile digital-photo-album device could detect screens located
nearby in the room. The album could then offer the option to the user to display
photos on these screens.

3. Tangible user interfaces.The user interface to in-home electronics can be more than
the traditional buttons, remote controls, or keyboard and mouse. Physical objects can
also be used as part of a user interface [77]. A user may initiate a certain function by
touching or moving a physical object. Location systems can help to determine the
location and movement of this object.
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1.1.2 Domestic healthcare

Another domain where location technology can be applied is domestic healthcare. Al-
though this domain was not investigated in the PHENOM project, it is an interesting domain
for applying location technology. Dishman [27] and Morris et al. [54] describe several
ways to apply computer and sensor technology to realize domestic healthcare systems, that
could ‘automate’ a part of the healthcare process and could stimulate well-being, in peo-
ple’s own homes. These applications, that are being investigated in the Proactive Health
research project, focus on elderly care and care for patients with Alzheimer’s disease. The
development of domestic healthcare technology is motivated [27] by ‘aging in place’ —
the wish of elderly people to live independently for as long as possible — , by the need to
relieve overburdened care-givers, and by the need to stop the increase of healthcare costs
caused by a growing elderly population.

A first type of application,activity monitoring, is the use of sensors to monitor the
daily life of an elderly person. The sensor data is processed by a computer, which extracts
behaviour patterns from the data. The computer may check if a person remains in good
health, or it may check for possible dangerous events, or it may even try to detect health
problems in an early stage [27]. If needed, the computer can send a warning to a third party
such as a person’s relative living far away [27], or a doctor. If an Alzheimer’s patient is
monitored, the computer could directly warn the patient’s partner in case of emergency.

A second type of application involves activity monitoring, but in addition a computer
communicates information directly to the person who is monitored. One example is a re-
minder system for Alzheimer’s patients, that helps the patient remember to drink regularly
[27] to prevent dehydration. A reminder system to help Alzheimer’s patients with the pro-
cedure of washing hands was described by Boger et al. [12]. Future reminder systems
could use the location of a patient in the home, together with context information (like time
of day, scheduled activities, presence of the partner), to give auditive hints or remarks that
are beneficial to the patient. For example, auditive remarks could provide a ‘user manual’
of the home for a patient that suffers from severe memory loss.

1.2 Requirements for consumer location systems

Until now, indoor location systems have mostly been designed for professional environ-
ments. But the new applications in domestic healthcare and consumer electronics create
the need for ‘consumer grade’ indoor location systems.

1.2.1 User requirements

Domestic users of a location system expect different things, compared to users at the work-
place. In this section a list of domestic users’ requirements is given, which is postulated
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here and assumed to hold for a majority of users. These requirements are listed with con-
sumer electronics applications in mind, not the domestic care applications. No exact re-
quirements are given here, because these heavily depend on the specific application. For
example, the price that a buyer is willing to pay for a location system depends on the per-
ceived benefit that the associated application(s) will offer. To arrive at exact requirements,
a specific application has to be developed further, and studies into user requirements would
have to be conducted for this application.

The following requirements for a location system are considered important, regardless
of the application:

1. Fit for its purpose. A user may not care about the performance specifications of a
location system, as long as he/she can enjoy the benefits of the associated application
without any unpleasant surprises. This general requirement may translate to system
requirements such as coverage area, robustness, update rate, and accuracy, in an
application-specific manner.

2. Low price. The price of a location system is a crucial factor for success on the
consumer electronics market. One interesting option to lower the hardware cost of a
location system, is to minimize the number of units of infrastructure.

3. Easy installation. Installing a location system should not require an expert. Prefer-
ably, it is an easy and fun task that can be performed by users themselves.

4. Minimal infrastructure. For many professional application domains, a location
system infrastructure can be large because it will be installed by professionals, it will
be integrated into the environment, and it does not need to look pretty. For consumer
applications however, a minimal infrastructure is required, for aesthetical reasons,
and to enable easy installation by consumers themselves.

5. Health. The location system should not emit signals that are harmful to people or
animals. The emitted signals should preferably not beperceivedas dangerous by the
user.

6. Privacy. The user’s privacy is a topic of discussion in location systems research
[37, 65, 71], where the main concern is that location information about users re-
sides in an infrastructure not owned by the user. For home environments, a different
privacy issue plays a role: users may not appreciate a location system that can be
‘eavesdropped’ by receivers outside the house.

7. Low maintenance. It is not acceptable if the location system requires calibration very
often, or if the batteries of mobile wireless devices need to be changed or charged
frequently.
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8. Upgradable, flexible. A location system that can be upgraded with new functionality
in a ‘plug-and-play’ manner may be attractive to consumers. For example, a user
buys a starter system at a low price, which can be upgraded to a full location system
at a later time.

1.2.2 Technical requirements

By combining the above user requirements with the requirements posed by a specific ap-
plication, the technical requirements for a location system can be obtained. The following
categories of technical requirements are discerned in this thesis:

1. Type of location information. A system may deliver different types of location in-
formation, for example 2D positions of people, or distances between devices, or the
(relative) movement trajectory of a device in 3D space. Some systems have to esti-
mate orientation as well.

2. Update ratefu; the number of updates per second of a position estimate that is
required.

3. Accuracy. The accuracy is defined as the difference (or expected difference) be-
tween a position estimate and the true position of an entity. Accuracy is a measure
of reliability. Because accuracy is a statistical variable in practice, the concepts of
mean accuracy, median accuracy, and 95% bound1 on the accuracy are often used in
location systems research.

4. Coverage area. The indoor floor space inm2, or alternatively the number of rooms,
that can be covered by the location system. Within the coverage area, the location
system should work according to its accuracy specification.

5. Battery life. For devices in the location system that are battery-powered, a certain
minimum number of hours or days of battery life may be required.

6. System hardware cost. The hardware cost influences the price of a mass-produced
consumer electronics product significantly. The cost should be sufficiently low to
ensure a low price on the market.

1.2.3 Requirements for Ambient Intelligence scenarios

What position accuracy and what type of location information should a consumer loca-
tion system provide? Initial requirements for both were found by analyzing scenarios for
future domestic applications where location plays a role. Such scenarios were produced
in the PHENOM project and in related projects in the field of Ambient Intelligence [1] at

1The 95% bound on the accuracy is a bounde, such that at least 95% of position estimates have error≤ e.
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Philips Research. The applications described in these scenarios often require that location,
orientation, or proximity (distance) is measured, but the type of information and required
accuracy varies a lot over scenarios. Yet, many location requirements could be grouped
into one of four typical cases: these are referred to asrequirements sets. Table 1.1 shows
the requirements sets that were found from scenario analyses, varying from low accuracy
(‘in which room is the person or device?’), medium accuracy around 1 m (‘in which part
of the room?’), to high centimeter-scale accuracy (‘at what coordinate in 3D space?’). The
table lists the requirements sets, the type of location information required in these sets, the
accuracy that is required, and finally the required coverage area.

Table 1.1: Four sets of distinct requirements for a location system, obtained by ana-
lyzing consumer application scenarios.

Set Set name Type of location Accuracy1 Coverage area
identifier information
R Which-room room identifier room-size house
D What-distance distance 10 – 100 cm room, or house
P-1m 1m position 2D or 3D position ≤ 1 m room, or house
P-HR Hi-res position 2D or 3D position 1 – 20 cm a table surface or

(limited) floor surface
1The accuracy value is an indication only. Because the accuracy of a position estimate
is a statistical variable, the values in the table do not represent the worst-case error of a
position estimate, but rather the 95% accuracy bound; so on average one out of 20 position
estimates may have a higher error.

The ‘entity’ that needs to be located is not one and the same in all application scenarios.
It can be a person, a device, an object [77], or even the hands or fingers of a person.

Other requirements

From the scenario analyses it was found that the update rate of position estimates does not
have to be very high in general. In the existing application area of virtual reality tracking for
example, a high update rate of 10 – 100 Hz may be required. For the domestic applications
that were analyzed, typically a rate of one position update per second, or less, is sufficient
for the applications categorized under the requirements sets R, D, and P-1m. For some
applications in the requirements set P-HR, a higher rate is needed.

In some scenarios, the positions of small wireless devices in the house have to be found.
From the scenario descriptions alone, it is not possible to extract firm requirements for the
battery life of these devices. But if many such devices exist in a home, it would be unac-
ceptable if batteries would have to be replaced each week. Depending on the application
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scenario, a battery life of hours up to years may be required. This is hard to obtain for a
device that is just a few cubic centimeters in size.

1.3 Location technologies

Ideally, a single location system in the home would provide all location information that
is needed by all applications. To see if a location technology or system exists that meets
the requirements of all four requirements sets, a survey of location technologies has been
conducted. The survey was aided by previous surveys of Borenstein [14] on mobile robotics
positioning, Hightower and Borriello [38] on location systems for ubiquitous computing,
and Rolland et al. [70] on virtual reality tracking.

1.3.1 Taxonomy

A taxonomy of location technologies is defined, based on the taxonomy in [70]. Location
technologies are categorized according to the physical principle (sometimes called a signal
domain) that is used and the type of measurement that is performed using this physical
principle. Table 1.2 lists the physical principles and measurement types.

1.3.2 Survey of location technologies

The location technologies and systems found in the literature can be classified into approx-
imately 25 combinations of a physical principle and a measurement type. Commercial lo-
cation systems found include the InterSense ultrasonic trackers [32], MIT ultrasonic robot
tracker [14], I-Ray EXACT RF tag system, the Pinpoint 3D-ID [84] RF system, Ascension
and Polhemus magnetic-field trackers, several laser range-finders and angle measurement
systems [14], Philips HiTag RF-ID technology, FLARE [18] RF pattern recognition sys-
tem, and GPS [41].

From the survey, another promising technology candidate is found for locating devices:
Ultra-Wide Band (UWB) radio waves [34, 53, 76]. With UWB radio hardware, it is possible
in principle to measure distances between devices with centimeter accuracy using RF time-
of-flight measurement. However, at the time this survey was done, UWB appeared as a
complex, still costly radio technology that was not yet mature. It was not even certain
at that time if UWB would be approved by the FCC for civilian use in the United States.
Ultrasound time-of-flight on the other hand, has been used for decades for accurate distance
measurements and is mature. This lead to the decision to investigate ultrasonic location
systems further.
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Table 1.2: Physical principles that can be used in a location system, and measure-
ment types that can be performed using these principles. A location system is often
characterized by one physical principle from the top box combined with one of the
measurement types in the bottom box. References to location systems in the literature
are shown on the right.

Physical principle References

Mechanical force [14, 32, 56]
Acoustic waves [2, 14, 32, 64, 68]
Electro-magnetic (EM) waves [58]
RF electro-magnetic waves [8, 11, 18, 41, 84]
Optical signals [3, 14]
Chemical signals
Thermal signals

Measurement type References

(Propagation) time [2, 14, 32, 41, 64, 68, 84]
Intensity, force, amplitude [11, 32, 56, 58]
Signal presence/absence (RF-ID systems)
Phase [14]
Frequency [58]
Angle (of an incoming signal) [14]
Pattern recognition [3, 8, 18, 56]
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1.3.3 Indoor ultrasonic location systems

Ultrasound time-of-flight is often used in indoor location systems to obtain high accuracy
of measured positions, although the accuracy varies between 0.1 – 50 cm depending on
the specific system. Because ultrasonic waves do not propagate through walls and other
obstacles, infrastructure needs to be installed in every room that is part of the intended
coverage area of an ultrasonic location system. This is a clear disadvantage of ultrasonic
systems compared to RF-based systems, that may cover several rooms or entire floors with
only a few base stations, for example the RADAR system [8].

Existing high-accuracy ultrasonic systems are the Bat [2], Constellation and others from
InterSense [32], Cricket [65], and the system by Randell and Muller [68]. Although the Bat
and Constellation systems for example can offer the high accuracy of requirement set P-HR
in Section 1.2.3, the large infrastructure required in a room and the associated installation
effort are disadvantages of these systems. All current systems require several units of in-
frastructure in a room, for example fixed to the ceiling. A minimum of three base stations
is required to calculate 3D positions of mobile devices in a room using the mathemati-
cal method oftrilateration [38, 49]. Usually more than three base stations are advised or
required [2, 32, 65, 68] to improve accuracy and reduce susceptibility to random measure-
ment errors. Moreover, the positions of base stations need to be measured accurately and
entered into the system at installation time, which is a high burden for a domestic user.

The required infrastructure and installation effort make existing ultrasonic location sys-
tems unsuitable for deployment in the home. They conflict with the user requirements that
a system should be easy to install, low-cost, and minimal in its infrastructure.

1.4 Towards minimal infrastructure

The requirements for easy installation, low cost, and minimal infrastructure led to the con-
cept of asingle-base-station 3D location system. Such a system measures the 3D coordi-
nates of one or more compact mobile devices in a room, using only a single base station.
A single base station (SBS) is the minimum of infrastructure, apart from no infrastructure
at all (bats and most mobile robots, for example, can navigate autonomously). One unit
is easier to install than multiple units, and if the base stations are mass produced it also
implies a lower system cost. Because ultrasound can not penetrate walls, an ultrasonic SBS
system would only cover one room of a house. However, additional SBS systems could be
installed in other rooms if necessary.

But using just a single base station comes at a cost: it is unlikely that centimeter-
accurate 3D position estimates can be obtained in an easy way, since existing state-of-
the-art systems obviously need a high number of base stations to obtain such accuracy.
Therefore, the accuracy goal is set less ambitious for the SBS ultrasonic location system
concept. It is decided to investigate an ultrasound SBS system that fulfills the requirements
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set P-1m, not the requirements set P-HR. Interestingly, a system that fulfills the set P-
1m can also fulfill the distance measurement requirements set D using hardly any extra
hardware. Even the requirements set R could be partly fulfilled by such a system, because
it would be able to detect if a device is present in the room or not. In case that multiple
rooms in a house contain a base station, the requirements in set R would be fully met.

A minimal-infrastructure location system is attractive, because it allows for a gradual
introduction of location technology in the home. A business model for gradual introduction
for example allows a user to initially buy a single base station for the living room. Later,
more base stations can be purchased for other rooms in the house. Perhaps the accuracy of
an existing system could even be enhanced at a later time, by adding a second base station
in the same room.

Requirements selection

For the remainder of this thesis, the requirements set P-1m is used as the reference set of
requirements that a SBS ultrasonic location system should conform to. The accuracy should
be 1 m or better for at least 95% of the 3D position estimates, and the coverage area should
extend over the entire living room in a house. The position estimate update rate should
be adaptive, which means that position updates are performed more often when required
by the application. However, the update rate is foreseen to be at most once per second,
fu = 1 Hz. The battery life of mobile devices is required to be at least one week of typical
operation, which includes short periods with a high update ratefu = 1 Hz, and longer
periods with a lower update rate or even zero update rate. Even though it is unknown what
a consumer would be willing to pay for a location system, the hardware cost is considered.
It is assumed that one base station should cost less than the currently popular WiFi (IEEE
802.11b) wireless ethernet base stations, which are a good example of infrastructure that
consumers install in their homes nowadays. A mobile device should cost less than a WiFi
module for mobile devices.

1.5 Single-base-station 3D position estimation

Two methods are considered in thesis to realize a single-base-station (SBS) ultrasonic 3D
location system. The first method makes use of information contained in acoustic reflec-
tions in a room, to estimate the 3D position of a mobile device. The second method makes
use of a transducer array, that can estimate the distance and direction of an acoustic source,
from which the 3D position of the source can be calculated.
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(a) Standard three-base-station location system

(b) Single-base-station location system that uses acoustic reflections

Figure 1.1: Illustrations of a room with (a) standard location system for estimating
the 3D position of a mobile device (MD), by measuring distances to three base sta-
tions (located near the ceiling), and (b) a system for estimating the 3D position of a
mobile device (MD) by measuring the distance to a single base station, and measuring
distances of acoustic reflections as well. Two acoustic reflections from the floor and a
wall are shown, although more reflections exist in practice.
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1.5.1 Acoustic reflections

A standard ultrasonic location system does not make use of acoustic reflections in a room. It
only uses the direct sound signal from a transmitter device to a receiver device, to calculate
the line-of-sight distance between these devices using the ultrasound time-of-flight method.
Figure 1.1(a) shows an impression of a standard location system installed in a box-shaped
room. The three base stations in this system are shown in three ceiling corners, and the
mobile device with unknown position is marked MD. The three lines correspond to the
line-of-sight propagation paths of three sound rays emitted by the base stations, of which
the distances can be measured using ultrasound time-of-flight.

In Fig. 1.1(b), the method of using acoustic reflections is depicted. Besides the direct
sound transmitted by the base station and received by the mobile device, acoustic reflec-
tions from the floor and from a wall are shown. Similar to the direct sound propagation
distances in Fig. 1.1(a), the distance of an acoustic reflection path can be measured using
ultrasound time-of-flight. Hence, it may be possible to calculate a mobile-device position
from these measured reflection distances, as if the reflections replace the signals transmitted
by physical base stations.

Although acoustic reflections are commonly used in robot navigation (e.g. [43, 86])
to measure a robot’s distance to the nearest wall or obstacle, the proposed use of multiple
reflections to estimate a 3D position has not been previously described in the literature.

1.5.2 Transducer arrays

A base station or mobile device in a location system can be equipped with more than one
ultrasound transducer. A group of two or more transducers can be designed to cooperate, or
act as atransducer array[89]. Using acoustic arrays, measurement techniques other than
plain time-of-flight distance measurement can be applied: a receiver array may determine
the direction-of-arrival of received acoustic signals, for example. Certain types of transmit-
ter arrays can steer the transmitted signal into a certain direction in 3D space, which may
help in determining the direction, and ultimately the position, of a mobile device.

1.6 Research goal

The goal of the research work described in this thesis is to realize a system that can es-
timate 3D positions of mobile devices, inside a room. The system should conform to the
user requirements for a domestic location system that were previously stated; in particular
the system should have a minimal infrastructure. Also, the system should conform to the
application requirements specified in Section 1.4; in particular it is required that 3D posi-
tions are estimated with an accuracy of 1 m or better for at least 95% of the estimates. The
research work involves acoustic modeling, development of position estimation methods,
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and experimental verification of the acoustic model and position estimation methods.

1.7 Overview of this thesis

The work described in this thesis aims to realize the single base station concept for indoor
3D position estimation. The main contribution of this thesis is the development of a method
for 3D position estimation based on acoustic reflections, in Chapters 4, 5, and 6. In addition,
a transducer array method is examined in Chapter 7. Figure 1.2 schematically shows the
relation between the thesis chapters, with the acoustic reflections approach represented by
the left branch and the transducer arrays method represented by the right branch. Chapter 2
provides an overview of the acoustics theory that is used throughout this thesis to model and
interpret the behaviour of ultrasound. It includes a model for ultrasound transducers, a room
model, and a discussion of the safety aspects regarding ultrasound. Chapter 3 then provides
an overview of ultrasonic location systems, and describes the various design parameters
that have to be chosen when designing one. It also proposes three architectures for single-
base-station ultrasonic location systems, each one having specific attractive properties. An
initial feasibility analysis is given for these architectures.

For position estimation using acoustic reflections, a thorough understanding of the
acoustic channel of a location system is needed. Chapter 4 develops a channel model
for this purpose. Next in Chapter 5, a method is presented for position estimation using
acoustic reflections. The method relies upon the channel model of Chapter 4. In Chapter 6,
the method is experimentally tested: first in ideal circumstances, and later in more realistic
circumstances. In Chapter 7 a method is developed for single-base-station position esti-
mation using a transducer array. Experiments are performed to test this method. Finally,
in Chapter 8 the two approaches to 3D position estimation are compared, conclusions are
given, and future research topics are proposed.



14 Chapter 1. Introduction

Chapter 3:  Ultrasound location system architectures

Single-base-station            (SBS)        ultrasonic location
systems

Chapter 2:  Acoustics theory

Chapter 7:  SBS
transducer array

method & experiments

Acoustic      reflections Transducer arrays

Chapter 4:  Acoustic
channel model

Chapter 5:  Acoustic
reflections method

Chapter 6:  Experiments

Chapter 8:  Conclusions

Figure 1.2: Diagram showing the chapters of this thesis, and how they relate to each
other.



Chapter 2

Acoustics theory

Acoustics theory can be used to develop a model of an acoustic location system and its
environment. This chapter provides an overview of all relevant acoustics theory, which is
used to construct a model of the acoustic channel of a location system. A model for the
acoustic channel is schematically shown in Fig. 2.1. The first block represents an acoustic
transmitter somewhere in a room, driven by an electrical signalu, the channel input signal.
This signal is converted to an acoustic signal which propagates through the room, where
acoustic reflections occur. A receiver elsewhere in the room receives the acoustic signal
and converts it to an electrical signaly, the channel output signal.

Transmitter Receiver

Output
signal
y(t)

Input
signal
u(t) Room

Figure 2.1: The acoustic channel model of an ultrasonic location system.

A detailed channel model is needed to understand the complicated acoustic phenomena
occurring inside a room. To illustrate the complex structure in an acoustic measurement,
a typical received signal is shown in Fig. 2.2. The signaly was measured in response to a
simple burst signalu of 0.15 ms time duration and center frequencyfc = 40 kHz, trans-
mitted at timet = 0. It can be observed that signaly contains a pattern of peaks, each
corresponding to the arrival of acoustic reflections at the receiver at different moments in
time. Without a model, this structure in an acoustic measurement can not be fully under-
stood, which makes it very hard to extract 3D position information from a measurement.

Although the elements of acoustics theory required for the channel model are contained
entirely in this chapter, the model itself is constructed and analyzed later in Chapter 4.
The channel model is subsequently used in Chapter 5 to develop methods for 3D position
estimation.

15
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Figure 2.2: Example of a received signaly.

In this chapter, Section 2.1 describes the various acoustic phenomena occurring inside
the room, while Section 2.2 discusses the transmitter and receiver transducers. Geometri-
cal acoustics theory for constructing a room acoustics model is presented in Section 2.3.
Finally, Section 2.4 looks at safety aspects of ultrasound in a domestic environment.

2.1 Basic acoustics

The acoustics theory presented in this section is focused towards typical indoor conditions.
These conditions are: air as a propagation medium, room temperatures, and an air pressure
around 1 Atmosphere. The acoustic frequency range under consideration is 20 – 100 kHz, a
part of the low ultrasound frequency range. Ultrasonic frequencies are defined in this thesis
as all frequenciesf ≥ 20 kHz. Under these conditions it is assumed that linear acoustics
theory [89] can be applied. In this chapter, an acoustic transmitter is often referred to as an
acousticsource, which is a term commonly used in the acoustics literature.

2.1.1 Acoustic time-of-flight distance measurement

The time-of-flight of acoustic signals is commonly used as a distance measurement method
in acoustic position estimation systems [38] and in distance measurement systems (for
example [23, 45]). A widely used method isone-way time-of-flight. Assume that at time
t0 an acoustic signal is emitted by a source S, and at timet1 the signal is received at
a receiver R. Then, the absolute distanced over which the acoustic signal traveled from
source to receiver is related to the acoustic signal’s time-of-flight∆t = t1 − t0 by d =
c∆t for speed of soundc. If the received signal is the direct sound signal, thend equals
the distance between both devices. Distanced is called the line-of-sight distance(LOS
distance), because the direct sound arrived over the line-of-sight path between transmitter
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and receiver.

However, a measurement of the time instantst0, t1 can often not be done directly. Typ-
ically the source and receiver are contained in separate devices, which both have a local
clock that performs timing measurements. Define these clocks as clk-S and clk-R for the
source and receiver, respectively. Assume that both clocks are jitter-free, but have a mutual
clock offset of∆tRS = tRi − tSi for i = 0, 1 which is typically non-zero and unknown.
The source S marks the timetS0 , the transmission time of the signal expressed relative to
clk-S. Some time∆t later, the receiver R marks the timetR1 , the time of signal reception
expressed relative to clk-R.

If the receiver R now wants to calculate∆t, it turns out that

∆t = tR1 − tR0

= tR1 − tS0 −∆tRS , (2.1)

so that R needs to knowtR0 , or alternatively the timetS0 and the offset∆tRS . Therefore,
some method is needed to collect this information at the receiver. Likewise a source S that
wants to calculate∆t will need to obtaintS1 , or alternativelytR1 and∆tRS .

Two approaches to solve the above problem are commonly used. The first isdirect

clock synchronization. In its basic incarnation, the source transmits a clock synchronization
signal to the receiver at timetS0 using a ‘fast’ medium M. The medium M is understood to
be one where the speed of signal propagationcM is much higher than that of the acoustic
medium,cM � c. The clock synchronization signal will arrive almost instantly compared
to the acoustic signal. Because receiver R can receive the ‘instant’ synchronization signal
over M, it thereby knowstR0 . Examples of suitable synchronization signals are RF signals,
infrared signals, or electrical signals over a wire, for whichcM ≈ 3 · 108 m/s.

The second approach to solve the problem of unknown transmission time, is via the
two-way time-of-flightor round-trip method. In this method, a receiver R responds to an
incoming acoustic signal at timetR1 by sending out an acoustic response signal at time
tR2 = tR1 + ∆tdl, where∆tdl ≥ 0 is a fixed known time delay. Source S meanwhile has
switched to acoustic reception mode, so it can record the time instanttS3 of the arrival of
the response signal. Now the source S may calculate∆t by taking half of theround trip

timeof the acoustic signal, or

∆t =
tS3 − tS0 −∆tdl

2
. (2.2)

2.1.2 Speed of sound in air

The speed of sound in airc depends on air temperature, air pressure, relative humidity,
and CO2 concentration. The quantityc is precisely calculated using thermodynamics and
ideal-gas laws in [19] for the temperature range of 0 – 30oC. For environments at room
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temperatures, the largest variation inc over time is caused by temperature changes [19].
This can be modeled by an approximate equation forc [46] as a function of temperatureT
in oC:

c(T ) = 331.4 + 0.60T. (2.3)

The approximation error forc is worst-case±0.26% for T between 0 – 30oC, with respect
to thermodynamics calculations using [19] at 50% relative humidity.

In typical indoor environments, the temperature is a functionT (t,x) of time t and 3D
positionx. Both position variation and time variation are caused by a combination of the
effects of indoor heating devices, air-conditioning devices, draft through open doors and
windows, and meteorological conditions (weather and season). Temperature variation over
time occurs at time scales from short (such as caused by a temporary gust of wind) to long
(such as changes in season). Becausec is an important variable in distance and position
calculations, a location system should have a sufficiently accurate estimate ofc available.
A location system can easily deal with variation over time by letting one of its base stations
measure the current temperatureT (t) and calculatec using Eq. 2.3.

The variation with position is not known in general, but a simplifying assumption is that
the measured temperature at a locationx0 represents the room temperature distribution well
enough,T (x0) ≈ T (x) for all x.

2.1.3 Acoustic attenuation over distance

An acoustic wave in air will be attenuated over distance, due to two effects. The first is
geometric spreading loss, the loss due to spreading of omnidirectionally radiated acoustic
energy over a progressively larger sphere surface. The second isabsorption loss, caused
by absorption of energy in air.

Geometric spreading loss

For the purpose of modeling geometric spreading loss, a configuration of a monopole
acoustic source in free space will be assumed. This is an idealized model of any location
system in which a source emits an acoustic signal. For an ideal omnidirectional monopole
source in homogeneous 3D space, it can be derived that the acoustic pressure is inversely
proportional to the distancer from the source. For the case of a harmonic acoustic source
the instantaneous acoustic pressurep(t) at a receiver at timet and distancer can be written
as [21]:

p(t, r) =
ρckQ

4πr
sin(ωt− kr + φ1)

= pmax(r) sin(ωt− kr + φ1) (2.4)
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whereρ is the density of air,c the speed of sound in air,k = 2π/λ the wave number,
λ = c/f the acoustic wavelength,Q the strength of the source in m3/s [21] andφ1 the
phase of the harmonic signal. The termpmax(r) is defined as the peak acoustic pressure at
a distancer from the source. It can be rewritten to

pmax(r) = p0
r0

r
(2.5)

which shows the geometric spreading loss as a function ofr. The term

p0 =
ρckQ

4πr0
(2.6)

is a reference peak pressure at a distancer0. The spreading loss can be expressed as an
attenuation factor

As(r) =
r0

r
, (2.7)

such that the peak acoustic pressure is the reference pressurep0 multiplied by the attenua-
tion factor,

pmax(r) = p0As(r) . (2.8)

Absorption loss

The atmospheric absorption of acoustic energy is caused by heat conduction, shear vis-
cosity, and ‘molecular relaxation losses associated with an exchange between molecular
translational and molecular rotational or vibrational energy’ [22]. The effect of these pro-
cesses can be summarized in one acoustic attenuation factor due to absorption, as a function
of distancer:

Aa(r, α) = 10−(1/20)αr , (2.9)

whereα is the air absorption coefficient [22] in dB/m. The value ofα depends on air
temperature, relative humidity, atmospheric pressure, and sound frequency. Equations to
calculateα are given in [40]. Figure 2.3(a) showsα as a function of sound frequencyf , for
four different temperaturesT , all for a relative humidity of 50%. Generally, the higher the
frequency of sound, the higher the absorption coefficientα. At a typical room temperature
of about 20oC, α ≈ 1.4 for 40 kHz ultrasound. Figure 2.3(b) showsα as a function of the
temperatureT , for f = 40 kHz, and for several values of the relative humidity RH. It can
be seen thatα drops significantly for dryer environments.

Absorption loss for broadband and narrowband signals

The absorption coefficientα has been considered up to now for an acoustic signal of a
single frequencyf , i.e. a sinusoid with a bandwidthB = 0. But becauseα is a function
of sound frequency, the medium of air constitutes a frequency-dependent filter [20] for
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acoustic signals of bandwidthB > 0. For such signals, the frequency-dependency could
be taken into account in an acoustic channel model. However, for narrowband acoustic
signals an approximation with a single valueα(fc), with fc the center frequency of the
acoustic signal, is desirable because a simpler acoustic channel model is obtained. In this
thesis, an approximation with a single valueα(fc) is used.

Total attenuation in air

The two attenuation effects can be combined into an expression for the peak acoustic pres-
sure at distancer, using Eqs. 2.8 and 2.9. This yields

pmax(r, α) = p0Aa(r, α)As(r) , (2.10)

wherep0 is a reference acoustic pressure at a distancer0. It is assumedp0 is known either
from calculating Eq. 2.6 or through a reference measurement.

2.1.4 Air currents and temperature gradients

Besides the attenuation effects in the previous section, there exist other causes of attenua-
tion that are not directly related to distance:air currentsandtemperature gradients. These
can cause significant attenuation and distortion of acoustic waves [20]. Air currents may
be turbulent, causing attenuation and (frequency-dependent) scattering of acoustic waves
[7, 21, 39].

In home environments, typical sources of (turbulent) air currents and temperature gradi-
ents are heating systems, fireplaces, ovens, water cookers, air-conditioners and open doors
and windows.

The effect of air currents and temperature gradients could be included in an acoustic
model if enough information about the air current sources and temperature gradient sources
is known. This information includes positions of the sources, how they operate in time
(i.e. switch on and off), and what specific air currents and temperatures they produce.
In the context of indoor location systems, such knowledge is generally not available so
these effects can not be readily included in a channel model. One solution to this problem
would be to model the effects of air currents and temperature gradients as a random noise
disturbance on the measured acoustic signal. A location system could even estimate the
level of this ‘noise’ from measurements.

In this thesis, a number of precautions are taken during measurements in a room, to as-
sure a situation where air currents and temperature gradients have negligible effect. These
precautions are: no heat sources, no direct sunlight in the room, and keeping doors and win-
dows closed. It can be verified through repeated measurements whether these precautions
are adequate. For the measurements in Chapter 6 such a verification method is used.
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In typical home environments on the contrary, air currents and temperature gradients
can not be ruled out. This problem is not further investigated in this thesis, but it certainly
deserves further attention if one would like to commercially deploy ultrasonic location
systems in typical home environments.

2.1.5 Geometrical acoustics versus wave acoustics

Acoustic models can be used to predict an acoustic impulse response of an enclosure, given
the positions of acoustic source(s) and receiver(s) within the enclosure and additional in-
formation about the size, shape and wall surface materials of the enclosure.

Two main approaches to acoustic modeling aregeometrical acousticstheory andwave

acousticstheory [22, 46]. Geometrical acoustics is an approximation to wave acoustics,
that is attractive because geometrical models are often simpler and faster to simulate on
computers. Therefore, many methods for acoustics simulation are based on geometrical
acoustics. In this approach, similar to geometrical optics, acoustic waves are assumed to
consist of collections ofraysthat travel in straight lines in air, only changing direction after
a reflection. Typical wave effects such as diffraction, scattering, interference and standing
waves are thereby ignored.

The geometrical acoustics approximation is correct if (1) the dimensions of the enclo-
sure are large compared to acoustic wavelengths, and (2) if broadband acoustic signals are
considered [80]. For the ultrasonic frequency range, wavelengthsλ < 1.8 cm, so the small-
est room dimensionL for typical rooms is indeed larger,L � λ. The second requirement
of broadband signals is intended to forbid the use of geometrical methods for analyzing
standing waves, which are caused by sinusoidal signals with a narrow bandwidth. The
signals considered relevant in this thesis for a location system do not contain stationary
sinusoids for time periods longer than∆tL = 2L/c, which is the wave’s two-way travel
time along the smallest room dimensionL. This implies that standing waves will not occur,
so all relevant signals can be considered broadband, and requirement (2) is satisfied.

Therefore, geometrical acoustics theory will be used as a basis for a room acoustics
model.

2.1.6 Reflection and refraction

A sound wave traveling in air that encounters a solid boundary medium will experience
reflectionandrefraction. A sound wave I, incident to a solid boundary, interacts with the
boundary by forming a reflected wave R and a transmitted (or refracted) wave T. Wave T
propagates into the solid medium. In most room acoustics models it is assumed that wave
T is absorbed in the solid medium, so it will not re-enter the room.

Although reflection and refraction are most accurately described by wave acoustics the-
ory, it is acceptable and common practice to use the simpler geometrical acoustics approxi-
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mation if the conditions specified in the previous section are met. In geometrical acoustics,
the law of specular reflection [22, 46] states that angle of ray incidenceθI and angle of
reflectionθR of an acoustic ray, with respect to the surface normal, are equal:θI = θR.
This holds for a perfect flat reflection boundary and homogeneous media.

An important property of a reflection is the loss of acoustic energy associated with it.
The amount of acoustic energy absorbed in the solid medium depends on angleθI , the
acoustic frequencyf , and on the surface material properties. In wave acoustics, a complex
pressure-amplitude reflection coefficientR(θI , f) can be defined [61] for homogeneous
media. It models the ratio of reflected wave complex amplitude to the incoming wave
complex amplitude for a wave of frequencyf . It is given by

R(θI , f) =
ζ(f) cos θI − 1
ζ(f) cos θI + 1

(2.11)

with the complex dimensionless ratioζ(f) defined as

ζ(f) =
Zs(f)

Z0
. (2.12)

Here,Z0 = ρ0c is the acoustic impedance of air for density of airρ0 and speed of sound in
air c, andZs(f) is the complex frequency-dependentspecific acoustic impedance[61] of
the solid boundary in kg/(m2s).

GivenR, it can be derived [61] that the fraction of incident acoustic energy that is
absorbed in the solid medium is given by theenergy absorption coefficientαE :

αE = 1− |R|2 . (2.13)

By definition, theenergy reflection coefficientρE will be

ρE = 1− αE = |R|2 . (2.14)

The (real)reflection factor

Γ(θI) = |R(θI , f0)| (2.15)

is defined here for convenience as the peak amplitude of reflected wave R divided by the
peak amplitude of incident wave I for one frequency of interestf0.

For typical ‘hard’ building materials like wood, gypsum, metals, plastic, and glass, the
impedance is much higher than that of air, so|ζ(f)| � 1, so thatΓ = |R| ≈ 1 for all θ.
So if an acoustic model needs to be constructed and knowledge about the specific surface
material is not available, a good estimate would beΓ = 1 for all room surfaces.

In the context of a consumer location system, it seems plausible that detailed knowledge
about surface reflection factors is not available. So in the channel model also one reflection
factor Γ will be used to model the average reflection factor for all surfaces of a room.
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Using a singleΓ for all surfaces allows a single expression of the total attenuation-due-to-
reflections factorAr for an acoustic ray that has reflected fromn surfaces:

Ar(Γ, n) = Γn (2.16)

The use of an average reflection factor has the benefits of simpler acoustic model calcula-
tions, and less parameters in the acoustic channel model.

Sources of error in the average-Γ reflection model. In practice many soft materials like
textiles, curtains and carpets can be present in a room that have absorbing and scattering
properties. This may lead to an effective valueΓ < 1. As a precaution, all experiments in
this thesis were performed in a room without such soft materials.

Also in practice the surface materials in a room are not perfectly flat. When the surface
irregularities have dimensions in the order of the acoustic wavelength, an incident acous-
tic ray will be reflected into many different directions, which is calleddiffuse reflection

[22]. When diffuse reflections dominate the specular reflection, analysis methods from ge-
ometrical acoustics become computationally infeasible [22], since not one ray is reflected
due to one incoming ray, but infinitely many are reflected. In this thesis all strong reflec-
tions are assumed to be specular, otherwise it would not be possible to model reflections
deterministically at all.

2.1.7 Diffraction

Diffraction [22] is a wave phenomenon that can be seen as the deflection or ‘bending’ of
waves, caused by an obstacle or by nonhomogeneity of a medium. In a standard geomet-
rical acoustics model, diffraction is ignored because sound propagation is by definition
assumed to be in straight rays only. Some extensions to geometrical acoustics models have
been proposed such as the geometrical theory of diffraction [31] to include diffraction to
some extent.

The reason that diffraction can often be ignored in a geometrical model is due to the
assumption of relatively short wavelengthλ � L, that underlies geometrical acoustics.
The shorter the wavelength, the lower the amplitude of diffracted waves at the receiver, the
more acceptable it is to simply assume that diffracted waves have zero amplitude. This can
be shown by using the approximate equations in [22] to calculate diffraction around a sharp-
edged screen (obstacle) for several frequencies. Figure 2.4(a) shows the configuration of
source S, receiver R, and a blocking screen B, where distancex can vary. Figure 2.4(b)
shows the resulting attenuation-due-to-diffractionAd at the receiver R as a function ofx,
for several sound frequencies in the range 1 – 100 kHz. It can be seen thatAd is indeed
higher for ultrasonic frequencies than for audible frequencies. Atf = 40 kHz for example,
Ad is already 20 dB or higher for anyx above 2 cm.
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(a) Configuration of source S and receiver R where an acoustic ray diffracts
around the edge of screen B
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Figure 2.4: Diffraction setup consisting of a sharp-edged screen, and attenuation due
to diffraction from [22].
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Another case where diffraction can be ignored is an acoustic room model of an empty
room shaped as a convex polygon, where no interior obstacles or edges exist to cause
diffraction. The box-shaped room, which is considered in Section 2.3, is convex.

Based on these two arguments, diffraction is not included in the channel model. How-
ever, in practice diffraction in a room does occur due to obstacles inside the room, or due
to protrusions or cavities in the walls and ceiling. The obstacles can be e.g. people, interior
walls and large furniture objects. It is shown here that at least the amplitudes of diffracted
acoustic waves will be low.

2.1.8 Acoustic noise

Like in the audible frequency range, acoustic background noise is present also in the ul-
trasonic frequency range. A receiver records this noise along with the intended acoustic
signal. It is assumed that a correct background noise model is the Additive White Gaussian
Noise (AWGN) model. The noise is additive to the acoustic signal inputu of the receiver.
Figure 2.5 shows the channel model with an additive white noise signaln. The level of

Figure 2.5: The acoustic channel model with acoustic noise signaln.

background noise in a room may vary due to the operation of nearby devices. Vacuum
cleaners, monitors and computers for example produce broadband acoustic noise in the au-
dible frequencies and higher. Luckily, in a location system the noise level can be estimated
from measurements, so that the system may adapt its operation (e.g. coverage area, update
rate) if necessary, based on the current noise level.

Because an acoustic wave attenuates over distance but the average background noise
level remains constant, the receiver signal-to-noise ratio (SNR) will decrease with increas-
ing distance of traveld of the acoustic wave. There is a distancedr called therangeof a
system, at which the receiver SNR has dropped to a minimum acceptable levelSNRmin.
Noise therefore places an upper limit ofdr on the transmitter-receiver separation distance.
Noise also limits the number of reflected rays that can be detected at the receiver, because
any acoustic reflection path of lengthd > dr can not be detected. The value ofdr depends
on the details of system implementation, but also on the room temperature and relative
humidity, which together influence the acoustic attenuation in air.
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A measure of acoustic background noise in an office room at the frequency of 40 kHz
has been obtained by recording a 50 ms sample of ultrasonic noise using a SQ-40-R [67]
ultrasonic transducer. The RMS acoustic noise pressure level of this sample was calculated
to be 44 dB (RE 20µPa).

Besides background AWGN, there may be occasionalimpulse noisesas well. Impulse
noise is caused by mechanical processes in the environment such as clapping of hands,
shaking of a bunch of keys, collisions and frictions between objects, and operation of elec-
tronic equipment. Impulse noise events generally have much higher power than background
noise, but occur only sporadically. In the channel model, impulse noises are therefore not
included. It is assumed that with proper countermeasures, impulse noise can be suppressed
such that it hardly affects the performance of the location system. One possible counter-
measure is recording a set of acoustic measurements sequentially, then detecting impulse
noise peaks by mutually comparing all the measurements in the set, and finally removing
the impulse noise. During the experiments in this thesis, impulse noises were avoided by
measuring in a silent environment.

2.2 Transducer model

The ultrasound transducers in a location system should be included in an acoustic channel
model, as they significantly influence the received signal. A transducer will be modeled
here by its impulse response. In this thesis, only piezoelectric ultrasound transducers [22,
69] are considered, although they can be substituted with any other type of transducer for
which an impulse response model is available.

2.2.1 Piezoelectric ultrasound transducers

A common design for piezo ultrasound transducers is a small disc (5 – 15 mm diameter)
of a piezoelectric crystal material, held in place by clamps. Two electrodes are attached to
the top and bottom of the disc respectively. The disc is embedded in a protective casing,
which can be an open or closed design. For an open casing the piezo crystal is protected
by a metal wire mesh, through which ultrasound can enter or leave the transducer. In a
closed casing the piezo element is fully shielded from the environment by a metal casing.
Ultrasonic vibrations have to propagate through the casing to enter or leave the transducer.

Figure 2.6 shows two model SQ-40 [67] 40 kHz ultrasound transducers, which have an
open casing design. Their casing diameter is 9 mm.

2.2.2 Linear model of a piezo transducer

Piezoelectric crystals behave as electro-mechanical resonators with a high quality factor
(Q). A piezo transducer can be conveniently modeled as a linear system [22] represented
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Figure 2.6: Two piezoelectric ultrasound transducers [67] with an open casing. The
1 Euro coin is shown for size comparison.

by an impulse responseh(t). A transmitter impulse response functionh can be convolved
with an electrical input signalu, yielding an acoustic pressure output signaly = h ∗ u. For
a receiver,u is an acoustic pressure input signal andy is an electrical output signal.

In the frequency domain the transfer functionH(f) of a transducer resembles a band-
pass filter centered around a resonance frequencyfr. ThereforeH can be represented in
terms of a low-pass filterE as:

H(f) = E(f + fr) . (2.17)

The transfer functionh of a transducer is not fixed, but depends on the piezo crystal’s tem-
perature, and on the time since manufacturing due to crystal depolarization over time. In
principle the temperature effect can be estimated using the current room temperature, a de-
tailed electro-mechanical model of the piezo transducer, and material type [69]. The effect
of depolarization occurs logarithmically with time [69], which means that after some ini-
tial time period of large changes, further changes are negligible. In practice, manufacturers
make sure that transducers are sufficiently stable at the moment of shipping. In datasheets
of ultrasound transducers the temperature effect is not modeled explicitly, and alsoh is not
specified. Instead, a single resonance frequencyfr is given with the expected variation in
fr, for example±1 kHz. This includes all variation due to temperature, aging, and manu-
facturing process variations. In this thesis,h is assumed to be constant for the temperature
range considered (around room temperature, 20 – 25oC).

Two methods can be used to obtain an impulse response model of a piezo transducer.
With this impulse response, the transducer’s response to arbitrary input signalsu can be pre-
dicted. The first method [22, 69] is to construct a parametric transducer model, composed of
electro-mechanical ‘circuit’ elements like masses, springs, resistors, and inductors. The pa-
rameters can be calculated using detailed knowledge of the transducer’s electro-mechanical
construction and properties. The second method is to directly measure the impulse response



2.2. Transducer model 29

of a transducer, or of a transmitter/receiver pair, by applying an approximate impulse signal
uδ and measuring outputyδ such thath ≈ yδ.

Instead of measuring an impulse responseh, a transducer’s responsey0 to a specific
stimulusu0 can also be measured. The received signaly0 can then be used directly in
further calculations without the need to calculatey0 = h ∗ u0.

In this thesis, the second method of measuring the impulse response will be used for
convenience. DefinehT(t) andhR(t) as the impulse response of a transmitter and a re-
ceiver, respectively. A measurement ofyδ provides the impulse responseh = hT ∗ hR of a
transducers pair.

2.2.3 Transducer beam pattern

Typical piezoelectric transducers are designed to have a narrow beam width. Transmitters
emit most acoustic energy from their front, in a narrow beam centered around the trans-
ducer’s normal axis. Receivers are most sensitive to sound waves impinging directly at the
front, along the transducer’s normal axis.

This direction-dependency of the transducer gain can be modeled by a beam pattern
function. The beam pattern for piezo transducers can be approximated by thenormalised

beam pattern functionfor a circular piston (i.e. thin disc) lying in the XY plane, derived in
[89]:

DN (f, θ, φ) = DN (f, φ) = 2
J1

(
2πa
λ sinφ

)
2πa
λ sinφ

(2.18)

whereJ1 is the first-order Bessel function of the first kind,f is frequency,λ = c/f is
wavelength,a is the disc radius,θ is the azimuthal angle of the direction vector in the XY
plane, andφ is the elevation angle of the direction vector. Note thatDN does not depend
onθ due to rotational symmetry of a disc.

Figure 2.7 graph(a) shows the beam patternDN as a function of angleφ, for radius
a = 3.77 mm andλ = 8.6 mm. These values hold for a Quantelec model SQ-40 40
kHz piezo transducer [67]. Negative angles are not shown, becauseDN (φ) = DN (−φ).
Another symmetry can be seen in the figure,DN (φ) = DN (π − φ), because a thin disc
is identical on both sides. This is not realistic however, as the piston model does not take
into account the attenuation of the transducer’s protective casing. The casing attenuates
the signal at the sides and the back of the transducer. An empirical raised-cosine function
with a single fit parameterK is used to model casing attenuation for the model SQ-40
transducers, yielding the raised-cosine damped piston beam pattern function:

DN,d(f, φ) = DN (f, φ)(1−K + K cos(φ)). (2.19)

Figure 2.7 graph(b) shows the damped piston model. To validate the model and select a
suitableK, measurements of the angle-dependent attenuation were performed. The dots
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Figure 2.8: A box-shaped room, the room coordinate system, and room dimensions
Lx, Ly, andLz.

and crosses in this figure mark the measurements for a transmitter and a receiver respec-
tively. The radius valuea and parameterK are used as fit parameters, and the least squares
error of Eq. 2.19 with respect to the measurements are calculated for several parameter val-
ues. A minimum error is found fora = 3.17 mm andK = 0.47. On average, the empirical
damped model matches the measurements well.

In practical ultrasonic location systems, the transducers are always integrated into larger
devices. In this case the effect of the additional device casing has to be taken into account
in the transducers model.

2.3 Room model

In this section, a room model of a box-shaped room (i.e. a right parallelepiped) is developed
based on geometrical acoustics. In Section 2.1.5, the choice for geometrical acoustics to
construct a room model is motivated. Figure 2.8 shows the box-shaped room, its coordinate
system axesx, y, z, and the room dimensionsLx, Ly, Lz.

2.3.1 Image method versus ray tracing

Two geometrical acoustics methods for calculating the impulse response of a room are the
image methodandray tracing[46, 80]. There also exist image/ray tracing hybrid methods.
The image method has an advantage over the ray tracing method in being more exact [15]
and guaranteeing that all specular paths up to a given order will be found. A disadvantage
is the exponentially growing number of computations required to construct higher-order



32 Chapter 2. Acoustics theory

reflections [15, 80]. An example in Vorländer [80] shows that the image method is com-
putationally most efficient in calculating the impulse response for short time durations, but
for longer durations, ray tracing becomes most efficient. Allen and Berkley [6] show that
for an empty box-shaped room the image method provides a solution that can be computed
efficiently for short time durations, and that ‘the solution approaches an exact solution of
the wave equation, as the walls of the room become rigid’.

As will be shown later in Chapter 5, only a relatively short first interval of the room
impulse response is required in room model calculations. This fact makes the image method
as given in [6] preferable to ray tracing because the image method is efficient to implement
and approximates the true impulse response better than ray tracing methods. If rooms
of other shapes such as an L-shape have to simulated, ray tracing may be more efficient,
although the image method can handle arbitrary polyhedron room volumes [15].

2.3.2 The image method for a box-shaped room

The image method considers acoustic reflections from room surfaces as emissions from
equivalentimage sourcesthat are located outside the physical room boundaries. Applica-
tion of the image method to several geometries is described in [6, 15, 31, 44, 46, 80]. The
image method considers walls to be perfectly smooth and rigid, so reflections are entirely
specular (not diffuse).

As an example, a schematic 2D top view of a room, containing one source and one
receiver, is shown in Fig. 2.9. The source emits a direct acoustic ray towards the receiver
along the line-of-sight (LOS) path, but sound also reflects from the walls and arrives at the
receiver indirectly. Two such reflected acoustic rays are shown in the figure. These rays
can be modeled as emissions from two image sources, also shown in the figure. The image
sources 1, 2 are constructed by mirroring the source onto the top and right room boundaries
respectively.

The two image sources 1, 2 are said to be oforder one orfirst order, because each
represents an acoustic ray path that has reflected once against a room surface. An image
source that represents an acoustic ray path that has reflected against two room surfaces is
of order two, etcetera.

In the image method, a first-order image source is constructed using a mirroring oper-
ation of the acoustic source onto one of the room surfaces, so there will be six first-order
image sources in total. Similarly an ordern image source is constructed using a mirroring
operation of an ordern−1 image source onto one of the room surfaces. Figure 2.10 shows
again the room with source and receiver. Four first-order image sources, five second-order
image sources, and two third-order image source are shown.
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Figure 2.9: Schematic 2D top view of a room, containing one acoustic source (?) and
one receiver (◦). The direct sound ray is shown. Two acoustic reflections (arrows) and
associated image sources (×) are also shown.

Image-source positions

Although the image sources can be constructed using the above recursive mirroring pro-
cedure, a simpler approach exists for box-shaped rooms. Allen and Berkley [6] derive
equations for calculating the positions of image sources, for given source position in a
box-shaped room. The resulting equations are repeated here using a slightly different no-
tation for convenience. Let a source be at 3D positionxS, a receiver at positionxR and
let the room dimensions beL = (Lx, Ly, Lz). Let pp represent eight vectors for integers
p = 0...7 given by the eight permutations over± of

pp = (±1,±1,±1) . (2.20)

Eachpp can be viewed as a binary number representation ofp, for binary digits+1/ − 1,
i.e. p0 = (1, 1, 1). DefineRp as the element-wise product ofxS and a vectorpp:

Rp = pp · xS. (2.21)

One special case isR0 = xS. Define vectorr as the integer triplet(rx, ry, rz), and define
vector

Rr = 2 r · L = 2(rxLx, ryLy, rzLz) (2.22)
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Figure 2.10: Top view of a room with an acoustic source and receiver. A number of
image sources (×) are shown, marked with their respective ordern. Dashed grid lines
are shown as a visual aid.
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Figure 2.11: Top view of a room with source and receiver, showing a number of image
sources and their corresponding vectorsp. Four pointsRr are also shown. Dashed
grid lines are shown as a visual aid.
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for all r ∈ N3. Using these definitions, an expression for the positions of all image sources
in the room is given by:

xI(p, r) = Rp + Rr (2.23)

for all p andr as defined. This includes as a special case the acoustic source position itself,
xI(0,0) = xS. Equation 2.23 does not depend on the receiver positionxR. Figure 2.11
shows again the example image sources, which are now labelled with the corresponding
vectorspp. Four pointsRr are shown in the figure, withRr = 2(rxLx, ryLy, 0) · L, for
rx, ry either zero or one.

For a given receiver positionxR, each image source has a distance to the receiver of

d(p, r) = |xI(p, r)− xR|. (2.24)

The infinite setD contains distances from all image sources to the receiver:

D = {d(p, r)
∣∣∀p,∀r}. (2.25)

These distances correspond to the distances over which the individual acoustic rays travel
from source to receiver.

Image source orientations

In [6] only omnidirectional sources are considered, so orientation of a source or receiver
is ignored. Due to the directionality of ultrasound transducers, orientation has to be added
to the room model. LetvS be the orientation vector of the source andvR the orientation
vector of the receiver. The orientation of any image source will then be one of eight possible
permutations ofvS:

vI(p, r) = pp · vS (2.26)

which corresponds to flipping the source direction vector along zero or more of the axes
x, y, z.

Image source order

For any image sourcexI = (xI , yI , zI) the ordern can be calculated by

n = b
∣∣ xI

Lx

∣∣c+ b
∣∣ yI

Ly

∣∣c+ b
∣∣ zI

Lz

∣∣c (2.27)

wherebxc is the integer floor function.

Finite number of image sources. To obtain a computationally feasible room model, the
number of image sources should be finite. This can be achieved by taking a subset of all
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image sources, based on a certain criterion. A first criterion is to include only the image
sources up to some maximum ordernmax.

A second criterion is to limit the number of image sources by constraining the distances
in setD of Eq. 2.25 to a maximumdmax, such that a finite setD′ = {d ∈ D|d ≤ dmax}
is obtained. This is justified if knowledge of the impulse response in the time interval
< dmax/c,∞ > is not required. Note that the contents of setD depend on the receiver
positionxR in this case.

2.3.3 Room impulse response

In Allen and Berkley [6] the distances of Eq. 2.24 are used in an expression for the room
impulse responsehRM of a box-shaped room, for audible sound frequencies, one omnidi-
rectional source, one omnidirectional receiver, and rigid boundary surfaces. The expression
is:

hRM(t,xS,xR) =
∑
∀p

∑
∀r

δ[t− (d(p, r)/c)]
4πd(p, r)

(2.28)

which can also be written using Eq. 2.25 as:

hRM(t,xS,xR) =
∑
d∈D

δ[t− d/c]
4πd

. (2.29)

The impulse response is a sum of decaying delta function ‘peaks’ at timest = d/c, which
are the times-of-arrival of acoustic reflections at the receiver. Figure 2.12 shows an example
room impulse response, for omnidirectional transducers with unit gain. For a more realistic
room model, extensions of the above room model are needed to account for directional
transducers and for surface reflections. These extensions will be presented in Chapter 4.

2.3.4 Average reflection density

For a box-shaped room of volumeV , the number of image sources within a radiusr of
the room coordinate origin is asymptotically equal toN = (4π/3)r3/V [72]. A sim-
ilar relation will asymptotically hold for a radiusr around the receiver. The derivative
(∂N/∂r) ∝ r2 shows that the number of additional image sources grows rapidly whenr

is increased, which can be observed in Fig. 2.12 as an increase over time in the number of
reflections arriving at the receiver.

For each specific configuration (of room, source and receiver) the distribution of re-
flections in time will be different. However, a theoretical average time interval between
successive reflections as a function of the timet after a source emission can be derived [72]
for a box-shaped room:

∆t =
V

4πc3t2
, (2.30)
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Figure 2.12: Example of a room impulse response. The y-axis represents amplitude
relative to (‘RE’) a reference situation of unity amplitude for 1 m separation between
source and receiver. The ‘poles’ represent Diracδ functions. The first pole is due to
the direct sound arriving at the receiver along the line-of-sight (LOS) path.

regardless of source and receiver positions. Note that it may be useful to express the average
distance between reflections as an average path length difference∆d, using

∆d = c∆t (2.31)

for speed of soundc. Figure 2.13 shows∆t as a solid line as a function oft, for a room
volumeV = 85.3 m3 which is the volume of a test room used for experiments in Chapter
6. A cloud of dots is also shown in the figure; each dot represents the arrival of an acoustic
reflection at the receiver. A dot’s position at the x-axis marks the time-of-arrival of the
acoustic reflection. Its position at the y-axis marks the time delay∆t until the arrival of the
next reflection. The dots in the figure were calculated using the image method, with source
and receiver at arbitrarily chosen positions in the test room. The average∆t of the dots can
be expected to converge to the solid line, the theoretical average of Eq. 2.30.

This relation can be used to determine a time interval[0, tmax] of interest, in which the
incoming reflections are separated ‘well enough’ to distinguish them individually. When
∆t becomes too small fort > tmax, the reflected bursts start to overlap, causing mutual
interference.
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Figure 2.13: The time∆t between reflections arriving at a receiver as a function of
time t after signal emission. The solid line shows the theoretical average∆t. The dots
(·) show individual values of∆t per reflection, calculated for a test-room configura-
tion.

2.4 Health and safety aspects of ultrasound

Ultrasound can not be perceived by the human ear, so ultrasonic location systems do not
cause acoustic annoyance to people. However, the imperceptible ultrasonic waves can
pose an ‘invisible’ health risk to people, because ultrasound can damage human hearing
[47]. To prevent this damage, safety limits exist for human exposure to very high audible
frequencies and ultrasonic frequencies.

This section provides an overview of human safety aspects and exposure limits. Fur-
thermore the effect of ultrasound on animals is considered, because a home environment
may be the home of pets as well.

2.4.1 Human exposure limits

Lawton [47] conducted a review of the research regarding safety of high frequency acoustic
waves, and of current safety limits and standards. Lawton concludes that too little scientific
work has been done to be able to recommend firm exposure limits.

Nevertheless, the ultrasound exposure limits that are considered standard are used in
this thesis as a guideline. For 40 kHz ultrasound, selected recommendations set out by
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Table 2.1: Maximum Permissible Levels of exposure to 40 kHz ultrasound, set out by
various organizations.

Organization (publication year) Max. SPL (dB)
International Labour Office (1977) 110
American Governmental Industrial Hygienists (1979) 110
World Health Organization (1982) 85 – 115
Internat. Radiation Protection Association, IRPA (1984)

-occupational exposure 110
-general public 100

national and international organizations as presented by Lawton [47] are listed in Table
2.1. The second column lists the recommended Maximum Permissible Level as a one-third-
octave band Sound Pressure Level (SPL) in dB relative to 20µPa. These exposure limits
are mostly intended to prevent hearing damage of workers in an industrial environment.
The SPL limits are set such that workers receive an acceptable daily dose of ultrasonic
energy for an eight-hour working day with continuous exposure to ultrasound.

For the work in this thesis, the IRPA exposure limit of 100 dB is adopted, which is
intended for the general public.

2.4.2 Animal exposure to ultrasound

Although ultrasound is imperceptible to humans, it is perceived by many animal species.
Most domestic mammals have better hearing than humans in the 20 – 100 kHz ultrasound
frequency range. For a domestic ultrasonic location system, it is vital that the acoustic
emissions of the system do not cause annoyance, pain, or hearing loss to domestic animals.
Typical domestic mammals with excellent hearing are cats, dogs, and rodents (e.g. rats,
mice, gerbils, cavias, chinchillas).

Fay [30] compiled a vast amount of research data on the hearing capabilities of ani-
mals. An important parameter of hearing is the detection threshold, which is (for a certain
frequency) the minimum sound pressure level that an animal is able to perceive. Related
to this parameter is thesensation level, the level of an acoustic signal in dB relative to the
detection threshold. However, data on the sound pressure levels at which an animal starts
to be annoyed or stressed, starts to experience pain, or develops hearing damage, are not
listed in [30]. Therefore, only the question of whether animals perceive the signals of a
location system will be considered here.

The frequency content and characteristics over time of an acoustic signal may also de-
termine whether an acoustic signal is annoying, or not. Fay [30] reports on thetemporal

summationeffect for cats and dogs, which implies that the sensation level decreases ap-
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proximately 10 dB for each ten-fold decrease in the time duration of an acoustic signal. So
at least low-duty-cycle acoustic burst signals, typically sent by acoustic location systems,
will be perceived by an animal less easily than a continuous tone.

To find out if domestic animals are able to hear the acoustic signals of a location system,
the detection thresholds for cats, mice, and dogs are plotted in Fig. 2.14. The mouse is
chosen to represent all rodents, because the detection thresholds at 40 kHz for rodents
are similar. This threshold is estimated for 40 kHz signals of 1 ms duration, using the
data from Fay [30]. The measurements compiled by Fay are incomplete in many cases.
This is solved by interpolation between data points in the graphs in [30]. The detection
threshold measurements are also inconsistent in many cases, which is solved by taking for
each animal species the lowest reported detection threshold value.

In the same figure, also the sound pressure level generated by an SQ40-T ultrasound
transmitter [67] is shown, as a function of the propagation distance of the signal. Two
graphs are shown: (a) a transmitter driven at its maximum voltage of 14 V, and (b) a
transmitter driven at 3 V, which is the voltage as used in this thesis for experiments.

By comparing graph (b) to the detection thresholds it can be concluded that cats and
rodents will likely perceive the acoustic signals used in this thesis throughout a room, while
dogs could perceive these signals if they are closer than 2.5 m to the transmitter. Because
it is not clear how domestic animals experience such signals, it is advised as a precaution
to place an ultrasound transmitter not too close to animals.
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Figure 2.14: The sound pressure level as a function of propagation distance, calcu-
lated for an SQ40-T transmitter [67]. Two distinct driving voltages of (a) 14 V and
(b) 3 V are shown. Dashed lines represent hearing detection thresholds for cats, mice,
and dogs, obtained from [30], for a 40 kHz signal of 1 ms time duration. The IRPA
100 dB human safety limit is also marked.



Chapter 3

Ultrasonic location system
architectures

3.1 Overview

A large variety of indoor ultrasonic location systems is described in the literature. Several
systems offered by commercial vendors also employ ultrasound technology. The variety in
conceivable ultrasonic location systems, those that have not yet been built, is even greater.
This chapter aims to provide insight into this wide variety, by analyzing possible design
options for location systems on the one hand, and proposing concrete location system ar-
chitectures on the other hand.

A system architecture is in general understood to be a system’s conceptual description,
that shows the components in the system and how they interact. Regardless of the specific
choices for a system architecture, a model for an ultrasonic location system (ULS) can be
defined that captures the common elements of all ultrasonic location systems considered in
this thesis. This ULS model specifies at least two devices, one base station and one mobile
device. Figure 3.1 visualizes the ULS model for the simplest case of two devices. Each
device contains at least one ultrasound transducer (transmitter and/or receiver) that allows
the device to send and/or receive ultrasonic signals. The signals propagate through the
acoustic channel from device A to B or vice versa. The channel represents the combined
effects of the ultrasound transducers and the room.

Either one of the two devices is the mobile device, with its position to be estimated. De-
vice B eventually collects the received acoustic signals, which contain information about
the position of the mobile device, and sends them to the position estimator. Finally, the re-
sulting position estimate is sent to the application software, that needs to know the location
of the mobile device. Note that the position estimator and the application software may be

43
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Figure 3.1: Model of a two-device Ultrasonic Location System (ULS).

located at any computing device, possibly at device A or B.

The position estimator and its algorithms are discussed in detail in Chapter 5. Because
the position estimator proposed there needs a model of the acoustic channel, Chapter 4
introduces an acoustic channel model. If we look into a location system architecture in
more detail, there are several important design decisions ordesign parametersthat deserve
further attention. Together, these parameters specify a system’s overall design.

3.2 Design parameters

The design parameters for a location system must be chosen such, that the location system
will meet its requirements. The requirements for a location system were discussed in Chap-
ter 1 and were found to vary widely, depending on the application. Therefore, a specific set
of requirements will not be assumed in this section, but an overview is given of possible
choices for the design parameters. This framework of design parameters will be applied in
Section 3.3, to arrive at three specific ULS architectures of interest.

The following design parameters are introduced in the Sections 3.2.1 – 3.2.5 below: the
number of devices in the system, the transmitter/receiver roles of these devices, the num-
ber of transducers per device, non-acoustic communication schemes, the point of position
calculation, and other parameters.

3.2.1 Number of devices

The number (or expected number) of devices in a system is a first important parameter of a
location system architecture. We will examine here the number of base stations (BSs), i.e.
units of infrastructure, per room, and the number of mobile devices (MDs) per room. The
number of ultrasound transducers in each device is not yet considered.
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Number of base stations per room

For the number of base stations per room, the following cases are considered:

• 0 BS — Location systems with zero base stations (or, no infrastructure) can be found
in the application domain of robotics [14]. Often, a robot has to find its way in
an environment relying only on its on-board sensors. Such sensor systems can be
passive, for example computer vision [62], or active, for example ultrasonic trans-
missions [85]. For non-robotic indoor location systems this possibility has not been
investigated yet in the literature.

• 1 BS — Location systems with a single base station for 3D position estimation are
the topic of this thesis. Note that location systems for detecting only the presence of
a device in a room, using a single base station per room, have already been described
in the literature [64, 81].

• 2 BS — Location systems with two base stations can be used for 2D position esti-
mation in a room. Such systems are not used for 3D position estimation, because
a minimum of three (or sometimes four) base stations is required for trilateration
position estimation methods (Section 1.3.3) if each base station contains just one
ultrasound transducer.

• ≥ 3 BS — Location systems with three or more base stations per room are well
studied. More than three or four base stations in the infrastructure may increase the
probability of a good line-of-sight path between a mobile device and a subset of
base stations, as in [2, 32] for example. This helps to improve the average position
estimation accuracy.

Number of mobile devices per room

Although dedicated location systems exist that have to locate only a single mobile device,
most systems are designed to locate multiple mobile devices simultaneously. Typically the
number of active devices in a room varies over time, as devices enter or leave the room, or
devices are switched on and off. To distinguish mobile devices from each other, a location
system often measures not only the position but also the identity of a mobile device.

3.2.2 Acoustic transmitter and receiver roles

Each device in an acoustic location system, whether base station or mobile device, has three
possible roles in its use of acoustic signals:

1. T — The device is an acoustic transmitter (i.e. source) only.

2. R — the device is an acoustic receiver only.
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3. T/R — the device acts as both acoustic transmitter and receiver. The device may
transmit and receive at the same time, or it may switch between the transmitter/receiver
roles over time.

For the purpose of further analysis, it is assumed here that all base stations act according
to one of the three roles above, and all mobile devices also act according to one of the
three roles above. (Such uniformity in the roles of devices is found in almost all location
systems.) In total this yields 9 possible schemes of acoustic transmitter/receiver roles for a
location system. Table 3.1 shows a taxonomy of the three most useful schemes out of these
nine. The last column provides references to previous work on location systems, in which a
choice has been made for either Scheme 1 or Scheme 2. Scheme 3, with a T/R role for both
the base station and for the mobile device has not been used in any of the systems found in
the literature. Later in Section 3.3.3 an architecture will be proposed, that does make use
of Scheme 3.

The taxonomy does not consider how acoustic transmissions are initiated, and by what
device(s). For example, in systems of Scheme 3 the base station could perform a request-
response protocol, that is transmit an acoustic ‘request’ signal, triggering an acoustic re-
sponse of one or more mobile devices. But a reversed protocol, where the mobile device
performs the request, is also possible.

Table 3.1: Taxonomy of acoustic location systems, consisting of three schemes of
acoustic transmitter/receiver roles of the base station(s) (BS) and mobile device(s)
(MD) in the system.

Scheme BS role MD role Description Refs.
number

1 T - - R Transmitting BS(s) [5, 32, 37,
65, 68, 73]

2 - R T - Transmitting MD(s) [2, 36]

3 T R T R Transmitting MD(s) and BS(s)

3.2.3 Number of transducers per device

A base station or mobile device in an acoustic location system may contain more than one
acoustic transducer. Although one transducer would make a device the most simple, the
cheapest, and the smallest in size, a multiple number of transducersNt > 1 may be used
for the following purposes:

1. To implement an acoustic array. A transmitter array can be used for beam steering
[89], while a receiver array can be used to measure the direction of incoming acoustic
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signals, or for beam forming [89], using phase differences between the signals from
individual receiver transducers.

2. To improve the directionality of transmission or reception of acoustic signals. For ex-
ample, multiple transducers can be attached to multiple sides of a device to increase
the power of the transmitted signal for certain directions.

Table 3.2 shows the number of transducersNt for a base station in the first column, and
for a mobile device in the second column. Several corresponding location systems found
in the literature are listed in the third column.

Table 3.2: Number of transducersNt embedded in base stations (BS) and mobile
devices (MD), for several location systems in the literature.

BSNt MD Nt References
1 1 [2, 5, 36, 37, 65]
1 ≥2 [73]
4 1 [68]
0 4 Robot navigation [85]

3.2.4 Additional non-acoustic communication channel

A typical feature that is often present in acoustic location systems is an additional non-
acoustic wireless communication channel. The two types of communication channel that
are used in practice are RF as in [2, 68, 65] and infrared (IR) as in [32]. Such a communi-
cation channel may be used for one or more of the following purposes:

1. Clock synchronization between the base station and mobile device. This is required
for one-way time-of-flight measurements, as explained in Section 2.1.1. In this case
the system exploits the fact that signals over the non-acoustic communication chan-
nel travel orders of magnitude faster than the speed of sound.

2. Communicating information about the identity of a device. For mobile devices, this
is needed to distinguish them if two or more mobile devices are present in a space.
For two or more base stations, a similar argument holds.

3. Communicating information about the position of a mobile device. For example,
a base station may request a mobile device to supply information about its current
position over the communication channel.
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4. Communicating other information. An example is a mobile device that communi-
cates inertial movement data about itself to a base station, which may help in deter-
mining the mobile-device position.

Note that the communication required for purposes 2 – 4 could also be performed over
the acoustic communication channel. A device may have different roles in handling non-
acoustic communication:

1. None — There is no additional non-acoustic communication channel.

2. T — The device is a transmitter only.

3. R — The device is a receiver only.

4. T/R — The device may act as both transmitter and receiver. In this case, the device
may communicate bidirectionally, or may switch between the transmitter/receiver
roles.

Table 3.3 shows a taxonomy of schemes for the roles of devices regarding the additional
non-acoustic communication channel. The columns of the table are similar to the previous
Table 3.1. Now, only the four schemes are shown that have been used in location systems
described in the literature. The references to these location systems are given in the last
column. Scheme 0 is attractive because there is no need for extra hardware for the addi-
tional communications capability. The T/R role for the base station is sometimes used for
systems with several base stations, because communication between base stations makes
mutual coordination possible; for example to guarantee that multiple base stations have
collision-free access to the acoustic medium.

Table 3.3: Taxonomy of four schemes of additional non-acoustic wireless communi-
cation in acoustic location systems, with various transmitter/receiver roles of the base
station(s) (BS) and mobile device(s) (MD).

Scheme BS role MD role Description Refs.
number

0 - - - - No additional communication
channel

[5, 37]

1 T - - R Transmitting BS(s) [2, 68]
2 - R T - Transmitting MD(s) [32]

3 T R - R Transmitting BSs; BSs
communicate amongst
themselves.

[37, 65, 73]
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3.2.5 Point of position calculation

The specific point in a system where position estimates are calculated, is an important
design parameter. This choice indirectly influences various aspects such as required com-
munication links, user privacy, power consumption of mobile devices, system cost, and the
update rate of position estimates. There are two options for the point of position calcula-
tion:

1. Position calculation in the mobile device itself. The device calculates its own position
based on its own measurements.

2. Position calculation in the infrastructure. The calculations are done by a base station
or by a computer that communicates with the base station(s).

If the mobile-device position is calculated in the mobile device itself, it may subsequently
send its calculated position to the infrastructure over a communication link, if that infor-
mation is required there. If on the other hand the mobile-device position is calculated in
the infrastructure, the calculated position may be sent to a particular mobile device, if the
mobile device needs that information.

When the infrastructure is not owned by a single user but by a company or institution,
the first option has better potential to protect user privacy [71], as a user’s mobile device
has control over its own location information.

3.2.6 Other design parameters

Although the most important design parameters for an acoustic location system architec-
ture have been introduced in the five previous sections, two other parameters are worth
mentioning here.

Ultrasound transducer type and acoustic frequency. In this thesis, narrowband piezo-
electric ultrasound transducers at 40 kHz are considered only. Yet the methods of this
thesis could be used with other types of transducers, or with other acoustic frequencies,
as well. However, if acoustic transducers are used instead of narrowband transducers,
the broadband acoustic signals should conform to the assumptions about the acoustic sig-
nal bandwidth that are found throughout Chapter 2. See Hazas and Ward [36, 37] for an
investigation into the use of broadband transducers in a location system.

Combining time-of-flight measurements with acceleration data. By combining ultra-
sound time-of-flight position estimates with motion estimates obtained from inertial sen-
sors in the mobile device, the latency and accuracy of an ultrasonic location system can
be improved. This is shown for example in Foxlin et al. [32] where a millimeter-accurate
location system is described.
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Figure 3.2: Architecture A — The active base station transmits RF and ultrasound
signals simultaneously. Each mobile device calculates its own position, based on the
received signals.

3.3 Selected location system architectures

A vast number of location system architectures can be obtained, by trying combinations
of the design parameters presented in the previous section. But not all architectures are
equally attractive. In this section, three single-base-station architectures will be proposed
that each have specific attractive features. Depending on the requirements, one of these
architectures may be a good candidate architecture for developing an ultrasonic location
system. A choice between these three is not made, because the position estimation methods
in this thesis are applicable to all three architectures.

The three architectures are referred to as A, B, and C, and will be introduced next
in Sections 3.3.1, 3.3.2, and 3.3.3. Table 3.4 summarizes the design decisions for the
three architectures, and also lists their special features. The first column lists the design
parameters of Sections 3.2.1 to 3.2.5, and the remaining three columns list the parameter
choice for architectures A, B, and C, respectively. The numbers in brackets in column
one refer to the section numbers that describe the parameter in more detail. Note that all
devices in the proposed architectures contain just one ultrasound transducer. The possibility
of multiple transducers in devices, though interesting, is not considered in this section.

3.3.1 Architecture A — Private, scalable system

The architecture A is designed for user privacy and scalability. The system architecture is
depicted in Fig. 3.2 for one base station and one mobile device. It features an active base
station that transmits both acoustic signals and non-acoustic RF communication signals.
The mobile devices receive these signals, but they do not transmit anything themselves.
The base station transmits the acoustic and RF signals at the same moment in time. A
mobile device measures both signals, and is able to calculate the one-way time-of-flight
using the time difference between the arrival of the RF signal and the arrival of the acoustic
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Table 3.4: Summary of design decisions for the three proposed location system ar-
chitectures A, B, and C. Bracketed numbers in column one refer to section numbers.
Refer to Section 3.3 for a full discussion.

Design parameter Architecture A Architecture B Architecture C
(Section nr.)

Features User privacy Low-cost tags Low-power tags
Scalable Flexible

# BS per room 1 1 1
# MD per room Unlimited Very limited Limited
(3.2.1)
Acoustic role BS T/- -/R T/R
Acoustic role MD -/R T/- T/R
(3.2.2)
Nt for both BS/MD 1 1 1
(3.2.3)
Additional channel RF None None
Addit. channel purpose Clock synchron.
Comms. role BS T/-
Comms. role MD -/R
(3.2.4)
Point of pos. calc. MD BS BS
(3.2.5)
Time-of-flight meas. One-way TOF None Two-way TOF
method (2.1.1)
Position estimation Acoust. reflections Acoust. reflections Acoust. reflect.
method (Chapter 5)

signal. So the mobile device uses the RF signal for clock synchronization.

A mobile device can now calculate its own position using the information in the re-
ceived acoustic signal. To perform the calculation, the mobile device needs to know the
position of the base station in the room. This information may be communicated using the
RF link, or it may be pre-programmed in mobile devices. Note that a base station may also
use the RF link to transmit its identity to mobile devices, which is useful if more than one
room in a house is equipped with a base station, and the mobile device needs to know what
room it is in.

The location privacy of the user, who carries the mobile device, can be easily guaranteed
because the mobile device does not send out any signals that might disclose its presence or
its location. A further advantage of this architecture is scalability to many mobile devices.
Because the mobile devices do not transmit any signals, there can be an unlimited number
of mobile devices in principle.

Due to its privacy and scalability features, this architecture might be particularly suit-
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Figure 3.3: Architecture B — Mobile devices periodically send ultrasound signals.
The base station receives these signals and calculates all mobile-device positions.

able for large-scale professional location systems or systems in public spaces. A similar
architecture is described for the Cricket location system [64, 65], exactly for this purpose.

3.3.2 Architecture B — Low-cost tags

To conserve battery power in a mobile device, it should operate with a low duty cycle, such
that it is inactive as much as possible. The simplest way to minimize the duty cycle of activ-
ity is to design a mobile device that periodically wakes up, sends out a short acoustic signal,
and goes back to sleep. In the architecture B proposed here, a mobile device periodically
wakes up and sends its identity, encoded in an acoustic transmission. Such a mobile device
has low cost, because hardware to receive and process acoustic signals is not needed, and
furthermore a radio module is not needed. The architecture is schematically depicted for
one base station and one mobile device in Fig. 3.3. The base station performs the position
calculation by analyzing the acoustic signal from the mobile device, including acoustic re-
flections. Note that the base station can not determine the one-way time-of-flight of the
direct acoustic signal arriving over the line-of-sight path, because the timet0 at which the
mobile device transmitted the acoustic signal is unknown. Therefore, the base station will
have to rely on the acoustic reflections to estimate the mobile-device position.

Because there may be multiple mobile devices, the problem of multiple access arises,
because a mobile device does not check whether the acoustic channel is ‘free’ for trans-
mission. The solution to this problem used in architecture B is to encode the identity of
the mobile device into the acoustic signal using an orthogonal [43] binary code, such that a
base station is able to separate the signals produced by various mobile devices even if they
overlap in time. CDMA codes [79] are one method to accomplish this. The number of mo-
bile devices will however be limited, as a result of increasing CDMA code cross-correlation
noise for an increasing number of mobile devices transmitting simultaneously.

3.3.3 Architecture C — Flexible, low-power transponder tags

The architecture C is proposed to improve on some of the aspects of architectures A and
B. Next, the architecture is introduced and its protocol for acoustic measurements is briefly
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(a) Step 1 — base station transmits request (b) Step 2 — Mobile device responds

Figure 3.4: Architecture C — The base station sends an ultrasonic request signal,
upon which a designated mobile device sends an ultrasonic response signal. The base
station calculates all mobile-device positions.

explained. Figure 3.4 shows two separate diagrams, which represent the two steps in the
acoustic measurement protocol. In step 1 in Fig. 3.4(a), a base station transmits an ultra-
sonicrequest signalinto the room. The request signal contains a binary identification (ID)
of a specific mobile device, encoded within the signal. All mobile devices (tags) in the
room receive this signal and decode the ID. Only one of the mobile devices in the room
will have an ID that matches the ID requested by the base station.

The mobile device with matching ID will then answer, by transmitting an acoustic re-
sponse signal after a fixed time delaytd. This response is visualized in Fig. 3.4(b). The
response signal can be short, because there is no need for the mobile device to encode
any information in the signal. The response signal is received by the base station, which
measures the pattern of acoustic reflections as well. The base station can now determine
the two-way time-of-flight of the acoustic signal, in the manner discussed in Section 2.1.1,
so that it can calculate the line-of-sight (LOS) distance between itself and the mobile de-
vice. As will be shown later in Chapter 5, this LOS information helps to determine the 3D
position of the mobile device.

The two-way time-of-flight method has a cost advantage over the one-way method
of architecture A, because the RF module of architecture A is not needed anymore. An
advantage of this architecture over architecture B, is increased scalability and flexibility.
Scalability is improved because mobile devices do not transmit ultrasound all the time, but
only if they are requested to, so that more mobile devices can co-exist in a room without in-
terfering with each other. The scalability of architecture C is midway between the excellent
scalability of architecture A and the poor scalability of architecture B.

Flexibility is improved with respect to architecture B, because the base station can
adapt the performance characteristics of the system. For example, if a certain mobile-
device position needs to be measured at a higher-than-average update rate, the base station
can simply request this device more often than others. Likewise, a device that is not of
interest currently, can be ‘silenced’ by the base station simply by not requesting that device
anymore. It is even possible that a base station requests such a device to switch to a lower
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duty cycle mode, to conserve battery power when the device is not used.

3.4 Initial feasibility analysis of architectures

At this point, it is not yet known if the three architectures proposed in the previous sec-
tion will meet the specific requirements that are posed by applications. Therefore, a first
feasibility analysis for the proposed architectures is performed in this section.

The requirements posed in Section 1.4 will be used to assess the feasibility of the three
location system architectures A, B, and C. The requirements for update rate, battery life,
and system hardware cost are examined in Sections 3.4.1 to 3.4.3. However, the important
performance aspects of accuracy and coverage area can not be analyzed at this point, be-
cause the necessary details about the position estimation method and the acoustic channel
have to be developed first in Chapters 4 and 5. Therefore accuracy and coverage area are
analyzed later in Chapter 5.

3.4.1 Update rate

The update rate of position estimates in an ultrasonic location system is relatively low,
compared to the rate provided by other location system technologies. The reason for this is
the relatively low speed of soundc in air. In this section, the update rate is analyzed for the
three proposed location system architectures.

Definefmax
u as the maximum position update rate for a given system architecture. Ac-

cording to the requirements,fmax
u ≥ 1 Hz is needed. Next, the maximum ratefmax

u will
be estimated for the three architectures, under the simplifying assumption that a transmitter
may only transmit a signal if a previous transmitted signal has decayed below the detection
threshold.

To model acoustic signal decay, definetd as the decay time of an acoustic signal in the
room, which istd = dr/c, with dr the rangeof the location system as defined in Section
2.1.8, andc the speed of sound. The range is estimated to bedr ≤ 20 m for typical room
temperature and humidity1. From the estimate followstd = 60 ms forc = 3.4 · 102 m/s.

Architecture A. It is assumed that the base station can send a new acoustic signal, as
soon as the previous signal has died out. The maximum update ratefmax

u is therefore

fmax
u = t−1

d , (3.1)

so thatfmax
u ≈ 16 Hz, which is sufficient.

1This estimate is obtained for the specific transmitted signal shape of Section 4.6.4.
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Architecture B. In this architecture, a small number ofN mobile devices transmit simul-
taneously. Therefore the average update rate will be identical to Eq. 3.1 for architecture A,
fmax
u ≈ 16 Hz, which is sufficient.

Architecture C. For architecture C defineN as the total number of mobile devices, of
which Na ≤ N are active. Inactive mobile devices are not requested by the base station.
The base station can decide to lowerNa if a higher update rate is required for some of the
active mobile devices.

In the two-way acoustic request-response scheme of architecture C, an acoustic request
signal is sent first to a mobile device. Suppose that the mobile device receives the request
quickly, but has to wait a timetd to let the acoustic signal decay. After this timetd, the
mobile device can respond. The response signal again takes a timetd to decay in the room.
Therefore one request-response cycle for one mobile device takes a time of2td. For Na

mobile devices active, the update rate then becomes

fmax
u =

1
2
t−1
d N−1

a , (3.2)

which meets the requirementfmax
u ≥ 1 Hz for approximatelyNa ≤ 7 active devices.

3.4.2 Battery life

Many wireless mobile devices operate on battery power. Although mobile devices could
‘harvest’ power from the environment, for example in the form of solar energy, this possi-
bility will not be considered here. An important requirement for battery-powered devices
is that they operate for a sufficiently long time period without the need for battery charging,
battery replacement, or other maintenance. The required length of this maintenance-free
period may vary from several hours to several years, depending on the specific application
and the intended function(s) of a mobile device.

A mobile device’s battery may be a dedicated battery, or it may be the battery of a host
device like a PDA or mobile phone into which the location hardware is integrated. From
here on, the power requirements of the host device are not considered. The expected battery
life for a mobile device will be estimated in this section for the architectures A, B, and C.

Operation scenario. To allow an application-independent analysis, a pessimistic always-
on operation scenario of a location system will be assumed. Only one base station and one
mobile device are part of the location system. The update rate isfu = 1 Hz, so once
per second, the base station sends signals (in architecture A), or the mobile devices send
signals (in architecture B), or the base station requests positions (in architecture C). Mobile
devices that are ‘listening’ for a request signal, either over the RF link (in architecture A)
or via an ultrasonic signal (in architecture C), are assumed not to be listening continuously.
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Table 3.5: Estimated continuous power consumption for various modes of operation
of a mobile device (MD).

MD mode of Reference Symbol Power use
operation (mW)
Inactive/sleep mode The Bat [33], Zigbee [17] Psleep 0.02 – 0.07
Receive ultrasound Estimated [51, 52, 74] (see text) Pur 1
Transmit ultrasound Calculated for 3V drive [67] Put 13
Receive RF Zigbee RF device [17] Prr 41
Transmit RF Zigbee RF device [17] Prr 37

Instead, they will sleep most of the time and wake up intermittently at a ratefu to listen to
the request signal for a short period.

Power consumption

To proceed further in analyzing battery life, the typical power consumption of a mobile de-
vice is required. The mobile device may be in one of several states, or modes. These modes
are: being idle, receiving an acoustic signal, transmitting an acoustic signal, receiving an
RF signal, or transmitting an RF signal. Table 3.5 lists the power consumption for these
modes of operation, estimated from various information sources. The first two columns
define the mode of operation. The third column lists the information sources. The fourth
column lists the symbol used for the power consumption per mode, and the final column
estimates the continuous power consumption for each mode.

The information sources are the Zigbee/IEEE-802.15.4 short-range RF standards [17,
29, 88], the Bat acoustic location system [33], and typical piezo transducer specifications
[67]. The estimate forPur consists of added power consumptions for off-the-shelf com-
ponents: an operational amplifier [51], an AD converter [52], and a microcontroller [74].

Assume that for each position update cycle the mobile device is in the modes 2 – 4 for
time durations of∆tur, ∆tut, and∆trr, respectively, and is idle (mode 1) the rest of the
time. Then the average mobile device power consumption becomes, forPsleep small:

P ≈ Psleep + fu(∆turPur + ∆tutPut + ∆trrPrr) (3.3)

To calculateP , the values of the time durations defined above have to be estimated. Table
3.6 lists these estimates, with the resulting power consumption valuesP for the three ar-
chitectures A, B, and C at the bottom row. Note that for architecture B the ultrasonic signal
transmit duration∆tut is estimated longer than for architecture C, because the transmission
of encoded binary information in architecture B can be expected to take a longer time than
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the simple ‘1-bit’ transmission as in architecture C.

For architecture A,P = 0.5 mW is higher than for the other two. For this architecture,
the mobile devices are assumed to be embedded in a larger host computing device, which
will need regular recharging anyway. The higher power consumption is therefore not a
problem.

Table 3.6: Estimated average power consumptionP for architectures A, B, and C,
calculated using Eq. 3.3.

Arch. A Arch. B Arch. C
∆tur td 0 40 ms
∆tut 0 10 ms 5 ms
∆trr 10 ms 0 0
P 0.5 mW 0.2 mW 0.2 mW

Battery life

For a power consumptionP ≈ 0.2 mW of a mobile device for the architectures B/C, the
battery life will be calculated. For the given operation scenario, battery life further depends
on the battery technology and the battery volume. In order to observe the trade-off between
battery life and battery volume, the battery life is shown as a function of the battery volume
V in Fig. 3.5, for two specific battery technologies, namely NiMH rechargeable batteries
and lithium primary non-rechargeable batteries [10]. Battery capacity values (expressed
in energy per unit battery volume) of 300 Wh/l [10] and 1600 Wh/l [9] are used, respec-
tively. It can be observed that for the small rechargeable NiMH button cell, marked by the
leftmost dashed line in the figure, a battery life of at least 6 days can be obtained for contin-
uous operation. This appears to be barely sufficient, given the minimal requirement of one
week of intermittent operation, stated in Section 1.4. However, 6 days is far too short for
applications where many small sensor nodes are distributed around a house. Such nodes
should operate for one or more years on a single battery charge. But battery life can be
significantly increased by smart on/off switching of the sensor node: for example, it could
only perform position updates if movement is detected by the sensor.

3.4.3 System hardware cost

The hardware cost of the devices in a location system will be considered here for the three
architectures A, B, and C.
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mW continuously, as a function of battery volumeV , for two battery technologies.
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Architecture A. The components of highest cost in an ultrasonic location module, em-
bedded in a mobile host device, are the ultrasound transducer and the RF transceiver module
with antenna. It is assumed here that the host device processes the acoustic measurement
data, and that power is obtained from the host device. The transducer will cost in the order
of 1 Euro, or less. RF transceiver modules are currently on the market for around 2.5 Euro
[17], or less. The base station consists of the transducer, the RF module, a power supply,
and the casing. The total cost is therefore only marginally higher than the cost of a mobile
device. Concluding, the hardware cost is at an attractive level for the consumer market.

Architectures B and C. The mobile ‘tag’ devices considered for architectures B and
C contain an ultrasound transducer, a battery, and a simple control processor as the most
costly components. Such a tag is even cheaper than the one with an RF module of architec-
ture A. The base station is more complicated than for architecture A, as it needs to process
acoustic measurements and possibly calculate position estimates. If however the position
calculations can be executed on a low-cost dedicated IC, or alternatively on a computer
somewhere else on the home network, the cost of a base station is similar to the cost of the
base station for architecture A.

3.5 Conclusions

A wide variety of conceivable ultrasonic location system architectures is examined in this
chapter. The ULS model is first presented, which represents all ultrasonic location systems
(ULS) considered in this thesis. Important design parameters for ULS architectures are
listed. The overview of design parameters gives insight in how the position estimation
methods described in this thesis can be applied in practical location systems.

Three specific system architectures are introduced, to serve as concrete examples on
how an single-base-station ultrasonic location system may be implemented. Architectures
can be designed with emphasis on different aspects such as user privacy, low cost, low
power, or scalability.

To show that such location systems may be feasible for the consumer market, an initial
study of feasibility for the three system architectures is conducted in Section 3.4. The three
feasibility aspects of location estimate update rate, battery life, and system hardware cost
are examined. Considering only these aspects, it is concluded that a consumer location
system appears feasible. However, the aspects of accuracy and coverage area are still to be
investigated in Chapters 5 and 6.
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Chapter 4

Acoustic channel model

An acoustic channel in an ultrasonic location system involves three parts: the ultrasound
transmitter, the room, and the ultrasound receiver. The channel’s input is an electrical signal
u(t) applied to the transmitter, while its output is an electrical signaly(t) at the receiver, as
shown in Figure 4.1.

Transmitter Receiver

Output
signal
y(t)

Input
signal
u(t) Room

Figure 4.1: The acoustic channel model of an ultrasonic location system.

The acoustic channel was defined previously as a part of an ultrasonic location system,
but it has not yet been described in detail. To develop a model of the acoustic channel,
the elements of acoustics theory of Chapter 2 will be used in this chapter. An acoustic
channel model is essential for the 3D position estimation methods that are presented in the
next chapter. The model is first constructed in Sections 4.1 and 4.2. Then, Section 4.3
shows through an example how the channel model can predict acoustic measurements. The
accuracy of these predictions is discussed in Section 4.5. Building upon the channel model,
a method is developed in Section 4.4 to extract information about acoustic reflections from
an acoustic measurement. In Section 4.6, possible channel input signal shapes are studied.
Interestingly, the input signal can be chosen such that the two important aspects of range
and resolution are optimally balanced. In Section 4.7 this optimum is derived, by making
use of the channel model, and Section 4.8 concludes this chapter.

61
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4.1 Introduction

An acoustic channel can be represented by one generic channel model, regardless of the
specifics of the system architecture. For example, a transmitter may be attached to a base
station, to a mobile device, or to both. If there are two or more transmitters or two or more
receivers in a location system, a different acoustic channel exists between each transmitter
and each receiver in the system.

Figure 4.2 shows a block diagram of the proposed acoustic channel model. The channel

Figure 4.2: Block diagram of the acoustic channel model, consisting of three con-
catenated impulse responses.

model has an inputu, the electrical signal applied to the transmitter, and a single outputy,
the electrical signal at the receiver. The transmitter, room and receiver are represented by
their respective impulse responseshT, hRM, andhR. Acoustic noise is represented by a
white noise sourcen, additive to the receiver input. The room impulse responsehRM is not
fixed, but is a function of the channel parameters contained in a parameter vectorp. The
room impulse response for example depends on the positions of transmitter and receiver in
the room.

If the impulse responses in the channel model are known, the behaviour of the acoustic
channel can be simulated by applying a signalu to the channel model, and calculatingy.
The shape of the signalu is often aburst, defined as a signal for whichu(t) 6= 0 in a limited
interval t ∈ [t0, t1] andu(t) = 0 otherwise. In the remainder of this thesis, a burst-signal
applied tou(t) is referred to as thetransmitted burst. Typically, a transmitted burst lasts
for 1 ms or less. The channel outputy is referred to as thereceived signal. As a result
of reflections of the transmitted burst in the room, the received signaly contains multiple
received bursts.

4.2 Channel model

The acoustic channel model is constructed in this section, using the theory presented in
Chapter 2. Let the symbol∗ denote convolution. The channel model in Fig. 4.2 is then
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defined by the model equation

y(t,p) = hR(t) ∗ hRM(t,p) ∗ hT(t) ∗ u(t) + hR(t) ∗ n(t) . (4.1)

The room impulse responsehRM depends explicitly on the channel parametersp. For a
constant vectorp, the model is linear and time-invariant. Further note that the transducer
impulse responseshT(t) andhR(t) are independent ofp, because the attenuation due to
the orientation of the transmitter and the receiver (as described in Section 2.2.3) is included,
for convenience, in the room impulse response functionhRM(t,p).

In this section, the room impulse responsehRM will be developed further. Regarding
the other channel model elements, refer to Section 2.2 for the transducer impulse responses,
and to Section 2.1.8 for a model of the acoustic noise signaln.

4.2.1 Room impulse response

The room impulse responsehRM is defined here as the acoustic pressure measured by the
receiver, in response to a unit amplitude impulse pressureδ(t) emitted by the source. There-
fore the acoustic pressure at the receiverpR, for a given acoustic pressurepT generated by
the transmitter, is equal to

pR(t) = hRM(t,p) ∗ pT (t) . (4.2)

The functionhRM can be obtained from a geometrical acoustics room model, which ap-
proximates acoustic waves by acoustic rays. In Chapter 2 it is shown that a finite number
of rays will arrive at the receiver in any finite time interval. Therefore the room impulse
responsehRM in a finite time interval[0, te] can be written as a sum ofN independent
acoustic ray terms:

hRM(t,p) =
N∑

i=1

ai(p)si(t,p) , (4.3)

whereai is the acoustic pressure amplitude of thei-th ray, andsi is a causal impulse
response function that describes how a single ray is time-delayed and ‘filtered’ during its
propagation from source to receiver. Rayi = 1 is defined here as the direct sound ray
directly from source to receiver, and raysi > 1 are defined as reflected rays. Vectorp is
the parameter vector

p = [L,xS,xR,vS,vR, T, RH, Γ, fc] (4.4)

containing the room dimensions vectorL = (Lx, Ly, Lz), transmitter 3D positionxS, re-
ceiver 3D positionxR, transmitter orientation vectorvS, receiver orientation vectorvR,
temperatureT , relative humidityRH, average surface reflection factorΓ, and center fre-
quencyfc of the transmitted ultrasound signal.
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4.2.2 Ray filter functionssi

Two simplifying assumptions are applied here to the room model that were also applied
by Allen and Berkley [6]. These assumptions are that walls are rigid [6], and that the
attenuation of the acoustic signal in air is only a function of the center frequencyfc of the
transmitted ultrasound signal, but not a function of the specific frequency content ofpT .

Under these assumptions, each functionsi(t,p) in Eq. 4.3 must have a spectrum|Si(f,p)| =
1 of an all-pass filter. The simplest model of ray propagation, a pure time delay functionsi

for each ray, satisfies this requirement. Then, the functionssi become

si(t,p) = δ(t− ti(p)) , (4.5)

where timeti(p) = di(p)/c(p) is the time of arrival of rayi, for speed of soundc(p),
anddi(p) is the propagation distance of rayi, which can be calculated according to the
geometric room model in Section 2.3. Allen and Berkley [6] derivesi to be identical to Eq.
4.5 above.

4.2.3 Ray amplitude termsai

The termsai in the room impulse response of Eq. 4.3 will be developed here for two cases:
the first case is an ideal omnidirectional point source, and an omnidirectional point receiver.
The second case is a directional ultrasound transmitter, and receiver.

Omnidirectional transducers

For an omnidirectional point source and an omnidirectional point receiver of unity gain,
the amplitudesai are determined only by the attenuation over distance caused by spreading
and absorption, and attenuation due to reflections.

First consider the attenuation over distance only. An expression for the peak acoustic
pressure amplitudepm over distance, given in Eq. 2.10, can be used directly in the expres-
sion for the amplitudes

ai(p) = p−1
0 pm(di, α) , (4.6)

which correctly defines the relative acoustic pressure termsai such thathRM in Eq. 4.3
is according to its definition, given by Eq. 4.2. Pressurep0 is a reference peak acoustic
pressure close to the transmitter,di is the propagation distance of rayi, andα is the air
absorption coefficient, with bothdi andα being functions ofp.

The attenuation due to reflections can be added easily by multiplying with the attenua-
tion due to reflections factorAr of Eq. 2.16:

ai(p) = p−1
0 pm(di, α)Ar(Γ, ni) . (4.7)
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The factorAr depends on the average surface reflection factorΓ, part ofp, and the number
of reflectionsni experienced by rayi, which are given by Eq. 2.27.

Directional transducers

For the more realistic case of directional ultrasound transducers, the effect of directional
transducer gain has to be taken into account. The amplitude termsai now include the
attenuation due to the transducers. The beam pattern model introduced in Section 2.2.3
is used to extend Eq. 4.7 with two directional gain factors, one for the attenuation due to
transmitter orientation and one for the attenuation due to receiver orientation:

ai(p) = p−1
0 pm(di, α)Ar(Γ, ni)DN,T(p)DN,R(p) , (4.8)

where the normalized beam pattern functionsDN,T andDN,R model the directional gain
for transmitter and receiver respectively, as a function ofp. This can be rewritten as

ai(p) = pm(di, α)Ar(Γ, ni)DN,T(fc, θT,i)DN,R(fc, θR,i) (4.9)

to express the dependence of the beam pattern functions on the center frequencyfc of the
transmitted burst, contained inp, and the anglesθT,i andθR,i. AngleθT,i is the angle under
which acoustic rayi leaves the transmitter, relative to the transmitter normal axis. Likewise
θR,i is the angle under which rayi impinges onto the receiver relative to the receiver normal
axis. Both angles are functions ofp according to

θT,i(p) = ∠
(
vI,i, (xR − xI,i)

)
θR,i(p) = ∠

(
vR, (xI,i − xR)

)
, (4.10)

wherexI,i is the position of image sourcei that emitted rayi, vI,i is the orientation vector
of image sourcei, xR is the receiver position andvR is the receiver orientation vector.
These vectors are defined in Section 2.3.2. Figure 4.3 shows the above vectors and angles
in a two-dimensional example situation.

4.3 Model versus measurement

With the channel model developed so far, the expected measurement signaly(t) for a spe-
cific room configuration can be simulated using the channel model equations. As an exam-
ple, a measurement and a simulation of one specific room configuration are shown in Fig.
4.4(a) and 4.4(b) respectively. The transmitted burstu, in other words the channel input,
is a burst of six cycles of a 40 kHz sine wave, starting at timet = 0. The measurement
was taken in an empty room. Details about the conditions for this measurement (position
number 3) are provided in Sections 6.3 and 6.4.
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Figure 4.3: Visualization of transmit angles and receive angles, for one image source
and one receiver.

The patterns of peaks that can be observed in both figures appear similar, but not exactly
equal. Note that for the simulated signal the noise source is disabled, so that the simulation
appears ‘cleaner’ than the measurement.

Due to the bandpass frequency response of piezo ultrasound transducers, both signals
can be represented as a sinusoidal carrier wave of carrier frequencyfc = 40 kHz, which is
amplitude-modulated by a low-bandwidth envelope signal. The envelopes of the measured
and simulated signals are shown in Fig. 4.4(c) by a solid and a dashed graph respectively.
The envelopes allow for an easier comparison between both signals.

The envelope preserves two interesting characteristics of the original signal: the times-
of-arrival of acoustic reflections, which cause the typical ‘bumps’ in the received signal,
and the amplitudes of those reflections. Therefore the envelopeey of a signaly can be used
as an alternative compact representation of a signaly.

4.4 Signatures of acoustic signals

Pre-processing of measurement data can be used to extract useful information from a mea-
surement, and to suppress noise. The information of interest for position estimation con-
sists of the times-of-arrival of acoustic reflections at the receiver, and of the amplitudes of
these reflections. In this section, thesignaturerepresentation and the related pre-processing
method for an acoustic signal are introduced. This representation is able to preserve this
information of interest.

In short, a signature represents an acoustic signaly(t) by a lower-bandwidth signal
s(t). The times and amplitudes of local maxima ins correspond to the times-of-arrival and
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(a) Measured receiver signaly(t)

0 5 10 15 20 25 30

−4

−3

−2

−1

0

1

2

3

4

x 10
−4

Time (ms)

A
m

pl
itu

de
 (

V
)

(b) Channel model predictionye(t) for receiver signal
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(c) Envelopes of the received signaly (solid line) and predicted signalye (dashed line)

Figure 4.4: (a) A measured receiver signal, (b) its channel model prediction, and (c)
envelopes of both signals.
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amplitudes of acoustic reflections iny. To store, compare and manipulate these signatures
in a computer, a vector representations of a signatures(t) is required. Such a vector
representation is referred to assignature vector.

4.4.1 Rationale

A position estimation algorithm needs computing resources (processor cycles and mem-
ory) to store, compare and manipulate vector representations of acoustic signals. A good
vector representations of a signaly is one, that gives the required performance in position
estimation, with minimal use of resources. For the position estimation algorithms in this
thesis, less resources are used if there are fewer elements in vectors.

A first step towards a compact representation can be taken by using the fact that a
signaly can be represented by a low-bandwidth envelope signaley, as demonstrated in the
previous section. The envelopeey still contains the information of interest, yet the envelope
can be represented by fewer samples than needed for the baseband signaly. However, the
envelopeey contains not only the information in which we are interested, but also acoustic
noise. Suppressing the acoustic noise could improve the accuracy of subsequent position
estimation methods.

4.4.2 Signature extraction process

A method to extract a signature from an acoustic signal is described in this section. Figure
4.5 shows the proposed steps to extract a signatures(t) from an acoustic signaly(t).

Figure 4.5: Processing steps to obtain a signatures from a measurementy.

Step 1 — Cross-correlation filtering. A cross-correlation based matched filter is used
to reject noise from an acoustic signal. At the top of the figure this step is shown as a block
with acoustic signal inputy and a received-burst inputb. Let ? denote cross-correlation.
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The filter calculates the cross-correlation function

yX(t) = b(t) ? y(t)

≡ b̄(−t) ∗ y(t) [use definition of cross-correlation]

= b(−t) ∗ y(t) [b̄ = b, sinceb real] (4.11)

The received burstb, defined as

b(t) = hR(t) ∗ hT(t) ∗ u(t) (4.12)

is the known shape of one acoustic burst, arriving at the receiver. The shape of the received
burstb depends on the shape of the transmitted burstu(t) and on the transducer impulse
responses. The cross-correlation filter has the ability to detect bursts of given shapeb within
the received signaly.

Because a cross-correlation filter with an inputb(t) is equivalent to a convolution filter
with an inputb(−t), it can be derived that a cross-correlation filter provides the optimal
noise rejection of a matched filter [35] if additive zero-mean white Gaussian noisen is
present ony. For analysis purposes defineey as the envelope ofy. Further defineY , YX,
B, andEy as the Fourier transforms ofy, yX, b(−t), andey, respectively. The cross-
correlation filter performs a multiplication in the frequency domain:

YX(f) = B(f)Y (f) . (4.13)

Step 2 — Demodulation. Note thatY can be represented using the envelope spectrum
Ey as

Y (f) = Ey(f + fc) . (4.14)

for center frequencyfc of signaly. To obtain the envelope of an acoustic signal, a demod-
ulation step is needed. The second step demodulatesyX to obtain the envelope signals.
DefineS as the Fourier transform ofs. Demodulation yields

S(f) = YX(f − fc) = B(f − fc)Ey(f) , (4.15)

which is the envelope spectrumEy filtered by a low-pass filter termB(f − fc). The time-
domain results(t) is thesignatureof y, which has the shape of the envelope ofyX.

Signature vector. To obtain the signature vectors, the signatures(t) is sampled at a
sampling frequencyfs. Because the signatures has a lower bandwidth than the original
acoustic measurementy, the signature vectors may contain samples that are sampled at
a lower rate than possible for the original acoustic measurementy. The elements of the
signature vectors are referred to ass(k).
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Figure 4.6: Processing steps to obtain a signature vectors from a sampled measure-
menty(k).

The aforementioned continuous signalsb and y have to be sampled and discretized
as well, before they can be digitally stored in a computer. Figure 4.6 shows the three
processing steps that can be used in a practical implementation of the signature extraction
process on a computer. The continuous signalsb andy are replaced here by their sampled
discrete counterpartsb andy.

Example. As an example, Fig. 4.7(a) shows a received signaly. Figure 4.7(b) shows
the signatures extracted from it. The timet = 0 is the time of signal transmission. Note
that in the signature the noise in the interval [0,8] ms is hardly visible anymore, because
noise is suppressed by the filtering step. The peaks in the signature correspond to the exact
times-of-arrival of bursts of shapeb at the receiver. This feature will be further exploited
for time-of-arrival estimation in Section 4.4.3. The amplitude of the peaks in the signature
corresponds to the amplitude of the respective bursts in the original received signaly.

Attenuation compensation

An optional processing step for a signature isattenuation compensation. As can be seen
in Fig. 4.7(b), the amplitude of the signature decreases rapidly over time, due to the at-
tenuation of ultrasound over distance. Whenever two signatures need to be compared, this
decreasing amplitude can be a problem. For example, if two signature vectors are com-
pared by taking the mean squared error between both signals, the differences in the first
half (the ‘head’) of the signatures will dominate the mean squared error outcome, because
in the second half (the ‘tail’) of the signatures the amplitudes are insignificant compared to
the first half.
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(c) Signature with attenuation compensation,αac = 1.4

Figure 4.7: An example (a) acoustic measurement, (b) its signature, and (c) the
attenuation-compensated signature.



72 Chapter 4. Acoustic channel model

A solution to obtain more equal amplitudes in the signature is attenuation compen-
sation, which compensates the attenuation over distance by applying an amplitude com-
pensation functiona(t) to the signatures(t). This yields a new compensated signature
s′(t) = a(t)s(t), with the compensation function given by

a(t) = A−1
a (d(t), αac)A−1

s (d(t)) , (4.16)

whered(t) = c t is a function specifying the equivalent distance that the transmitted ul-
trasound signal has propagated at timet, for speed of soundc. The coefficientαac can be
tuned to get more, or less, attenuation compensation. It can even be set equal to the ac-
tual air absorption coefficientα, so that amplitude loss over distance is fully compensated.
Note that the reflection lossAr is not compensated for, because the number of reflectionsn

that an acoustic ray has experienced can not be expressed as a function oft or d(t). Fortu-
nately, the reflection loss is insignificant compared to the other losses, when the reflection
coefficientΓ ≈ 1.

Figure 4.7(c) shows the example signature of Fig. 4.7(b) again, but now attenuation-
compensated byαac = α, whereα = 1.4 is the actual value of the absorption coefficient
for this measurement. The advantage of compensation is that the elaborate structure of
acoustic reflections in the time interval [17,30] ms becomes more apparent. A danger of
compensation is that noise is progressively amplified in the tail of the signature, so that
the tail data may become unreliable. This can be prevented by putting a magnitude limit
to the functiona(t), or alternatively by limiting the signature to a time interval[0, t1].
The parametert1 should be set to a point in time where the amplified noise does not yet
dominate the signal of interest.

4.4.3 Estimating times-of-arrival from a signature

Signatures have the desirable property that the times-of-arrival of received bursts appear
as peaks in the signature. This is an inherent property of the cross-correlation method
introduced in the previous section.

The example signature in Fig. 4.7(b) starts with an interval[0, 7.6] ms without local
maxima, in which the transmitted acoustic signal has not yet reached the receiver. The
first strong peak in the signature is caused by the arrival of the direct sound burst along
the line-of-sight (LOS) path between transmitter and receiver. This burst is referred to as
the line-of-sight burst(LOS burst). The time-of-arrival of the LOS burst can be estimated
from the signature as the timetLOS where the first peak in the signature occurs, which is
tLOS ≈ 7.6 ms.

For known signal transmission time, the time-of-flight∆t of the LOS burst can be
calculated and byd = c∆t the distance between transmitter and receiver can be obtained.
Similarly, the time-of-flight and thus acoustic path length for the reflections can be deduced
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from the peaks in the signature.

Assume that a signature vectors, containing samples ofs taken everyTs = f−1
s , is

available in a computer. In general, the accuracy of a time-of-arrival estimate is a function
of the signal-to-noise ratio (SNR), the signal bandwidth, the sampling frequencyfs [23]
and the specific method used. For a high SNR at the receiver, SNR� 1, it is known
[23] that the time resolution of the cross-correlation time estimation method is equal to the
sampling intervalTs, so the errore in a time of arrival estimate is bounded bye ≤ 1

2f−1
s

for a signature sampling frequencyfs. The sampling frequencyfs can be chosen such that
sufficient accuracy is obtained.

Line-of-sight signal detection

The estimate of the LOS distance, obtained from a signature’s LOS peak, is useful for
position estimation. But often the LOS peak has a low amplitude, for example if the ul-
trasound transducer in a mobile device is not directly aimed at the transducer in the base
station. To avoid picking the wrong peak when in search of the LOS peak, an amplitude
threshold has to be carefully chosen to reject false peaks due to noise. Figure 4.8(a) shows
an example measurement signature on a logarithmic scale. This measurement was taken in
a configuration of a mobile device not directly aimed towards the base station. The arrow
marks the LOS peak corresponding to the arrival of the LOS burst, the first peak in the
signature above the threshold. Although this peak is higher than the preceding noise peaks,
the LOS peak amplitude in this signature can be considered relatively low, compared to
the strong LOS peak that is obtained in ‘good line-of-sight’ situations as in Fig. 4.7. Note
that the noise preceding the LOS peak is suppressed by the cross-correlation filter, but not
entirely removed. In this example, the LOS peak can be detected above the noise peaks.
An amplitude threshold ofATh = 6 · 10−7, marked in the figure, is applied which cor-
rectly detects the LOS peak as the first peak above threshold. The threshold level must be
carefully chosen, to avoid picking one of the noise peaks instead.

Below this figure, Fig. 4.8(b) shows another measurement signature, where the LOS
peak has an even lower amplitude. The amplitude of the LOS peak is at the level of the
acoustic noise preceding the LOS peak, so the LOS peak can not be detected anymore using
the threshold levelATh, nor with any other threshold level setting. In this case, the LOS
distance will be incorrectly estimated from the signature. In the experiments in Chapter 6,
this problem is further investigated.

4.4.4 Signature parameters

The signature extraction process can be tuned via several parameters. Each parameter
combination yields a different signature representation. The following parameters are used:
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(a) Signature where the LOS peak is detected

0 5 10 15 20 25 30
10

−7

10
−6

10
−5

10
−4

Time (ms)

A
m

pl
itu

de
 (

no
 u

ni
ts

)

LOS

Threshold

(b) Signature where the LOS peak is not detected

Figure 4.8: Logarithmic plots of two measurement signatures, both having a low
line-of-sight (LOS) peak amplitude. For signature (a) the LOS peak is detected above
the threshold, but for signature (b) the LOS peak amplitude is not detected above the
threshold. For a lower threshold, an acoustic noise peak preceding the LOS peak
would be erroneously detected as the LOS.
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1. Signature sampling frequencyfs.

2. Signature attenuation compensation coefficientαac. This parameter is only applica-
ble if attenuation compensation is used.

3. Signature time interval. This is the time interval[t0, t1] of a received signal that is
converted into a signature.

For the sampling frequency a logical choice isfs ≥ 2B, whereB is the bandwidth of the
signatures(t). This choice avoids the spectral aliasing problem. Various choices for the
compensation coefficientαac are tried in Chapter 6.

Signature interval

Using the relationdi = c ti, the signature time interval can be converted to an equivalent
distance interval[d0, d1], that specifies what acoustic reflection path lengths are included in
the signature. This equivalent interval representation fits better to the problem domain, in
which acoustic path lengths are often considered, so this representation will be used most.

The signature time interval should be chosen not too small, to avoid exclusion of infor-
mation about acoustic reflections, but also not too large, to avoid the inclusion of noise in
the tail of the signature. This suggests that the choice of the interval endd1 is subject to a
trade-off. The best choice for the interval endd1 is examined in Section 4.7. The signature
interval start can be set tod0 = 0, to obtain a maximum signature interval width. However,
for an acoustic measurement taken with a LOS distance ofdLOS between transmitter and
receiver, the interval[0, dLOS − 1

2∆x] contains only noise. Here,∆x is the width of the
base of the LOS peak in the signature. Therefored0 = dLOS − 1

2∆x could be a logical
choice.

4.5 Channel model accuracy

The accuracy that is required for a model, depends on the purpose of the model. As the
acoustic channel model will be used for novel 3D position estimation methods in the next
chapter, it is not yet clear what accuracy is required. Therefore, an accuracy analysis can
not yet conclude whether the channel model is accurate enough, or not. Instead, a more
general accuracy analysis is conducted here, in which possible error sources are identified.
Subsequently, measurement results are used to provide a first indication of the accuracy.

4.5.1 Error sources

A channel model never exactly represents the physical reality of the room. Such amodel

mismatchcan be caused by model parameter mismatch, or by structural model mismatch.
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Table 4.1: Parameters in the channel model. An error in a parameter value propagates
through the model as shown in the third column, influencing valuesti andai.

Model variable Symbol Propagation through channel model
Temperature T T → c → ti

T → α → Aa → ai

Relative humidity RH RH → α → Aa → ai

Avg. surface reflection factor Γ Γ → Ar → ai

Room size L L → xI,i → di → ti
L → xI,i → di → As, Aa → ai

Transmitter/source position xS xS → xI,i → di → ti
xS → xI,i → di → As, Aa → ai

Receiver position xR xR → di → ti
xR → di → As, Aa → ai

Transmitter orientation vS vS → DN,T → ai

Receiver orientation vR vR → DN,R → ai

Signal center frequency fc f → DN,T, DN,R → ai

f → α → ai

Model parameter mismatch

Model parameter mismatch occurs when the values of certain parameters do not match their
physical counterparts. To get more insight in model parameter mismatch, an inventory is
made of all channel model parameters. These parameters of Eq. 4.4 are shown in the first
column of Table 4.1, with their symbols shown in the second column.

If the channel model is simulated, parameter mismatch will influence the signaly,
and the signatures, produced by the model. The only channel model values that directly
influence the shape ofy are the times-of-arrivalti and amplitudesai of received acoustic
burstsi. For insight in howti andai are in turn influenced by the parameters, the third
column of Table 4.1 shows how a parameter error propagates through the equations of the
channel model.

Because the channel model is a complicated ensemble of nonlinear equations, the effect
of a parameter mismatch can not be easily analyzed analytically. For this reason, a detailed
analysis of model parameter mismatch is not conducted in this thesis. It is nevertheless an
important aspect that may need to be addressed in future research. To circumvent an ana-
lytical analysis, simulations could be performed for typical values of parameter mismatch.

Model structural mismatch

Even when the model parameters are chosen correctly, the channel model may not match
reality due to structural model mismatch. There is one important cause of structural mis-
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match that will almost certainly occur in practice: the fact that a typical room is not empty,
while the current room model represents an empty room. In reality, a room will contain
furniture, people, doors, windows, and many other objects, which constitute additional re-
flective surfaces and absorbing surfaces. These extra surfaces may significantly influence
the signal that is measured in the room, and thereby degrade the accuracy of the chan-
nel model. The effect of extra surfaces can be analyzed for example by comparing model
simulations to measurements in a non-empty room.

Other causes of structural mismatch are the approximations that are inherent in the
channel model. One approximation is for the air absorption coefficientα, which is cal-
culated as a function of the center frequencyfc only, thereby ignoring the fact that an
acoustic signal may contain other frequencies. Another approximation is that air currents
and temperature gradients are not included in the channel model.

4.5.2 Accuracy measurements

By comparing channel model simulations to measurements, an indication of the model
accuracy can be obtained. For the simulation presented in Section 4.3, a human observer
would perhaps conclude that it matches the measurement reasonably well. But could the
mismatch perhaps be greater for other measurements? To get a first indication, the ‘worst’
mismatch is shown next, over a set of twenty measurements taken at twenty distinct mobile-
device positions. The measurements were taken in an empty room, where a good match
of measurements to the channel model simulations can be expected. For details about the
measurements refer to Section 6.4.

The degree of mismatching is defined here ad hoc as being proportional to the mean
squared error between the measurement signature and the simulation signature. Note that
this definition of mismatching may not correspond to the subjective ‘match’ that a human
observer would perform. Out of the twenty measurements, measurement number 10 has
the highest mismatch; the measured signature deviates from the simulated signature with
an amplitude that is, on average,0.66 times the mean amplitude of the simulated signature.
Figure 4.9 shows the signature of this measurement as a solid line, and also the signature
of the channel model simulation as a dashed line. The second peak in the measurement
signature is not present at all in the simulated signature. In light of the room configuration
during the measurement, the peak may well be caused by an extra reflection from a sink
that was present nearby the measurement position. Naturally, this obstacle is not present
in the room model. The reflection could also have been caused by a nearby ledge that
extended along one of the walls in the room. The third measured peak, corresponding to
a floor reflection, is also marked in the figure. The amplitude of the peak in the simulated
signature does not match to that of the measurement. It was geometrically verified that the
sink was in such a position that it could almost, or partially, block the propagation path of
the floor reflection for this measurement position.
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Figure 4.9: Signature extracted from measurement number 10 (solid line), and the
channel model simulation for this measurement position (dashed line). A strong un-
expected second peak appears in the measurement, probably due to a reflection from
an obstacle. The interval[0, 10] ms with near-zero amplitude is not shown.
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The single example measurement presented here shows that, even in an almost empty
room, mismatches — that appear ‘large’ to a human observer — can occur between an
acoustic measurement and its channel model prediction . The question whether the model
accuracy is good enough for position estimation or not, can not be answered yet. The effect
of model mismatch on the accuracy of position estimates is investigated experimentally in
Chapter 6.

4.6 Signals for time-of-arrival estimation

Acoustic waves can be transmitted by a location system as a means to estimate the times-
of-arrival of acoustic reflections, to estimate the amplitudes of these reflections, or to obtain
the line-of-sight (LOS) distance between transmitter and receiver. A transmitter could emit
a variety of signals to accomplish this; but not all signals are equally suitable for the pur-
pose. The specific choice of signal is important because it has a profound effect on many
aspects of an ultrasonic location system, such as accuracy, coverage area, hardware design
of base stations and mobile devices, and computational load of position estimation algo-
rithms. In this section, two types of transmitted bursts are proposed, and their performance
is analyzed.

4.6.1 Requirements for transmitted bursts

A transmitted burstu must satisfy the following requirements:

1. It should provide a coverage area of the location system that extends over the entire
room;

2. it should have a peak power and voltage below the transducer’s limits;

3. it should produce an acoustic pressure that is below human safety limits;

4. it should have a low enough energy to allow battery-operated transmitters;

5. it should allow sufficiently accurate time-of-arrival estimates for received bursts in
the received signaly.

These requirements pose a design challenge for the transmitted burst, because these re-
quirements are mutually conflicting. The requirements are discussed in more detail now.

1. Coverage area

The rangeof a location system is defined in Section 2.1.8 as the maximum acoustic path
distancedr between transmitter and receiver, for which the receiver can still detect acoustic
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signals arriving over this path. At distancedr the signal-to-noise ratio (SNR) at the receiver
is by definition SNR≡ 0 dB.

The requirement that a certain area needs to be fully covered, can be translated to a
minimum-range requirement. The rangedr can in general be increased by increasing the
energy of the transmitted burstu, for an improved signal-to-noise ratio at the receiver. This
can be achieved by increasing the average power ofu, by increasing the time duration of
u, or both. However, these actions may conflict with requirements 2 – 4.

2. Transmitted burst peak power

A piezo ultrasound transmitter has a voltage limit, and often a power limit, for the signal
u that is applied to it. For the SQ-40-T transmitter [67], the maximum RMS voltage for
continuous operation is 10 V.

3. Human safety limits

A limit to the peak power ofu results from safety limits of exposure of people to ultrasound,
which are discussed in Section 2.4. Based on the IRPA norm in Table 2.1, the exposure
limit is set to 100 dB sound pressure level, for a human ear that is at least 20 cm away
from the transmitter. This implies for the SQ-40-T transmitter that a peak driving voltage
of 3 V can be used. From here on, a limit to the driving voltage of 3 V will therefore
be assumed. The power consumption of the transmitter is then 13 mW, for an impedance
|Z(fr)| = 700 Ω [67] at the transducer’s resonance frequencyfr.

4. Transmitted burst energy

To allow battery-operated transmitters, the energy ofu must be sufficiently low. Taking the
above peak power requirement, together with a typical transmitted burst of time duration
≤ 1 ms, implies that the transmitter consumes in the order ofP ≤ 13µW for a transmission
rate offu = 1 Hz. This appears sufficiently low to satisfy the low-energy requirement, in
light of the discussion on battery life in Section 3.4.2.

5. Time-of-arrival accuracy and discerning reflections

A measured acoustic signaly is used to obtain the time-of-arrival and amplitude of the indi-
vidual received bursts withiny. A hypothesis is that the more received bursts are accurately
detected, the better the results of a position estimation algorithm, that uses this information,
will be. Therefore one of the requirements for transmitted bursts is that received bursts can
be detected sufficiently accurate, and that as many received bursts as possible should be
discernable in the received signaly. The question of exactly how many bursts are suffi-
cient, and what accuracy for time-of-arrival estimates is sufficient, will be dealt with in the
next two chapters.
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Specifically for the line-of-sight (LOS) burst, a good accuracy of� 3 ms is required
for estimating its time-of-arrival, because the LOS distance needs to be estimated with a
resolution� 1 m. In Section 4.4.3 it is explained how the LOS distance can be obtained by
estimating the time-of-arrival of the LOS burst in the signature, using the cross-correlation
method. In theory, this method can provide arbitrary high accuracy by increasing the sam-
pling ratefs of the signature vector. This holds only if exactly one received burst is present
in the signaly, and ifSNR � 1.

The accuracy bound derived in Section 4.4.3 does not hold if themultipath interference

effect is present. Multipath interference occurs when multiple overlapping reflections are
present in a signal. This effect will be discussed in the following section, and its effect
on the accuracy will be examined in Sections 4.6.2 – 4.6.4. There, it will be shown that a
transmitted burst of a shorter duration or higher bandwidth helps to distinguish individual
reflections more effectively. Because a short duration signal conflicts with the required
long duration that follows from requirements 1 – 3 combined, there is a trade-off involved.

4.6.2 Multipath interference

Themultipath interferenceproblem is well known in the location systems literature, mainly
in the context of RF time-of-flight location systems [55, 57]. The occurrence of multipath
interference is intimately related to the shape and bandwidth of the transmitted burst and of
the received burstb. The termmultipathrefers to the multiple paths of signal propagation,
over which (RF or acoustic) bursts arrive at the receiver. The burst received first is the
line-of-sight (LOS) burst, in case there is an unobstructed LOS path. The received bursts
arriving later are multipath reflections of the transmitted signal in the environment. If
two or more bursts arrive at the receiver at approximately the same time, these bursts will
interferewith each other. Multipath interference can significantly degrade the accuracy
of time-of-arrival estimates for received bursts. To counter the consequences of multipath
interference, the shape of the transmitted burst has to be chosen carefully.

For the Global Positioning System (GPS), the multipath interference effect has been
extensively studied [82]. Bouchereau et al. [16] consider the problem for an underwater
acoustic location system.

Example

Multipath interference is visualized here using a simulated example. The channel model
and signature extraction process as defined earlier in this chapter, were used in the simu-
lations. A simulated SQ-40-T [67] transducer is driven by a short burst of 8 cycles of a
sine wave of frequencyf = 40 kHz. The two cases of ‘no interference’ and ‘multipath
interference’ were simulated.
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(a) Simulated acoustic signal, no interference,∆t = 2
ms
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(b) Simulated acoustic signal, interference occurs,
∆t = 0.8 ms
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(c) Signature, no interference,∆t = 2 ms
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(d) Signature, interference occurs,∆t = 0.8 ms

Figure 4.10: Simulated acoustic receiver signals for (a) case 1 without multipath
interference and (b) case 2 with multipath interference. Corresponding signatures are
shown in (c) and (d). The local maximum at timet1 in signature (d) has disappeared,
due to the interfering peak att2.

Case 1: no interference. The simulated setup consists of a transmitter that sends a signal
u at timet0 = 0 ms, and a receiver that receives the LOS burst at timet1 = 0.5 ms and one
reflection at timet2 = t1 + ∆t = 2.5 ms. The amplitude of the LOS burst isa1 = 0.5, and
the amplitude of the reflection burst isa2 = 1.

Figure 4.10(a) shows the simulated signaly over time. The two received bursts can be
clearly distinguished, as they do not overlap in time. The asymmetric bell-shaped envelope
of these bursts is typical for a piezo ultrasound transducer, driven by a sinusoidal trans-
mitted burst. The two arrows mark the times-of-arrival of the two received bursts at the
receiver. Figure 4.10(c) shows the signatures extracted fromy. In the signature, the local
maxima correspond exactly to the respective times-of-arrival of the two received bursts,
again marked by arrows. A peak detection method applied to the signature can accurately
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determine the two local maxima, from which the times-of-arrival can be accurately esti-
mated for the two bursts.

Case 2: multipath interference. Next, the case of multipath interference is simulated.
Note that in figure 4.10(c) the 6-dB width∆tw = 0.8 ms of the second peak is marked.
For the following simulation, the separation between the LOS burst and the reflection burst
is set to∆t = ∆tw = 0.8 ms. The times-of-arrival are nowt1 = 0.5 ms andt2 = 1.3
ms, respectively. The received signal for this situation is depicted in Fig. 4.10(b). Still, two
distinct peaks are visible in the received signal, corresponding to the two received bursts.
However, the two bursts overlap and therefore interfere with each other. The effect of the
overlap on the signature becomes apparent in Fig. 4.10(d), where the first peak has merged
with the second peak. Although the LOS burst is still visible to the eye, a simple peak
detection method will not find the LOS peak, because a local maximum of the signature
can not be found around timet1.

For other peak separations∆t it was verified that if∆t > ∆tw, both peaks become
detectable, and if∆t ≤ ∆tw, only the second strong peak is detectable in the signature.
For different burst amplitudesa1 anda2, this property will not hold exactly, but is does
hold approximately for amplitudesa2 that lie in the interval[0.3a1, 3a1].

Autocorrelation width

The peak width∆tw introduced above is now formally defined. First defineρ(t) as the
autocorrelation functionρ(t) = b(t) ? b(t) of the received burstb(t) of Eq. 4.12. Theau-

tocorrelation width∆tw is defined as the 6-dB width of the main lobe of the envelope of
ρ(t). The width∆tw depends on the shape of transmitted burstu and on the transducer
impulse responses. Different transmitted burstsu will thus give rise to varying autocorre-
lation widths∆tw. If received bursts with a time separation of as low as∆t have to be
correctly (i.e. individually) detected in a signature, an approximate requirement of

∆tw ≤ ∆t (4.17)

can be used to check whether a certain transmitted burstu, with a certain∆tw, is able to
provide a time resolution of approximately∆t. The autocorrelation width∆tw can be seen
as a measure of time resolution provided by a transmitted burstu, for the case that multipath
interference occurs. Therefore∆tw is considered a useful parameter of a transmitted burst
u and it will be used in the analyses of transmitted bursts in the following sections.

Interestingly, the width∆tw can be represented in two ways: as a time duration∆tw,
or as an equivalent distance

∆dw = c∆tw , (4.18)

wherec is the speed of soundc = 3.4 ·102 m/s. The distance∆dw provides insight into the
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Figure 4.11: Sine burst signal for∆tB = 0.15 ms,fc = 40 kHz andA = 1.

acoustic propagation distance related to∆tw, and can be considered a measure of distance
resolution provided by a transmitted burst. Figure 4.10(d) provides an example of the case
that the transmitted burst does not provide sufficient resolution to distinguish the first peak.

4.6.3 Sine burst

A commonly used signal for driving piezo ultrasound transducers is a burst of sinusoids,
given by

u(t) = A sin(2πfct)Rect
( t

∆tB
− 1

2

)
(4.19)

whereA is the amplitude, andfc is the center frequency of the signal. The sine burst starts
at timet = 0 and has a time duration∆tB . The unit rectangular window functionRect is
defined as

Rect(t) =

{
1 for |t| ≤ 1

2

0 otherwise
(4.20)

The center frequencyfc is usually set equal to the resonance frequencyfr of the piezo
transducer, to ensure optimal energy conversion efficiency in the transducers pair. Figure
4.11 showsu for ∆tB = 0.15 ms andA = 1.

Range

The rangedr will be examined now for the sine burst signal. Because the highest attainable
propagation distance of ultrasonic signals depends on the attenuation due to absorption in
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air, which may vary, the range may vary over time. From here on, a value for the absorption
coefficient ofα = 1.3 is used to represent typical room temperature conditions. In addition,
a more conservative estimate ofα = 1.6 is used to represent the case of high absorption in
air, which leads to a smaller range thanα = 1.3.

For the sine burst, the burst duration∆tB can be increased to obtain a longer range.
Simulations were performed using the channel model, from which the range was calculated
as a function of the parameter∆tB . The simulations assumed SQ-40 transducers with the
transmitter driven at 3 V peak amplitude.

Define the simulated signalyS as the signal obtained from the channel model in ab-
sence of noise. LetsS be the signature extracted fromyS . Because only the line-of-sight
(LOS) burst matters for calculating the range, the room reflections were not simulated. The
signaturesS contained a single peak, corresponding to the LOS burst. Define the peak
amplitude as

aS = max
t

sS(t) . (4.21)

Next, define the signaln as a noise signal. One noise realizationn was obtained by a
measurement of acoustic noise in a room, as specified in Section 2.1.8. Define the signature
sN as the signature extracted from the noise signaln, and define the RMS noise level as
aN = RMS(sN ). The peak-signal-to-RMS-noise ratio (SNR) at the receiver can then be
estimated as the power ratio

SNR =
a2

S

a2
N

. (4.22)

The rangedr is defined as the distance at whichSNR = 1. Figure 4.12 shows the rangedr,
obtained by simulations, as a function of the burst duration∆tB . Indeed the range can be
increased, by increasing the burst length. However, increasing∆tB also has a downside,
which will be shown next through an analysis of the autocorrelation width.

Autocorrelation width

The autocorrelation width∆tw is a function of the sine-burst shape and hence of the burst
duration∆tB . The relation between∆tw and∆tB was studied through simulations of the
channel model. A model of SQ-40 transducers was used, and the acoustic noise level was
set to zero to study purely the autocorrelation width that is inherent to a transmitted burst.
The autocorrelation width∆tw is calculated from the simulated signatures.

The simulation results are shown in Fig. 4.13, which plots∆dw as a function of burst
duration∆tB . A minimum of ∆dw ≈ 26 cm is found for a very short burst duration of
12.5µs, which is even less than one sine wave cycle. For longer burst durations∆tB , the
autocorrelation width increases, which is a clear disadvantage of increasing∆tB .

It is not unlikely that in certain cases, a∆dw < 26 cm is required. This can not be
achieved by the sine burst, whatever the value of∆tB . The reason for this is the highly res-
onant response of piezoelectric ultrasound transducers, or in other words, the small band-
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Figure 4.12: Range as a function of the burst duration∆tB for the sine burst, obtained
by simulations. The range is shown for a typical air absorption coefficientα = 1.3
and for a high-absorption caseα = 1.6.
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Figure 4.13: Autocorrelation width as a function of the burst duration∆tB for the
sine burst, obtained by simulations.
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width of the impulse response of piezo transducers. Even though the transmitted burstu

can of extremely short time duration, the resonance of the piezo transducers causes a re-
ceived burstb to be effectively longer in time duration. To solve this problem, another
transmitted burst is investigated that can achieve a smaller autocorrelation width.

4.6.4 Deconvolution burst

A problem with the sine burst is that the autocorrelation width∆dw can not be decreased
below 26 cm for the specific SQ-40 transducers that are considered. In this section, another
signal is introduced that performs better in this respect.

First note that in general the autocorrelation width∆tw of a received burstb is inversely
related to the bandwidth∆f of this signal,∆tw ∝ ∆f−1. To lower∆tw, the bandwidth
of received burstb therefore should be increased. DefinehTR = hT ∗ hR as a shorthand
for the combined transmitter/receiver impulse response. Then, using Eq. 4.12, the received
burstb is given byb(t) = hTR(t)∗u(t). This expression has a frequency domain equivalent

B(f) = HTR(f)U(f) (4.23)

where the upper-case symbols denote the spectra of the corresponding lower-case symbols.
Even for an input signalU of infinite bandwidth, e.g.|U(f)| = 1, it follows |B| ≤ |HTR|
so the bandwidth ofb is limited by the small bandwidth ofhTR.

One theoretical solution to obtain a higher bandwidth would be a transmitted burst
u with the spectrum of an ideal deconvolution filterU = H−1

TR, such that an infinite-
bandwidth burst with spectrumB(f) = H−1

TRHTR = 1 is obtained. In this case, the
corresponding time domain signalb(t) = δ(t) has a desirable infinitely narrow autocorre-
lation functionρ(t) = δ(t) for which ∆tw = 0. However, a signal with spectrumH−1

TR

can not be applied to a transmitter in practice, becauseHTR(f) is near-zero for mostf , so
|H−1

TR(f)| suffers from blow-up. Then, the transmitted burstu would require unrealistically
high transmission power|U(f)|2 for these frequenciesf .

A more practical solution is not an infinite-bandwidth signalb, but rather a flexible
transmitted burstu′ (with spectrumU ′) such that the resulting effective bandwidth ofb

can be tuned to the desired value. Such a transmitted burst can be realized by applying a
pre-equalization filterF to a desired high-bandwidth signalu with spectrumU , that is

U ′(f) = A F (f)U(f) , (4.24)

to obtain the flexible transmitted burstU ′ to be applied to the transmitter. The factorA is
an amplitude scaling factor that can be used to limit the amplitude ofu′(t). The filterF
should approximateH−1

TR(f) as close as possible for frequenciesf whereHTR is relatively
high. However, it should not approximateH−1

TR(f) for frequencies whereHTR(f) is close
to zero.
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Wiener filter

One way to balance the two requirements of maximum bandwidth and limited power
|U ′(f)|2 is through a Wiener filter [63]. The Wiener filter is a filter to estimate a sig-
nal u(t), corrupted by noise, and measured by an imperfect measurement apparatus, in an
optimal way. Define the imperfect measurement process ofu as

c(t) = h(t) ∗ u(t) + n(t) , (4.25)

whereh(t) is a known impulse response representing the imperfect measurement apparatus,
n(t) is a noise term, andc(t) is the corrupted measurement ofu(t). Considering this
process in the frequency domain, we obtain the equivalent

C(f) = H(f)U(f) + N(f) (4.26)

where the spectraH andN are assumed to be known. The Wiener filterΦ(f) can be
applied to the corrupted spectrumC, as follows:

Û(f) = Φ(f)C(f) (4.27)

to obtain the estimatêU , an optimal estimate ofU in the least-square sense. The Wiener
filter Φ is given by [63]

Φ(f) = H−1(f)
|H(f)U(f)|2

|H(f)U(f)|2 + |N(f)|2
. (4.28)

For the specific case that noise is absent,N(f) = 0, the ideal deconvolution filterΦ =
H−1 is obtained as the optimal filter. The Wiener filter approximates the idealH−1 for
frequencies where noise termN(f) is weak, but it suppresses frequencies that have a high-
amplitude noise componentN(f) ≈ C(f).

Under the assumption that the noise spectrum is white, the noise term becomes a con-
stantN(f) = N , and the filterΦ becomes

Φ(f) = H−1(f)
|H(f)U(f)|2

|H(f)U(f)|2 + N2
. (4.29)

Besides representing the noise spectrum, the valueN with N ≥ 0 can be seen as a general
parameter that tunes the filterΦ. This way, the Wiener filter expression may be applied as
the tunable pre-equalization filterF of Eq. 4.24 that shapes the transmitted burst spectrum
U ′ . This filter with parameterN has the desired property that the deconvolution filterH−1

can be approximated arbitrarily close, by decreasingN towards zero.
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Applying the pre-equalization filter

The Wiener filter expression of Eq. 4.29 is now applied as the pre-equalization filterF of
Eq. 4.24 that filters the wideband transmitted burstU . The ‘imperfect response’ transfer
functionH in Eq. 4.26 corresponds to the transducers responseHTR in Eq. 4.23, soH =
HTR is substituted. Now, a filterF is obtained:

F (f) = H−1
TR(f)

|HTR(f)U(f)|2

|HTR(f)U(f)|2 + N2
. (4.30)

Next, a choice for the filter inputU is needed. In this thesis, it is chosen as a signal of
infinite bandwidth,U(f) = 1, which the filterF tries to approximate. This spectrum
U is obtained byu(t) = δ(t). Note that other interesting choices are possible here: in
particular, a sequence of amplitude-coded delta functions can be used to obtain a signal
u′ of higher energy that can be better detected at long distances. These sequences are not
further investigated in this thesis.

By choosingU(f) = 1, the filter simplifies to

F (f) = H−1
TR(f)

|HTR(f)|2

|HTR(f)|2 + N2
. (4.31)

For this filter, the magnitude ofN should be chosen in relation to the magnitude of|HTR(f)|,
because both terms are squared and added in the denominator. Therefore, a tuning param-
eterK is defined, such that

N = K max
f ′

(|HTR(f ′)|) , (4.32)

with N fully determined byK, and by the maximum response in the transfer function
HTR. The tuning parameterK is more general in meaning, since it is independent of the
specific transducer-dependent magnitude ofHTR.

It can be verified that forK = 0, the filterF becomes the ‘ideal’ deconvolutionF =
H−1

TR. ForK � 1, the denominator of the filterF in Eq. 4.31 becomes a constant, so that
|F | ∝ |HTR|, such that the deconvolution filtering mechanism is suppressed altogether.
The closerK is to 0, the more the deconvolution filter is approximated, the wider the
bandwidth of the resulting spectrumU ′ of Eq. 4.24 becomes.

Example deconvolution burst

Thedeconvolution burstu′ thus obtained by Eq. 4.24 is shown in Fig. 4.14 forK = 0.3. It
is an oscillating sinusoid with a bell-shaped amplitude envelope, interrupted at timet = 1.1
ms by a phase reversal of the oscillation. This phase reversal can be interpreted in the
time domain as electronic (active) dampening of the oscillation of the piezo transmitter.
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Figure 4.14: Deconvolution burstu′(t) for K = 0.3, and A chosen such that
maxt |u′(t)| = 1. A phase reversal of the oscillation can be observed at timet = 1.1
ms.

Although the phase reversal is hard to observe directly in the figure, a characteristic ‘dip’ of
the amplitude can be seen aroundt = 1.1 ms. Exactly this feature suppresses the oscillation
of the piezo transducers at their resonance frequencyfr, and therefore the bandwidth of the
received burstb is increased.

Range

Simulations were performed using the channel model (under similar conditions as for the
range simulations for the sine burst), from which the range was calculated as a function
of the tuning parameterK for the deconvolution burst. Figure 4.15 shows the rangedr

as a function of parameterK for two cases: a typical air absorption coefficientα = 1.3,
and a high-absorption caseα = 1.6. For aboutK < 0.2, the range increases steeply for
increasingK. Comparing this graph with Fig. 4.12 for the sine burst, we see that the range
is lower for the deconvolution burstforK > 0.2. The range even saturates for increasing
K, which is not the case for the sine burst for increasing∆tB . This can be explained by
noting that the sine burst linearly increases in energy for increasing time duration∆tB ,
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Figure 4.15: Range as a function of the tuning parameterK for the deconvolution
burst, obtained by simulations. The range is shown for a typical air absorption coeffi-
cientα = 1.3, and for a high-absorption caseα = 1.6.

thereby increasing the range, while the deconvolution burst changes shape but does not
increase in time duration indefinitely for increasingK.

Autocorrelation width

For the deconvolution burstthe autocorrelation width∆dw is shown in Fig. 4.16 as a func-
tion of parameterK. For smallK, indeed∆dw becomes very small, down to just 1.4 cm
for K = 0.001. But this is hardly a practical choice, as the range becomes almost zero for
this value ofK as can be seen in Fig. 4.15. By comparing this autocorrelation width to that
of the sine burst in Fig. 4.13, it is found that the deconvolution burst provides a superior
autocorrelation width, that can be tuned by the parameterK.

4.6.5 Concluding remarks

From the analyses of the two proposed transmitted bursts it is concluded that the deconvo-
lution burst is preferable to the sine burst for use in further experiments. It can achieve a
smaller autocorrelation width than the sine burst. As such, this provides better resolution to
distinguish individual received bursts. Furthermore the trade-off between autocorrelation
width and range can be easily tuned by the parameterK. This allows for flexibility during
experiments.
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Figure 4.16: Autocorrelation width as a function of parameterK for the deconvolu-
tion burst, obtained by simulations.

4.7 Range versus resolution

The coverage area of an ultrasonic location system should include the entire room for which
the system is intended. An important parameter that determines the coverage area, is the
rangedr. The range was considered for two transmitted burst types in the previous section.
Next, the range and its relation to theresolutionare analyzed. The resolution that a trans-
mitted burst provides is expressed here in terms of its autocorrelation width∆dw. The
range and the resolution can be tuned by the parameterK of the deconvolution burst. In
selectingK, a trade-off between range and resolution is made.

The rangedr determines what time interval of an acoustic measurement can be used for
position estimation. This signature time interval[t0, t1], introduced previously in Section
4.4.4, has an equivalent signature distance interval[d0, d1] that specifies what acoustic
reflection paths are included in the signature. The parameterd1 is considered now. A choice
d1 = dr is logical, because a maximum of information from an acoustic measurement is
then included in the signature. The signature interval(dr,∞) contains only noise. In
general, the range can be increased by using transmitted bursts of higher energy, which
can be accomplished by using bursts of higher amplitude or longer time duration. For the
deconvolution burst the parameterK can be increased for higher range, though at the cost
of an increased autocorrelation width∆dw.

A signal with a large autocorrelation width∆dw may lead to problems, because such
signals tend to suffer more from multipath interference, as shown in Section 4.6.2. Worse
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even, the average distance∆d between subsequent reflections arriving at the receiver tends
to decrease rapidly as a function of the propagation distanced of these reflections, as stated
in Section 2.3.4 by Eqs. 2.30 – 2.31.

Fig. 4.17(a) shows∆d as a function of a propagation distanced = c t, with d the
equivalent distance of timet in Eq. 2.30. The equation is evaluated for a typical room
volumeV = 85.3 m3, assuming room dimensionsL = [3.73, 7.70, 2.97]. The distance
between reflections∆d quickly decreases to values below 10 cm, which poses an upper
bound toK as we will see shortly. The graph can be interpreted in the following way:
in order to avoid the multipath interference problem, on average, for acoustic reflections
propagating up to a certain distanced, the autocorrelation width∆dw of the transmitted
burst must satisfy the constraint

∆dw ≤ ∆d (4.33)

where∆d is given by graph (a) as a function ofd. A hypothesis is that meeting the con-
straint 4.33 is sufficient to avoid multipath interference in an acoustic measurement, on
average, given that a distance interval of[0, d] of the acoustic measurement is used. This
constraint implies that the autocorrelation width∆dw should be made small enough in
order to avoid multipath interference up to a certain propagation distanced. However,
making∆dw smaller will also decrease the attainable range, which in turn lessens the need
to have a small∆dw in the first place. This mechanism suggests the existence of anoptimal

value∆dw ≈ ∆d which can provide a maximum rangedr = d while avoiding multipath
interference on average.

Before we determine this optimum, first note Fig. 4.17(b). It plots the relation between
the rangedr (on the horizontal axis) and the value of∆dw required to obtain that range
(on the vertical axis). This data is obtained for the deconvolution burst by combining the
data of Figs. 4.15 and 4.16 into a parametric curve with parameterK. (The parameter
values forK are not shown in the figure.) Two curves are plotted; the top curve represents
the conservative case of a high absorption coefficientα = 1.6, while the bottom graph
represents a typical caseα = 1.3.

The optimal way to meet the constraint∆dw ≤ ∆d is to choose∆dw = ∆d. This can
be proven by considering the alternative, choosing∆dw < ∆d. Then, the constraint of Eq.
4.33 is still met, but a lower∆dw implies a smaller range. A smaller range is sub-optimal,
because it could still be made larger by choosing a higher∆dw. It follows that∆dw = ∆d

attains the highest rangedr = dopt. This value of∆dw is obtained by a corresponding
optimal tuning parameter valueK = Kopt of the deconvolution burst.

The optimum is located at the point where the two graphs (a) and (b) in Fig. 4.17 have
an equal value on the vertical axis. In the figure, this intersection occurs ford = 9.67 m.
The corresponding∆dw can be found as∆dw ≈ 7 cm on the vertical axis of the graph
α = 1.3 in Fig. 4.17(b). Therefore∆dw = 7 cm is the optimal choice of transmitted burst
for this room volumeV , in order to obtain the optimal range ofdopt = 9.67 m, while
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Figure 4.17: (a, top) Average distance between reflections∆d as a function of the
propagation distanced, according to Eq. 2.31. (b, bottom) The minimum required
autocorrelation width∆dw of the deconvolution burst, as a function of a given prop-
agation distanced. Two curves are shown, one for the case of typical air absorption
α = 1.3 and one for the high-absorption caseα = 1.6. Each curve is a parametric
curve over values 0 – 1 of parameterK. (The values ofK are not shown.)
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avoiding multipath interference on average in the signature interval[0, dopt]. Note that
this calculation ofdopt is based on a typical-case assumption of an acoustic attenuation
coefficientα = 1.3. For other values ofα the optimal range differs. Also for rooms of
different volumesV the value ofdopt differs.

Concluding, a guideline is found to choose a transmitted burst with an optimal au-
tocorrelation width∆dw, for a given room volumeV . The optimal rangedopt and the
parameterK required for the deconvolution burst follow from this choice. Because the
range isdr = dopt, it follows that the signature interval[d0, d1] should be chosen such that
d1 = dr = dopt.

4.8 Conclusions

Using the acoustics theory of Chapter 2, a channel model for the acoustic channel of an
ultrasonic location system (ULS) is developed in Sections 4.1 – 4.3. The channel model
represents the electro-acoustic behaviour of the channel consisting of a piezoelectric ul-
trasound transmitter, a box-shaped empty room, and a receiver. The room model is con-
structed using geometrical acoustics theory. The channel model will be used as a key
component for 3D position estimation methods in the next chapter. A compact representa-
tion of an acoustic signal, thesignature, is developed in Section 4.4. Time-of-arrival and
amplitude information about acoustic reflections can be easily extracted from a signature.
This information plays an important role in position estimation. In Section 4.5 the accuracy
of the channel model is considered. Because the required accuracy of the channel model
depends on the position estimation algorithm that uses it, the accuracy will be verified
experimentally in conjunction with a specific position estimation algorithm in Chapter 6.

The question of what shape of transmitted burst should be used, to best distinguish
individual acoustic reflections in a received signal, is addressed in Section 4.6. Two types
of signals, the sine burst and the deconvolution burst, are proposed. The deconvolution
burst provides superior resolution in the detection of individual acoustic reflections. The
trade-off between range on the one hand, and resolution to distinguish individual acoustic
reflections on the other hand, is examined in Section 4.7. It is concluded that an optimal
rangedopt can be derived for a given room volumeV , which guides the choice of a trans-
mitted burst for a particular room. The optimal range also guides the choice of a signature
distance interval parameterd1.
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Chapter 5

Position estimation using acoustic
reflections1

Due to the reflecting properties of the walls, ceiling, and floor, an ultrasonic emission in a
room causes reflected acoustic waves. Current state-of-the-art ultrasonic location systems
do not use these reflections in any way. The previous chapter has shown that the patterns
of acoustic reflections are predictable, and dependent on the positions of transmitter and
receiver. This suggests that from a pattern of acoustic reflections at least some information
about the position of a device can be extracted. This information may help to determine the
3D position of a mobile device, which is of interest to applications.

A standard ultrasonic location system needs at least three base stations at distinct posi-
tions in the room, in order to estimate the 3D position of a mobile device using trilateration.
Yet, driven by the need for a minimal infrastructure in the domain of consumer systems, a
solution that requires fewer base stations would be considered more attractive. This chapter
investigates a method that uses the extra information obtained from acoustic reflections to
determine the 3D position of a mobile device. The extra information will prove to be of
such quality that it can reduce the number of physical base stations required. As a result,
just a single base station is needed in a room instead of the three or more of a standard
location system. The base station also contains just a single ultrasound transducer.

First, an introduction to this method is given in Section 5.1. The method relies upon the
acoustic channel model of a location system, which was developed in the previous chapter.
Because the channel model assumes a box-shaped room, the method is only considered for
box-shaped rooms. To develop the method in a necessary assumption is that the room is
empty, since the channel model describes an empty room. Nevertheless, the method is also
tested for a non-empty room in the experiments in the next chapter.

1Parts of this chapter were published as a paper [25] at the First European Symposium on Ambient Intelligence
(EUSAI), 2003.
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Figure 5.1: 3D perspective view of a box-shaped empty room, with one base station
(BS) at a known position and one mobile device (MD) at an unknown position. One
line-of-sight raya and three first-order reflected raysb, c andd are shown.

5.1 Introduction

The general idea of using acoustic reflections from room surfaces to obtain information
about a 3D position is introduced here by means of an example. Figure 5.1 shows a 3D
perspective view of a box-shaped empty room, with one base station (BS) mounted on
a wall at a known position, and one mobile device (MD) somewhere in the room at an
unknown position. The room dimensions are assumed to be known to the location system.
Furthermore assume that the base station emits an acoustic signal. The purpose of this
signal is to enable the mobile device to calculate its 3D position, based on the received
ultrasonic signal. The paths of four acoustic rays from the base station to the mobile device
are marked in the figure asa, b, c, andd, with pathsb, c, andd caused by reflections in
the room from the ceiling and walls. There exist many more reflection paths, but for the
sake of argument this example shows only three first-order reflections. The other first-order
reflections on the floor and the wall directly opposite the base station are not shown.

Note that the discussion would be equally valid if the mobile device would transmit an
acoustic signal and the base station would receive it. The acoustic ray pathsa – d are also
valid paths in this case. For clarity, the assumption of a mobile device acting as a receiver
will be used from here on.

Suppose that the mobile device can measure the four distances of the paths using an
ultrasound time-of-flight method. The shortest measured path distance is that of patha, the
line-of-sight (LOS) path directly between BS and MD in the figure. It is hence called the
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line-of-sight distance. Although the mobile device can also measure the threedistancesof
pathsb, c, andd, the distances ofb, c andd can not be directly attributed respectively to the
ceiling, the right wall, and the left wall propagation paths, because a measured path distance
does not give this information. In this case there are3! = 6 possible assignments of each
reflection surface (left wall, right wall, or ceiling) to each of the three measured distances of
pathsb, c, andd. In practice, there would be more possible assignments: forNrefl reflection
paths, there existNrefl! assignments in general. If all five first-order reflections are consid-
ered,5! = 120 assignments are possible. In order to use standard trilateration methods
to calculate the mobile device 3D position, such an assignment should be performed first.
If all 120 assignments mentioned above would be tried, a standard trilateration algorithm
would produce 120 different position solutions, not one unique position solution. Given
this problem, two obvious strategies can be followed:

1. Try all Nrefl! assignments, and see which assignment ‘fits best’ to the measured
distances. This best fit is used to derive the unique position estimate from.

2. Change the design of the mobile device, such that it is able to identify from which
reflection surface a ray was reflected.

Although the first strategy appears straightforward, it is difficult to apply if the number
of reflections in the room measured by the mobile device is high. Because in practice
typically Nrefl ≥ 10, the number of assignments to try in practice isNrefl! � 106, which
may become computationally infeasible.

The second strategy is non-trivial to implement. One way to implement reflection sur-
face identification, is a mobile device that measures first its own orientation in the room
using built-in sensors. Second, it measures the angles of all incoming acoustic rays with
respect to its own orientation. From the set of ray path distances and ray angles thus
obtained, a ‘most likely’ assignment of reflection surfaces to acoustic ray paths may be
deduced. Using the deduced assignment, a standard trilateration algorithm can be executed
and a unique mobile-device position solution is obtained. However, the measurement of the
angle of incoming acoustic rays requires additional transducers and sensors in the mobile
device, which increases its cost and size.

Therefore another approach is considered, one that requires just a single transducer
in the mobile device, and does not require an assignment of ray-distances to reflection
surfaces to be done. This approach, called the signature matching method, is developed in
this chapter. It uses the property that the overallpatternof acoustic reflections, measured
by a receiver, depends on the 3D mobile-device positionxM, which is the crucial variable
of interest for 3D position estimation.

Example. The dependency of the acoustic reflection pattern on the mobile-device posi-
tion will be illustrated next using an example measurement. Figure 5.2 shows two sig-
natures of acoustic measurements. The measurements were taken for two distinct mobile



100 Chapter 5. Position estimation using acoustic reflections

0 5 10 15 20 25 30
0

1

2

3

4

5

6

7
x 10

−4

Time (ms)

A
m

pl
itu

de
 (

no
 u

ni
ts

)

Position 1
Position 2

Figure 5.2: Two signatures of acoustic measurements at two distinct receiver posi-
tions which are 60 cm apart. The signatures differ, due to the dependency of the
acoustic reflection pattern upon mobile-device positionxM.

device receiver positionsxM, located 60 cm apart in a room. For details about the mea-
surement, see Section 6.4. The peaks in the signatures correspond to the arrival of acoustic
reflections at the receiver at different moments in time. It can be seen that the shape of
both signatures differs significantly in the interval[7, 30] ms, due to the dependency of the
pattern upon receiver positionxM. Generally, a change in the pattern of the received signal
can be observed already for a small change in the mobile-device position. If this pattern
is unique for each positionxM, and assuming that the pattern for each 3D mobile-device
position can be predicted by an acoustic channel model, it should be possible to estimate
the 3D positionxM solely from a measured pattern of reflections.

Define the mappingF (xM) as a function that maps a 3D receiver positionxM to a
corresponding unique reflection patternp = F (xM). The mappingF exists, as shown for
example by the channel model in the previous chapter. Ideally, there would exist some
computationally efficient inverse functionG = F−1 that can map a given measured pat-
tern directly to the unique positionxM that belongs to it. Unfortunately, no such efficient
mappingG has been found. It appears impossible, for example, to analytically invert the
mappingF . The mappingF itself, however, can be computed straightforwardly using the
acoustic channel model. This computation ofF can be viewed as an easyforward problem

involving acoustic model equations, and computation of the inverseF−1 as a hardinverse

problem.

The fact that no mappingG has been found, leads to a position estimation method which
relies on the repeated computation ofF instead. This method follows an iterative approach,
in which many hypothetical 3D positionsx′M are tried, andp = F (x′M) is computed for
each position. Each hypothetical patternp is compared to the measured acoustic reflections
pattern. The one hypothetical patternp that matches the measurement best, points to the
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most likely positionx′M of the mobile device. The namesignature matchingrefers to this
process of finding the best match to the measurement among many hypothetical patternsp.

Before the signature matching method is explained in more detail in Section 5.3, the
above-mentioned process of comparing two signatures is defined first in Section 5.2. A
number of specific cases of the signature matching method will be presented in Section
5.4. Section 5.5 provides analyses of various aspects of the signature matching method,
including accuracy and coverage area. Conclusions are given in Section 5.6.

5.2 Comparing signature vectors

A repeated process of comparing two signature vectors is in the heart of the signature
matching method.Comparingrefers to the process of comparing two given signature vec-
tors, whilematchingrefers to finding a like signature vector among a group of many sig-
nature vectors. Define a measurement signature vectorsm, extracted from a measurement,
and an expected signature vectorse obtained by simulation as the expected signature for
a hypothetical mobile-device positionx′M. These are the two signature vectors to be com-
pared.

5.2.1 Time-series matching

Because a signature vector is a time-series representation of an acoustic signal, signature
matching is related to existing methods of time-series matching. Time-series matching is
a well-known problem in the literature. Time-series matching often takes the form of a
database query: a singlequery sequence[4] or query vectorq is compared toN other se-
quences in a database (whereN may be many thousands or millions). A basic, unoptimized
matching algorithm simply performsN pairwise comparisons between the query sequence
q and the database sequences, in order to find the best matching database sequence.

Two cases can be discerned in time-series matching: the first case ofwhole matching

[4] occurs when query and database vectors are of equal and fixed size, so that two whole
time-series can be compared element-wise. The second case issubsequence matching,
where vectors have varying and/or unequal sizes, which is often more complicated than
whole matching. Time-series matching methods can be found in the literature for both
cases, for example in [4, 13].

5.2.2 Comparison metrics for signature matching

The comparison of two signature vectors will be considered now. Define acomparison

metric as a method of comparing two signature vectorss1 and s2, which consists of a
function or algorithmM of scalar outcomem = M(s1, s2). The maximum value ofm,
over all s1 and s2 to compare, is associated with the best match. In other words: the
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higherm, the mores1 looks like s2. The functionM can be used as a basic comparing
operation in a framework that implements the aforementioned database query procedure.
Comparison metrics for signature vectors of equal size, corresponding to whole matching,
will be considered in this thesis, because this choice avoids the complexities associated
with subsequence matching. It is straightforward to use equal signature vector sizes by
design.

5.2.3 Vector-distance metrics

For signature vectors of equal size,vector-distance metrics[28] can be applied as compari-
son metrics. Because a shorter vector distance between two vectors is generally associated
with two vectorss1, s2 being more alike, a comparison metric

M(s1, s2) = −D(s1, s2) (5.1)

can be defined for an arbitrary vector-distance metricD(a,b). The best match occurs for
s1 = s2, yielding a minimum vector distanceD = 0 which corresponds to a maximum
comparison metric valueM = 0.

The question of what distance metricD should be used, is still open at this point. One
class of distance metrics are defined by the Minkowski metricLk [28], which is for vectors
a,b of sizeN given by:

Lk(a,b) =
( N∑

i=1

|ai − bi|k
)1/k

, (5.2)

where the parameterk can be tuned for optimal performance in the given problem domain.
Settingk = 1 yields the city-block distance metric, andk = 2 the Euclidean distance
metric. The well-known concepts ofmean-squared error(MSE) andmean absolute error

(MAE) for signals can be used for signature vector comparisons as well, by using the
vector-distance metric

Dk(a,b) =
1
N

N∑
i=1

|ai − bi|k (5.3)

for values ofk = 2 and k = 1, respectively. The above vector-distance comparison
methods assume that two signature vectors arealigned, so that an element-wise comparison
is justified. In Section 5.2.5 the case where signature vectorss1 ands2 are not mutually
aligned is considered.

5.2.4 Scaled vector-distance metrics

Vector-distance metrics have one disadvantage that makes them less attractive for signature
matching. They are not suitable to match two signatures, which are similar in shape, but



5.2. Comparing signature vectors 103

differ in absolute amplitude. An example of two signatures that are similar in shape but
quite different in absolute amplitude can be found for example in Section 4.5.2, in Fig.
4.9. Because the absolute amplitudes of peaks in the signature are not as important as the
peak positions, less emphasis should be placed on absolute amplitude while doing signature
matching.

One solution is to perform a pre-processing step ofscalingtwo signatures before com-
paring them using a vector-distance comparison metric. A Root-Mean-Square (RMS) scal-
ing of a signatures can be used, given by

ssc =
1√

1
N

∑N
i=1 s2(i)

· s (5.4)

whereN is the size of vectors. This RMS scaling creates a vectorssc with RMS(ssc) = 1
by definition.

A mean-absolute-error scaling can be considered as an alternative. It is given by

ssc =
1

1
N

∑N
i=1 |s(i)|

· s . (5.5)

Two mean-scaled vectors will have a mean absolute amplitude of one, by definition. This
scaling tends to adjust two signatures such that they will be ‘most similar’ when these
signatures are compared using the Mean Absolute Error vector-distance metric.

Using one of the above scaling methods, a new family of comparison metrics is ob-
tained. Comparison metrics are named as follows: RMS-MAE stands for the Mean Ab-
solute Error (MAE) vector-distance metric with RMS-scaled signature vectors, and MN-
MAE stands for the MAE vector-distance metric with mean-absolute-error-scaled signature
vectors.

5.2.5 Comparing signatures of unknown transmission time

The situation may occur that a measured signature vectorsm can not be compared di-
rectly to a simulated signature vectorse, because the two signature vectors are not mutually
aligned. This alignment is missing, when the signal transmission timet0 is unknown for
the measured signature vectorsm. Suppose that a receiver obtains the signaturesm from
a measurement, given that a transmission was initiated at timet0 by a transmitter device.
By default, the receiver does not know the timet0, because that time instant is only known
to the transmitter. With extra hardware, a receiver can obtaint0, for example by the clock
synchronization methods discussed in Section 2.1.1.

But now suppose that a location system does not have the extra hardware for clock syn-
chronization. The unknown timet0 makes signature vector comparison more complicated.
Suppose that a receiver without knowledge oft0 has extracted a signature vectorsm from a
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(a) Signature corresponding to vectorsm, extracted from a measurement at the receiver

0 5 10 15 20
0

1

2

3

4

5

x 10
−4

Time since transmission (ms)

A
m

pl
itu

de
 (

no
 u

ni
ts

)

∆ t
LOS

(b) Signature corresponding to vectorse, simulated using the channel model

Figure 5.3: Misaligned signatures example. (a) A signature extracted from a mea-
surement with transmission timet0 unknown in terms of the receiver timetR (top
time axis), and (b) a simulated signature with known transmission timet0 = 0 s rela-
tive to the transmitter timetT (bottom time axis). Signatures are equal except for an
unknown time offset∆t.
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measurementy. Figure 5.3(a) shows an example of the signaturesm corresponding to such
a vectorsm. The receiver starts recording the acoustic signal at the receiver local timet = 0
(on the time axis of Fig. 5.3(a)), corresponding to a time-since-transmission oft = 6.3 ms.
At this time it is triggered by an amplitude increase ofy above noise level.

This measurementsm needs to be compared to a signature vectorse that is simulated
using the channel model. The simulated signature vectorse is depicted in Fig. 5.3(b) and
can be seen to have an identical pattern. However, the simulationse has been calculated in
reference to the transmission timet0 = 0, which is of course known for a simulation. The
simulated signature vector includes an ‘empty interval’[0, 6.3] ms representing the time it
takes for the direct sound to reach the receiver along the line-of-sight path. Compared to
the measured signature vector, the simulated signature vector appears delayed by a time
offset∆t = 6.3 ms, depicted in the figure. This offset is however unknown to either the
transmitter or the receiver.

If the two signature vectorssm andse in the figure are compared element-wise, using
a vector-distance metric from the previous section, they will not match well at all. To
compare them, the unknown offset∆t will have to be found first, so that the two signature
vectors can be aligned.

Alignment methods. Two methods are proposed to align signature vectors. The first
method assumes that a line-of-sight (LOS) peak exists in the signature vectorssm andse.
Then, the measured signature vector will always start with the LOS peak, as in Fig. 5.3(a).
Next, an interval[0, tLOS] can be removed from the simulated signature vector, wheretLOS

is the time corresponding to the LOS peak in signaturesm. Now, both signature vectors
are aligned. For the example shown in Fig. 5.3(b), this results in the removal of the interval
marked by∆t, such that the simulated signature vector is aligned to the measured signature
vector in Fig. 5.3(a). Now, the signature vectors can be correctly compared element-wise
and they will match perfectly.

The second method is more general, because it also works if the LOS peak is absent in
the signature vectorssm or se. This method involves the calculation of the cross-correlation
between the measured and simulated signature vectors. The timetmax for which the cross-
correlation is maximum is an estimate for∆t. If this method would be applied to the
example signaturessm andse shown in the figure, the correct∆t would be found. After
removing this interval marked by∆t, the corresponding signature vectors would again
match perfectly.

5.3 Signature matching method

The signature matching method compares a measurement of the acoustic reflections in
a room to many model predictions of acoustic reflections. From the outcome of these
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comparisons, the method estimates the 3D position of a mobile device in a room. An
advantage of the method is that only a single base station is required per room. This section
describes the foundations of the signature matching method. Later sections present variants
of the method and provide additional details on how it can be implemented.

5.3.1 Acoustic measurement

A single acoustic measurement, represented by a signaturesm or by its signature vectorsm,
contains the information that is used for estimating the 3D positionxM of a mobile device.
This information consists of the times-of-arrival and amplitudes of acoustic reflections.
The acoustic measurement is performed by the receiver, which can be either a base station
or a mobile device, depending on the system architecture. For convenience, the default
assumption in this section is that a mobile device acts as a receiver. But the method can
be applied for a mobile device transmitter as well. This holds because the channel model,
a key component in the signature matching method, can be evaluated for any transmitter
position and any receiver position in the room.

5.3.2 Signature matching as an optimization problem

The signature matching method is stated here as an optimization problem. Define vectorx
as representing a hypothesis for the unknown mobile device 3D positionxM, and vectorv
as a hypothesis for the unknown mobile-device orientationvM. Vectorv is a 2D orientation
vectorv = [θ, φ]. The angleθ ∈ [−π,+π] is the orientation of the mobile device in the
horizontal plane and angleφ ∈ [− 1

2π,+ 1
2π] is the vertical orientation. Bothx andv have

to be found, given a measured signature vectorsm, such that a cost functionC is minimized.
The vectorsx andv should then lie close to the true mobile-device position and orientation
for a well-chosen cost function. This constitutes an optimization problem for the combined
position-orientation vectorz = [x,v] in a five-dimensional space. Although our main
interest is to obtain the unknown position vectorx, it is unavoidable to optimize also for
the orientation vectorv: becausev heavily influences the pattern of acoustic reflections in
sm, the orientationv has to be deduced correctly during the optimization process.

The optimization problem can be stated as a minimization of the cost functionC over
the five-dimensional vectorz:

ẑ = min
z

C(z, sm) , (5.6)

yielding an optimal position-orientation estimateẑ = [x̂, v̂]. Note that position vectorx
insidez is constrained by the (known) physical room dimensions, that isx ∈ V with V

the room volume. Orientation vectorv is constrained to a 2D surface. Consequently, the
composite vectorz is constrained to a five-dimensional ‘volume’ orcontentZ. Because
optimization of a five-dimensional vectorz may require a long computation time, several
approaches to reduce the number of dimensions are discussed in Section 5.4.
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The cost functionC can be constructed using a comparison metricM , which compares
the measurement signature vectorsm to the expected signature vectorse(z) by

C(z, sm) = −M(se(z), sm) (5.7)

wherese is calculated as a function ofz using the channel model. In other words, function
se implements the mappingF introduced in Section 5.1. The cost is minimized for aẑ that
maximizes the match between the measurement signaturesm and the signaturese expected
for positionẑ.

5.3.3 Optimization strategies

To solve the optimization problem stated above, an optimization strategy is needed. What
optimization strategies will work best depends on the structure of the cost functionC. This
function consists of the comparison metricM and the functionse(z), which is non-linear
and quite complicated because it involves the entire channel model and signature extraction
process.

Grid approximation. An optimization strategy that can be applied to any complicated
cost functionC is the ‘brute force’ evaluation ofC over a finite set of points. Although
the number of possible vectorsz is infinite, it can be assumed under certain conditions
that a near-optimal solution̂z lies on one of the points of a pre-defined grid in a space of
dimensiondim(z), close to the true optimum. The points on the grid are referred to as the
candidate points or candidate positions.

For a five-dimensional vectorz, a grid of candidate positions can be defined asz =
[x,v] with

x = [Nx∆x, Ny∆x,Nz∆x] (5.8)

for agrid spacingparameter∆x and for the integersNx, Ny, Nz all combinations of values
such thatx ∈ V . The orientation candidates are

v = [Nθ∆θ, Nφ∆φ] (5.9)

for orientation spacingparameters∆θ and∆φ, and for the integersNθ andNφ all combi-
nations of values such thatv is inside the 2D surface defined in the previous section. The
grid approximation strategy consists of iterating over the finite set of candidate points and
calculating the cost functionC(z, sm) at each candidate pointz. The candidate point with
minimal costC(ẑ, sm) is used as the best position-orientation estimateẑ. One necessary
condition for grid approximation to work well is that the cost functionC changes smoothly
in the z-space between one candidate pointz1 and any of its nearest neighbor candidate
pointszi. Smoothness can be guaranteed by choosing small enough values∆x, ∆θ, and
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∆φ.

An advantage of the grid approximation strategy is its simplicity. But a possible disad-
vantage is the high computational load of evaluatingC(z, sm) for many candidate points
z on a grid in a space of dimensiondim(z). For a typical choice of∆x = 5 cm and
∆θ = ∆φ = 0.2 for example, the number of candidate positions on the grid is over3 · 108,
for a room of sizeL = [3.5, 7.6, 3.0].

The grid approximation strategy will be used in the experiments with the signature
matching method in the next chapter. This strategy is simple to implement, but it also
provides the best insight into the structure of the cost functionC. The full search content
Vz is effectively ‘sampled’ by the candidate grid points. This feature will be used in the
next chapter to visualize the cost functionC for a two-dimensional vectorz.

Other strategies. Besides grid approximation, other optimization strategies may be
used. The iterativegradient descentmethod uses partial derivatives of the cost functionC

to find a minimal-cost solution. However, this method has the disadvantage that it may eas-
ily converge to a local minimum ofC, instead of to the global minimum. Further possible
strategies are simulated annealing, and the simplex method.

5.4 Signature matching in a constrained solution space

The signature matching method presented until now requires optimization of a vectorz =
[x,v] over a five-dimensional position-orientation contentZ. In a practical location system,
the position estimatêx is of most interest. Furthermore an estimatex̂ or ẑ has to be found
within 1 s after a measurement has been done, in order to meet the requirements on the
position update rate.

To decrease the time required to find a solution, one could constrain the contentZ to
a smaller content or one could reduce the five-dimensional space to a lower-dimensional
space before starting the optimization process. Such a reduction of the search space is
required for the signature matching experiments conducted in the next chapter: without
reduction, the contentZ would be so large that a single position estimate would take hours
of simulation time. Three kinds of constraints on the contentZ to reduce the search space
will be introduced next: the line-of-sight constraint, orientation constraints, and position
constraints.

5.4.1 Line-of-sight constraint

If the line-of-sight (LOS) distance between transmitter and receiver is known, theline-of-

sight constraintcan be applied to the position-orientation contentZ. A method to obtain the
LOS distance from a measurement was shown in Section 4.4.3. However, it is not certain



5.4. Signature matching in a constrained solution space 109

Figure 5.4: Perspective view of a room with base station BS at a known position,
and a mobile device MD at an unknown position. Sphere surfaceS marks all possible
positions of MD, if only the line-of-sight distancer is known.

that the LOS component is present in the received signal. Depending on the circumstances,
one of the following three cases may occur:

1. The LOS component is present and is correctly detected by the receiver.

2. The LOS component is fully blocked by some obstacle and can not be detected by
the receiver.

3. The LOS path is blocked by some obstacle, but the acoustic signal diffracts around
the obstacle. Although this results in a slightly delayed and heavily attenuated LOS
component at the receiver, the LOS component can still be detected by the receiver.

The first two cases are considered in this thesis. Although the third case is not considered,
it may occur in practice. Therefore, further research is required to find out what errors in
position estimates are caused by diffraction, in what circumstances.

Case 1: LOS component present. If the LOS distance can be determined from a mea-
surement, important information is gained about the mobile-device position. Then, the 3D
mobile-device positionxM is known to lie on a partial sphere surfaceS inside the room
volumeV , where the centre of the sphere is the base-station positionxB. The sphere has
radiusr = |xM − xB|, wherer is equal to the measured LOS distance. This is depicted
in Fig. 5.4, where the base station BS and the mobile device MD are shown, the LOS path
is shown as a line of lengthr, and the shaded partial sphere surfaceS marks all locations
where the mobile device could be located, given only the LOS distancer. A significant
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reduction in search space for the mobile-device position vectorx can be observed in the
figure: the hypothetical mobile-device positionx is now constrained to surface S, instead
of to the entire room volumeV .

The signature matching optimization problem can be restated, using the LOS constraint,
as an optimization over a four-dimensional position-orientation vectorz = [x′,v], with x′

a 2D mobile-device position vectorx′ = [Θ,Φ] that expresses the position of the mobile
device as the two angles of a 3D point[Θ,Φ, r] in a spherical coordinate system, centered
at xB, where radiusr is known.x′ is related to the 3D cartesian position coordinatex by
the transformation

x(x′, r) = xB + r

 cos Θ sinΦ
sinΘ sinΦ

cos Φ

 . (5.10)

Case 2: LOS path blocked. If the LOS path is blocked by an obstacle, the first arriving
signal that is detected at the receiver will be a reflection instead of the LOS signal that the
receiver expects. The receiver may not be able to detect the fact that the LOS signal is
missing, because a reflected burst appears identical to a LOS burst. If so, a location system
that applies the LOS constraint will use the wrong LOS distancer > |xM − xB|. Then, a
wrongly positioned surfaceS is constructed which does not intersect the true mobile-device
positionx, so the correct mobile-device position can not be found. In the experiments in the
next chapter, the LOS constraint will be used and the case 1 above will be assumed. But in
practice case 2 does occur, so it would be interesting to have a method of detecting whether
the LOS path was blocked, or not. Although in Chapter 7 such a method is investigated for
transducer arrays, this method is not yet applied in the signature matching experiments in
this thesis.

5.4.2 Orientation constraints

If the orientation of a mobile device is fully known, the orientation vector inz = [x,v] is
known to bev = vM, so it can be removed fromz before starting the optimization pro-
cess. This procedure is referred to as applying the known-orientation constraint. The opti-
mization problem overz is then transformed from a five-dimensional problem to a three-
dimensional problem. Similar to the LOS constraint, the known-orientation constraint can
be used to reduce the processing time of the signature matching method dramatically. If
the orientation of a mobile device is partially known, for example an orientation vector is
known to bev = [θ, 0], one element of the orientation vectorv can be removed fromz.
This yields a four-dimensional optimization problem.

Four approaches are suggested to obtain the orientation vector of a mobile device:

1. Orientation is fixed by design. In this case the mobile device transducer orientation
is known and constant during use of the mobile device. One example is a remote
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control type of mobile device that is either lying horizontal on a table surface, or is
held approximately horizontal in a user’s hand. If a rotational symmetric acoustic
transducer is mounted on top of this device such that the transducer’s normal axis
points up, the direction vectorv will be fixed to ‘up’ (v = [θ, 1

2π]) during use.

2. Orientation is partially known by design. One example is a mobile device that is
designed to stand on a table surface, that has a transducer mounted horizontally, such
that its orientation vectorv = [θ, 0] always has zero elevationφ = 0.

3. Orientation sensors. By combining signals from earth-magnetic field sensor(s),
inertial acceleration sensors, and gravitation sensor(s), all embedded in a mobile
device, the absolute orientation of this device can be deduced.

4. Orientation estimation. An algorithm could be developed that uses characteristics of
the received signal to estimate one or more likely orientations of the mobile device.

The approaches 2 – 4 are not further investigated in this thesis. The first approach will be
tested for the suggested mobile device transducer direction ‘up’ in an experiment in the
next chapter. Approach 3 is assumed for most experiments in the next chapter, although
the actual sensor systems to obtain the orientation are outside the scope of this thesis.

5.4.3 Position constraints

Although the optimization approach considers candidate mobile-device positionsx through-
out the entire room volumeV , many of these positions are unlikely. A typical mobile device
for example, carried around by users, is almost never located close to the ceiling of a room.
Furthermore for some types of devices it is unlikely that a device would be carried around
close to the floor. Then, a reduction of the search contentZ can be obtained by assuming
a-priori that the height of the mobile device is limited to a certain interval, for example
z ∈ [0.5, 2] m. Such a constraint was not applied in this thesis, but it could nevertheless be
used to significantly reduce the computation time of the signature matching method.

5.4.4 Algorithm for LOS and orientation constraints

By combining one of the general signature matching approaches presented in Section 5.3
with any one of the above constraints, a large variety of signature matching algorithms can
be constructed. This section presents a specific algorithm thus obtained in more detail. This
algorithm is obtained by using the signature matching method with a grid approximation
strategy, plus applying the LOS constraint and the known-orientation constraint.

Certain parameters must be set before the algorithm can be executed. The first group of
parameters are the channel model parametersp, introduced in Section 4.2.1. The second
group of parameters are the signature parameters, introduced in Section 4.4.4. The third
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group of parameters are the parameters for the grid approximation strategy. Because the
LOS and orientation constraints are used, only a two-dimensional mobile-device position-
orientation vectorz = [x′] with x′ = [Θ,Φ] needs to be optimized. One way to choose
the grid of candidate positions is to use evenly distributed points in 2D space which are
spaced a distance∆Θ apart for theΘ coordinate, and a distance∆Φ for theΦ coordinate,
analogous to the grid definition in Section 5.3.3. The selection of these∆ values will
be further investigated in Section 5.5.2. Note that these evenly spaced pointsx′ will be
translated, using Eq. 5.10, to unevenly spaced candidate pointsx in 3D space. All candidate
positionsx lie on a partial sphere surfaceS.

Algorithm. For a measured signature vectorsm the following algorithm is executed:

1. From sm detect the line-of-sight (LOS) peak as in Section 4.4.3, and calculate the
LOS distancedLOS.

2. Construct a sphere surfaceS (as shown in Fig. 5.4) bounded by the room volume
V , with radiusr = dLOS, centered around the base-station positionxB. Construct
Np 3D candidate positionsxi with i = 1 . . . Np on surfaceS according to the pre-
defined grid spacings.

3. Start an iteration over all candidate positions by settingi := 1. Set the vector of
comparison metric valuesm to be empty.

4. For candidate positionxi and known channel model parametersp, calculate theex-

pected signaturefunction se(xi,p). This function incorporates the channel model
and the signature extraction process.

5. Compare expected signaturese to the measured signaturesm using a comparison
metric m = M(se, sm). Possible comparison metrics are listed in Section 5.2.2.
Store themetric valuem, which expresses the amount of matching betweense and
sm, into the vectorm at elementm(i).

6. Iterate to the next candidate positioni := i + 1, and repeat steps 4-6 whilei ≤ Np.

7. Find indexj with the highest match value inm, which isj = arg maxi m(i). The
estimated 3D position̂x of the mobile device is set equal to the best-matching can-
didate positionxj .

The resulting position estimate iŝx = xj . The simulated signaturese(xj) for this position
resembles the measurementsm most, according to metricM .
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Alternative implementation using a signature database. In step 4 of the algorithm, the
expected signaturese needs to be calculated many times. An alternative implementation of
the algorithm could fetch each expected signature (for a certain positionx and orientation
v of the mobile device) from a database, thereby skipping the computational burden of
repeated simulation of the channel model. The signature entries in the database need to be
calculated only once for specific room dimensions, for example during setup of the location
system.

5.5 Analyses of the signature matching method

Various aspects of the signature matching method still need to be clarified or investigated
in more detail. This section contributes analyses on the following topics:

• Suggestions on how the model parametersp could be obtained by a location system
(Section 5.5.1).

• The selection of the grid spacing parameters for the grid-approximation optimization
strategy (Section 5.5.2).

• The existence of a unique solution to the signature matching optimization problem
is implicitly assumed throughout this chapter. In Section 5.5.3, situations are exam-
ined where no unique position solution exists. These situations occur when the base
station is located on a room symmetry plane.

• Guidelines on how to place base stations in the room (Section 5.5.4).

• The coverage area of a location system (Section 5.5.5).

• The accuracy of the method (Section 5.5.6).

5.5.1 Obtaining the channel model parameters

In order to evaluate the acoustic model functionse(p), various elements of the channel
model parameter vectorp need to be known. These parameters of vectorp in Eq. 4.4 are
listed below, and methods are suggested to obtain these parameters. The suggested methods
are not further investigated in this thesis.

1. Room sizeL. The vectorL can be obtained by input from a user who measures
the room manually at installation time. Alternatively, the room dimensions can be
measured by a base station at a known position via an installation procedure, in
which the user has to walk to the four corners of the room carrying a mobile device.
Meanwhile, the base station continuously measures the distance between itself and
the mobile device. From these measurements the room size elementsLx, Ly can be
deduced. The height of the roomLz still has to be obtained by user input.
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2. Base-station positionxB and base-station orientation vectorvB. These values can be
obtained by manual input from the user as part of the system installation procedure.
Alternatively, the location system could assume that the base station was placed ac-
cording to a strict guideline, in which case the valuesxB andvB are known if the
room dimensions are also known. Placement guidelines are given in Section 5.5.4.

3. Room temperatureT . It can be measured by the BS.

4. Room relative humidityRH. It can be measured by the BS. However, the relative
humidity is only required to calculate the air absorption coefficientα as a function
of T,RH, andf . Therefore an interesting alternative is to let the location system
estimateα directly, based on the acoustic attenuation over distance that is evident in
received acoustic signals.

5. Average surface reflection factorΓ. According to a previous analysis in Section
2.1.6,Γ can be set to 1 initially. An interesting option thereafter is to let the loca-
tion system estimateΓ from characteristics extracted from received acoustic signals,
collected over a longer period of time.

6. Transmitted signal center frequencyfc. This value is known.

5.5.2 Grid spacing parameter

The finite set of candidate points, which ‘sample’ the search contentZ in the grid approx-
imation strategy for signature matching, have to be spaced a certain distance apart. If the
distance is too large, the contentZ is under-sampled so that important solutions in-between
the candidate points may be missed. If the distance is chosen too small on the other hand,
the number of candidate points may become unrealistically high.

Criteria for selecting the grid spacing are considered here in relation to the signature
matching algorithm given in Section 5.4.4. This algorithm uses a two-dimensional search
surfaceZ. The grid of candidate positions over vectorz = [x′] = [Θ,Φ] with z ∈ Z is
assumed to be regularly spaced by∆Θ over theΘ axis and by∆Φ over theΦ axis. The
actual 3D cartesian coordinatex of each candidate position can be calculated fromx′ via
Eq. 5.10. Because the Euclidean distance between neighboring candidate positions varies
with position (according to this equation), there can not be a fixed setting for the distance
between grid points. One logical way to choose the grid spacing parameters[∆Θ,∆Φ]
is such that two neighbor 3D candidate positions are in worst case spaced an Euclidean
distance of∆x apart. This distance is defined here as thegrid spacing parameter∆x.
Now, an important question is what this parameter should be. Intuitively, one would expect
that ∆x should not be chosen so high that it exceeds the autocorrelation width∆dw for
a transmitted burst introduced in Section 4.6.2, because∆dw is a measure of ‘distance



5.5. Analyses of the signature matching method 115

resolution’ for peaks in the signature. This suggests that∆x should be chosen as a fraction
(0 – 1) of∆dw. An experiment in Section 6.4.5 will look into the choice of this fraction.

5.5.3 Uniqueness of the position solution

It is implicitly assumed in Section 5.3 that the optimal solutionẑ to the signature matching
optimization problem is unique. In other words, there does not exist another position-
orientation solution̂z′ with an equal minimal costC(ẑ, sm) = C(ẑ′, sm). There may
however be cases where the optimal solution is not unique. For example multiple optimal
position-orientation solutionszi = [x0,vi] may exist that refer to thesamepositionx0 in
3D space. Then, there is still no confusion regarding the optimal position estimate, because
just the orientation estimate is ambiguous. But if multiple solutionszi = [xi,vi] refer to
distinctpositionsxi in 3D space, the signature matching method may select the wrong one
out of several ‘competing’ solutions. Because a wrong choice may degrade the accuracy of
position estimates, the issue of uniqueness of a position solution is important.

Ideally, a proof would be given now that under certain boundary conditions the optimal
position solution is indeed unique. However, the structure of the cost functionC is compli-
cated because it involves the comparison metricM , the channel model, and the signature
extraction process. For this reason, a general proof of uniqueness has not been found. In-
stead, the reverse approach is taken: conditions are derived, for which it can be proven
that the optimal position solution is not unique. These conditions should be most certainly
avoided during installation and use of a location system.

One condition that causes non-uniqueness is the placement of a base station on aroom

mirror-symmetry plane. This concept will be introduced first. Define a room as a volume
in 3D space as in Section 2.3 bounded by a number of room surface polygonsSi. Further
define a box-shaped room as a room consisting of six surface polygonsSi arranged into a
shape, with room dimensions defined by the vectorL = [Lx, Ly, Lz].

Definition 1 (Room mirror-symmetry plane.) A room mirror-symmetry planeR is a plane

in 3D space, intersecting the room volume, such that for all pointsx onR within the room

volume there are at least two room surface polygonsSi, Sj with equal distances tox, or

d(x, Si) = d(x, Sj).

What room mirror-symmetry planes exist in a room, depends on the room shape. For any
box-shaped room there exist at least three such planes, given by:

RX : {x = Lx/2}
RY : {y = Ly/2}
RZ : {z = Lz/2} . (5.11)

Figure 5.5 shows a top view of a box-shaped room, with the room mirror-symmetry plane
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RX . A base station is located at positionxB onRX .

Figure 5.5: Top view of a room with a base station placed atxB, at room mirror-
symmetry planeRX . A symmetric pair of mobile-device positions(x1,x2) results,
such that the acoustic reflection pathp to x1 has a mirror pathq to x2.

Figure 5.6: Front view of a room with a base station placed atxB, on the diago-
nal room mirror-symmetry planeRZX . The symmetry planesRXZ andRz are also
shown.

Other room mirror-symmetry planes may exist in a room of different dimensions. As
an example, Fig. 5.6 shows a front view of a room that has a width equal to its height,
Lz = Lx. Here, the two diagonal symmetry planesRXZ andRZX exist. The planeRZ is
also shown. The base station placed in the ceiling corner at positionxB is located on plane
RZX .

Next, the consequences of placing the base station onRX are further investigated by
means of the example of Fig. 5.5. Suppose the mobile device is at positionx1, and note
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that a ‘mirror position’x2 can be constructed by mirroringx1 onto planeRX . The pathp
shown in the figure is the acoustic ray path between the base station and the mobile device
at x1 via a left wall reflection. This pathp and all other reflection paths, which are not
shown in the figure, each have a certain length. Let the setDi contain the distances of
all the ray paths associated to positionxi, according to Eq. 2.25. Next, a mirror pathq is
constructed betweenxB andx2, by mirroring pathp onto planeRX ; pathq has the same
length asp. Such mirror paths of equal length can also be constructed for all other acoustic
reflection paths betweenxB andx1. It follows directly that the mirror positionx2 has a set
D2 that is equal to setD1.

An unwanted consequence ofD1 = D2 can be found by considering the room impulse
response functionhRM(t,p) of Eq. 4.3. First define a parameter vectorp1 = [x1,v1,p′]
that models the configuration of the mobile device at positionx1 with orientationv1, and
a parameter vectorp2 = [x2,v2,p′] that models a configuration of a hypothetical other
mobile device at mirror positionx2. The orientation vectorv2 is set to be vectorv1 mir-
rored onRX . The termp′ represents the remaining channel model parameters, not related
to the mobile-device position. Then, note thatai(p1) = ai(p2) holds for the termsai in
the room impulse response of Eq. 4.3 if transducer beam patterns are symmetric and if, in
addition, the base station’s orientation vectorvB lies in planeRX . If D1 = D2, and if also
ai(p1) = ai(p2), it follows

hRM(t,p1) = hRM(t,p2) . (5.12)

This implies that the signature of the mobile device at positionx1 is equal to the signature
to be expected at positionx2, in other words not unique. Hence, positionx2 has the same
minimal cost as positionx1, or C(x1,v1, sm) = C(x2,v2, sm).

Concluding, there is not one unique solution of minimal cost but there are two, for any
mobile-device positionx1 in the room, as a result of the placement of the base station on
a room mirror-symmetry planeRX . If a location system has to estimate the mobile-device
position using signature matching, it could correctly decide forx1 as the best estimate, but
it could equally well decide for the incorrect mirror positionx2. Such errors can be avoided
by placing the base station away from all room mirror-symmetry axes.

5.5.4 Guidelines for base-station placement

Based on the analysis of room mirror-symmetry planes in the previous section, guidelines
can be given on the placement of the base station in a room. Only high positions adjacent
to one of the four walls of a room, or high positions at the ceiling, are considered. A high
position is a typical choice for ultrasonic location systems, to increase the probability of
a good line-of-sight path, in the presence of obstacles in a room. Although it was found
that room mirror-symmetry planes should be avoided, it is not yet clear how far away from
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such planes the base station should be placed. Because this aspect has not been analyzed
further, base-station positions in experiments were chosen to be as far away from the room
mirror-symmetry planes as possible, as a precaution.

Figure 5.7: Top view of a square room, showing several symmetry planes (dashed
lines) in the room, and base-station positionxB prescribed by the ceiling placement
guideline.

Ceiling placement guideline. Using the above requirements, a base-station placement
guideline could for example prescribe the positionxB = (Lx/4, 0, Lz). Figure 5.7 shows a
top view of a square room, with this positionxB marked. Other positions which conform to
the ceiling placement guideline are shown by dots. The advantage of these positions is that
the symmetry planesRX , RY X andRXY (shown in the figure) are avoided. The diagonal
symmetry planesRXY andRY X are only present in rooms with equal length and width.

Wall placement guideline. Although the base station ceiling placement could work well
for many rooms, it may not be appropriate for rooms with dimensionLy ≈ Lz. In this case,
the base-station position according to the ceiling placement guideline is, unfortunately,
located on a room symmetry plane, as shown in Fig. 5.8.

This problem can be solved by lowering the base station slightly to the positionxB,2

close to the wall, also shown in the figure. The wall placement guideline prescribes this
position further away from the ceiling, but still adjacent to one of the four walls. The base
station is placed as far away as possible from the symmetry planes that intersect the wall.
Figure 5.9 shows a front view of a room withLz = Lx, with a base station placed onto
the south wall of a room, according to this guideline. The four room symmetry planesRX ,
RZ , RXZ , andRZX exist if Lx = Ly. Furthermore, an additional dashed lineRZY shows
where the room symmetry planeRZY intersects both the south wall and the ceiling, ifLy =
Lz. The positionxB is chosen such that it keeps equal distance to the lineRZX , the plane
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Figure 5.8: Side view of a room withLz = Ly. The base stationxB,1 is located on
the diagonal room symmetry planeRZY (dashed line). PositionxB,2 according to the
wall placement guideline avoids this plane.

Figure 5.9: Front view of a room withLz = Lx, showing the base-station position
prescribed by the wall placement guideline. This position keeps equal distances to the
nearby symmetry planes.
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RX , and the planeRXZ . The resulting base-station position isxB = ( 1
4

√
2Lx, 0, ( 1

2 +
1
4

√
2)Lz).

5.5.5 Coverage area

The coverage area of a location system can be deduced from its range. For a location system
that uses acoustic reflections, at least a certain number ofNr acoustic rays should arrive at
the receiver for use in position estimation. One of theseNr rays may be the direct sound
ray. To detectNr acoustic rays at the receiver, the distances of allNr ray paths should fall
within the system range in order to be detectable. Therefore the range should be designed
long enough to include at leastNr rays. But what is the minimum value ofNr that leads to
good position estimates?

Four-rays hypothesis

An initial hypothesis was stated thatNr ≥ 4 would be required. If the acoustic rays are
considered as emissions from four ‘virtual base stations’ (i.e. image sources), then four vir-
tual base stations should be sufficient to perform 3D position estimation using trilateration.
Also, when considering the number of free parameters of the position-orientation vector
z that have to be estimated, the hypothesis remains plausible, though not proven. The
vectorz contains five parameters at most, while forNr = 4 eight variables are measured
(namely four times-of-arrival of received bursts and four amplitudes of these bursts). The
correctness of the four-rays hypothesis is experimentally investigated in the next chapter.

Using the above hypothesis, bounds for the coverage area can be calculated. Assume
that the mobile device (receiver) can be at any positionxM in the room, and that the base
station is placed according to one of the guidelines of Section 5.5.4. Via a geometric
argument, it can be shown that for any room size vectorL the distance interval[0, |L|]
contains at least the direct sound ray, one first-order wall reflection, one first-order ceiling or
floor reflection, and one second-order ceiling/wall or floor/wall reflection, makingNr = 4
in total. It follows that a range ofdr = |L| is needed at least for position estimation;
hence we have obtained a lower bound for the range. For an example room of dimensions
L = [3.73, 7.70, 2.97] andV = 85.3 m3, the lower bound on the range isdr = |L| = 9.06
m.

As a specific case consider the upper bound on the coverage area for a square living
room with horizontal dimensionsLx = Ly = L, a fixed heightL3 = 2.6 m, under the
assumption of a typical air attenuation coefficientα = 1.3. The required range for this
room is

dr =
√

2L2 + 6.76 . (5.13)

Using the deconvolution burst, a range of aboutdr = 18 m can be obtained, such that the
allowed length and width of the square room have an upper boundL ≤ 12 m. It can be



5.5. Analyses of the signature matching method 121

concluded that very large rooms, withL > 12 m, can certainly not be fully covered, using
the deconvolution burst and SQ-40 piezo ultrasound transducers.

Although a lower bound on the coverage area would be of most interest, such a bound
is not given here because it involves a complex problem, that has not been investigated in
detail yet. For example, the number of acoustic rays that a receiver can detect depends
heavily on the amplitudes of acoustic rays and on the orientation of the receiver, not just on
the receiver position and ray distances.

Eight-rays hypothesis

A more strict hypothesis can be stated, thatNr ≥ 8 is required at least. This hypothesis is
based on experimental results that are to be presented in Section 6.4.4 in the next chapter.
Via a geometric argument, it can be shown that a distance interval[0, d] contains at least
eight reflections. Suppose that the base station is placed according to the wall placement
guideline. Thend is given by

d =
∣∣∣( (2− 1

4

√
2)Lx, Ly, (1

1
2

+
1
4

√
2)Lz

)∣∣∣ . (5.14)

This interval contains at least the direct sound ray, four first-order reflections, and three
second-order reflections, regardless of the positionxM of the mobile device. Assuming
again a range of aboutdr = 18 m, and a square living room withL = Lx = Ly and
heightLz = 2.6 m, the maximum room width and lengthL ≤ 9.1 m follows from the
equation. If this hypothesis holds, rooms withL > 9 m can not be fully covered using the
deconvolution burst and SQ-40 transducers. Again, a lower bound on the coverage area is
not derived here, for the same reason as stated for the four-rays hypothesis.

5.5.6 Accuracy of the signature matching method

In Chapter 1 (Section 1.4), an accuracy requirement of 1 m for 95% of the 3D position
estimates is proposed. It is important to investigate whether the signature matching method
can meet this requirement. It would be insightful to analytically calculate accuracy bounds.

Theoretical best-case accuracy. The signature matching method is a model-based opti-
mization method. It consists of two cooperating parts: the channel model, and the optimiza-
tion algorithm that iterates over many candidate positions. For such model-based methods,
a better performance is generally obtained by improving the model’s match to the reality of
a physical process. Here, the best case of an exact match between the channel model and
the physical channel is considered. Even though the channel model can be expressed as a
mathematical function of model parametersp, the optimization algorithm itself can not be
expressed as a single function. This makes it very hard, perhaps even impossible, to derive
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analytical accuracy bounds for position estimates. As a solution, one can resort to numer-
ical verification of accuracy instead of analytical derivation. This approach is followed in
this thesis, and the results are presented in the next chapter.

Accuracy under channel model mismatch. An acoustic channel model will never ex-
actly match the reality. Various error sources for the acoustic channel model have been
considered in Section 4.5. Especially for model parameter mismatches, the effect on the
signature predicted by the model can be easily calculated. If also the influence of a sig-
nature error on the final position estimate would be known, an accuracy analysis of the
signature matching method could be readily performed. However, the optimization ap-
proach that is employed in the signature matching method can not be readily analyzed in
an analytical manner. For this reason, a detailed analysis of model parameter mismatch
and its influence upon the accuracy of position estimates is not conducted in this thesis.
It is nevertheless an important aspect of accuracy that may need to be addressed in future
research. This analysis could be accomplished for example by repeatedly executing the
signature matching method, for a large number of random perturbations of the parameter
vector. An analysis of model structural mismatch is performed through experiments in the
next chapter. By measuring in a non-empty room, a mismatch to the ‘empty room’ channel
model is introduced.

5.6 Conclusions

The concept of using acoustic reflections for the purpose of 3D position estimation is de-
veloped into thesignature matchingmethod in this chapter. First, various ways to compare
two signatures are introduced. Thereafter, the signature matching method is presented as a
model-based non-linear optimization problem. The method repeatedly compares simulated
signatures with a measured signature to find the best match. The method uses the channel
model developed in Chapter 4. Three special cases of the method are introduced, that
require less computational resources: the line-of-sight constraint, orientation constraints,
and position constraints. A position estimation algorithm is presented that uses the line-
of-sight constraint and the known-orientation constraint. Various ways of obtaining the
channel model parameters and setting the signature matching method parameters are dis-
cussed. An analysis of mirror symmetries in a room leads to placement guidelines for the
base station. The upper bound on the coverage area of a location system is investigated; an
analysis shows that typical living rooms at least do not violate this bound. However, a lower
bound has not been found: this should be addressed in future work. The accuracy of the
signature matching method is considered, but is difficult to analyze analytically. Therefore,
an experimental verification is performed in the next chapter.
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Experiments 1

6.1 Introduction

By a series of experiments, the signature matching method was tested. Several variants
of the method can be tested in principle, depending on the choice of constraints that can
be applied. This chapter describes two experiments that were performed using the variant
of the signature matching method with the line-of-sight (LOS) constraint and the known-
orientation constraint. This implies the assumption that the orientation of the mobile device
is already known, and that only its 3D position is to be estimated. In Section 5.4.2, various
techniques are listed to assure that the orientation is known. One particularly interesting
case is case 1 from that section: orientation fixed to Up by design. This special case does
not require orientation sensors on the mobile device. The Up orientation, and other mobile-
device orientations, will be investigated in this chapter.

The grid approximation optimization strategy is used in the experiments. The corre-
sponding signature matching algorithm with the line-of-sight constraint and the known-
orientation constraint, is described in Section 5.4.4. An advantage of this algorithm is that
the search space in the optimization process has dimension two, much lower than the di-
mension of five for the unconstrained signature matching algorithm. The low dimension
reduced the computation time of experiments to an acceptable level. Still, the computation
time was too high for real-time (≤ 1 s) position estimates2, because the implementation of
the algorithm was not optimized for speed. The experiments in this chapter do not provide
a verification of the other variants of the signature matching method; therefore the experi-
ments should be considered as an initial experimental verification using a computationally
simple variant.

1Parts of this chapter were published as a paper [25] at the First European Symposium on Ambient Intelligence
(EUSAI), 2003.

2In the straightforward software implementation built in MATLAB [50], one position estimate takes approxi-
mately 4 minutes on a 1 GHz Pentium-3 PC.
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Before the experiments are described in detail, the next section describes a case study of
the signature matching method for a single measurement. This case study provides insight
into the operation of the method. Two experiments are described thereafter in Sections 6.3
– 6.5. In the first experiment measurements were taken in an empty room without people
or furniture inside, and the signature matching method was executed off-line using the
measured data. By using an empty room, the signature matching method is verified in best-
case conditions, that is, an empty room resembles the room model of Chapter 4 most. The
empty-room experiment also provides a way to verify that the signature matching algorithm
is correctly implemented. Furthermore, the choice of the many algorithm parameters could
be experimentally investigated. By experimenting with the choice of transmitted burst, the
comparison metric and the value of the grid spacing parameter, insight was obtained into
what parameters lead to best performance.

Because in practice a location system will not be placed in an empty room, but in a room
filled with objects, the second experiment tests the performance of the signature matching
method in a non-empty room. Several conditions of this experiment were chosen to be more
alike to real-world conditions in which a practical location system has to operate: some
furniture was present in the room, a ‘user’ carrying the mobile device was present, and the
mobile device was oriented into several directions during the measurements. Additionally,
an extensive investigation is conducted into various combinations of parameters for the
signature matching method. By iteratively improving the parameter combination, several
parameter combinations are obtained that yield more accurate position estimates than those
obtained with the parameter combinations of the first experiment.

6.2 Signature matching: a case study

The signature matching algorithm is presented in Section 5.4.4 for the case that the LOS
constraint and the known-orientation constraint can be applied. From the algorithm de-
scription, it may not yet be clear how it works in practice. For this reason it is useful to
visualize the algorithm calculations and its results. This section provides several visualiza-
tions of the signature matching algorithm, that processes an acoustic measurementy into a
position estimatêxM for the mobile device.

6.2.1 Method

An acoustic measurement was obtained in an empty test room of sizeL = [3.73, 7.70, 2.97],
with the base station transmitter placed near the ceiling at position coordinatexB = (0.95,

0.04, 2.95), having an orientationvB = (0, 1, 0). The mobile device receiver was placed at
a positionxM = (2.60, 1.70, 1.28), with an orientationvM = (0,−1, 0). A deconvolution
burst with parameterK = 0.13 was applied to the transmitter. For further details about the
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Figure 6.1: Measurement signaturesm for mobile device receiver positionxM =
(2.60, 1.70, 1.28) and orientationvM = (0,−1, 0). The first strong peak marked LOS
is the line-of-sight peak.

measurement procedure and other parameters, refer to Sections 6.3 and 6.43.
From the single acoustic measurementy, a measurement signature vectorsm is ex-

tracted, and processed according to algorithm 5.4.4. The corresponding signaturesm(t) is
shown in Fig. 6.1. Next, the seven steps of the signature matching algorithm are examined
in detail.

Algorithm execution steps

1. Fromsm the one-way time-of-flight of the acoustic signal is determined at∆t = 8.43
ms, corresponding to a LOS distance ofdLOS = 2.90 m. The LOS peak is marked
in Fig. 6.1.

2. A set ofNp = 12687 candidate positions is constructed, arranged as a regular grid
of 2D positionsx′ = (Θ,Φ). A grid spacing parameter∆x = 5 cm is used, which
implies a grid spacing of∆Θ = ∆Φ = 0.0172... rad, which corresponds to a space
≤ 5 cm between neighboring candidate positions in 3D cartesian space.

3. An iteration is started over alli = 1 . . . Np candidate positions.

3Measurement number four is used, with parameter combinationP1[K = 0.13]
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4. For each candidate positionxi, the expected signature vectorse(xi,p) is calculated
using the channel model and the signature extraction process.

5. Using the mean absolute error (MAE) comparison metric (Section 5.2.3), each vector
se is compared to the measurement vectorsm. The mean absolute error between both
vectors is stored as elementm(i) in the comparison metrics vectorm.

6. The iteration is completed.

7. Finally, a vectorm containing the comparison metric values for all candidate posi-
tions is obtained. The candidate positioni = 4679 has the highest metric value. This
candidate position corresponds to 3D positionxi = (2.53, 1.74, 1.21). The position
estimate becomeŝxM = xi.

6.2.2 Visualization of comparison metric values

The comparison metric values will be referred to as themetric valuesfor brevity. The
metric values in vectorm can be visualized as a function of the two position coordinates
(Θ,Φ) of each candidate position. The metric value can be conveniently represented in a
graph as the gray-scale intensity of a singlepixel, positioned on theΘ andΦ axes. The
resulting pixel intensity graph forNp pixels is shown in Fig. 6.2(a). The metric values have
been scaled to an interval[0, 1] for clarity. The intensity scale, shown by the legend bar at
the bottom of Fig. 6.2, ranges from white (metric value 0) to black (metric value 1). The
darker a pixel, the higher its metric value, the better the corresponding candidate position’s
signature vectorse matches the measurementsm. A dark region is located around the best-
matching candidatei = 4679 with position(Θ,Φ) = (0.820,−0.641), which corresponds
to 3D positionxi = (2.53, 1.74, 1.21) according to Eq. 5.10. This candidate position has
the highest (scaled) metric value ofm(i) = 1, and is selected as the most likely mobile-
device position estimatêxM = x. The estimate has an error of 10 cm with respect to
the true mobile-device positionxM = (2.60, 1.70, 1.28). Figure 6.3 shows the simulated
signaturese (dashed line) for this candidate position, and for comparison the measured
signaturesm (solid line). It can be seen that for the ten highest peaks that are present in
the measurement signature, corresponding peaks are present in the simulated signature.
However, the amplitudes of the simulated peaks often deviate from those of the measured
peaks.

Theoretical best-case accuracy

For the measurement vectorsm considered above, the signature matching method produces
a 3D position estimate with an error of just10 cm, which is quite accurate in light of the
1 m requirement. It is interesting to compare this performance to the theoretical best-case
accuracy, which is the accuracy that would be obtained if the acoustic channel model would
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(a) Measurement data

(b) Simulation data

Figure 6.2: Visualization of comparison metric values as pixel gray-scale intensities,
for all Np candidate positions in(Θ,Φ) coordinates. The highest metric values (black
pixels) represent the most likely mobile-device positions. Metric values have been
scaled independently for both figures. Results for (a) measurement signature vector
sm and (b) simulation signature vectorss are shown.
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Figure 6.3: Simulated signaturese (dashed line) for the best candidate positionx̂M =
(2.53, 1.74, 1.21), compared to the measured signaturesm (solid line).
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Figure 6.4: Simulated signaturese (dashed line) for the best candidate positionx̂M =
(2.59, 1.67, 1.26), compared to the ideal ‘simulated measurement’ signaturess (solid
line).

match perfectly to the physical reality. This concept, introduced in Section 5.5.6, can be
used to compare the accuracy of a position estimate to the expected accuracy.

One way to obtain the best-case accuracy is to run the signature matching algorithm
again, using an ‘ideal’ signature vector as input instead of a measurement. This ideal
signature can be obtained by simulating the channel model, for a single positionx = xM

equal to the true mobile-device position. Using the ‘ideal’ signature vectorss thus obtained,
the signature matching algorithm was executed again. The resulting metric valuesm are
visualized as pixel gray-scale intensities in Fig. 6.2(b). Compared to the results for the
measurement vectorsm in Fig. 6.2(a) directly above it, the dark region now stands out
much more clearly with respect to the surrounding gray regions. This is caused by the fact
that better matches occur between signatures in the dark region in Fig. 6.2(b) than in the
dark region in Fig. 6.2(a). The dark region in Fig. 6.2(b) is located around the candidate
position i = 4535 with position (Θ,Φ) = (0.782,−0.629), which corresponds to 3D
candidate positionxi = (2.59, 1.67, 1.26). Now, the position estimatêxM = xi has an
error of just 3 cm, which is even smaller than the 10 cm error obtained for the measurement
sm. So in this specific case, the non-idealities of the test room lead to a slight degradation
of the position estimate, compared to the accuracy expected in ideal circumstances.
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To complete the analysis, Fig. 6.4 shows the signaturese (dashed line) of the best
candidate positioni compared to the simulated signaturess (solid line) that represents an
‘ideal’ signature. The resemblance between both is far better than the resemblance between
se andsm shown in Fig. 6.3. The two signaturesse andss are not entirely equal, because
the nearest candidate positionxi is still 3 cm away from the mobile-device positionxM.

6.2.3 Visualization in cartesian coordinates

Although the pixel intensity graphs of Fig. 6.2 provide a good overview of the metric val-
ues for all candidate positions, it is not clearly visible how a candidate position in(Θ,Φ)
coordinates relates to a mobile-device position in physical space. For physical positions in
a room, cartesian coordinates(x, y, z) are more intuitive.

A method to visualize metric values in a 2D graph, showing a projection of 3D cartesian
space, is presented here. The first step is to transform each candidate position(Θ,Φ) to a
3D coordinatex = (x, y, z) using Eq. 5.10. Let us assume that the position of the mobile
device(x, y) on the horizontal plane is of interest currently. It would then be useful to
visualize the metric values as a function of their X and Y coordinates. Hence the second
step is to project each candidate positionx to a positionx′ on the XY plane, and to remove
the Z dimension, byx′ = (x, y). A set of Np 2D cartesian candidate positionsx′i is
thus obtained, with each positioni associated to a metric valuem(i). The metric values
m can now be visualized as the intensity of ‘pixels’ in 2D cartesian(x, y) coordinates.
Figure 6.5(a) shows this projection. Note that the pixels are not square in shape anymore,
due to the non-uniform spacing of the candidate positionsx′ in the XY plane. The dark
region around position coordinate(2.53, 1.74) leads to a 2D position estimate for the(x, y)
coordinates of the mobile device ofx̂XY = (2.53, 1.74).

By using a similar projection either onto the XZ plane or the YZ plane, more informa-
tion about the estimate for the Z coordinate can be obtained. Figure 6.5(b) shows the XZ
projection, on which it can be seen that the height of the mobile device is approximately
z ≈ 1.2 m, where the dark region is located.

6.3 Experimental method

The experiments in this chapter were all performed in one test room, using one measure-
ment setup. This section provides details of the experimental method, the test room, and
the measurement setup.

6.3.1 Measurement setup

The measurement setup was designed for flexibility; without regard to the cost and size of
the hardware. The setup includes one ultrasound transmitter and one ultrasound receiver,
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(a) Top view projection, XY axes

(b) Front view projection, XZ axes

Figure 6.5: Visualization of metric values as pixel intensities, forNp 3D candidate
positions projected onto a 2D cartesian coordinate system. (a) Top view projection
and (b) front view projection are shown. The highest metric values (black pixels)
represent the most likely mobile-device positions.
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Figure 6.6: Measurement setup diagram. The transmitter and the receiver are con-
nected to a PC via a digital acquisition card.

representing one base station and one mobile device. One one of these devices acts as
a transmitter while the other one acts as a receiver. In all experiments, the base station
was chosen to act as a transmitter. Nevertheless, reverse transmitter and receiver roles are
possible as well in this measurement setup.

The measurement setup diagram is shown in Fig. 6.6. One ultrasound transmitter and
one ultrasound receiver are connected to a measurement PC via a NI PCI-MIO-16E-1 data
acquisition card. The acquisition card contains multiple ADCs and DACs. Output wave-
forms of arbitrary shape can be generated by a DAC. The DAC output drives a Quantelec
SQ-40-T [67] 40 kHz piezo ultrasound transmitter at a selectable voltage level. The emitted
acoustic waves propagate inside the room, and are recorded by a single Quantelec SQ-40-
R piezo ultrasound receiver. The received electrical signal is amplified, then filtered, and
finally sampled by the ADC at 12-bit resolution at an adjustable sampling frequencyfs.
From here, the data samplesy(k) are sent to the PC and are received by MATLAB for
processing. All equipment is connected by coaxial cables. Although it is assumed that a
location system has an RF link for the purpose ofclock synchronizationbetween the trans-
mitter and receiver (as introduced in Section 2.1.1), the RF link is not implemented in this
setup. Instead, the transmitter and receiver units are simply controlled by one PC so there
is no need for an RF link.

The base station transmitter is mounted on a pole so it can be placed at multiple po-
sitions and heights in the room. It could also be attached to a wall. The mobile receiver
is mounted on a pole, so it can be placed anywhere in the room at an adjustable height.
The placement of the mobile device was aided by a grid on the test-room floor, defined by
square floor tiles of 60 cm by 60 cm.
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6.3.2 Test room configurations

An office room in the building WY at Philips Research Laboratories, Eindhoven, was used
as a test room for all experiments. The room was used in two configurations:

1. Empty room (ER). In an empty room the signature matching method can be verified
in best-case conditions, that is, an empty room most resembles the room model of
Chapter 4.

2. Non-empty room (NER). In order to test the performance of the signature matching
method in more realistic conditions, a few selected furniture items were added to the
otherwise empty room.

The test room size isL = [3.73, 7.70, 2.97] m. A room coordinate system according to Fig.
2.8 is adopted. Additionally, the termsNorth wall, South wall, East wallandWest wallare
defined to refer to the walls coinciding with the planesy = Ly, y = 0, x = Lx, andx = 0,
respectively.

Empty room configuration. Figure 6.7 shows a top view of the test room in the ER
configuration. The base-station transmitter with positionxB = (0.95, 0.04, 2.95) having
an orientationvB = (0, 1, 0) is shown at the South wall. The compass defines names for
four orientations that are commonly used. Also one example mobile-device position and
orientation are shown in the figure. Even though the room is considered empty in this
configuration, it is not an ideal box shape. Some irregularities are present in the form of
windows, window-ledges, a door, a heating radiator, a sink, a ledge of 20 cm at the west
wall, and lighting units embedded in the ceiling.

Non-empty room configuration. To study the effect of obstacles in the room, four furni-
ture items were introduced into the ER configuration, to form the non-empty room (NER)
configuration. It is shown in Fig. 6.8. The two tables are 0.75 m high, and the cupboard
is 2.0 m high. The equipment cart in the room contained the measurement PC and other
devices of the measurement setup, and is 1.5 m high. The position of the base station was
xB = (1.37, 0.03, 2.53), marked BS in the figure, and its orientation wasvB = (0, 1, 0).

6.3.3 Base-station and mobile-device placement

A good position for the base station in the test room had to be selected. In the experiments
in this chapter, two base-station positions were tried. The position in the ER configuration
was selected according to the ceiling placement guideline in Section 5.5.4, while the posi-
tion for the second experiment in the NER configuration conforms to the wall placement
guideline. These positions are markedxB in Fig. 6.7 and 6.8 respectively.
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Figure 6.7: Top view of the test room in configuration ER, with base-station position
xB and orientationvB shown. An example mobile-device positionxM with orienta-
tion vM is also shown. The compass defines a naming scheme for device orientations.
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Figure 6.8: Top view of the test room in configuration NER, with base-station position
xB and orientationvB shown. Several furniture items are present, and an example
mobile-device positionxM with orientationvM is shown.
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A typical mobile device can be located anywhere in the room. However, it is more likely
that a device is located in the bottom half of the room, than in the top half of the room. For
the experiments in this chapter, a typical mobile device height of 1.28 m was used, for
a device carried around by a person. For many applications, the X and Y coordinates of
a device are more important than its height. For this reason, many X and Y positions
throughout the test room were tried during measurements, while the height of the mobile
device was kept fixed. Details of the specific mobile-device positions that were tried are
provided along with the results of the experiments, later in this chapter.

6.4 Empty-room experiment

The first experiment was conducted in the empty room (ER) configuration, to study the ac-
curacy of the signature matching method in best-case conditions and to verify the acoustic
channel model.

6.4.1 Method

Measurement procedure

In the empty room (ER) configuration, shown in Fig. 6.7, a mobile device receiver was
placed at 20 different positions, at a height of1.28 m for all measurements. The receiver
transducer was not embedded into an additional casing or into a host device, but simply
attached to a pole. The orientation of the mobile device receiver was fixed to South, or
vM = (0,−1, 0), such that it always faced approximately towards the base station. In this
manner, the line-of-sight path was not blocked so a high signal-to-noise ratio for the direct
sound signal could be expected.

For each mobile-device position, a set of measurements was taken. Each set consisted
of five repeated measurements, for six different transmitted bursts, yielding 30 measure-
ments of the receiver signaly per position in total. The time interval between measure-
ments was 0.65 s to let acoustic reflections from the previous measurement decay, before a
next measurement was taken. Each measurement lasted for 80 ms, starting at timet = 0
of signal transmission. The signaly was sampled by the ADC at a rate offs = 250 kHz.
During measurements in the empty room, no people were inside. The doors and windows
were kept closed.

As transmitted bursts, four deconvolution bursts were used with burst parameter values
K (Section 4.6.4) chosen 0.05, 0.13, 0.26, and 1.04, respectively. Two sine-burst transmit-
ted bursts were used with burst lengths∆tB of 0.15 ms and 1 ms, respectively. Because
the analysis on optimal values forK and∆tB of Section 4.6 was not yet done at the time
of conducting these experiments, several values ofK and∆tB were tried, to find one that
would provide good performance.
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The five repeat measurements were taken for two reasons. First, they can be used to
verify that the measurements were not disturbed by acoustic impulse noises, or by glitches
in the signal at the amplifier’s input, caused by electro-magnetic disturbances. Second, by
averaging the five repeat measurements into one signal, the impact of random fluctuations
in the received signals can be reduced. These fluctuations may occur due to air currents and
variable temperature distributions in the room. The averaging procedure has been applied
to the measurements, yielding a set of six ‘smoothed measurements’ per position. From
these6 ∗ 20 = 120 signals in total, 120 signatures were extracted to serve as the input to
the signature matching algorithm.

Signature matching parameters

The choice of signature time interval for this experiment was not based on the optimal in-
terval given in Section 4.7, because this analysis was not yet performed at the time that this
experiment was conducted. The signature time interval was chosen as[t0, 42.1] ms, equiv-
alent to a propagation distance interval of[d0, d1 = 14.5] m, versusd1 = 9.67 m in the
optimal case. The interval start distanced0 was chosend0 = dLOS + 0.30 m, just after the
line-of-sight (LOS) distance of each measurement. This distance interval was chosen to ex-
clude the line-of-sight path distance, and to include a majority of first-order, second-order,
and third-order acoustic reflection paths in the room, regardless of the receiver position.
The reflection paths that impinged at the front of the receiver were all included in the in-
terval. A few longer reflection paths were excluded, but these were not deemed important
because these reflections had a weak amplitude, since they impinged at the backside of the
receiver. The reason to choose the interval startd0 = dLOS + 0.30 m, and not smaller, is
to explicitly exclude the LOS peak of signatures prior to comparing signatures. Because
the signature matching algorithm is used with the LOS constraint, all simulated signatures
have a LOS peak at exactly the same position at a distancedLOS. Therefore the LOS peak
was not deemed useful in comparing signatures: rather, the reflection patterns which differ
for each candidate position should be compared.

Later, it was discovered that the signature interval endd1 = 14.5 m for this experiment
exceeds the maximum propagation distance for the deconvolution burst with parameter
K = 0.05 or K = 0.13, which isdr = 10.1 m or 13.8 m respectively. An experiment in
Section 6.5.3 will address this issue.

The signature sampling frequency was chosenfs = 50 kHz, conforming to the guide-
line in Section 4.4.4. For the signature attenuation compensation coefficientαac the value
of 0.45 was tried first. Although the true absorption coefficient in air wasα ≈ 1.3, a lower
values was tried in order to put less emphasis on the tail of the signature during the signa-
ture matching process. The Mean Absolute Error (MAE) comparison metric was used for
comparing signatures in the algorithm, at first. A grid spacing parameter of∆x = 5 cm
was chosen, so that∆x was smaller than the autocorrelation width∆dw for all transmitted
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Table 6.1: Mean error and maximum error over twenty 3D position estimates using
parameter combinationP1, for six types of transmitted bursts.

Rank Transm. burst Transm. burst Mean error (m) Max error (m)
parameter

1 Deconvolution K = 0.26 0.13 0.79
2 Deconvolution K = 0.13 0.14 1.17
3 Deconvolution K = 0.05 0.22 1.19
4 Deconvolution K = 1.04 0.41 1.86
5 Sine burst ∆tB = 0.15 ms 0.44 1.96
6 Sine burst ∆tB = 1 ms 0.48 1.53

bursts.

Parameter combination

A specific selection of transmitted burst parameterK or∆tB , signature comparison metric,
signature time interval, compensation coefficientαac, and grid spacing parameter∆x, is re-
ferred to as aparameter combinationfor convenience. The initial combination of signature
matching parameters described in this section is referred to as parameter combinationP1.
The combination obtained by usingP1 together with the deconvolution burstK = 0.13, is
referred to as parameter combinationP1[K = 0.13] from here on.

6.4.2 Results MAE comparison metric

The first results have been obtained using the parameter combinationP1. To gain insight
into the relation between the type of transmitted burst and position estimation accuracy, the
error of the 3D position estimates for 20 measurement positions is calculated for each of the
six transmitted bursts. Table 6.1 lists the error statistics, ordered by increasing mean error.
The second and third columns list the type of transmitted burst and its parameter, the fourth
column lists the mean error, and the final column lists the maximum error encountered over
the 20 position estimates per burst.

Using the best-ranking transmitted burst withK = 0.26, a mean error and worst-case
error well below the requirement of 1 m is achieved. The position estimates for the second-
ranking transmitted burst, withK = 0.13, are now examined further. The 20 position
estimates for the parameter combinationP1[K = 0.13] can be visualized in a 2D graph
that shows a top view of the room, as in Fig. 6.9(a). From this graph, the quality of the
horizontal (XY) component of position estimates can be judged best. Each circle in this
graph represents a true measurement positionxM of the mobile device, while the tip of the
line connected to each circle marks the position estimatex̂M for that measurement. For
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Figure 6.9: Visualization of position estimation results in the XY plane, using param-
etersP1[K = 0.13]. Position estimates for (a) measurements in the test room and (b)
for simulated ‘ideal’ signatures are shown. Each circle represents a true measurement
position of the mobile device, and the tip of the line connected to each circle marks
the position estimate for that measurement.
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Figure 6.10: Error in the 2D (horizontal) and 3D position estimates for the 20 mea-
surement positions. The dark bars show 3D error, while the light bars at the front show
2D error.

many of the positions, the estimate is so close to the true position that the line is hardly
visible. But for positions 2 and 11 however, the error is significantly larger. For positions
3, 4, and 5, the estimates are not perfect but still acceptable.

These results for the measurement signature vectorssm can be compared to the ex-
pected best-case performance, using the approach of Section 6.2.2. By simulating the
channel model, an ideal signaturess was obtained. The results of the horizontal posi-
tion estimates for this signaturess are shown in Fig. 6.9(b). Now, all position estimates
are no further than 6 cm from the true position. The higher-error cases do not occur for
the simulated signaturess. This suggests that already the few obstacles that are present in
the empty room configuration, among others the ledges and lighting units in the ceiling,
disturb the propagation paths of acoustic rays, which causes higher errors for some of the
position estimates.

Fig. 6.10 presents another view on the accuracy of the position estimates for the mea-
sured signaturessm. It shows a bar graph of the 2D and 3D errors in the position estimates,
for each of the 20 measurement positions. It can be seen that for all measurements, except
2 and 11, the 3D error is below 25 cm.
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Figure 6.11: Side view of a part of the test room, with metric values visualized as
pixel intensities. Although the position estimate is more than 1 m away from the true
mobile-device position, the second-best estimate is close to it. (See Fig. 6.5 for a
legend of the pixel gray-scale intensities.)
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Second-best estimates and the multiple-matches problem

Measurement 11, which has an error of 1.17 m, will now be examined in more detail. Figure
6.11 plots the metric values for this measurement as pixel intensities. The perspective is a
projection of the metric value pixels to the YZ plane, in other words a side view of a part
of the room. The true mobile-device positionxM = (0.32, 5.30, 1.28) and the position
estimatex̂M = (0.34, 4.85, 0.20) are marked. A small dark region surrounds the true
position, which can be expected. For this measurement however, the estimated position
x̂M is not within this region, but at a position near the floor of the room. The black pixel of
this best-matching candidate position is not in a dark region, but it appears to be isolated.
Note that the pixel is hardly visible due to its small width, which is due to the non-linear
projection of metric values.

Although the highest metric value was found for positionx̂M, the metric values in
the dark region near the true position are almost as high. Visually, this dark region in the
middle even appears to be a more promising candidate than the isolated best match near the
floor. Note that the dark region on the lower left also appears promising, because it is the
largest dark region in the figure. To demonstrate how well the middle dark region matches,
the second-best position estimate is marked in the figure. The second-best estimate is the
position estimate corresponding to the second-highest metric value, over allNp candidate
positions. The second-best estimate is located just 8 cm away from the true mobile-device
position.

The problem that multiple good matches occur to a measured signature is referred to as
themultiple-matches problemfrom here on. If multiple matches occur, it is an interesting
idea to use the second-best estimate as a ‘second opinion’ about the mobile-device position
estimate.

6.4.3 Results MSE comparison metric

Using the Mean Squared Error (MSE) comparison metric, the measurements were pro-
cessed again with all other parameters set according to parameter combinationP1[K =
0.13]. The two position estimates for measurements 10 and 19 now have a much higher 3D
error of 0.62 m and 1.20 m respectively. The other 18 position estimates obtained with the
MSE metric are remarkably similar to those obtained with the MAE comparison metric:
they differ no more than 5 cm. Because the MSE metric apparently causes more ‘outliers’,
it is not further investigated in this section. Instead, the MAE metric is selected for the
experiments that follow.

6.4.4 Number of reflections required in the signature

A signature distance interval of[d0, d1] with d1 = 14.5 m was used in parameter combina-
tion P1 in all previous results. The signature interval endd1 was based on the argument that
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the interval should include a majority of first-order, second-order, and third-order acoustic
reflection paths. Perhaps, more reflections than are actually needed are included in this
signature interval. A fundamental question is how many reflection paths should be at least
included in the signature.

DefineNr as the number of acoustic rays, or equivalently the number of received bursts,
that are included in a given signature interval[d0, d1]. In Section 5.5.5 an initial hypoth-
esis is stated thatNr should be at least four. By means of an experiment, the relation
betweenNr and the accuracy of position estimates was investigated. For this purpose, the
20 measurements for the deconvolution burst with parameterK = 0.13 were repeatedly
processed according to the method in Sections 6.4.1 – 6.4.2, with parameter combination
P1[K = 0.13]. Instead of choosing a signature interval[d0, 14.5] m for all measurements,
the signature interval was now chosen[0, d1] where only the endd1 was varied. The dis-
tanced1 was at first chosend1 = dLOS, equal to the line-of-sight distance for each mea-
surement position, such that no information about acoustic reflections was included in the
signature at all. Naturally, it is impossible to obtain good position estimates for such a
choice. As a next step, the distanced1 was increased to include the first expected reflection
in the signature, so thatNr = 2. Thereafter,d1 was increased again to include the second
reflection such thatNr = 3, and so on, until the final valueNr = 15.

For each specific value ofNr, the accuracy indicators of mean error, median error,
and 95% error bound over the 20 position estimates were calculated. These indicators are
plotted in Fig. 6.12 as a function ofNr. It can be observed that for an increasing number
of included raysNr, all three accuracy indicators point to improved accuracy, on average.
From Nr ≥ 7 onward, the median error does not improve further. However, the 95%
bound still decreases forNr > 7. These results suggest that position estimates can be
performed indeed forNr = 4, with an error that is less than 1 m on average. ButNr should
preferably be chosen higher, to improve the accuracy. From these results, a next hypothesis
can be derived thatNr should be at leastNr ≥ 8 to avoid high errors in position estimates.
This requirement may guide the selection of the signature distance interval[d0, d1]. The
consequences of the hypothesisNr ≥ 8 have already been investigated in Section 5.5.5.

6.4.5 Optimal grid spacing

For all previous experiments using parameter combinationP1[K = 0.13], a grid spacing
parameter of∆x = 5 cm is used. This parameter conforms to the guideline∆x ≤ ∆dw that
is given in Section 5.5.2, since∆dw = 12 cm for the deconvolution burst withK = 0.13.
However,∆x could also be chosen larger or smaller, which in turn influences the accuracy.
The question addressed in this section is what the relation is between the grid spacing∆x

and the accuracy of 3D position estimates, and what the optimal choice of∆x is.

In an experiment, a set of eight measurements were repeatedly processed according to
the method in Sections 6.4.1 – 6.4.2. The set includes the measurement numbers 1, 3, 5,
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Figure 6.12: Error in 3D position estimates, as a function of the numberNr of re-
ceived bursts (or, acoustic rays) included in the signature. The mean error, median
error, and 95% error bound over 20 measurement positions are shown. More received
bursts leads to a smaller error, on average.
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Figure 6.13: Error in 3D position estimates using parameter combinationP1[K =
0.13], as a function of the grid spacing parameter∆x. The mean error and median
error over eight measurement positions are shown. The smallest error is obtained for
the smallest grid spacings, on average.

6, 9, 11, 14 and 18. The grid spacing∆x was varied from 2 cm to 100 cm. For each
grid spacing, the mean error, and the median error, over the eight position estimates were
calculated as indicators of accuracy. Figure 6.13 shows these indicators as a function of
the grid spacing∆x. As expected, large grid spacings∆x lead to larger errors in position
estimates. Best results are obtained for∆x ≤ 15 cm. The choice of∆x = 5 cm turns
out to be a good choice, although∆x ≈ 10 cm is interesting to try in future experiments,
because this choice reduces the computational load by a factor four compared to∆x = 5
cm. Interestingly, the selection guideline∆x ≤ ∆dw (= 12 cm) works well for the specific
set of measurements that are investigated in this section.

6.4.6 Discussion

The results of the initial experiment in the ER configuration show that the signature match-
ing method is able to produce accurate 3D position estimates with an average error of less
than 1 m, in favourable conditions. These conditions include an empty room and an un-
obstructed line-of-sight path between transmitter and receiver. Of the several transmitted
bursts tried, the deconvolution burst withK = 0.26 achieves an accuracy of position es-
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timates of better than 1 m for all 20 measurements. The transmitted burst withK = 0.13
that is examined in detail, yields two position estimates with an error higher than 1 m, with
the remaining 18 estimates better than 1 m. The MAE comparison metric is used in this
section for all experiments with parameter combinationP1. The MSE comparison metric
is also tried, but it performs worse than the MAE metric. Because just two combinations of
signature matching parameters are tried, it is likely that other parameter settings may yield
better results. Other parameters are investigated in a follow-up experiment described in the
next section.

With the current signature matching method, good accuracy is obtained for the majority
of the 20 position estimates. But this performance is not robust: outliers, which have
a much higher error, are amongst the position estimates. By examining the results for
one of the two measurements that have an error above 1 m, in Section 6.4.2, an apparent
contradiction is found: the first and second position estimates, based on the highest and
second-highest metric values respectively, do not mutually agree. Furthermore, the first
estimate is more than 1 m away from the true mobile-device position, while the second
estimate is very close to it. The second-best position estimate could perhaps be used in a
method to assess how confident the position estimate is.

The measurements are used in Section 6.4.4 to estimate how many reflections are at
least needed in a signature, in order to obtain sufficient accuracy of position estimates.
Also an experiment was performed to study the influence of the grid spacing parameter∆x

upon the accuracy of position estimates. This knowledge can be used to guide the choice
of the signature interval parameter and grid spacing parameter in future experiments.

After these initial experiments, an important question that remains unanswered is how
accurate the signature matching method would be in a room that is not empty. This question
is addressed in the next section.

6.5 Non-empty-room experiment

After the initial experiment in an empty room, a larger experiment was conducted. More
mobile-device positions were tried, distributed over the entire floor space of the test room.
To test if the signature matching method is sufficiently accurate in a non-empty room, sev-
eral obstacles were added to the test room. The influence of the mobile-device orientation
upon position estimates was also investigated, by measuring for five different orientations
of the mobile device.
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Table 6.2: Mobile-device orientations tried in the NER experiment. The third column
lists the number of measurement positions for each orientation.

Orientation VectorvM # positions
North (0,1,0) 67
South (0,-1,0) 69
East (0,1,0) 60
West (-1,0,0) 58
Up (0,0,1) 64
Total 318

6.5.1 Method

Measurement procedure

To study the effect of obstacles in the room, furniture items were introduced into the empty
room. The non-empty room (NER) configuration is introduced in Section 6.3.2 and shown
in Fig. 6.8. The receiver transducer, representing the mobile device, is packaged into a
plastic box of 10 cm x 6.5 cm x 2.5 cm. The box represents a handheld mobile consumer
device with position estimation capabilities. The box was held (in front) by the exper-
imenter during measurements, to simulate a user carrying the mobile device around the
room. The transducer was oriented away from the person carrying the box. The motivation
for including a user in the room, carrying the mobile device, is to achieve a more realistic
usage situation for the mobile device.

Measurements were taken at positions throughout the room, for five different orienta-
tions of the mobile device. The first column in Table 6.2 lists these five orientations, with
the corresponding orientation vectorsvM of the mobile device in the second column. The
third column lists the number of positions at which measurements were performed, for
each orientation. The number of positions per orientation in the table varies, depending on
the orientation, because some position-orientation combinations are physically impossible.
For the West orientation for example, a person holding the mobile device has to face West,
and stand East of the mobile device. A mobile-device position very close to the East wall
is then impossible. For the Up orientation, the experimenter holding the mobile device was
facing South himself. For the other four orientations, the orientation of the experimenter
was identical to the mobile-device orientation.

In total 318 position-orientation combinations were tried. For each combination two
different deconvolution bursts, with parametersK = 0.05 andK = 0.26, were trans-
mitted. For each transmitted burst, three repeat measurements were taken. Measurements
had a 0.4 s time interval in between, to let the acoustic reflections of the previous mea-
surement decay before a measurement was taken. In total, six measurements were taken
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per position-orientation. The two values ofK were selected to have one transmitted burst
with a relatively low autocorrelation width (forK = 0.05), and to have one transmitted
burst with a high range (dr ≈ 17 m for K = 0.26). Moreover, the transmitted burst with
K = 0.26 performed best in the ER experiment. At the time of conducting the NER exper-
iment, the optimal value ofK for the test room had not been derived yet. Of all valuesK,
the valueK = 0.05 is closest to the optimumKopt ≈ 0.03 for the test room.

Signature-matching parameters

Out of the three repeat measurements that were taken, each second repeat was selected for
further processing. The other repeats were merely used to verify that the measurements
were not corrupted by acoustic impulse noise or electrical noise in the measurement setup.
All measurements of repeat-2 were processed several times, to investigate different pa-
rameter values for the signature matching method. The following sub-experiments were
conducted:

1. Initial processing of 69 measurements of the South orientation, using parameter com-
binationP1. This parameter combination is identical to the experiment in the ER
configuration, in order to compare results. (Section 6.5.2. )

2. Processing of the above 69 measurements, using 60 different parameter combina-
tions. The signature interval parameterd1 = 14.5 m is not varied yet. These results
are used to arrive at an improved parameter combinationP2. (Section 6.5.3. )

3. Processing of the above 69 measurements, using 30 different parameter combinations
where the signature interval parameterd1 was varied. These results are used to arrive
at an improved parameter combinationP3. (Section 6.5.3. )

4. Processing of 318 measurements, for all orientations, using 24 parameter combina-
tions which are based on the sub-experiments 1 – 3.

6.5.2 Initial results for the South orientation

As a first step, the 69 measurements with mobile-device orientation South were processed,
using parameter combinationP1 of the ER experiment of Section 6.4. Because the room
model used in the signature matching method represents an empty room, while the test
room contained furniture obstacles, it can be expected that the accuracy degrades due to
disturbances in the measured signature caused by the obstacles. The accuracy of position
estimates is shown in Table 6.3 for the two different transmitted bursts that were tried.
Both transmitted bursts perform almost equal. The mean error is quite high, above 1 m. It
is almost ten times worse than the best mean error observed in the ER experiment.

The position estimates for 69 measurements for the transmitted burst withK = 0.05 are
visualized in Fig. 6.14(a). Each circle in this graph represents a true measurement position
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Table 6.3: Mean error and maximum error over 68 position estimates using parameter
combinationP1, in the NER configuration, for orientation South, for two transmitted
bursts.

Rank Transm. burst Transm. burst Mean error (m) Max error (m)
parameter

1 Deconvolution K = 0.05 1.11 3.87
2 Deconvolution K = 0.26 1.11 3.90

xM of the mobile device, while the tip of the line connected to each circle marks the position
estimatex̂M for that measurement. Dashed lines mark the positions of the ledge and the
three largest furniture items that were present in the room. The general impression is that
many position estimates have a high systematic deviation towards the East or Southeast
direction. At the North side of the room, the largest error vectors are mainly oriented
along the East-West axis. The explanation for the strong East/West components in the
error vectors is that for positions in the North of the room, the sphere surface on which all
candidate positions are located is a weakly curved surface that spans from the West wall
to the East wall. Therefore most candidate positions are located either East or West of the
true mobile-device position.

The systematic deviation could be caused by the multiple-matches problem, which will
be looked into later in this chapter. At measurement position 54, no position estimate is
shown, but a cross is drawn. Because the line-of-sight burst could not be detected at this
position behind the cupboard, a position estimate was not performed for this measurement.

To judge the overall accuracy, Fig. 6.15 displays an error distribution graph for the 68
position estimates. The two curves show the 2D (horizontal) position error and 3D position
error. In this graph it can be verified that 60% of the position estimates have an error of
less than 1 m, but the error of the remaining 40% of estimates is very high, 1 – 4 m. The
accuracy still needs to be improved, to meet the accuracy requirement.

6.5.3 Improved results for the South orientation

It is likely that the accuracy of position estimates can be improved, by selecting better
parameters for the signature extraction process and comparison metric. The effect of the
parameters upon the accuracy is investigated here using the 69 measurements for the South
orientation. An experiment was conducted in which 60 different parameter combinations
were tried for position estimation. The following individual parameters were varied:

1. Transmitted burst. Two different transmitted bursts, with parametersK = 0.05 and
K = 0.26, were tried.
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Figure 6.14: Visualization of position estimation results in the XY plane, in the NER
configuration, for the South orientation. Position estimates for (a) measurements in
the test room and for (b) simulated ‘ideal’ signatures are shown. Each circle represents
a true measurement position of the mobile device, and the tip of the line connected to
each circle marks the position estimate for that measurement. Dashed lines mark the
contours of the ledge and three furniture items in the room.
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Figure 6.15: Error distributions over 68 position estimates. The curves show the 2D
(horizontal) error and 3D error.

2. Comparison metric. The three comparison metrics mean absolute error (MAE),
RMS-scaled mean absolute error (RMS-MAE), and mean-scaled mean absolute error
(MN-MAE) were tried.

3. Signature attenuation compensation coefficientαac. The values of 0, 0.45, 1.0, and
1.3 were tried. In addition, an experiment was conducted in which attenuation com-
pensation was switched off entirely. In total, this yields five settings forαac.

4. Signature interval[d0, d1]. The setting[d0, 14.5] m in parameter combinationP1

with d0 = dLOS + ∆d with ∆d = 0.3 m was tried, but also a larger signature
interval[0, 14.5] m was tried.

In total,2∗3∗5∗2 = 60 parameter combinations are obtained by trying the above choices
in every combination.

As an indication of the accuracy of a parameter combination, the error distribution over
68 3D position estimates for certain parameter combinations are presented in Fig. 6.16.
This figure aims to visualize the influence of a single parameter on the accuracy. First
consider Fig. 6.16(a). At the horizontal axis, it shows the two values of the parameterK

that were tried for the deconvolution burst. For each value ofK, 60/2 = 30 parameter
combinations are available that have thisK. Out of these 30, the ‘best-performing’ pa-
rameter combination, the ones that give the lowest mean error over 68 estimates, is picked.
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The figure displays, for each of the two values ofK, the accuracy distribution obtained for
this best-performing parameter combination out of 30 combinations. The two distributions
of 3D error values are visualized in abox-and-whisker plotor box plot [75], which is a
compact representation of a statistical distribution. The box itself marks the range of the
middle 50% of the data values in the distribution. The lower end of the box marks the
25th percentile of the distribution, and the upper end marks the 75th percentile. The line
cutting each box marks the median of the distribution. The mean value is displayed as a
plus (+) symbol. A box plot is a useful tool to summarize a statistical distribution, to show
its asymmetry, mean value, and median value.

The left box in the graph shows that the best parameter combination that uses a trans-
mitted burstK = 0.26, achieves a mean 3D position accuracy of about 0.8 m and a median
accuracy of about 0.5 m. The right box shows that the best parameter combination that
uses a transmitted burstK = 0.05, achieves a slightly better mean accuracy of about 0.65
m, and a median accuracy of about 0.55 m. It can also be seen that 75% of the position
estimates have an error of 0.85 m or lower. This suggests thatK = 0.05 is a better choice,
although the difference in accuracy is not dramatic.

Besides the parameterK, three other parameters are examined in a similar way in Figs.
6.16(b) – 6.16(d). Looking at Fig. 6.16(b), it can be seen that the RMS-MAE compari-
son metric outperforms the MAE comparison metric. Apparently, the extra RMS scaling
provided by RMS-MAE is beneficial. Next, the results of Fig. 6.16(c) suggest that the
choice of attenuation compensation coefficientαac hardly influences the median accuracy.
The lowest mean error is obtained with attenuation compensation switched off. Finally,
Fig. 6.16(d) shows that there is no clear winner among the two signature intervals tried,
although the smallest mean error is obtained for the signature interval[d0, 14.5].

The best combination of parametersK = 0.05, RMS-MAE comparison metric, atten-
uation compensation off, and a signature interval[d0, 14.5], is analyzed further. For this
parameter combination, the error distribution for the 68 3D position estimates is shown in
Fig. 6.17. The error distribution curve for this parameter combinationP2[K = 0.05] is
markedP2 in the figure. The other curve, markedP1, shows the initial parameter combi-
nationP1[K = 0.05] for comparison. The new parameter combinationP2[K = 0.05] has
increased the percentage of estimates within 1 m from 60% to 73%, compared to parameter
combinationP1[K = 0.05].

Improving the signature interval

Further improvement of accuracy may be obtained by choosing another signature interval.
All previous parameter combinations, includingP1 andP2, use a signature interval end
distance ofd1 = 14.5 m. To test other values ofd1, an experiment was performed. An-
other valued1 = 9.1 m was chosen, which is the propagation distance at which multipath
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Figure 6.16: Box plots [50, 75] showing the influence of parameters on the accuracy
distribution. Figures (a) – (d) show four different parameters. Each box represents
one distribution, obtained for the best parameter combination that has the parameter
value specified on the horizontal axis.
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Figure 6.17: Error distribution of 68 3D position estimates for the 69 measurements,
for two different combinations of method parameters.P1 marks the initial parame-
ter combinationP1[K = 0.05], andP2 marks the improved parameter combination
P2[K = 0.05] obtained in this section.
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Figure 6.18: Box plot of three error distributions over 68 3D position estimates, for
the three best parameter combinations that have parameterd1 = 9.1, 10.1, and 14.5
m, respectively.

interference will start to occur on average4, for a deconvolution burst withK = 0.05 . The
second value was chosend1 = 10.1 m, which was at the time an estimate5 of the range
dr of the deconvolution burst forK = 0.05. It is not useful to haved1 > dr, because
the resulting signature interval(dr, d1] would only contain noise, which does not help in
position estimation. For this reason it is expected that the choiced1 = 10.1 m performs at
least as good as the previous choiced1 = 14.5 m for the deconvolution burstK = 0.05.

The best parameter combinationP2 of the previous experiment was tried, together with
four other combinations that performed well in the previous experiment. Each of the five
combinations was tried with both values ofK. The resulting ten combinations were tried
with the two new values ofd1 and the old valued1 = 14.5 m as well, yielding 30 parameter
combinations. Out of these 30 combinations, the results for the three best combinations
havingd1 = 9.1, 10.1, and 14.5 m, respectively, are shown in the box plot of Fig. 6.18.
As expected, the choice ofd1 = 10.1 m performs at least as good asd1 = 14.5 m. The
best set found here has its parameters equal to combinationP2[K = 0.05] but with a new
interval settingd1 = 10.1 m. This parameter combination will be calledP3[K = 0.05].
A slight decrease in the mean and median error values can even be observed in the middle

4This distance can be derived by combining the information of Fig. 4.16, where∆dw = 8.2 cm forK = 0.05,
with the top graph in Fig. 4.17 that shows that a propagation distance of 9.1 m is associated with an average
distance between reflections of∆d = 8.2 cm.

5Based on an earlier calculation. The corrected calculation of the range, shown in this thesis in Fig. 4.15,
actually gives a higher range ofdr = 11.4 m.
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box in the figure for this new parameter combination with respect to combinationP2[K =
0.05] shown in the right box. The valued1 = 9.1 gives a highly asymmetric distribution,
with the lowest median error but higher error for the remaining 50% of position estimates.
Concluding, the valued1 = 10.1 m is considered a good choice for further experiments.

6.5.4 Results for all orientations

After having found a good parameter combination for the South orientation, the signature
matching algorithm was executed for all 318 position-orientation combinations. These
include the five different orientations of the mobile device. In order to limit the computation
time of this experiment, not all parameter combinations of the previous sections were tried.

Method

The best parameter combinationP3[K = 0.05] for the South orientation does not neces-
sarily have to be best for other orientations. Therefore multiple parameter combinations
were tried; these combinations are listed in Table 6.4. Each combination is named in
the first column. The next four columns list the parameter values used in that combination,
and the final column provides remarks on why this combination performed well in previous
experiments. The grid spacing parameter∆x is not listed, because it was selected∆x = 5
cm in all combinations. Note that each combinationPi is tried with both the transmitted
burst parametersK = 0.05 andK = 0.26.

Number of valid measurements

For some of the measurements, a line-of-sight (LOS) peak could not be found in the sig-
nature above the LOS detection threshold. For certain other measurements, a false LOS
peak was detected, for which the resulting LOS distance was that long that no candidate
positions inside the room could be constructed. Table 6.5 summarizes these findings for
the measurements in the five different orientations, for the two deconvolution bursts that
were used. For the ‘weaker’ deconvolution burst withK = 0.05, LOS peak detection
failed more often. For the number of measurements marked in the columns ‘#OK’, posi-
tion estimates were obtained. The measurements in the other columns were excluded from
further analysis of the position estimation accuracy, because no position estimates could be
obtained for these cases due to a missing LOS distance (‘# LOS not found’) or due to a
too-long LOS distance (‘# LOS too long’).

Horizontal position estimates

From the 24 parameter combinations, one combination has to be selected in order to show
position estimation results in more detail. To facilitate this selection, the mean error over
all 307 (respectively 281) position estimates is calculated for each parameter combination.
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Table 6.4: Parameter combinations selected for the experiment in this section.

Name Comparison αac Interval Remarks
metric [d0, d1] (m)

P1[K = 0.05] MAE 0.45 [d0, 14.5] Initial parameters for ER
configuration

P1[K = 0.26]
P2[K = 0.05] RMS-MAE (off) [d0, 14.5] As P1, with improved comp.

metric andαac

P2[K = 0.26]
P3[K = 0.05] RMS-MAE (off) [d0, 10.1] As P2, with improved d1,

and best mean errora

P3[K = 0.26]
P4[K = 0.05] MN-MAE 0.45 [0, 10.1] Second-best mean errora

P4[K = 0.26]
P5[K = 0.05] MN-MAE 0.45 [0, 9.1] Third-best mean errora

P5[K = 0.26] Lowest median errora, and
lowest mean errora

P6[K = 0.05] RMS-MAE (off) [d0, 9.1] Fourth-best mean errora

P6[K = 0.26]
P7[K = 0.05] RMS-MAE 0.0 [d0, 10.1] Sixth-best mean errora, and

lowest median errora.
P7[K = 0.26]
P8[K = 0.05] RMS-MAE 0.0 [d0, 9.1] Also lowest median errora

P8[K = 0.26]
P9[K = 0.05] MN-MAE (off) [0, 10.1] Variant ofP3 andP4

P9[K = 0.26]
P10[K = 0.05] MN-MAE 0.0 [0, 10.1] Variant ofP4

P10[K = 0.26]
P11[K = 0.05] MSE (off) [d0, 10.1] Variant ofP3

P11[K = 0.26]

P12[K = 0.05] RMS-MAE (off) [d0, 10.1] As P3, with otherd0
b,c

P12[K = 0.26]

a For the results in Section 6.5.3.
b An experiment with a slightly larger signature interval.
c d0 = dLOS + ∆dw = dLOS + 8.2 cm
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Table 6.5: Number of valid measurements (#OK), number of measurements where no
LOS peak was found, and measurements where the found LOS distance was too long,
for each mobile-device orientation, shown for two deconvolution bursts.

Deconv. burst Deconv. burst
K = 0.26 K = 0.05

Orientation # OK # LOS # LOS # OK # LOS # LOS
not too not too

found long found long
North 56 11 0 44 23 0
South 69 0 0 68 0 1
East 60 0 0 54 1 5
West 58 0 0 56 0 2
Up 64 0 0 59 2 3
Total 307 11 0 281 26 11

Only the horizontal position is considered for now. Figure 6.19 shows the error in the hor-
izontal estimate for the top-ten parameter combinations, ordered by increasing mean error.
The three lines plot the median, mean, and 95% bound respectively of the error distribution
over all horizontal position estimates. It can be seen that the mean and median error hardly
differ over the parameter combinations, despite the differences in the parameters. Based
on these results, the second-best parameter combinationP9[K = 0.26] is chosen for fur-
ther analysis. Its 95% bound is slightly lower and the underlying distribution of errors (not
shown in the figure) contains less outliers of high error than the top-1 combination.

The horizontal component of a 3D position estimate can be visualized in a graph that
displays a top view projection of the room. Such visualizations will be used to show all
position estimates, for the five orientations. First, the results for the South orientation are
shown in Fig. 6.20(a). Estimates with high and low error occur side-by-side, throughout
the room. Immediately to its right, Fig. 6.20(b) shows the results obtained for simulated
‘ideal’ signatures instead of measurements, which gives an impression how accurate the
signature matching method is expected to perform in a perfectly box-shaped empty room.
Surprisingly, for measurements 55 – 57 a high error is obtained for the simulations, even
though the cupboard is not present in the simulated model of an empty room. Apparently,
signatures of two candidate positions match very well to one measurement, even though
the candidate positions are separated by a large distance (> 1 m). In this case, the positions
55 – 57 have three counterparts on the West side of the room with almost equal signatures.
This is a manifestation of the multiple-matches problem. The large errors in the simulated
position estimates show that the multiple-matches problem is fundamental: it even occurs
in an empty room.
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Figure 6.19: Horizontal position estimation performance of the top-ten parameter
combinations, ordered by increasing mean error over the 307 (resp. 281) position
estimates. The median and 95% bound over all estimates are also shown. The names
of parameter combinationsPi are listed at the bottom.
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Figure 6.20: Visualization of position estimation results in the XY plane, in the NER
configuration, for the South orientation, for parameter combinationP9[K = 0.26].
Position estimates for (a) measurements in the test room and for (b) simulated ‘ideal
measurements’ are shown. Each circle represents a true measurement position of the
mobile device, and the tip of the line connected to each circle marks the position
estimate for that measurement. The obstacles and furniture items in the room are
outlined by dashed lines.
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Figure 6.21(a) shows the results for the North orientation of the mobile device. Most
position estimates for the positions more than 2 m from the base station have a high error.
Certain positions at the North of the room are marked with crosses: these signify that
either the received signal was too weak to extract any burst from it, or that the detected
LOS distance was so high that no candidate position having that LOS distance could be
constructed inside the room. A too-high LOS distance estimate occurs when a reflection is
mistakenly detected as the LOS burst, while the true LOS burst is too weak to be detected.
The North orientation clearly has the problem that the line-of-sight was blocked by the
body of the experimenter who carried the mobile device, or by the casing of the mobile
device itself. This leads to error vectors for the position estimates that point towards the
North. The simulated estimates in Fig. 6.21(b), on the other hand, are perfect because the
line-of-sight is not blocked in the empty-room simulation.

The results for the East orientation are shown in Fig. 6.22(a). Although a majority of
position estimates are very accurate, even better than for the South orientation, the group of
six positions 220, 221, 224, 225, 228 and 229 near the East wall have inaccurate estimates.
These positions are 9 cm away from the East wall, such that the path lengths of the East wall
reflections for these positions are just 8 – 14 cm longer than the LOS path. Such distances
are below the autocorrelation width∆dw = 18 cm of the transmitted burstK = 0.26
that was used. By examining the results for measurements 224 and 225 in more detail, it
is found that indeed the LOS peak in the signature coincides with the East wall reflection
peak. But this is not the cause of the inaccuracy; in fact it is caused by a LOS peak and
an East-wall reflection peak that have strongly suppressed amplitudes in the measurement,
with respect to the expected amplitudes for these peaks. It is likely that the amplitudes were
suppressed due to the body of the experimenter holding the mobile device, or due to the
mobile-device casing itself. Furthermore in measurement 225, an unexplainable extra peak
is present in the measured signal. This peak effectively decreases the degree of match-
ing between the candidate signatures near position 225 and the measurement. Although
unexplainable, such peaks are expected because the test room has several obstacles inside
that cause reflections. Position 234 has another problem: a reflection from the cupboard
appears (as expected by the model) as a reflection that comes from the East wall, so that
the position 234 is estimated too close to the East wall. The positions in the North-East
behind the cupboard have high error, probably because the cupboard itself blocks the East
wall reflections that are expected by the room model.

The results for the West orientation are shown in Fig. 6.23(a). The majority of estimates
has a high accuracy. The estimates with high error could very well be the result of the
multiple-matches problem.

The results for the Up orientation are shown in Fig. 6.24(a). Most position estimates
have high error, which is not expected for this orientation in particular. The cause of these
errors may again be the multiple-matches problem, degrading the estimates even more
strongly now than for the South orientation.
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Figure 6.21: Position estimation results in the XY plane, for the North orientation,
analogous to Fig. 6.20.
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Figure 6.22: Position estimation results in the XY plane, for the East orientation,
analogous to Fig. 6.20.
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Figure 6.23: Position estimation results in the XY plane, for the West orientation,
analogous to Fig. 6.20.
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Figure 6.24: Position estimation results in the XY plane, for the Up orientation, anal-
ogous to Fig. 6.20.
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Figure 6.25: Box plot [75] of five error distributions for five mobile-device orien-
tations respectively. Each distribution consists of values of the horizontal position
estimate error.

Summary and discussion

To summarize the accuracy of position estimates over all five orientations, a box plot of
the five distributions of the horizontal error in the position estimates is shown in Fig. 6.25.
The error is highly dependent on the orientation. The West orientation gives best results,
while the North orientation gives the worst results. This can be expected for the North
orientation due to the line-of-sight occlusion problem. However, the fact that the East and
West orientations perform better than South, which in turn performs better than Up, is less
obvious. An explanation is that for the South and Up orientations a pair of two signatures
may exist, one signature at the West and one at the East side of the room, that are quite
similar to each other. Effectively, an approximate ‘symmetry’ between positions on the
East/West sides of the room exists. Therefore, the multiple-matches problem is likely to
occur for these orientations.

Figure 6.26 shows the distribution of errors in the 3D position estimates in a box plot,
analogous to the 2D errors in Fig. 6.25. For the orientations South, East and West, the
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Figure 6.26: Box plot of five error distributions for five mobile-device orientations
respectively. Each distribution consists of values of the 3D position estimate error.



168 Chapter 6. Experiments

accuracy of position estimates is 2.5 m or better for at least 95% of the position estimates.
For the orientations North and Up, the accuracy of position estimates is 3.0 m or better
for at least 95% of the estimates. The accuracy requirement, 1 m or better for 95% of the
estimates, is not met.

6.5.5 Multiple-matches problem

Although the accuracy of 3D position estimates is good for some estimates, others have
high position errors of 1 – 4 m. In Section 6.4 it was suspected that a problem of multiple
matches exists, meaning that two or more candidate signatures match well to a measured
signature. To investigate this problem further, the measurement 266 with the mobile device
orientation Up is examined. This measurement position can be seen atxM = (0.8, 2.3)
in Fig. 6.24(a). The estimate has a horizontal error of 2.42 m, and it points to a suspected
‘multiple match’ position.

To see how many candidate positions match to the measurement, a graph of comparison
metric values is shown Fig. 6.27. For calculating the metrics the parameter combination
P9[K = 0.26] is used. The figure shows a frontal projection of the test room. Markers
show the position of the true mobile device and the base station, for reference. Two more
markers show, analogous to Fig. 6.11, the best estimate (with the highest metric value),
and the second-best estimate. Note that both are close together, so that even if the sig-
nature matching algorithm would test for an agreement between the best and second-best
estimate, the error in the position estimate could not be detected. But on the left half of
the figure, near coordinateX = 1.1 m, a dark gray region is visible that is much closer to
the true mobile-device position. An additional marker shows the best-West candidate posi-
tion, which is the best estimate over the candidate positions at the left side of the room i.e.
X < 1.87 m. In total, three to seven dark regions can be discerned in the figure, depending
on the observer. In all these regions the mobile device could be located.

To see why the signature of the best candidate and the signature of the best-West candi-
date match well to the measurement signature, Fig. 6.28 plots both signatures in one graph.
The signatures are mean-scaled (Section 5.2.4), because the comparison metric MN-MAE
in parameter combinationP9 applies such scaling to signatures before comparing them.
Both signatures are surprisingly similar in the time interval[7, 13] ms that contains four
strong peaks. This interval contains the highest amplitudes in both signatures, which means
that any errors in this interval are ‘weighed more heavily’ during signature matching than
any errors in for example the interval[13, 30] ms, which contains much lower amplitudes.
The first and second of the four strong peaks are, for both signatures, caused by the direct
sound over the LOS path and by a ceiling reflection, respectively. The third and fourth
peaks are for the best-estimate position caused by an East (E) wall reflection, and a Ceil-
ing/East (CE) second-order reflection, respectively. For the best-West position the third and
fourth peak are due to a West (W) wall reflection and a Ceiling/West (CW) second-order
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Figure 6.27: Front view projection of the test room with metric values shown as
pixel intensities, for measurement 266, Up orientation. The base-station position and
true mobile-device positions are marked. The best estimate, second-best estimate,
and best-West estimate are shown with markers. (The best-West estimate is the best
estimate over the candidate positions on the West half of the room, withx < 1.87 m.)
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Figure 6.28: Mean-scaled simulated signatures corresponding to the best candidate
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surement 266, Up orientation.
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Figure 6.29: Diagram showing a top view of a part of the test room, with base station
(BS) and image sources W, CW, E, CE, marked. The mobile device (MD) is placed at
the position 266. Identical reflection distancesd1 andd2 are obtained for the mobile
device position and for the best-estimate (BE) position. Hence two matches occur, so
the mobile-device position may be wrongly estimated at BE.

reflection, respectively.

The situation is schematically depicted in Fig. 6.29. It shows a top view of a part
of the test room, with the position of the base station (BS), and the four image sources
corresponding to reflections W, CW, E, and CE, marked by stars. Note that the image
sources W/CW are stacked on top of each other, and E/CE as well. The diagram shows that
the distanced2 from image source W (or CW) to the mobile device (MD) is the same as
from image source E (or CE) to the best-estimate (BE) position. Furthermore, because the
receiver transducer in the mobile device is oriented Up, both acoustic rays of distanced2

arrive at an identical angle at the receiver for positions MD and BE. The same holds for the
raysd1. From identical distancesd1, d2 and identical angles, it follows that the signature
interval[7, 13] ms will be identical for the positions MD and BE. Note that the argument of
identical angles only holds for the Up orientation of a mobile device, which explains why
the multiple-matches problem is severe for the Up orientation in particular. This conclusion
is supported by the position estimates in Fig. 6.24(a).

By trying other mobile-device positions in the diagram, it can be verified that mobile-
device positions throughout the room have the problem that a ‘twin’ position, somewhere
else in the room, leads to identical distances for the acoustic raysd1 andd2. Although
the multiple-matches problem is related to the symmetry issues discussed in Section 5.5.3,
it appears to be far more complicated. The occurrence of multiple matches depends on
the positions of the mobile device and the base station in the room, the orientation of
the mobile device and the base station, and on the strength of certain reflections for a
specific mobile-device position/orientation. Unlike the room mirror-symmetry problem,
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the multiple-matches problem can not be avoided by an asymmetric base-station position.
The influence of the mobile-device orientation is clearly visible in Fig. 6.25: for the

East and West orientations the multiple-matches problem occurs the least, while for the
Up orientation it is severe. This unexpected result can be intuitively verified by again con-
sidering Fig. 6.29. We know that a mobile device with orientation Up at either position
MD or BE gives rise to an identical signature. If the mobile-device orientation is South,
the amplitude of the two peaks in the signatures at positions MD and BE will differ, but
not greatly. If however the mobile-device orientation is set to East, the peak in the sig-
nature corresponding to distanced2 will be weak at position MD, but it will be strong at
position BE. Therefore the East orientation generates more dissimilarity between signa-
tures at positions MD and BE, than generated by the orientations South and Up. Hence,
the multiple-matches problem is avoided more often for the East orientation. A similar
argument can be constructed for the West orientation.

6.6 Discussion

The results of the experiment in the NER configuration show that the accuracy requirement
of 1 m or better, for 95% of the estimates, is not met. Even when the results for the best
orientation (West) are considered only, the requirement is not met. A number of problems
that degrade the accuracy can be identified in the experimental results:

1. Obstacles in the room.Comparing the results for the South orientation between the
ER and NER experiments, it can be concluded that already a few obstacles in the
room considerably degrade the accuracy if these obstacles are not included in the
room model. This suggests that the signature matching method becomes even less
accurate in a typical cluttered living room. It also suggests that modeling of obstacles
may be necessary, to obtain sufficient accuracy in a typical cluttered room.

2. Blocked line-of-sight path.The results of the North orientation show that the line-
of-sight path can be easily blocked by an obstacle, in this case the user holding the
mobile device. This leads to increased error in position estimates.

3. Multiple-matches problem.The problem of multiple matches is identified in both
the ER and the NER experiments. It appears to be one of the main problems that
degrade the accuracy, together with problems 1 – 2 listed above.

4. Selecting an optimal parameter combination.Of the many possible parameter com-
binations that were investigated, there is no obvious winner. The best choice of
parameters may even depend on the position and orientation of the mobile device.

However, for the orientations South, East, and West, promising mean and median accura-
cies well below 1 m are obtained, which shows that the signature matching method may be
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sufficiently accurate as long as the multiple-matches problem does not occur, and if a good
line-of-sight between transmitter and receiver exists.

In the introduction of this chapter, it is argued that a fixed orientation Up for the mo-
bile device is attractive, because then no orientation estimation is required in the signature
matching method. However, the results show that the multiple-matches problem is severe
for the Up orientation, which makes this orientation less attractive.

Solutions to the multiple-matches problem

Most existing location systems cope with the problem that a single measurement yields a
position estimate that is not accurate enough, on average. The same holds for the signature
matching method presented in this chapter. A common solution is to implementtracking,
estimation of the mobile-device position by using not only the most recent measurement,
but also a history of previous measurements. The idea behind tracking is that a mobile
device is more likely to be located close to the position where it was previously located,
than at a position far away from it.

Various approaches to implement tracking are described in the literature. Záruba et al.
[87] implemented a tracking method using the statistical approach ofBayesian filtering.
This method can integrate many noisy and ambiguous RF signal strength measurements
over time, and combine these into a reliable estimate of the mobile-device position. Porta
and Kr̈ose [62] used a Bayesian probabilistic framework to track the position of a mobile
robot, using noisy and ambiguous sensor data obtained from a video camera. Patterson et
al. [59] applied the Bayesian technique ofparticle filters to the problem of estimating a
GPS user’s position and mode of transportation in an urban area, where a single position
estimated by a GPS receiver is often inaccurate.

The above three examples from the literature show that a series of (noisy) measure-
ments, combined with amovement modelof how a device, robot, or person typically moves
in a space, can be used to estimate the current position of an entity more accurate than could
be achieved by any single measurement. Such an approach appears promising in combina-
tion with the signature matching method, because a tracking method is able to ‘filter out’
spurious outliers in the position estimates. Furthermore, a single estimate through signature
matching is ambiguous because of multiple matches. This ambiguity can be dealt with by
the tracking methods described above, because these methods do not simply assume that
there is one true mobile-device position, but they keep multiple hypotheses about the most
likely position.
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Chapter 7

Position estimation with
transducer arrays 1

7.1 Introduction

A base station or mobile device in a location system can be equipped with more than one
ultrasound transducer. A group of two or more transducers can be designed to cooperate,
or act as atransducer array[89]. Using acoustic arrays, new measurement techniques
can be applied: a receiver array may determine the direction-of-arrival of received acoustic
signals, for example. Certain types of transmitter arrays can steer the transmitted signal into
a certain direction in 3D space, which may help in determining the direction, and ultimately
the position, of another device.

Previous chapters have introduced the signature matching method that uses acoustic
reflections to perform 3D position estimation, using a single base station. This base station
contains a single transducer, which makes it low-cost and compact. This chapter investi-
gates a specific design for a compact base station with three transducers inside. Although
this design requires additional transducers, its cost would be marginally higher than the
cost of a single-transducer base station so it is expected to satisfy the low-cost requirement
for consumer electronics.

Four different types of arrays can be considered:

1. Beam-forming arrays [89], which can electronically adapt their directional gain, to
amplify a signal from a chosen direction only. These can be used to remove unwanted
signals from other directions, or to electronically scan many directions (angles) to
find the direction where a received signal is strongest.

2. Beam-steering arrays [89], which can electronically steer transmitted acoustic energy

1This chapter was published as a paper [26] at the Second IEEE International Conference on Pervasive Com-
puting and Communications, 2004.
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into a chosen direction.

3. Time-difference-of-arrival (TDOA) arrays for reception. Instead of forming a beam
as in (1.), a TDOA array computes the direction angle of an incoming acoustic signal
directly by observing time-differences in the arrival times of the acoustic signal at
the individual transducers in the array, as in [65] for example.

4. TDOA array for transmission. Instead of steering energy into a specific direction
as in (2.), a device with a TDOA array emits multiple individual signals simultane-
ously using multiple transducers, which are received by another device at different
moments in time. The time difference between the arriving signals can be used to
calculate the relative direction angle of the receiver with respect to the array.

Array types 3 and 4 are considered in this chapter, because these could be easily imple-
mented using the measurement setup of Chapter 6 that was already available. The array
types 1 and 2 have been considered, but a beam steering array can not be easily imple-
mented because individual transducers are required to be separated at most half a wave-
length [89] (4.3 mm) from center to center. This is not possible, since the individual trans-
ducers have a diameter of 9 mm themselves.

In the next section, a single-base-station 3D position estimation method will be intro-
duced that uses a TDOA transmitter array of three transducers. In Section 7.3, five potential
problems of the proposed position estimation method will be stated and solutions will be
discussed. Sections 7.4 and 7.5 describe an implementation of the single-base-station ar-
ray position estimation method, and the experiments performed with it. The array method
is treated in a less detailed manner than the signature matching method of previous chap-
ters. The purpose of the work described in this chapter is to show the feasibility of the
single-base-station array concept, and to offer an alternative to which the signature match-
ing method can be compared.

7.2 Single-base-station array method

7.2.1 Ultrasound time-of-flight trilateration

Trilateration [38, 49] consists of measuring three distancesd m
i between a target and three

reference pointsri, and using these distances to calculate the unknown target positionxM.
For more reference points, it is called multilateration. The fixed reference points are usually
the base stations. In most ultrasonic multilateration location systems, the distances between
devices are measured using ultrasound time-of-flight (TOF) multiplied by the speed of
sound in air. To measure absolute TOF, time synchronization between base stations and
mobile devices is needed. This is usually achieved by a radio link [2, 65] or an infrared
link [32, 85]. Some systems use TOF differences instead of absolute TOF, which avoids
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the need for time synchronization [37]. However, this requires an extra base station. Many
multilateration algorithms have been designed to cope with error in the measured distances
d m

i , for example least-squares optimization methods.

7.2.2 Base-station design

A typical state-of-the-art ultrasonic multilateration system consists of three or more base
stations in a room, located on the ceiling, spaced widely apart. Ceiling placement increases
the probability of a clear line-of-sight (LOS) path between a mobile device and the base
stations. The wide space between base stations avoids error induced by unfavorable geo-
metrical configurations, as will be shown later in Section 7.3.1. However, the large spatial
extent of these setups is a disadvantage from the consumer point of view.

The configuration proposed here brings together three base stations into a single unit
(Fig. 7.1). A baseline distance ofdBL = 11.5 cm was chosen, to make it a compact device.
(The influence of the parameterdBL on system performance is discussed in Section 7.3.1.)
This base station can be placed in many ways inside a room. Good base-station positions
include (1) against a room wall at a high position, (2) attached to the ceiling in the middle
of the room, and (3) diagonally in a ceiling corner. In this chapter, position (1) is investi-
gated, for two reasons: first, it is similar to the base-station position according to the wall
placement guideline in Section 5.5.4, so that position estimation performance of the array
method may be compared to that of the signature matching method. Second, position (1)
is more favorable than (2) from the consumer perspective, because the base station can be
more easily fixed to a wall (or simply be put upon a ledge or cupboard), and because a
mains power socket for the base station is usually not available on the ceiling in the middle
of a room. However, the ceiling position (2) has interesting properties such as shortest av-
erage distance between base station and mobile devices. The proposed array configuration
resembles the 2D ultrasonic inter-robot localization system by Wu et al. [85], in which
transducers are also placed relatively close together at 5.1 cm, in a 2x2 array configuration.

For any ultrasonic location system, an important design decision is whether mobile
devices transmit ultrasound as in [2], or the base stations transmit ultrasound and the mobile
device receives as in [37, 65]. The single-base-station TDOA array method can work in
both ways in principle. A transmitter array is described in this chapter, because it was
simplest to implement using the measurement setup already available. Other decisions
about what devices send and receive the RF signals for time synchronization, and where
position estimates are calculated, are not considered in this chapter.



178 Chapter 7. Position estimation with transducer arrays

Figure 7.1: Single-base-station array design with three transducers (1 – 3), seen from
the front.

7.2.3 Least-squares trilateration

A least-squares trilateration algorithm is used in this implementation of a TDOA array lo-
cation system, to estimate a 3D position from three measured distancesd m

i . The algorithm
iteratively updates a position estimatex̂, such that a cost functionC is minimized. The cost
function is the sum of squared errors between elements of the measured distances vector
dm and an estimated distances vectord̂:

C(dm, d̂) =
3∑

i=1

(d m
i − d̂i)2, (7.1)

where the three elements ofd̂ are given byd̂i = |x̂ − xb
i | for i = 1, 2, 3; andxb

i is the
known position of transduceri in the base station array. To solve this nonlinear optimization
problem, the MATLAB [50] function lsqnonlinis used, which uses the Jacobian of the cost
function for quick convergence. It needs an initial position estimate to start with. Equations
for a good initial estimate were analytically derived, by solving an approximation of the
position estimation problem. The approximation holds for the assumptions that the mobile
device is far away from the base station,di � dBL, and that measured distances have zero
error.

7.3 Problems of the single-base-station array

The design decision of integrating all infrastructure into one compact base station unit,
although attractive, poses a number of specific problems. In this section five potential
problems are identified and several solutions are proposed. The problems of unfavorable
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geometric configurations (Section 7.3.1), line-of-sight path occlusion (Section 7.3.2), mul-
tipath interference (Section 7.3.3), movement during measurements (Section 7.3.4), and
installation (Section 7.3.5) are discussed.

7.3.1 Unfavorable geometric configuration

The error in a 3D position estimate depends not just on errors in the distance measurements,
but also on the geometric configuration of the mobile device and the base station, in a non-
linear manner [49]. The position error due to small random measured-distance errors can
be modeled by theGeometric Dilution of Precisionconcept [41, 49] (GDOP, or DOP for
short). The DOP can be seen as a distance error amplification factor: for an expected stan-
dard deviation (SD)σd of measured distances around the true value, the expected position
estimate error SD for a mobile device isσp = (DOP) · σd. It is hereby assumed that errors
in the measured distances have a Gaussian distribution. The position of base station(s) and
the mobile device influence the value ‘DOP’. For fixed base-station position(s), the DOP is
a function of the mobile-device position only.

An analysis using the DOP concept will be shown now, which highlights the problem
that is introduced by merging the three base stations into one unit. Two configurations will
be compared: (a) a standard three-base-station setup where the base stations are placed in
three ceiling corners; (b) the proposed single-base-station array placed against a wall at a
ceiling height of 2.97 m. For this analysis the HDOP (horizontal DOP) [41, 49] concept
is used, which only considers the position error in the horizontal plane. The horizontal
position in a room is often more important than the vertical position. Although the HDOP
can be calculated for a specific position estimation algorithm as in [49], here the Cramer-
Rao lower bound [48] on the HDOP is calculated instead. It represents the best (=lowest)
possible HDOP that any unbiased estimator of the horizontal mobile-device position vector
xM = (x, y) can reach.

The analytically calculated Cramer-Rao lower bound on the HDOP for both config-
urations is shown in Fig. 7.2(a) and 7.2(b) respectively. The bound was calculated over
many mobile-device positionsxM = (x, y, z), wherez was fixed to a typical mobile de-
vice heightz = 1.20 m. It can be observed in the figures that the HDOP values for the
single-base-station array (b) are much higher than for the three-base-station case (a). For
the single base station, the HDOP value of 200 aroundy ≈ 0.4 means that an error SD of
1 mm (for all three measured distances) results in an error SD of 20 cm for the position
estimate(x, y). In the experiments in Section 7.5 it is investigated whether the high DOP
causes problematically low position estimation accuracy, or not.

A partial solution to the high-DOP problem comes from the fact that error due to DOP
can be estimated. This means that the error bounds for the mobile-device position estimate,
which are reported back by the location system to applications, can be dynamically adapted
depending on the current estimate of the DOP value.



180 Chapter 7. Position estimation with transducer arrays

0 1 2 3
0

1

2

3

4

5

6

7

X coordinate (m)

Y
 c

oo
rd

in
at

e 
(m

)

3.2

3

2.8

2.6

2.4

2.2

2

1.8

1.6

1.5

1.45

(a) Setup of three base stations in room corners

0 1 2 3
0

1

2

3

4

5

6

7

X coordinate (m)

Y
 c

oo
rd

in
at

e 
(m

)

100

90

80

70

60

55

60
70 80

200
500

100

90
90

(b) Single-base-station TDOA array setup

Figure 7.2: Isograms of constant value of the HDOP Cramer-Rao lower bound, within
a room, for (a) the three-base-station setup and (b) the single-base-station array setup.
The mobile device height is fixed toz = 1.20 m. Base-station transducer positions
are marked by~.
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Influence of the baseline distance. The baseline distancedBL (see Fig. 7.1) has a direct
effect on the HDOP. By increasingdBL, HDOP can be decreased, so a trade-off exists be-
tween base station compactness and position estimation error. Note that the HDOP for
positions neary = 0 will remain relatively large for anydBL, due to the inability of the
single-base-station array to estimate y-coordinates accurately neary = 0. (This can be
verified by geometry: a small position change of∆y, for any mobile-device position near
y = 0, induces a change of(∂d m

i /∂y) ·∆y ≈ 0 in the measured distancesd m
i .)

7.3.2 Line-of-sight occlusion

The line-of-sight (LOS) path between the single base station and a mobile device can be
easily obstructed by persons or furniture objects. A typical obstruction occurs when a
person carrying a mobile device is facing away from the base station, so the person’s body
is obstructing the LOS path. Another typical case is a mobile device not aimed straight
at the base station, so that the mobile device casing blocks the LOS path. For all such
obstruction cases the termLOS occlusionwill be used. An occluded LOS may hinder the
detection of theLOS burst(defined in Section 4.4.3) in the received signal.

Two possible cases can be distinguished: inpartial occlusion, the LOS burst can still
be detected, as the acoustic wavesdiffract [22] i.e. ‘bend’ around the obstacle and do reach
the receiver. The amplitude of a diffracted signal is much lower than that of a signal in clear
LOS conditions, and the length of the diffracted wave’s propagation path will be slightly
longer than the LOS distance. Both the low amplitude and the increased propagation path-
length can cause errors in position estimates. In the case offull occlusion, the LOS path is
obstructed such that the amplitude of the diffracted LOS burst is too low to be measurable
at the receiver. Then, it is possible that a reflected wave that arrives later is mistakenly seen
as the LOS burst, which can result in large errors in position estimates.

A first step towards solving this problem is to detect when occlusion happens. If oc-
clusion is detected, the location system may reject a measurement or may assign a low
confidence level to the corresponding position estimate, to avoid large errors in position es-
timates. One method for occlusion detection will be introduced now. The method is based
on the assumption that a received LOS burst is more likely to be valid if the relative ampli-
tudearel of the LOS burst is higher. The relative amplitude of LOS bursts can be defined in
various ways. It is proposed here to detect received bursts by means of detecting peaks in
thesignature(Section 4.4). Then, the relative amplitude can be defined as the ratio of the
LOS peak amplitudea m

1 to the Root-Mean-Squared (RMS) amplitude of all other peaks:

arel =
a m
1

RMS(am)
, (7.2)

where the vectoram includes all remaining peak amplitudesa m
i (i ≥ 2) due to acoustic

noise, cross-correlation noise, and acoustic reflections in the room. Given the above as-
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sumption, the valuearel can be used as a confidence indicator for the measurement. Using
a thresholdTrel that sets a minimum level ofarel for a measurement to be accepted, a sim-
ple binary occlusion classifier can be implemented. The performance of this classifier is
tested in Section 7.5.

7.3.3 Multipath interference

Even when an unobstructed LOS path exists between a base station and a mobile device,
one source of error can disturb the measured LOS distances. This source ismultipath

interference, which means that reflections of ultrasonic waves (the multipath components
or multipath bursts) arrive at a receiver while it is still ‘busy’ receiving the LOS burst.
These reflections can be caused by persons, objects or walls. Multipath interference is
analyzed in Section 4.6.2 for the signature matching method, where mutual interference
of early reflections bursts is a problem. In this section, only the interference of reflection
bursts with the LOS burst is considered. The multipath bursts may disturb the LOS burst
by alteration of its phase or shape, or by constructive or destructive interference, leading
to errors in position estimates. For GPS receivers, multipath is extensively studied [82]
as it is the largest source of error. For indoor ultrasonic systems, multipath interference is
usually not an issue because it is in the order of magnitude of a few cm or less. However,
for the TDOA array method even an error this small is undesirable as it may lead to large
position-estimation errors (as shown in Section 7.3.1).

Next, three solutions to the multipath problem will be given, that will not remove mul-
tipath interference completely, but will reduce it. A straightforward first solution is to use
ultrasound transducers with a higher acoustic bandwidth. Roughly speaking, transmissions
of larger bandwidth can be made shorter in time duration, which lowers the probability that
a LOS burst will overlap with multipath components that arrive slightly later at the receiver.
For the theoretical limit of infinitely narrow impulse signals, multipath interference would
be non-existent. It is shown by Hazas and Ward [36, 37] that broadband transducers can
work well in an indoor location system. Secondly, solutions exist that use signal processing
in the receiver to compensate for a low-bandwidth channel, as shown by the body of work
on GPS receivers [82] and on sonar applications (for example [16]).

A third solution is proposed here for ultrasonic systems that use low-bandwidth piezo
ultrasound transducers: to make use of the deconvolution burst, introduced in Section 4.6.4.
This approach has been implemented in the experimental setup (of Section 7.4), using sig-
nal processing at the transmitter side to increase the bandwidth of the piezo transducers. By
decreasing the parameterK of the deconvolution burst, the effective bandwidth increases,
and multipath interference decreases. The deconvolution burst has been implemented by
a software FFT filter with a specially shaped frequency spectrum, connected before the
transmitter, with the filter shape chosen to widen the typical narrow band-pass peak in the
frequency spectrum of a piezo transducer. This way the 3-dB-bandwidth of the combined
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transmitter-receiver pair could be enlarged from 0.8 kHz to a value in the 1 – 10 kHz range,
where the value is controllable in real-time by the parameterK. Note that the bandwidth
can not be increased indefinitely, since extra bandwidth is gained at the cost of lower system
range, as shown in Section 4.6.4.

7.3.4 Moving mobile device

While a mobile device is performing distance measurements, it may be moving. This can
lead to errors in position estimates if the three measurements between base station and mo-
bile device are taken sequentially in a TDMA scheme. In the time between measurements
(typically more than 50 ms) the mobile device may have moved up to several centimeters,
which causes the measured distancesd m

i to be mutually inconsistent. As the single-base-
station trilateration method effectively relies on small differences between these distances
to compute the position of the mobile device, movement may cause incorrect position esti-
mates.

Three solutions are considered here to avoid errors due to moving mobile devices. A
first one is to reverse the direction of ultrasound transmissions, and let each mobile device
in the room sequentially transmit an ultrasound signal and let the base station transducers
simultaneously ‘listen’. This avoids the time delays between subsequent measurements
that cause the problem. A second solution is to measure distances twice and deduct from
these values if a mobile device is stationary or not. If not, the measurement can be rejected.
A third solution is to let all base station transducers transmit at the same time, using three
orthogonal signals[43] that do not interfere with each other when transmitted over the
same ultrasound channel. The well-known Code Division Multiple Access (CDMA) [79]
scheme uses orthogonal signals. This approach has been used before in ultrasonic location
systems [36, 37] and echolocation systems [43] to obtain multiple-access capability, so
details are omitted here. A CDMA scheme is used in the measurement setup described in
this chapter, to implement a transmitter TDOA array.

7.3.5 Installation issues

One issue concerns the installation of the base station. In this chapter, it is simply assumed
that the base-station position is known and fixed. However, in practice the base-station
position is not yet known at installation time. The installation of a single base station by
a non-expert user should be as simple as possible, perhaps even ‘plug and play’. Ideally,
a system should allow users to choose a convenient location for the base station. So a
user-friendly method of entering or measuring the base station coordinates is needed. The
installation issues are not further investigated in this thesis.

An interesting side effect of a single-base-station TDOA array is that entering coordi-
nates may not be needed in some cases. The single base station can define its own ad-hoc
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Figure 7.3: Measurement setup diagram for the TDOA transmitter array experiment.

coordinate system in which the base station always resides at the origin. This is useful
only for applications that use relative positions instead of real-worldroom coordinates,
for example applications that only require a movement trajectory of a mobile device, and
applications that need to know mobile-device positions relative to each other.

7.4 Implementation

A measurement setup has been built to test the single-base-station TDOA array method.
It consists of a flexible hardware setup of up to eight ultrasound transmitters and eight
receivers connected to a PC, with all signal processing and position estimation done in
software.

7.4.1 Measurement setup

The measurement setup, an extension of the setup in the previous chapter, is shown in Fig.
7.3. Three transmitters for the base station and one receiver for the mobile device are con-
nected to a measurement PC. Output waveforms of arbitrary shape can be generated by the
three output DACs. The outputs drive Quantelec SQ-40-T [67] 40 kHz ultrasound trans-
mitters. Acoustic waves propagate inside the room, and are recorded by a single Quantelec
SQ-40-R receiver. The received electrical signal is amplified, and filtered to remove elec-
trical noise. The ADC samples the datay(k) and sends it to MATLAB for processing. All
equipment is connected by coaxial cables. Time synchronization between base station and
mobile device is simulated by a shared time trigger between the ADC and DAC boards.
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(a) Mobile device (MD) (b) Base station (BS)

Figure 7.4: The mobile device and base station used in the experiments.

One mobile device is simulated using a 10 x 6.5 x 2.5 cm plastic box with the receiver
transducer inside (Fig. 7.4(a)). The transducer orientation was chosen to point 10 degrees
up when the mobile device is held in a horizontal position. This orientation ensures a rea-
sonably good orientation of the transducer towards the base station, for the typical way the
mobile device is held in a hand. The base station (Fig. 7.4(b)) consists of three transmitters
fixed to a piece of foam at precisely determined positions (1 mm accuracy).

7.4.2 Signal processing framework

Figure 7.5 shows the operations performed on the received signaly(k), which is recorded
for 105 ms starting at each transmission start timet0. Although this enables an update rate
of almost 10 Hz, the current setup estimates positions at just 0.3 Hz, as it is not optimized
for speed. The signaly contains the combined contributions of three orthogonal coded
signals in a CDMA scheme (Section 7.3.4) from the three base station transducers. The
goal of the processing steps is to obtain the three LOS path distances.

The first processing step of cross-correlation separatesy into three signalsxj using
burst shape templatesb1, b2 andb3 respectively. Burstbj is the expected CDMA-coded
burst signal that is received, as a result of the CDMA-coded burstuj transmitted by each
transducerj in the base station array. Three orthogonal codes for transmission were se-
lected from a set of 127-bitm-sequences optimized for good cross-correlation properties
according to the MSQCC/CO criterion [42]. The binary codes are not transmitted directly,
but are used to phase-modulate a sequence of 127 deconvolution bursts (Section 4.6) with
parameterK = 0.05, of 38 ms total sequence duration. The second step demodulates an
amplitude envelope from the ultrasound signal’sfc = 40 kHz carrier frequency. Since the
bandwidth of the envelope is less than 10 kHz, it can be down-sampled in the third step by
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Figure 7.5: Signal processing operations to obtain three LOS distance estimates from
a received signaly.

a factor ten from a sampling frequencyfs = 250 kHz to fs = 25 kHz. The envelopessj

aresignaturesas defined in Section 4.4. Each signaturesj still contains the information
from xj about the time-of-flight of thej-th LOS burst. The fourth step of LOS estimation
analyzes the three signaturessj together, and produces an estimate of the three LOS dis-
tancesdm

i . The validity classifier, integrated in this step, decides whether the measurement
is good enough to be used for position estimation, by either accepting or rejecting it. The
amplitude-threshold classifier described in Section 7.3.2 is used for this task, with a default
threshold ofTrel = 4. Finally a position estimate is obtained by feeding the LOS distance
estimates into the least-squares algorithm outlined in Section 7.2.3.

7.5 Experiments

The single-base-station array method has been tested in an experimental setting, but not yet
in any applications. In this section, the experiment and results are presented.
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Figure 7.6: Test room layout, with base station (BS) and furniture positions.

7.5.1 Experimental procedure

A standard office room of 3.73 by 7.70 m and 2.97 m high was used as a test room. Several
furniture items like a cupboard of 2.0 m high, two tables of 0.75 m high, and a measure-
ment PC cart of 1.5 m high were present that could potentially cause the problems of LOS
occlusion and multipath interference. The room layout and furniture positions are identical
to the NER configuration used in the previous chapter. It is shown again for convenience in
Fig. 7.6. The base station was placed in the middle of the room along the South wall. The
mobile device was mounted on a pole to ensure a fixed height over a set of measurements.
The pole was placed at about 80 locations within the room, with the mobile device at a
height of 1.28 m for most measurements. For some positions the pole was placed on one
of the tables, lifting the mobile device to 2.03 m high. The horizontal placement accuracy
of the mobile device was 5 cm or better.

During measurements the mobile device on the pole was also held by the experimenter,
to simulate the carrying around of the mobile device by a user. Three different orientations
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of the ‘user’ (holding the mobile device) were measured for each position: North, South,
and West, shown in Fig. 7.6. The East orientation has not been measured because it is
geometrically similar to the West orientation. For each position/orientation combination,
ten repeated measurements were taken in an approximately 5 s period.

The North orientation is unfavorable, since the user’s body easily occludes the LOS
path between the base station and the mobile device. Certain positions behind the cupboard
suffer from LOS occlusion as well.

7.5.2 Results

First, some selected results will be shown that give an impression of the position estimation
performance as a function of mobile device position. After this, the performance over all
measurements will be discussed. Selected results for the South orientation are shown in
Fig. 7.7(a). It shows a top view of the room, with 81 true measurement positions shown
as circles or crosses. From each true position circle, an error vector points towards the
estimated position. This gives an impression of the quality of horizontal position estimates.
Note that per position only the error vector of the first measurement (out of ten) is shown.
True positions marked with a cross are measurements rejected by the threshold classifier
(Section 7.4.2). We observe that for many points in the middle of the room, the position
can be estimated quite accurately, with errors below 0.5 m. The error tends to get worse
further away from the base station. Twenty-one measurements were rejected by the validity
classifier because the relative amplitude of one or more of the three LOS peaks in the three
signatures is too low. For the six accepted measurements closest to the East wall, the LOS
distance measurements are likely degraded by the multipath interference effect, caused by
strong acoustic reflections from the East wall, which have a path length just 8 – 14 cm
longer than the LOS path. However, the resulting position error is acceptable.

Figure 7.7(b) shows the error vectors for the North orientation. As expected, valid LOS
distances can not be found for most positions, due to LOS occlusion by the user’s body.
Still, ten position estimates are found. Four of the north-most estimates have a large error
vector pointing North. This happens typically when an acoustic reflection burst is being
detected instead of the true LOS burst. These reflections were caused by the northern wall,
the cupboard and the ceiling, respectively for the top two, middle and bottom positions of
the four. Figure 7.8 shows the errors for the West orientation. The accuracy is comparable
to the South orientation, but more measurements in the back of the room were rejected
because LOS bursts could not be reliably detected.

The total results for all 2410 measurements (now including all ten repeated measure-
ments) are summarized in Table 7.1. For each mobile device (MD) orientation, the second
column lists the percentage of measurements accepted by the classifier. The third column
gives the median value of 3D position errors, over all accepted measurements. The last
column gives the 95% bound on the 3D error. It can be seen that for the North orientation,
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Figure 7.7: Results of 2D position estimation for the South and North orientations.
Vectors point from true positions (◦) towards estimated position. Crosses (×) mark
rejected measurements. The base-station position is marked by~~~, and dashed lines
show the outlines of the three largest furniture items present in the room.
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Figure 7.8: Results of 2D position estimation for the West orientation, continued from
Fig. 7.7.
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Table 7.1: Summary of 3D position estimation results for the South, North and West
orientations.

MD Orientation Measurement Median 3D 95% bound on 3D
acceptance rate position error (m) position error (m)

South 74% 0.33 1.2
North 10% 0.65 3.2
West 42% 0.28 1.4

position errors are much higher, and most measurements are rejected.

The same 2410 measurements are shown in three graphs in Figs. 7.9 – 7.10, that contain
three graphs for the measurements in the South, North, and West orientations respectively.
Each graph shows three curves, the estimated Cumulative Distribution Functions (CDF) for
three error distributions respectively: total 3D position error, horizontal error and vertical
error. The best results are clearly for the South and West orientations, where 95% of 3D
position errors are below 1.4 m.

7.5.3 Influence of the validity classifier threshold

For all results above, the measurement validity classifier of Section 7.3.2 is used with a fixed
thresholdTrel = 4. This threshold can be increased to get higher accuracy (with a lower
acceptance rate) or decreased to get lower accuracy (but a higher acceptance rate). It should
be verified whether the assumption underlying the classifier, that higher relative LOS peak
amplitude implies higher probability of validity, is correct. The assumption was tested by
classifying all 2410 measurements as either accepted or rejected a number of times, using
each time a different threshold valueTrel ranging from 0.5 to 10. Each time, the median
and 95% bound on the 3D position error were calculated for the accepted measurements.
Figure 7.11(a) shows both the median error and the 95% error bound as a function of the
threshold. It can be seen that the error indeed decreases for higher thresholds. However, the
acceptance rate also decreases for higher thresholds as shown in Fig. 7.11(b). For threshold
values ofTrel = 9.4 and higher, all measurements are rejected.

It can be concluded from the graphs that the assumption underlying the classifier is
correct, and that the threshold classifier is successful at rejecting high-error measurements.
From Fig. 7.11, the trade-off between accuracy and acceptance rate can be observed.

7.5.4 Discussion

From the high rejection rate of the North-orientation position estimates, it can be concluded
that LOS occlusion is a major problem for unfavorable orientations of the mobile device.
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Figure 7.9: Accuracy distributions of the 3D, horizontal, and vertical position es-
timates over all measurements, for the mobile-device orientations North and South.
The term abscissa refers to the values on the horizontal axis.
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Figure 7.10: Accuracy distributions for the mobile-device orientation West, continued
from Fig. 7.9.

Also for the obstructed positions behind the cupboard, position estimates were not found
because LOS peak detection failed. From the South orientation results in Fig. 7.7(a) the
effect of the unfavorable geometrical configuration, as modeled by the HDOP in Fig. 7.2(b),
can be distinguished. The predicted effect of higher position errors far away from the base
station is indeed present, but not a major problem because a general ‘awareness’ of 3D
position in the room at 1 m accuracy, or better, is still obtained. The errors in cases of LOS
occlusion are a bigger problem.

7.6 Conclusions

A position estimation method is presented, that estimates 3D positions of devices within a
room at an accuracy of about 1 m. The method employs accurate measurements of the ultra-
sound time-of-flight between mobile devices and a single base station, and uses trilateration
to find the mobile-device position. The base station contains a time-difference-of-arrival
(TDOA) transmitter array of three ultrasound transmitters. Five problems are identified that
result directly from the single-base-station array design. For the problems of unfavorable
geometric configuration, line-of-sight (LOS) occlusion, multipath interference, and moving
mobile devices, a number of solutions are proposed and research challenges are identified.
The fifth problem of base station installation is identified but no solutions are presented.
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Figure 7.11: (a) 3D position error and (b) acceptance rate as a function of the classi-
fier thresholdTrel, for the combined 2410 measurements for all three mobile-device
orientations. A trade-off between accuracy and acceptance rate can be observed.
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A measurement setup was built to test the single-base-station array position estimation
method, and experiments were performed. The base station array transducers simultane-
ously emit three orthogonal coded signals (in a CDMA scheme), which are received with
slight mutual differences in time-of-flight (TOF) by the mobile device. A threshold-based
classifier is successfully used to classify measurements as valid/invalid. A least-squares
trilateration algorithm is used to estimate positions from the three measured LOS distances
obtained from the times-of-flight, for those measurements that are accepted (i.e. classified
valid). The experimental results show that an accuracy of 1.4 m or better can be obtained
95% of the time, if there is a good LOS path between the base station and the mobile de-
vice. For the tested situations with LOS occlusion, the accuracy drops to 3.2 m or better
for 95% of the estimates.

It can be concluded that the position estimation accuracy is promising, but suffers from
the LOS occlusion problem. Improvements in the method are needed to cope with LOS
occlusion and to improve the accuracy to 1 m for 95% of position estimates.

Recommendations for future work. As a next step, the severity of the LOS occlusion
problem could be studied further for different room layouts and different base-station posi-
tions. To avoid high errors in position estimates, a reliable method is needed to detect the
occurrence of LOS occlusion. Secondly it would be worthwhile to evaluate whether includ-
ing one or more extra transducers in the base station could improve accuracy. Thirdly, the
system could perform mobile-device orientation estimation by adding one extra transducer
on the mobile device. Fourth, the threshold validity classifier could be replaced by a prob-
abilistic classifier, which can produce error bounds for position estimates. Error bounds
are useful, for example, when implementing atrackingmethod (see also Section 6.6), that
combines several measurements into a single more confident position estimate. Fifth, the
LOS distance estimation method can be improved using methods that achieve sub-sample
accuracy [16] in distance estimates. This may consequently yield a higher accuracy of po-
sition estimates. Sixth, the base station array could performbeam steering[89] which can
be used as an alternative method to obtain accurate measurements of the angular direction
of a target mobile device. Seventh, the accuracy of the transducer placement in the array
device (currently 1 mm) can be further improved. That should give higher accuracy of po-
sition estimates. Finally, ultrasound reflections in the room could be used as discussed in
previous chapters to give more clues about the likely position of a mobile device. The extra
information provided by reflections could be used in situations where a good LOS path is
not available, when the standard array trilateration approach would fail.
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Chapter 8

Conclusions

This thesis investigates the use of ultrasonic location systems for indoor domestic applica-
tions. Based on the assumption that low cost and minimal infrastructure are important for
consumers, the concept of an ultrasonic location system for 3D position estimation, using
a single base station, is introduced. Such a system can locate mobile devices in 3D space.
Two methods are proposed to implement this concept. The first method involves measure-
ment of acoustic reflections in a room, from which information about the 3D position of a
mobile device can be extracted. The development and analysis of this method in Chapters
2, 4, 5 and 6, is the main topic of this thesis. The second method involves a time-difference-
of-arrival (TDOA) transducer array, to measure both the distance and direction of a mobile
device, with respect to the base station. From the distance and direction the 3D position of
a device can be calculated. This method is analyzed and tested in Chapter 7.

The acoustics theory that is necessary to develop these two methods is presented in
Chapter 2. Geometrical acoustics theory is used to describe the propagation of ultrasound
in a box-shaped room, and the electro-acoustic behaviour of piezoelectric ultrasound trans-
ducers is modeled. The safety aspects regarding the domestic use of ultrasound are consid-
ered.

Architectures for ultrasonic location systems are studied in Chapter 3. A general model
of ultrasonic location systems (ULS) is presented, together with a taxonomy of seven design
parameters of ULS. Three specific architectures for a single-base-station location system
are described to serve as concrete examples of ULS. To show that ULS are feasible for
the consumer market, the aspects of update rate, battery life, and cost are analyzed for the
three architectures. It is concluded that a consumer ULS appears feasible, although the
acceptance of a system depends on the specific application that it enables.
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8.1 Acoustic reflections method

The concept of using acoustic reflections for 3D position estimation is developed in Chap-
ters 4, 5, and 6. To understand the complex behaviour of acoustic waves and acoustic
reflections in a room, a model of the acoustic channel of an ultrasonic location system is
developed in Chapter 4. The channel model describes the piezoelectric ultrasound transmit-
ter, acoustic propagation in a box-shaped empty room, acoustic noise, and the ultrasound
receiver. Subsequently, a pre-processing method is developed that provides a compact rep-
resentation of an acoustic measurement, thesignature. A signature contains all information
about the times-of-arrival and amplitudes of acoustic reflections, relevant for 3D position
estimation.

Using the channel model, an analysis of two types oftransmitted burstsis performed.
The deconvolution burstis as a good candidate signal for transmission in an ultrasonic
location system. The optimal burst shape can be selected as a function of the volume of the
room.

In Chapter 5, thesignature matching methodis developed which estimates the 3D po-
sition of a mobile device in a box-shaped room, using acoustic reflections. First the pattern
of reflections is measured. Then the acoustic channel model of Chapter 4 is used to predict
expected shapes of reflection patterns, for manycandidate positionson a grid in the room.
A matching procedure compares a measured pattern to all predicted patterns, in search of
the best match. Finally, an estimate for the 3D mobile-device position is obtained by taking
the candidate position associated to the best match.

Various parameters of the signature matching method are discussed, and guidelines are
given on how to place a base station in the room. An upper bound on the expected coverage
area of a single-base-station location system is derived.

Experiments with the signature matching method are described in Chapter 6. The ex-
periments are of increasing complexity: first, acoustic measurements were performed for
various mobile-device positions in a box-shaped empty room, where it can be expected
that the acoustic channel model is most alike to the physical room. Hence the method is
tested in best-case conditions. A good line-of-sight between transmitter and receiver was
ensured, to avoid errors due toline-of-sight occlusion. The signature matching algorithm
was executed off-line to produce 3D position estimates.

Second, measurements were taken in a box-shaped room that was not empty. This
situation better resembles a cluttered room as found in most homes. The room model,
however, still represents an empty room. A good line-of-sight path between transmitter and
receiver was ensured for most positions. Third, measurements were taken in the non-empty
room, with the mobile device oriented in five different ways. A good line-of-sight was not
available for some orientations, as in realistic usage situations. For the three orientations
where a good line-of-sight is available, the accuracy is 2.5 m or better for 95% of the
position estimates. The accuracy is 3.0 m or better for 95% of the estimates for the two
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other orientations: the orientation in which the line-of-sight path is blocked, and the upward
orientation of the mobile device.

For the non-empty room the target accuracy of 1 m or better, for at least 95% of po-
sition estimates, is not met. Two main problems that degrade the accuracy are identified.
The first problem is the occasional occlusion of the line-of-sight between transmitter and
receiver, due to obstacles in the room or due to the user who carries the mobile device.
The second problem is referred to as themultiple-matches problem, the ambiguity problem
that multiple predicted signatures match well to a single measurement. An initial analysis
of the multiple-matches problem is performed. It is expected that the average accuracy
of position estimates, for the case of good line-of-sight between transmitter and receiver,
would dramatically improve, if the multiple-matches problem would somehow be solved.
Although several cases are shown wherein the problem occurs, and the possible solution of
tracking is proposed, a definite solution has not been developed.

8.2 Transducer array method

A method for single-base-station 3D position estimation by means of a transducer array
is developed in Chapter 7. A compact three-element transmitter array in the base station
emits three orthogonal ultrasound signals, which are received and decoded by a mobile
device at an unknown position in the room. The times-of-flight of the three signals are used
to calculate the 3D position of the mobile device. Five problems are identified that result
directly from the compact single-base-station array design:

1. Unfavorable geometric configuration of the array;

2. Line-of-sight path occlusion;

3. Multipath interference;

4. Movement during measurements;

5. Defining a coordinate system at installation time.

Solutions are proposed for problems 1 – 4, while problem 5 is not further investigated.

The method is tested using an array position-estimation setup. In an experiment, mobile-
device positions throughout a test room were tried, for three different orientations of the
mobile device. The results show that an accuracy of 1.2 m or better can be obtained for at
least 95% of position estimates, as long as the mobile device is oriented towards the base
station. For the measurements where the user body blocks the line-of-sight path, the accu-
racy decreases to 3.2 m. The problem of line-of-sight occlusion is identified as the main
cause of inaccuracy. The accuracy for the case of good line-of-sight is promising, and close
to the goal of 1 m accuracy for at least 95% of position estimates.



200 Chapter 8. Conclusions

8.3 Future work

The two approaches of acoustic reflections and transducer arrays presented in this thesis can
be considered as first steps towards realizing a single-base-station ultrasonic 3D location
system. Suggestions for future work are presented here from the viewpoint of the two
individual methods, and thereafter from the viewpoint of a combination of the two methods.

8.3.1 Acoustic reflections method

For the acoustic reflections method, a number of issues remain to be investigated:

1. The performance of the signature matching algorithm without the line-of-sight (LOS)
constraint, or without the known orientation constraint, remains to be investigated.
It is conceivable that the acoustic reflections methods can even work in situations
where the LOS path between transmitter and receiver is occluded. This remains as a
hypothesis for future research.

2. The multiple-matches problem, that causes severe degradation of accuracy, is iden-
tified but not thoroughly investigated in this thesis. This problem has to be solved
first, before good accuracy can be obtained with the acoustic reflections method.

3. The concept of sensitivity of the acoustic channel model to small parameter varia-
tions is mentioned in Section 4.5. In future work, this sensitivity should be quanti-
fied, because knowledge about exact parameter values is typically not available to a
location system. Large uncertainty may lead to a model-mismatch problem.

4. More advanced comparison metrics than mean-absolute-error could be developed,
for example based on pattern classification [28] methods.

5. Future work should address the coverage area provided by a single-base-station lo-
cation system. In Chapter 5, only an upper bound for the coverage area is calculated.

6. Attenuation and scattering of ultrasonic waves occurs in a typical living room, caused
by air currents and temperature gradients due to open windows, heating systems, and
air conditioning. These are not investigated in this thesis.

7. Because pets often inhabit a home, the question whether ultrasound signals for posi-
tion estimation are annoying or harmful to animals deserves further attention.

One promising approach towards solving both the multiple-matches problem and the channel-
model mismatch problem is atracking method, that integrates several acoustic measure-
ments over time to arrive at a position estimate that is more accurate than could be obtained
for any of the individual measurements alone. The statistical tracking methods mentioned
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in Section 6.6 are able to cope with noisy measurements, and with ambiguous measure-
ments. Noisy measurements occur due to channel-model mismatch: a physical room is
always more cluttered than the empty-room channel model. Ambiguous measurements oc-
cur as well, in the form of the multiple-matches problem. A tracking method could partly,
or perhaps even fully, resolve these two problems.

8.3.2 Transducer array method

For the transducer array approach several suggestions for future work were provided in
Section 7.6. One notable challenge for this method is improving the detection of line-
of-sight (LOS) occlusion, so that large errors in a position estimate can be avoided when
occlusion occurs. To this end a probabilistic LOS classifier is suggested as an improvement
to the current LOS threshold classifier.

Besides the TDOA array method, the beam steering and beam forming array methods
are also worthwhile to investigate. Using for example a beam steering array, a base station
could steer transmitted signal energy into the direction of a specific reflection surface, with
the aim to ‘construct’ this reflection. A mobile device, measuring several reflections, could
then easily distinguish the constructed reflection from many others, due to the associated
increase in signal energy for the constructed reflection, caused by beam steering. A number
of acoustic reflections thus identified provide more information about the 3D position of a
mobile device than unidentified reflections.

8.3.3 Combination of methods

Neither of the two methods for single-base-station 3D position estimation is able to meet
the target accuracy of 1 m for at least 95% of position estimates. For both methods the
problem of line-of-sight occlusion is severe. Although the current implementation of the
signature matching method requires a LOS distance estimate, and therefore requires an un-
obstructed LOS path, the signature matching method in general does not require an unob-
structed LOS path. Therefore, the signature matching method may also work in situations
where the LOS path is obstructed. In these cases a LOS distance estimate is not available,
and as a result the LOS constraint can not be applied. This approach without the LOS
constraint has not been tested in this thesis.

The multiple-matches problem is found to exist for the acoustic reflections method, but
not for the transducer array method. Similarly, the problem of channel-model mismatch
exists for the acoustic reflections method, but not for the transducer array method. These
characteristics are summarized in Table 8.1.

Although the table suggests that the TDOA transducer array method gives rise to the
fewest number of problems, this method can not produce position estimates if LOS occlu-
sion occurs. This disadvantage could be circumvented by combining it with the acoustic
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Table 8.1: Qualitative comparison of the acoustic reflections method and the trans-
ducer array method for single-base-station 3D position estimation.

Acoustic reflections Transducer array
method method

Line-of-sight-problem yes, if LOS-constraint used yes, always
no, without LOS-constraint1

Multiple-matches problem yes no
Channel-model mismatch yes no
problem

1This is a hypothesis, which is not experimentally verified in this thesis.

reflections method. If the LOS path is blocked, a base station could for example send
acoustic signals to a wall surface opposite to the base station. The signals reflected from
this wall may reach the mobile device uninterrupted.

The acoustic reflections method could be improved by using certain features of trans-
ducer arrays. For example, a base station could emit an ultrasonic signal from two dif-
ferently oriented transducers, such that two signatures are obtained. These can be used as
input to an enhanced signature matching method, that produces a single position estimate.
Because extra information is available for the position estimate, the multiple-matches prob-
lem may be avoided for certain positions, and the overall accuracy improves.

Alternatively, a transducer array (on either the base station or the mobile device) could
measure the direction of incoming acoustic reflections. The direction of an acoustic reflec-
tion could provide valuable information to a location system: for example, the direction
information could help to identify reflections. Another way to enhance the acoustic reflec-
tions method is to use beam forming arrays [89] on either the base station or the mobile
device. With such arrays, the direction of signal reception can be electronically steered,
so the measured signature effectively becomes direction-dependent. From a collection of
several signatures, measured in different directions, a 3D position may be estimated more
accurately than from a single signature only. A further benefit of a beam forming array is
that the signal-to-noise ratio can be improved with respect to that of a single transducer,
so that the range of the location system may be increased. In conclusion, a promising next
step is to investigate a combination of these two methods.
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Samenvatting

In dit proefschrift worden ultrasone positiebepalingssystemen onderzocht die kunnen wor-
den toegepast in huis. Een dergelijk systeem kan de driedimensionale (3D) positie bepalen
van draagbare mobiele apparaten in een kamer, met behulp van ultrasoon geluid. Mo-
gelijke toepassingsgebieden zijn de thuiszorg en de consumentenelektronica; in dit proef-
schrift wordt alleen consumentenelektronica beschouwd. De vereiste nauwkeurigheid van
positiebepalingen is 1 meter of beter, voor tenminste 95% van de positiebepalingen. On-
der de aanname dat een lage prijs en een minimale infrastructuur belangrijk zijn voor
consumenten, wordt een concept geı̈ntroduceerd van een positiebepalingssysteem waarin
slechtśeén basisstation per kamer benodigd is als infrastructuur. Bestaande systemen daar-
entegen hebben meerdere basisstations nodig per kamer.

De mogelijke ontwerpkeuzen voor een ultrasoon positiebepalingssysteem worden eerst
in kaart gebracht. Analyses van de verwachteupdate-snelheid en het energieverbruik to-
nen aan dat een ultrasoon positiebepalingssysteem voor consumentengebruik in principe
mogelijk is.

De voornaamste bijdrage van dit proefschrift is de ontwikkeling en analyse van een
methode, genaamdsignature matching, welke een positiebepalingssysteem metéén basis-
station mogelijk maakt. De methode maakt gebruik van akoestische reflecties die optre-
den in een kamer om de 3D positie van een mobiel apparaat te bepalen. Deze methode
vereist inzicht in het gedrag van akoestische reflecties in een kamer. Daarom wordt eerst
een model ontwikkeld van het akoestische kanaal. Dit kanaalmodel omvat het gedrag
van een pïezoelektrische ultrasone zender en ontvanger, de propagatie van geluid in een
doosvormige kamer, en de invloed van akoestische ruis. Met behulp van het kanaalmodel
worden akoestische signalen voor transmissie ontworpen, welke het mogelijk maken om
individuele akoestische reflecties te onderscheiden. Een analyse laat zien dat er een com-
promis nodig is tussen de reikwijdte van een akoestisch signaal, en de resolutie die kan
worden behaald. Het optimale transmissiesignaal kan worden gekozen als een functie van
de grootte van de kamer.

De signature matching methode kan de 3D positie schatten van een mobiel apparaat
in een doosvormige kamer. Het basisstation of het mobiele apparaat zendt eerst een ultra-
soon signaal uit. Het patroon van akoestische reflecties wordt vervolgens gemeten. Hierna
wordt het kanaalmodel gebruikt om voor een groot aantal kandidaatposities het patroon van
akoestische reflecties te voorspellen. Vervolgens wordt het gemeten patroon vergeleken
met alle voorspelde patronen, op zoek naar een voorspeld patroon dat het meest lijkt op de
meting. Een schatting van de positie van het mobiele apparaat volgt uit de kandidaatpositie
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die behoort bij het best gelijkende voorspelde patroon. Hoewel tevens de oriëntatie van
het apparaat kan worden geschat met signature matching, is dit aspect niet getest vanwege
het grote aantal berekeningen dat hiermee gemoeid is. Verscheidene parameters van de
signature matching methode worden besproken, en tevens worden richtlijnen gegeven voor
de plaatsing van het basisstation in de kamer. De verwachte dekking van een positiebepa-
lingssysteem met́eén basisstation wordt geanalyseerd.

Om de signature matching methode te testen, zijn twee experimenten uitgevoerd. Als
eerste zijn metingen verricht voor twintig posities van een mobiel apparaat in een lege
doosvormige kamer, om de methode en het kanaalmodel te verifiëren. De orïentatie van
het mobiele apparaat is zodanig gekozen dat er een vrije zichtlijn (line-of-sight) bestaat
tussen zender en ontvanger. De nauwkeurigheid van de positiebepalingen loopt uiteen van
0.01 m tot 0.79 m per bepaling, afhankelijk van de positie van het mobiele apparaat.

Ten tweede zijn metingen uitgevoerd in een niet-lege doosvormige kamer, welke een
doorsnee woonkamer beter benadert. Er is gemeten op 80 verschillende posities voor het
mobiele apparaat, met per positie vijf verschillende oriëntaties, om realistische gebruiks-
situaties na te bootsen. De nauwkeurigheid van de 3D positiebepalingen is 2.5 m of beter,
voor 95% van de bepalingen, voor drie oriëntaties waarvoor een goede zichtlijn bestaat
tussen zender en ontvanger. De nauwkeurigheid daalt tot 3.0 m of beter, voor 95% van
de bepalingen, voor de twee andere oriëntaties: de oriëntatie waarin de zichtlijn is geblok-
keerd, en de oriëntatie omhoog. De nauwkeurigheidseis van 1 m of beter, voor tenminste
95% van de positiebepalingen, wordt niet gehaald. Er zijn twee hoofdoorzaken voor de
lage nauwkeurigheid: ten eerste de veel voorkomende blokkering van de zichtlijn tussen
het basisstation en het mobiele apparaat, en ten tweede het bestaan van meerdere goed gelij-
kende voorspelde patronen, in plaats vanéén: hetmultiple-matchesprobleem. Hoewel een
oplossing voor het multiple-matches probleem mogelijk bestaat uit het combineren van een
aantal in de tijd opeenvolgende positiebepalingen, is deze oplossing niet nader onderzocht.

Een tweede methode om een positiebepalingssysteem metéén basisstation te realiseren,
is het gebruik van eenarray. Een array, bestaand uit drie ultrasone zenders dicht bij elkaar
in het basisstation, is ontworpen. De drie zenders versturen gelijktijdig drie orthogonale
ultrasone signalen, welke worden ontvangen en gedecodeerd door het mobiele apparaat.
De looptijd van de drie signalen wordt vervolgens gebruikt om de 3D positie van het mo-
biele apparaat te berekenen. Uit een experiment blijkt dat een nauwkeurigheid van 1.2 m
of beter voor 95% van de positiebepalingen gehaald wordt als het mobiele apparaat op het
basisstation is gericht. De nauwkeurigheidseis van 1 m wordt bijna gehaald in dit geval.
Voor de metingen waarin het mobiele apparaat niet op het basisstation staat gericht, is de
zichtlijn geblokkeerd. Daardoor daalt de nauwkeurigheid tot 3.2 m of beter voor 95% van
de positiebepalingen. Het probleem van blokkering van de zichtlijn blijkt de voornaamste
oorzaak te zijn van onnauwkeurigheid in de array-methode. Hoewel een classificator is ge-
bruikt die het ontbreken van de zichtlijn dikwijls kan detecteren, is een afdoende oplossing
nog niet gevonden.

Een mogelijkheid voor vervolgonderzoek is een combinatie van de reflectiemethode
en de array-methode. Deze aanpak kan de invloed van zowel het probleem van zichtlijn-
blokkering als het multiple-matches probleem verminderen, hetgeen de nauwkeurigheid
ten goede komt.



Summary

In this thesis the use of ultrasonic location systems for indoor domestic applications is
investigated. Such a system can estimate the three-dimensional (3D) position of mobile de-
vices in a room, using ultrasound. Possible application areas for such systems are domestic
healthcare and consumer electronics. Several requirements are presented for a consumer
location system. The required accuracy of position estimates is 1 meter or better, for at least
95% of the estimates. Based on the assumption that low cost and minimal infrastructure
are important to consumers, the concept of an ultrasonic location system that uses a single
base station per room is developed. State-of-the-art location systems, on the other hand,
require several units of infrastructure in a room.

A taxonomy of ultrasonic location system architectures shows the various design op-
tions for these systems. Analyses of the update rate and the battery life show that an ultra-
sonic location system for consumer applications appears feasible.

The main topic of this thesis is the development and analysis of a method to realize
the single-base-station location system concept. The method, calledsignature matching,
makes use of measurements of acoustic reflections in a room, from which information
about the 3D position of a mobile device can be obtained. To develop the method, acoustic
reflections in a room need to be understood. Therefore, a model of the acoustic channel
in an ultrasonic location system is developed. This acoustic channel model represents a
piezoelectric ultrasound transmitter and receiver, propagation of acoustic rays in a box-
shaped empty room, and acoustic noise. Using this model, acoustic transmission signals
are derived that allow individual acoustic reflections to be distinguished. An analysis is
performed of the trade-off between the range of a signal and the resolution provided by
that signal. It is shown how the optimal signal can be selected as a function of the size of
the room.

The signature matching method can estimate the 3D position of a mobile device in a
box-shaped room. Either the base station or a mobile device first sends an ultrasonic sig-
nal. The resulting pattern of acoustic reflections is measured. Then, the acoustic channel
model is used to predict the pattern of acoustic reflections, for many candidate positions
on a grid in the room. A matching procedure then compares a measured pattern to all the
predicted patterns, in search for the best match. An estimate for the mobile-device position
is finally obtained by taking the candidate position associated to the best match. Although
the mobile-device orientation can be estimated using the signature matching method, orien-
tation estimation has not been tested due to computational limitations. Various parameters
of the signature matching method are discussed, and guidelines are given on where to place
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the single base station in a room. The expected coverage area of a single-base-station loca-
tion system is analyzed.

Experiments are performed to verify the signature matching method. First, acoustic
measurements are performed for twenty mobile-device positions in a box-shaped empty
room, to verify the method in best-case conditions and to verify the acoustic channel model.
The orientation of the mobile device is set fixed and chosen such that a good line-of-sight
path exists between transmitter and receiver. The accuracy of position estimates ranges
from 0.01 m to 0.79 m per estimate, depending on the mobile-device position.

Second, measurements are performed in a box-shaped non-empty room, which better
resembles a typical cluttered living room in a home. The mobile device is placed at 80
different positions, and its orientation is set to five different directions to mimic the way in
which a mobile device is carried around by a user. The accuracy of 3D position estimates is
2.5 m or better for 95% of the position estimates, for the three mobile-device orientations
for which a good line-of-sight path exists between transmitter and receiver. The accuracy
is 3.0 m or better for 95% of the estimates, for the two other orientations: the orientation
in which the line-of-sight path is blocked, and the upward orientation of the mobile device.
The accuracy requirement of 1 m or better, for at least 95% of position estimates, is not met.
Two main problems that degrade the accuracy are identified: the first problem is occlusion
of the line-of-sight path between the base station and the mobile device due to obstacles
in the room. The second problem ismultiple matches— the ambiguity problem caused by
multiple predicted acoustic patterns matching well to a single measurement. Although the
approach of tracking position estimates over time is proposed as a possible solution to the
multiple-matches problem, a definite solution has not been investigated.

Subsequently, a second method to realize a single-base-station location system is inves-
tigated. This method, the time-difference-of-arrival transducer array method, is analyzed,
implemented and tested. A compact base station is designed that contains a three-element
ultrasound transmitter array. The base-station transmitters emit three orthogonal acoustic
signals simultaneously, which are received and decoded by a mobile device. The times-of-
flight of these acoustic signals are used to calculate the 3D position of the mobile device.
Experimental results show that an accuracy of 1.2 m or better can be obtained for 95% of
position estimates, if the mobile device is oriented towards the base station. The accuracy
requirement of 1 meter is almost met in this case. For the measurements where the mo-
bile device is not oriented towards the base station, the line-of-sight path between mobile
device and base station is blocked. As a result the accuracy of position estimates drops to
3.2 m or better for 95% of position estimates. The problem of line-of-sight path occlusion
is identified as the main cause of inaccuracy. Although a line-of-sight validity classifier is
tested that occasionally detects a blocked line-of-sight path, a definite solution has not been
found.

A possible solution, that is proposed as future work, is a combination of the acoustic
reflections method and the array method. This approach can mitigate both the line-of-sight
path occlusion problem and the multiple-matches problem, thereby improving the accuracy
of position estimates.
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