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Abstract .

The quality and availability of positional information (loc-
ation, orientation) is a key resource that strongly influ-
ences the way in which many systems incorporating spa-
tial information can provide services to their user. In

Measurement based positioning

Measurement based positioning methods gather data
from sensors and other positioning determination
equipment and directly compute the device location.
Perhaps the best known example of measurement
based positioning is the Global Positioning Sys-

this extended abstract, we discuss a number of issues and tem (GPS) (e.g.[11]). However, infrared beacons

ideas on how to cope with low-quality positional inform-
ation, how to improve that quality and how integrating
gualitative and quantitative approaches may be beneficial
in this context. We present a number of examples from
systems that we developed in the past and that we are
currently developing, and we point out possible improve-
ments. i

1 Positioning techniques

There is a large body of applications and systems that de-
pend on knowledge about the location (and orientation)
of their users and/or the position of the device used by
them. These include (but are not limited to) mobile guides
[3], car navigation systems [9], mobile phone based ap-
plications [8], geographic information systems [14] and
ubiquitous computing environments [1]. There are vari-
ous means for determining the current position of an en-e
tity. One of the most important onesdsvice based posi-
tioning, which is characterised by the fact that a (mobile)
device itself determines its position - albeit in conjunction
with an existing positioning or communication infrastruc-
ture. Device based positioning methods can be divided
into three major categories:

(e.g.[2]) and ultra-sound receivers (e.g.[1]) have
also been used to the same effect. Furthermore,
wireless communication networks such as GSM or
802.11 WLAN provide another means to determine
the location of a mobile device (e. g.[3]).

Inference based positioning

Inference based positioning methods perform reas-
oning to improve the quality and/or precision of loc-
ation information derived with measurement based
methods. The most important example of inference
based positioning is dead reckoning. Most inference
based methods combine direct measurements with
knowledge about past device locations and current
movement patterns to infer a device’s current loca-
tion (cf.e.g.[10]). Inference based methods gener-
ate hypotheses: hypotheses are more or less reason-
able but are not guaranteed to be correct.

Interactive positioning

Interactive positioning is a method that uses an inter-
active dialogue between system and user to determ-
ine the position [7]. A confirmation dialogue is the
most simple example for interactive positioning: the
system asks the user to confirm whether they really
are at the position that was computed. A more soph-



isticated approach is to ask the user for an initial and
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Each of these three types of mobile positioning has ad-
vantages and disadvantages. Measurement based methc

IR laser
— by far the most popular approach to determine the loca|*"™"* [ S| Lo

tion of an entity — can be very accurate but in some cases
are not very reliable. Oftentimes, they do also depend pfyyre 1: Different levels or layers involved in position-
an external infrastructure (e. g. infrared beacons or sagﬁ%i: an overview.
lites). Measurements and sensor information can exhibi
systematic yet difficult to predict errors conditions due to
the characteristics of the operating environment. For ex- ] o ]
ample, bad weather, narrow aisles and dense vegetaibn Integrating positional informa-
can severely deteriorate the reception of GPS signals. In- tion
frared suffers from reflections and shielding, while ultra-
sound is prone to interference. Approaches based on net- brief di ) ¢ vari hni ; .
work cells frequently face reception problems, e.g. | € briet discussion of various techniques for pos_ltlon-
Ing in the previous section illustrates that there is no
crowded places. _ .
o single perfect solution. Instead, there are a number of
Inference based methods can work in situations whejgnroaches, which are well suited for certain scenarios.

measurement based methods fail. In Deep Map [12], ©bnsequently, it is worth investigating the integration of
example, we used a dead reckoning algorithm that takggeral techniques to overcome the disadvantages of each
into account contextual information such as previous logividual approach. This can happen on different levels.
ations, the current means of transportation, and the US@% example, we can merge information from a number
age and physical constitution to derive hypotheses abggiisensors (either several instances of the same type or
the user's speed, direction of movement and, ultimategjferent ones) to neutralise certain errors. This approach
location. In this way, we were able to determine the usef$frequently employed in cars or planes, which incorpor-
location in situations in which measurement based meffja 3 |arge number of sensors such as GPS, compasses, or
ods alone would fail [5]. On the downside, itis oftentimegdometers. Alternatively, we can combine sensor-based
difficult to predict the accuracy of the derived location i”approaches with inference-based techniques [13], or ad-
formation. In addition, inference based methods can B the quality of a location-based service to the quality of
computationally expensive and might not lend themselVggrrently available positional information. Figure 1 shows
to implementation on less powerful mobile devices.  an overview over some techniques on the different levels,
Finally, interactive positioning is able to deliver locwhich can contribute to positioning.

ation information even if no positioning determination The majority of approaches and systems computing the
equipment is available. For example, we have demamosition of an entity rely on sensor data to do so. Con-
strated that it is possible to accurately determine the useségjuently, there is a large body of techniques available on
current location by asking the user a small number of vetye sensor level including GPS, GSM, infrared beacons,
specific questions regarding the visibility of landmarksand laser scanners. For virtually all of these approaches
provided an accurate and detailed model of the envirdhe raw sensor data (i. e. signal strength or time of flight)
ment is available [7]. However, interactive methods imas to be processed in order to extract a position using al-
general are intrusive and time consuming. Thus their gggrithms such as patrticle filters or non-linear regression.
plication has to be carefully evaluated. Sometimes several sensors and/or positioning algorithms




are combined to improve the accuracy, reliability or re
cency of positional information.

On the inference layer, an equally large number of con x R
plementary and competing approaches exist. These -

sensor data -
inference

N

. . . | measurement . ./ ... .Y...... reduction of
clude reasoning about abstractions (such as topologi “f B onfirmation uncertainty
relations), dead reckoning, and the explicit modelling ¢ /
knowledge about the world or the sensors being use position interaction

They differ greatly in terms of resource consumptior
expressional power and practical applicability. An ex-

ample for a beneficial combination of techniques withigy e 5. processes involved in determining the user's po-
this level is knowledge-based dead reckoning [5], whe

knowledge about the world and a user (e. g. the passaéﬁl-on in Deep Map: measurement, inference, interaction.
ity of a terrain or the user’'s means of transportation) in-
fluences the dead reckoning process.

The interaction layer encompasses various techniqiigis within the other layers as adaptation on one dimen-
that involve an interaction between the user and the sg#n may preclude adaptation on another. For example,
tem. While there are also a number of different agwitching modality from a map display to spoken output
proaches relying on interaction, their number is signifiprecludes a change of scale on the map.
antly smaller than the number of techniques available onApart from combining different techniques within in-
the sensor and inference layer. Nevertheless, the sedigfdual layers, it is certainly possible to combine a set
mechanisms encompasses simple approaches such asafomechanisms from different layers. In the following
firmation dialogues (e.g. used to confirm that a positiéwo sub-sections, we present two examples which illus-
hypothesis is correct), user-driven positioning (e. g. usérgte how such a combination can be achieved and what
clicking on a map to localise themselves) and collabordenefits can result from it.
ive techniques (such as system-driven dialogues [7]). As
t_hesg _techni_ques all rely on some form of user interag_—l Vertical integration: an example
tion, itis straightforward to combine them. For example, a
system-driven dialogue can be combined with a confirfRigure 2 illustrates how different positioning methods are
ation dialogue to ascertain the correctness of the positlotked within Deep Map’s positioning service to provide
computed from the dialogue. for robust and adaptive positioning [5]. Deep Map is a

In addition to the three layers presented above, we ganbile tourist guide for the city of Heidelberg. It provides
also include an adaptation layer, which is complementaty users with a number of services such as navigation sup-
to the other three. Here, we subsume all approaches that, information on sights and route planning. Its po-
try to cope with positional information of varying qualsitioning subsystem uses measurements (sensor data) to
ity or type. For example, instead of trying to improve odirectly compute the current position, and to provide its
a lack of precision it is possible to explicitly use vaguenternal processes with an initial hypothesis. One of these
ness (e. g. by means of linguistic hedges such as “apprpsecesses is inference, which consists of a context-aware
imately” or “roughly”, or by visualising the current posi-dead reckoning algorithm, and it is tightly linked to in-
tion by a larger circle instead of a small point on a mapgractive processes. Whenever the result of the algorithm
Further approaches include switching the modality in res-not adequate for the task at hand — e.g. when it lacks
sponse to varying quality of positional information (e. garecision — the output of dead reckoning is passed on to
from a map to speech output) or the (dynamic) degradteraction for further processing. Similarly, when new
ation of the service depending on positional informatianformation is acquired through interaction, the inference
(e. g. switching to a higher scale for a map display, or tipeocess is triggered in order to evaluate whether the user’s
use of induced frames of reference [6]). Combining di€urrent position can now be determined.
ferent approaches on this layer is not as straightforward a3he combination of these methods allows for the dy-



gathered on the sensor layer, aggregated into chunks, and
spatio-temporal then transformed into relative coordinates. This trans-
refations formation combines two different approaches: a non-
linear regression algorithm and a simple map-tracing
mechanism. The resulting coordinates serve as a basis for
the inference stages in the pipeline (labelled ‘abstraction’
and ‘inference’ in the figure). Here, qualitative spatial re-
lations are derived, which in turn inform the process of in-
ferring further spatio-temporal relations. We are currently
stream of in the process of adding further mechanism to the infer-
e ence layer, e.g. an approach that reasons about change
from one configuration to another in order to assess the
likelihood of a position hypothesis.

Figure 3: Processing pipeline in Relate: incremental de-_rh bidirectional binati f itioni
termination of relative positions. € Dbidirectional combination of posilioning ap-

proaches in Relate’s pipeline enables us to cope with a
number of otherwise difficult situations. For example,
when sensor data is scarce or when only few dongles are
namic adaptation to the quality of sensor data. As lopgesent the map-tracing algorithm performs better than
as the output of the sensors is sufficient to determitie non-linear regression. The latter usually yields su-
the user's position, no process except measuremenpésior results in case of rich sensor data. The integration
triggered. When the quality of sensor data degradesabinference techniques enables the system to better cope
when there is no data available, inference and/or interadth noisy or false sensor readings that purely numerical
tion are triggered. It is even possible to determine tlapproaches cannot identify easily.
user’s current position without any sensor data using the
interaction process. It engages into a dialogue with the
user, where it tries to compute the current location based
on the visibility of objects in the environment [7]. How-
ever, depending on the quality of the underlying world
model and the distinctiveness of the current environmeg, Concluding remarks
such a dialogue can be quite long and may not always
yield a valid position hypothesis at the end.

Inference

spatial
relations

Abstraction

relative
coordinates

set of
measurements

Processing pipeline

Aggregation

A

| Sensor Layer |

The examples discussed in the previous section demon-
2.2 Bidirectional integration: an example strate that it can indeed be beneficial to combine differ-

ent positioning techniques — not only on the same layer
The Relate project investigates relative positioning botbensors, inference, interaction, adaptation) but also ver-
on a technical (sensor) level and on a higher applicatitically. It is possible to find combinations, where one tech-
level. Human interaction with artefacts on a table is omggue can compensate the weakness of another one and
of the first scenarios that we focussed on, and which leide versa. For example, qualitative approaches can help
to the realisation of the Relate dongle system [4]. We assess the validity of positions computed by quantitat-
developed a small device equipped with ultrasound tramge approaches. While we have pointed out a few benefi-
ducers that plugs into the USB port of a device, and thaidial combinations, there are further ones that still need to
capable of sensing its position relative to other donglestia explored. In addition, a systematic approach to adapt-
its proximity. On the software side, the system containsagion is still missing. Further research is needed to form-
positioning subsystem depicted in Figure 3. alise adaptation processes and to investigate how to best

Raw sensor data (e.g. ultrasound signal levels)dsmbine them.



Acknowledgements

The work presented here was funded by the EPSRC, grant

GR/S77097/01 “Relative Positioning of Mobile objects”

and by the Klaus Tschira Foundation, grants SISTO and
SPACE.

References

[1]

Mike Addlesee, Rupert Curwen, Steve Hodges, Jo[eg]
Newman, Pete Steggles, Andy Ward, and Andy
Hopper. Implementing a sentient computing system.
IEEE Computer34(8):50-56, 2001.

[2] Jorg Baus, Antonio Kiiger, and Wolgang Wahlster.

[3]

[4]

[5]

[6]

[7]

A resource-adaptive mobile navigation system. In
Yolanda Gil and David B. Leake, editord)l 02 — 4
2002 International Conference on Intelligent User
Interfaces pages 15—-22, San Francisco, California,
2002. ACM Press.

Keith Cheverst, Nigel Davies, Adrian Friday, ang1]
Christos Efstratiou. Developing a context-aware
electronic tourist guide: Some issues and experi-
ences. InProceedings of CHI 20Q(pages 17-24,
Netherlands, 2000.

Mike Hazas, Christian Kray, Hans Gellersen, Hendt2]
Agbota, Gerd Kortuem, and Albert Krohn. A re-
lative positioning system for spatial awareness of
co-located mobile devices and users. Hroceed-

ings of the third international conference on mobile
systems, applications, and services (MobiSys 2005)
Seattle, WA, to appear. [13]

Christian Kray. Situated Interaction on Spatial
Topics PhD thesis, Computer Science Depart-
ment, University of Saarland, Saaiilcken, Ger-
many, 2003.

Christian Kray. Inducing frames of reference. In
Workshop on Spatio-Temporal Reasoning at ECk
2004 Valencia, Spain, 2004.

Christian Kray and Gerd Kortuem. Interactive posi-
tioning based on object visibility. In Stephen Brew-
ster and Mark Dunlop, editor®roceedings of Mo-

bile Human-Computer Interaction 200dages 276—
287, Berlin, Heidelberg, New York, 2004. Springer.

8] Christian Kray, Katri Laakso, Christian Elting, and

Volker Coors. Presenting route instructions on mo-
bile devices. In W. Lewis Johnson, Elisabeth Aadr
and John Domingue, editor&roceedings of 1UI
03, pages 117-124, Miami Beach, FL, 2003. ACM
Press.

Antonio Kriiger, Andreas Butz, Christian Mer,
Christoph Stahl, Rainer Wasinger, Karl-Ernst Stein-
berg, and Andreas Dirschl. The connected user in-
terface: Realizing a personal situated navigation ser-
vice. In Jean Vanderdonckt, Nuno Jardim Nunes,
and Charles Rich, editorBroceedings of IUl 2004
pages 161-168. ACM Press, 2004.

0] Bu-Sung Lee, Wentong Cai, Stephen J. Turner,

and L. Chen. Adaptive dead reckoning algorithms
for distributed interactive simulationnternational
Journal of Simulation1(1-2):21-34, 2000.

Sue Long, Rob Kooper, Gregory D. Abowd, and
Christopher G. Atkeson. Rapid prototyping of mo-
bile context-aware applications: The Cyberguide
case study. ItMobile Computing and Networking
pages 97-107, 1996.

Rainer Malaka and Alexander Zipf. Deep Map -
challenging IT research in the framework of a tourist
information system. In D. R. Fesenmaier, S. Klein,
and D. Buhalis, editorsinformation and commu-
nication technologies in tourism 2008ages 15-27.
Springer, Berlin, Heidelberg, New York, 2000.

Reinhard Moratz and Jan Oliver Wallgr. Spa-
tial reasoning about relative orientation and distance
for robot exploration. In Werner Kuhn, Michael F.
Worboys, and Sabine Timpf, editoRroceedings of
COSIT 2003pages 61-74, Berlin, Heidelberg, New
York, 2003. Springer.

4] S. Poslad, H. Laamanen, R. Malaka, A. Nick,

P. Buckle, and A. Zipf. CRUMPET: Creation of

user-friendly mobile services personalised for tour-
ism. In Proceeding of 3G 2001 - Second inter-
national conference on 3G mobile communication
technologiespages 28-32, London, UK, 2001.



