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Abstract. In indoor context awarenessapplications the location of peo-
ple, devicesor objects is often required. Ultrasound technology enables
high resolution indoor position measuremerts. A disadvantage of state-
of-the-art ultrasonic systemsis that seweral basestations are required to
estimate 3D position. Since fewer base stations leads to lower cost and
easiersetup, a novel method is preserted that requires just one basesta-
tion. The method usesinformation from acoustic re ections in a room,
and estimates 3D positions using an acoustic room-model. The method
has been implemented, and veried within an empty room. It can be
concluded that ultrasonic re ection data provides useful clues about the
3D position of a device.

1 Intro duction

In many corntext aware computing applications, the locations of people, devices
or objectsis part of the required context information. For someapplications, also
the orientation of devices[1], peopleor objects plays a role. Typically, indoor ap-
plications require higher resolution than “onthe move' and outdoor applications,

anywhere betweenroom-sizeand sub-certimeter. Within the Phenom project

[2] we focus on the in-home application area. Context awarenessin the home
can make technology more enjoyable and easy-to-useor enable new experiences
that usersmay nd attractiv e. Seweral application scenarioswere developed in

our project that require location information. For example, one scenarioenables
usersto intuitiv ely “‘move' content from any handheld or xed display device,
to any other nearby display. Proximity between displays can be determined by

using the devices'mutual positions and orientations. A secondapplication is the

control of light, music and atmospheresettings in the living room, basedon the

positions of small devicesor “smart objects' that userscan move around. For
these applications, we needa resolution of at least one meter.

The required resolution is much higher than wide-area systems{lik e GPS{
can deliver indoors at the momert. Therefore many researd and commercial



systemsexist that can provide indoor location information at a ner scale.Sys-
tems basedon either radio (RF) or ultrasonic technologiesare most popular and
promising at the momert. RF systemstypically cover wider areaslik e buildings,
but have di culties reading high accuracy [3,4]. Ultrasonic systemscan rou-
tinely oer very high (centimeter) resolution as shown in the Bat [5], Cricket
[1], Dolphin [6], and InterSense[7] systems.But they have a limited operating
range which makes deployment throughout a building dicult. Becauseof the
potential high resolution, we are investigating ultrasound technology for home
applications.

State-of-the-art ultrasonic systems are based on calculating distances (or
distance-di erences) by measuringultrasound time-of- igh t. A position estimate
can be obtained using triangulation algorithms with thesedistancesasinputs. A
disadvantage of this approad is that seweral units of infrastructure are required,
to generatesu cien t input for a triangulation algorithm. Generally, four base
stations (BS) are neededin a non-collinear setup to estimate 3D position. For
special caseswe can do with three, for examplethree ceiling-mounted BSs. How-
ever, more than three or four BSs are often employed for increasedrobustness
[5,1], or the ability to estimate speed-of-soundfrom measuremets [1]. For RF
systemsthe same problem exists. The need for high resolution leadsto large
numbers of units within an infrastructure (e.g. [3]), increasing installation and
maintenance (e.g. battery replacemen) e ort and cost.

An important goal of indoor positioning systemsreseard is to realise ubig-
uitous deployment in an economically viable way. This meansthat a technology
is preferably cheap, easyto set up, and low-maintenance. We argue that these
requiremerts can be better met if the infrastructure is minimal. Fewer BSscould
mean lower cost and easiersetup. The resulting researt question is whether a
3D positioning systemcan work with fewer BSs,and if in the extreme casea sin-
gle BS (of small size) would be su cien t. Two conceptsemergedto realise sud
a single-base-stationpositioning system. The rst conceptmakesuse of always-
presert ultrasonic re ections againstthe walls and ceiling of aroom. Considering
ultrasonic emissionscoming from a source somewherein the room, re ections
can be consideredas coming from virtual sources at other positions. The virtual
sourcesmight replace real sources,thereby reducing the number of BSs. The
secondidea wasto employ acoustic array techniques [8] that are well-known in
sourcelocalisation researd.

The rst conceptis the topic of this paper. A new method wasdeveloped that
usesre ections for 3D positioning, requiring a single basestation per room. An
intro duction to the signature matching method is givenin section2. An acoustic
model that plays a certral role in the method, will be developed in section 3.
The method will be preseried in more detail in section4. An implementation of
the method and experimental work are described in section 5 and conclusions
are givenin section 6.
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Fig. 1. 2D top view of a room, containing one acoustic source and one receiver. Two
acoustic re ections (arrows) and assaiated image sources(crosses)are shown.

2 Metho d overview

The new method is basedon the idea of using ultrasonic re ections o surfaces
(walls, o or and ceiling) within a room. To clarify this, Fig. 1 shows a top view
of a room, with one acoustic source and one receiver. The source emits a di-
rect sound eld to the receiver, but sound also re ects o the four walls and
arrivesat the receiver indirectly. Two sud indirect (re ected) acoustic rays are
shown in the gure. From ray acousticstheory (to be introducedin section 3.3)
it is known that re ections can be modelled as emissionsfrom so-calledimage
sources located outside the physical room boundaries. Their positions can be
constructed by a mirror-symmetry operation with respect to the room bound-
ary. Two image sources,assciated to the example re ected rays, are showvn in
the gure. Many more image sourcesexist, like ceiling and o or re ections and
higher-order re ections (e.g. wall{ceiling{w all). The combined e ect of re ec-
tions can be obsened in Fig. 2, which shows a processedacoustic measuremen
The many peaksin this graph are causedby re ections, arriving at the receiver
at di erent momerts in time. Such a pattern of re ections wasobsenedto be de-
pendent on the 3D receiver position and orientation. Thesepatterns were named
signatures becauseof the information they contain about receiver position and
orientation. The signature shovn was obtained using the proceduredescribed in
section5.1.

Let's assumefor now that the acoustic sourceis a basestation (BS) xed at
a known position and the receiver is a mobile device, with an unknown position
to be measured.lIt is expected that the image sourcescan be used as if they
are ‘virtual basestations' (VBS). The combined information from BS and VBSs
might enablecalculation of 3D receiwver position. The problem with VBSs is that
we can neither identify nor distinguish them. For example, for the peaksin Fig.
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Fig. 2. Measured signature at position xg = (2:60; 1:70; 1:27). The horizontal axes
show time (top) and the corresponding distance interval of [0; 10] m. Signatures are
obtained by the procedurein section 5.1.

2 it is not known by which VBS they were “‘transmitted'. As a result, standard
triangulation algorithms can not be applied. Estimating the identity of peaks
would be required rst, but this is a very di cult problem.

Concluding, we have not found any method yet that can directly calculate a
3D position from a given signature. However, the reverseis easier:computing a
signature, given a 3D position. This fact is exploited by the signature matching
method. It simply tries many mobile device 3D candidate positions and predicts
their signatures. Then, all predicted signaturesare comparedor matched to the
measuredsignature and the best match is selected.The details of the method
will be discussedin section 4.

3 Acoustical system model

Acoustical modelsof both the positioning systemand the room are needed,to be
able to predict an acousticsignal at a certain position in a room. Suc predicted
signalsare neededto compareto measuredsignals, as explainedin the previous
section. The acoustical model includes a transmitter, a receiver and the room.
In section 3.1 the transducersare modelled, in section 3.2 acoustical phenomena
indoors are listed, and in section 3.3 we shav how a box-shaped room can be
modelled. Finally section 3.4 combinesthese elemers into a system model.



3.1 Transducers model

For the implementation, piezo-electric ultrasound transducers were selected.
They are cheap, have a small form factor, and operate on low voltage and
low power. Each type of transducer has speci ¢ frequency-degendernt behaviour.

Piezo transducers can be conveniertly modelled as linear systems[9], e.g. rep-
reserted by an impulse response. The transmitter/receiv er impulse responses
are part of the system model. They can be obtained by measuremet, or by

modelling [9].

Most ultrasonic transmitters are directional, designedto emit acoustic en-
ergy mainly within a narrow beam from the front. Likewise,receivers are most
sensitive at the front. This directionality canbe captured in the normalised beam-
pattern function Dy ( ) of the transducer, where is the angle with respect to
the transducer axis. Maximum amplitude occurs on-axis, when Dy (0) = 1. The
beampattern for disc-shaped piezo transducers can be approximated by that of
an ideal circular piston [8]. However, the piston model had to be extendedto ac-
court for the protective metal casingthat surroundsthe piezoelemen. We used
an empirical damping factor K 4 that wasfound to correspond well to measured
amplitudes:

Kg( )= 0:525+ 0:475 coq ) : 1)

3.2 Acoustical phenomena indo ors

In this section, the ultrasound phenomenathat are part of the acoustic room
model are briey preserted.

Ultrasound propagation in air. Distance can be calculated using time-of-
igh t measuremem and the speed of sound c in air. Howewer, ¢ varies with air
temperature [10]. Distance errors can be causeddue to imperfect knowledge of
the current room temperature. We will assumethat room temperature is either
approximately known or measured.

Acoustic wavesare attenuated over distance due to geometric spreading loss
and atmospheric absorption loss The spreadinglossis the well-known acoustic
pressurelossof r 1 over distance r [9]. The absorption lossis causedby lossy
molecularinteraction processe$9]. It canbe high for ultrasound in air, and limits
the usablerange of ultrasonic distance measuremeh The losscan be calculated
using the absorption loss factor  in dB/meter. depends on temperature,
relative humidity, and the frequencyof soundin a non-linear manner. Equations
to calculate [11]are part of the model. The relative humidity parameter canbe
measuredor simply setto a default value. Automatic calibration of is possible
from basestation measuremets, but outside the scope of this paper.

Re ection and diraction. A soundwave in air incident to a boundary sur-
face, such as a wall or ceiling, will causea re ected wave and a transmitted
wave. The latter is usually absorbed within the medium. For ideal homogeneous



materials with smooth surfaces,theory predicts specular re ection [10]: angle
of incidence equalsangle of re ection. The re ected wave cortinuesin air, with
lower amplitude than the incoming wave due to absorption. The re ection factor

, re ected wave amplitude divided by incoming wave amplitude, models this.
Value for aredicult to calculate precisely sincetypical room boundary ma-
terials are not smooth and homogeneousFrom measuremeis we obsened that
for typical building materials there is little re ection loss( 1) at ultrasonic
frequenciesaround 40 kHz. However, for soft materials such ascurtains or carpet
(e.0. 0:3), the losscan be substartial. An estimation = 1 wasusedin our
model.

Another e ect is dir action, the de ecting or “bending' of acoustic waves
around obstacles.In a typical room, di raction is mostly unpredictable, because
we do not know the sizesand positions of the obstacles (like furniture and
people). Therefore we can not model di raction.

3.3 Room impulse response model

Roomsexist in many shapes,but homeand o ce roomsare often approximately
box shaped. Another common shape is the L-shaped room, which is acoustically
more complicated. We focus on box-shaped rooms, which have six boundary
surfaces (four walls, ceiling and o or). The goal of the model preseried here
is to predict the impulse response of a room h(t; p) as a function of relevant
parameters, described by a parameter vector p. It includes the room size and
shape (assumedto be known), transmitter and receiver positions and orienta-
tions, surfacere ection factors, and room temperature and humidity. In practice
the room responseis a complicated function of other parametersaswell, such as
people/objects/furniture in the room and room materials. However, a ‘minimal’
room model of an empty room can be constructed that only includes the six
boundary surfaces.This is a standard approac in room acoustics. To model a
room the image methad was applied, becausefor box-shaped rooms an impulse
responsefor short durations canbe calculated e cien tly usingthe model of Allen
and Berkley [12]. Seesection 2 for an explanation of the image sourcesconcept
or [12,10] for details.

The image method is basedon the ray acoustics [10] approximation of acous-
tic waves.For ray acousticsmodelsof arbitrarily shapedrooms,the room impulse
responseh in atime interval [O;te] can be written asa sum of N independert
rays arriving at the receiwer:

X
h(tp)= & (t di=0 )

i=1

whereray d; is the line-of-sight and (N-1) rays are re ections, d; is the distance
the i-th ray travels, a; is the amplitude of the i-th ray arriving at the receiver,
c is the speed of sound and the Dirac delta function. This equation holds
for arbitrary transmitted signal shapes. d;;a and c depend on the parameter
vector p. For a box-shaped room the details for calculating distancesd; using



the image method are givenin [12]. The amplitudes a; canbe describedin terms
of acoustic pressure,taking into accourt the pressurelossover distance (section
3.2), pressurelossdue to re ections (section 3.2) and the attenuation causedby
the orientations of both transducers(section 3.1).

3.4 System impulse response mo del

In sections3.1to 3.3it wasshown that impulse responsesof transmitter, receiver
and the room can be obtained. To obtain a systemimpulse responsewe simply
concatenatethesethree by convolution:

h(t;p) = hr(t) hrm (t;P) hr(t) @)

where ht, hgm and hgr are the transmitter, room and receiver responserespec-
tively. This model is visualisedin Fig. 3. For xed parametervector p, the model
is linear.
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Fig. 3. System model of Eq. 3 shown as a seriesconnection of transmitter, room, and
receiver impulse responses.

4 Metho d

In this sectionthe signature matching method will be presened. It can estimate

the position of a mobile devicein a room, basedon a measuremem using a sin-

gle base station. Section 4.1 discusseswhat information the line-of-sight peak

of the measuredsignal can provide. The algorithm is given in section 4.2. Sec-
tion 4.3 shaws how signatures can be matched, and nally section 4.4 discusses
computational complexity and robustnessof the method.

4.1 Line-of-sigh t measuremen t

Measuremet of the line-of-sight (LoS) distance between base station and mo-
bile device givesvaluable information about the position of the mobile device.
To obtain such a measuremen, we assumethat transmitter and receiver have



mutual time synchronisation by an RF link ase.g.in the Cricket [1] system.Fig-
ure 4 shows a front view of an empty room. For now, we assumethat the xed
transmitter Tx near the ceiling acts as a basestation and the mobile device Rx
asareceiver. The LoS distanceis visualised as a line betweenthem. The partial
spheresurface S shaws the possiblepositions of Rx, if nothing but the LoS dis-
tance and the coordinates of Tx in the room are known. The LoS distance can

Fig. 4. 3D view of a room with transmitter Tx and receiver Rx.

be obtained by a straightforward rst-p eakdetection on the measuredsignature,
as demonstrated later in section 5.3.

However, a measuremetn of the LoS distance may fail dueto blocking of the
path betweentransmitter and receiver. Then, a re ection (arriving later) may
be mistakenly seenasthe LoS. This causeserrorsin position estimates,just like
in current state-of-the-art ultrasonic positioning systems.Within the scope of
this paper, a clear LoS path is assuredby measuringin an empty room. In non-
empty rooms, a higher probability of line-of-sight can be expected when placing
the transmitter near the ceiling, becausemost obstaclesare nearerto the o or.

4.2 Signature matc hing algorithm

The signature matching algorithm takesa measuredsignature vector s asinput
and outputs a position estimate ® of the mobile device. Howewer, certain pa-
rameters must be known before the algorithm can be executed.The rst group
of parametersare the con guration parameters, describing the physical circum-
stanceswithin the room. They wererepreserted asparameter vector p in section
3.3. The room size (part of p) can be obtained by manual input or estimated
through edho measuremets by the basestation. If re ection factors are not
exactly known they have to be estimated. Furthermore the 3D position and ori-
entation of the basestation should be known. Finally we needthe orientation
vector vg of the transducer mounted on a mobile device to be approximately



known. v is a 3D vector that should be seenas the “pointing direction' of the
transducer. There are three options to obtain vg, as will be discussedin sec-
tion 4.4. The secondgroup of parametersare the algorithm parameters. These
include the grid spacing x (seestep 2 in the algorithm) and the choice of time
interval [to; t1] of the measuredsignal that we intend to usefor matching.

For each measuredsignature s the following algorithm is executed:

1. From the measuredsignature s detect the line-of-sight peak at a distance
dios asexplainedin section4.1.

2. Construct a partial spheresurface S (as shown in Fig. 4) bounded by the
room volume, having radius d os. Construct N, regularly spaced3D candi-
date positions x; with i = 1:::N, on surface S accordingto a pre-de ned
grid. The grid spacing parameter x represens the euclideandistance be-
tweenadjacert candidate positions. x canbe varied, depending on accuracy
needs.

3. Start with candidate position i := 1. Set vector m empty.

4. For candidate position x; and mobile deviceorientation vector vr, calculate
the expected signature s®, using the systemmodel (section 3.4) and signature
processing(section 5.1).

5. Compare expected signature s® to the measuredsignature s and compute
a match value m expressingthe amount of matching. Store m into vector
element m(i). Possiblematching methods are listed in section4.3.

6. Proceedto the next candidate position i := i + 1, and repeat steps4-6 while
i Np.

7. Find ipndexj with the highest match value in m, j = max; m(i). The esti-
mated position of the mobile device is the candidate position j at position
coordinate Xx; .

The outcome is a position x; whose simulated signature looks most like the
measuremen Therefore, X; is chosenin step 7 as a likely 3D position of the
mobile device.

4.3 Comparison metrics

We de ne a comparison metric asan expression,involving two signature vectors
x and y to compare, with a real value outcome m. A good comparison metric
has the property that the maximum value of m, for all signaturesx and y to
compare,is assaiated with a “best match' of the two signatures.In other words,
the higher the outcome,the more x lookslikey. Step5 of the signature matching
algorithm requires such a match value.

Many comparisonmetrics are possible, for examplemean-squarederror, prob-
abilistic comparisonapproades,or pattern matching. The rst metrics we tried
were basedsimply on mean absolute di erence betweenthe signatures, because
it can be calculated quickly. These metrics can be described by an expression
Myg:

X
Mobiy)= = ix(K) y( @
k=1



where q is a parameter to be chosen. The best match occurs when x = vy,
yielding maximum match value Mq = 0. M, is the mean absolute error metric
and M, the meansquarederror metric. Other comparisonmetrics are currently
in dewvelopmert. For example, one such metric is basedon the cross-sgctrum
betweentwo signatures.

4.4 Discussion

The method and algorithm as preseried, should be viewed as an initial result.
Therefore,a computational complexity analysiswasnot madeyet. Someremarks
about the performanceof our implementation will follow in section5.1.

The con guration parametersfor the algorithm are contained in parameter
vector p (see section 3.3). Since parameters are measuredor estimated, they
will likely contain errors. Ideally the sensitivity of the algorithm to sud errors
should be low. An analysis of sensitivity has not been performed yet. Also for
the algorithm parameters(listed in section4.2) an analysisstill needsto be done
to determine optimal parameter values.

A drawbadk of the method is that the mobile device orientation vg hasto
be known. At rst sight nothing seemsknown about this orientation. However,
we suggestthree methods to obtain it. First, the orientation could be * xed by
design'. An exampleis a remote control unit that is mostly lying horizontally on
a table surfacewith the transducer pointing up. A secondoption would be to
estimate an orientation, making useof characteristics of the measuredsignature.
Methods to do so are in dewvelopmen. A third option is to use gravitational
and/or inertial orientation sensorswithin a mobile device.

5 Exp erimen tal

The signature matching method hasbeenimplemented asa measuremen setup,
with all processingin software. The current implementation was built for two
underlying goals. The rst wasto validate the room model as described in sec-
tion 3.3 against a real empty room. The secondgoal wasto realistically emulate
an ultrasonic single-base-stationpositioning system, that makes use of the sig-
nature matching method. Then its performancecould be tested in seweral room
conditions. Section5.1 describesthe implementation, section5.2 lists the exper-
imental procedureand section 5.3 givesresults.

5.1 Implemen tation

A choice that had to be made is whether the base station is a transmitter or
a receiver. It was chosento be a transmitter, which allows unlimited mobile
receiverswithout risk of acousticinterference.The basestation wasimplemened
as a transmitter attachedto a pole. The pole can be placed within a test room
at positions closeto walls or the ceiling. One mobile device was implemented



as a receiwer attached to a pole. It can be moved around to measureat various
positions and orientations in 3D space.

The remainder of this sectionwill describe the measuremen setup, the signal
processingoperations that produce a signature, and nally the implementation
of the signature matching algorithm.

Measuremen t setup. The measuremen setup is shown in Fig. 5. One trans-
mitter and one receiver are connectedto a measuremehn PC. Burst-lik e wave-
forms for output u(k) are generatedby Matlab " [13] and sert to an output
DAC. The analogoutput drivesthe 40kHz Quantelec SQ-40T transmitter within

3V at 500kHz sampling rate. The acoustic signal propagatesinside the room,
and is recorded by a Quantelec SQ-40R receiver. The weak electrical signal is
ampli ed, and Itered by a 30-100kHz bandpass Iter to remove electrical noise.
The ADC samplesat 12-bit resolution at 250 kHz and sendsthe data y(k) to
Matlab . All units are connected by coaxial cables. No special shielding was
usedfor the transducers.

[Coaxial  yjtrasound
cable receiver

=

Room

y(K)|[+=+— ADC Filter

Amplifier EG&G 5113
PC

Ultrasound
transmitter

Coaxial cable
u(k){—» DAC |+ amp & .
™ Sound

ADC/DAC card
NI PCI-MIO-16E-1

Fig. 5. Measuremen setup.

Signal pro cessing. The measuredsignal y(k) cannot be useddirectly asinput
to the positioning algorithm. A number of operations are performedto generate
signature data, which forms the input to a positioning algorithm. The signature
contains all relevant information of the measuremen in a more corveniert and
compact form. Figure 6 shows the operations performed on the (discrete) mea-
sureddata samplesy(k). The rst stepis a cross-correlation Iter, that performs
a matched ltering operation to remove noise. The template t(k) is the signal
as expected to arrive from a single acoustic ray, obtained using the transducer
model in section3.1. The secondstep demodulates the amplitude envelope from
its f. = 40 kHz carrier frequency Sincethe bandwidth of the demaodulated sig-
nal is very low, it can be safely low-pass Itered and downsampledby a factor



5 to a new sampling frequency fs = 50 kHz. The fourth step is attenuation
compensation, which compensatesthe typical drop in signal amplitude of ultra-
sound over distance. It can be calculated as explained in section 3.2. Without
this step, a signature's appearancewould be dominated by the rst few early-
arriving re ections, which are higher in amplitude than late-arriving ones.The
compensation step allows for a fair comparison between two signatures when
using amplitude-based metrics asin Eq. 4.

The result is a signature s(k) which shows a typical peak and valley pattern,
where ead peaksigni es the arrival of one or more acousticxrays at the receiver
at that momert in time. The discrete-time signature s(k) can be written also as
a signature vector s. For an example signature seeFig. 2.

Measurement y(k)

Template Cross-correlation
—_—> .
t(k) filter
¥
Carrier frequency .
f — Demodulation
c
v

New sampling

frequency fg Downsampling

v

Attenuation compensation

Signature s(k)

Fig. 6. Signal processingoperations to obtain a signature.

Algorithm  implemen tation. The signature matching algorithm was imple-
mented in Matlab , using the M1 metric for signature comparison. The most
complex part of the algorithm is the simulation of signatures s¢ for eat of
the candidate positions. Implementation details are not showvn, but the major
computational bottleneck will be discussednow.

The highest load is imposedby the simulation of the N, signaturesaccord-
ing to Eq. 3. Fourier transforms were usedto calculate it in the frequency do-
main, for increasedspeed. Two N-point FFT operations and one N-point vector
multiplication are then neededper signature, where N=2180 for the current im-
plemertation. Typical valuesfor N, that were tried range from 500 to 20000.
To improve performance N, can be set lower, by choosing a coarsercandidate
grid size(i.e. x higher, seesection4.2) or by excluding certain positions from
the candidate set (e.g. positions near the ceiling that are never reached). An
interesting improvemen would be an iterativ e approach, that rst selectsthe



promising areasin 3D spacehaving high match values, and only executesthe
algorithm for a limited set of candidate positions located in the promising areas.

5.2 Exp erimen tal pro cedure

All experiments were performed in an empty o ce room. An empty room was
chosento verify the acousticempty room model. Also, an empty room represens
the best-casecondition for any positioning system. Experimerts in a room with
obstacles,a more di cult and realistic room condition, are not described in this
paper.

The room sizeis 3.73 m by 7.70 m and 2.97 m high. Some irregularities
are present in the form of windows, window-ledges,a door, radiator, a tap and
sink, and ceiling-embeddedlighting units. A 3D cartesian coordinate systemwas
de ned asshown in Fig. 4. The basestation position (0:95; 0:04; 2:95) near the
ceiling was used, to mimic typical ceiling placemen for non-empty rooms, as
mertioned in section 4.1. The receiver was placed at seweral positions in the
room which will be shawn later in section5.3. The height of the receiver was set
around 1.3 meter, to mimic a typical height for a mobile device that is carried
around in a user's hand. The orientation of the receiver was always set parallel
to the negative y axis, i.e. vg = (0; 1;0). Measuremens were taken at eadh
position. During measuremets, no large obstaclesor peoplewere presett in the
room and the door was kept closed.

5.3 Results

The results of initial experiments are preserted in this section. First, a single
measuremen for a receiver position will be examined in detail. A graph will
be shown that visualisesthe output vector m of signature match values, as
generatedby the algorithm. Then, for the rest of the measuremets only the end
results of 3D position estimation will be shown.

One measuremem will be examined in detail now. The measuredsignature
s is shown in Fig. 2. First, the line-of-sight distance is measured(step 1 of the
algorithm). A standard peak-detection algorithm estimatesthe rst peak at a
distance d; = 2:89 m, similar to the true distance 2:88 m. A spheresurfaceS is
constructed (step 2) with radius d; and certre xt. Each position on S can now
be described in a spherical coordinate system (with origin xt) by a coordinate
(;;r) with r = d;. This way we translate the position estimation problem
from 3D cartesian coordinates to a 2D vector ( ; ) to be estimated. A grid
spacing = 0:017is chosenfor both and , which correspondsto a variable
grid spacing x in cartesian coordinates. For this grid spacing it holds that
X 2 d; sin(0:5 ) = 0:05 meter. Sothe candidate positions are at every
5 cm (or closer)within the room. In total N, = 11067 candidate positions exist
on the spheresurfacewithin the room.

Starting at candidate position 1, the expected signature is calculated (step
4), a match to the measuremen is performed and stored (step 5), and this
is repeated for all candidate positions (step 6). The result is a collection of
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Fig. 7. Visualisation of the result of algorithm steps 1-6. Signature match values are
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marks true receiver position.

match-values which are a function of the two coordinate parameters ; . It
is insightful to represen match value as a shade of grey and plot it in a 2D
graph with axes( ; ). This is shown in Fig. 7, where the higher match val-
ues are showvn as darker shadesof grey. The arrow marks the true mobile re-
ceiver position. The area surrounding the true position is darkest grey, which
meansthe signaturesthere match the measuremen best. The maximum match
value can now be picked from these results (step 7). Best match is candidate
position ( ; ; r) = (0:849 0:611; 2:89), corresponding to cartesian coordinate
% = (2:51;1:81;1:30). The 3D distance error j& xgrj with respect to the true
position xg = (2:60; 1:70; 1:27) is just 15 cm.

The algorithm wasexecutedfor 20 measuremets in total at various positions
in the test room. These positions are shown as circlesin Fig. 8, which cortains
an X/Y top view of the room. In the samegraph, the estimated positions are
shown by lines pointing from the encircled true positions towards the estimated
positions. In Fig. 9 the samemeasuremets are shovn as a bar graph where the
vertical axis represens the 3D estimation error j&  Xgj. It can be seenthat
accuracy is usually better than 20 certimeters, except for positions 2 and 11
which have a relatively large position error. The reasonfor these errors is the
topic of further researd.

6 Conclusions

Based on the experimental work it can be concludedthat measuredultrasonic
signals cortain much more information than just the transmitter-receiver line-
of-sight distance. This information is cortained in a measuredpattern, the sig-
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Fig. 9. 3D positioning results over 20 experiments. The vertical axis plots 3D position
estimation error.



nature. The signature consistsof amplitude peaks,that are causedby acoustic
re ections. It was shown that the signature can be predicted by an acoustic
room model. We proposeto usethe information contained in the signature to
perform 3D deviceposition estimation, using just a single basestation per room.
A method called signature matching wasdesignedand implemented for this pur-
pose. It was shown by initial experiments that the acoustic model is accurate
enoughto usefor 3D position estimation, for the caseof an empty room.

The method described in this paper is not yet mature. In future work a num-
ber of stepswill be taken: Firstly, the method will be tested more thoroughly,
speci cally in realistic non-empty room conditions. Secondlythe computational
complexity of the method needsto be improved. Thirdly , a sensitivity analysis
hasto be performedto nd out the e ect of errorsin the method's input param-
eters. Fourthly, an extensionof the method, basedon transducer arrays, is under
dewvelopmert. Such an array allows a basestation to get more information about
the direction of mobile devices,thus enabling more robust position estimates.
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