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To become truly ubiquitous, next generation location-based services will have to rely on mobile platforms upon which multiple sensors and measurement
systems have been integrated to provide continuous, three-dimensional positioning and orientation. Such technologies are explored today for example in
mobile mapping systems, vehicle navigation systems and mobile robot navigation. Next-generation location-based services also need theoretically sound
methods to translate position into location information. The paper addresses this problem: the transformation of position into meaningful and reliable location,
and the transformation of location knowledge into positioning constraints. It suggests by this way an intelligent location model that integrates sensor fusion
with spatial knowledge fusion via a feedback cycle. It is shown that this feedback cycle consists of three layers: spatial constraints, temporal constraints, and
spatiotemporal constraints.
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1 Introduction

To become truly ubiquitous, next generation location-based services (LBS) will have to rely on mobile plat-
forms upon which multiple sensors and measurement systems have been integrated to provide continuous, three-
dimensional positioning and orientation of the platform. Such technologies are explored today for example in mo-
bile robot navigation (Luo and Kay, 1989; Borenstein et al., 1996), and, derived from that, in vehicle navigation
systems (Zhao, 1997) and mobile mapping systems (Schwarz and El-Sheimy, 2005). Provided multiple sensors are
on board, and mechanisms for seamless sensor selection and fusion are implemented, mobile on-board positioning
can become ubiquitous.

Where current mobile location-based services (Schiller and Voisard, 2004) predominantly report the position of
the mobile platform, either in form of coordinates or in form of a point on a map, next-generation location-based
services also need methods to translate position into location information. Location information, in the context
of this paper, is a reference to an abstract location where the platform is. As an identifiable abstract concept it
has a label, or place name. The reference can be made by using this place name. Next-generation location-based
services need this ability to communicate with users in a cognitively more efficient way (i.e., referring to cognitively
salient places), to convey location information verbally, or to analyze and reason about location, for example about
topological distances, or in a hierarchical manner (Tomko and Winter, 2006a,b). This ability will become relevant
in particular for future dialog-enabled location-based services.

Hybrid location models (Leonhardt, 1998; Hightower and Borriello, 2001; Becker and Dürr, 2005) provide this
link between position–what they call geometric location–and location–what they call symbolic location. Location
models are used to design user interfaces that talk about location instead position. This paper focuses on a related,
but different problem. It studies the mutual conditions and relationships between position and location, and their
expression to enhance both, positioning as well as the generated location information. It proposes by this way
that the limitations of current generation LBS can be addressed only by integrating research developments in the
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fields of positioning technologies, human spatial cognition and qualitative spatial reasoning, and not by incremental
progress in each of the isolated fields.

The paper suggests an intelligent location model that integrates sensor fusion with spatial knowledge fusion via a
feedback cycle. Feedback can concern spatial, temporal and spatiotemporal conditions and relations. Accordingly,
the hypothesis of this paper is that at each of these three layers conditions or relations can be identified that have a
potential to mutually improve the positioning or the location information. For this hypothesis, an improvement has
been achieved if with feedback the result becomes either more reliable, or as reliable but for less energy costs than
the result of an uninformed process.

As this paper draws on the findings in independent research domains, this paper starts with definitions of the
terminology used in this paper. Together with this broader problem definition it proposes the feedback cycle for
combining positioning and generating location information in an informed and intelligent manner (Section 2).

Section 3 then recalls Kalman filtering as a methodology commonly used for sensor fusion in mobile mapping
systems and car navigation systems. Kalman filtering can be adapted to integrate location knowledge in the adjust-
ment process, as will be demonstrated later by the examples in Section 5.

In Section 4 the proposed feedback loop is split into three layers of spatial, temporal and spatiotemporal condi-
tions and relations. Each layer is characterized by its properties. The possible feedback at each layer is identified and
discussed with respect to its mutual value to improve positioning or location information. The developed feedback
from Section 4 is then demonstrated and tested in three scenarios (Section 5).

The conclusions (Section 6) consider whether the hypothesis could be supported by sufficient evidence, and
outlines the future work to fully develop and implement a feedback cycle.

2 Position and Location

This section relates to a central discussion in philosophy, cognitive science and geography on the nature of space.
It helps to define the problem and terminology for the rest of the paper by introducing formal concepts of position,
place and location, and by applying these concepts to the sort of intelligence expected from next generation location-
based services.

2.1 Definitions

A multitude of positioning sensors and technologies are available for mobile positioning. A thorough overview can
be found for example in Kolodziej and Hjelm (2006). Whatever the observable of a specific positioning sensor is
(such as time differences, signal strengths, or directions), the position delivered is a tuple of coordinates specifying
a point in a spatial reference system. A closer view reveals two kinds of abstractions involved in the process of
determining a position. The first one is the abstraction of a physical object to a point that represents its position.
This is noteworthy because it gives up the egocentric or allocentric orientation of the object that is located. The
second abstraction is a projection of the sensor observations made in physical or sensormotoric space into the
Euclidean space of a spatial reference system; a distinction that will be discussed in Section 2.3 in more detail.

In contrast to position, place is a cognitive concept of an extended spatial environment. A place has structure, and
a place can be experienced and conceptualized as a whole. As such, places form equivalence classes of positions,
such that positions within a space are indistinguishable (Duckham et al., 2003). This concept of place is related
to concepts such as region and neighborhood (Agarwal, 2005). The spatially extended environment of a place
may have determinate or indeterminate boundaries, and it may have bona-fide or fiat boundaries (Smith and Varzi,
1997). Places, as cognitive concepts, have identity. Hence they can have names, such as Victoria, Melbourne, or my
home, and are related to each other as well as to moving subjects. Place is also a well-studied concept in human
and economic geography (for example, Casey, 1996; Cresswell, 2004; Massey, 1995; Relph, 1976). However, a
formal definition of place that would allow a computational model of places is still lacking. As far as this paper is
concerned, this definition and model has to be developed elsewhere.

A location is then a property of an individual subject or object, consisting of a place and the spatial relationship
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of the subject or object to the place. This property can be represented by a tuple {relation, place}:

objectt ← {relation, place} (1)

An example is person X currently being in Melbourne: Xnow ← {in, Melbourne}. Typically, referents are assumed
having different locations over time, either because they themselves are mobile and change location, or because
they are in a dynamic environment and their relations change. The fact that X was three days ago in Boston can
be expressed alongside by X−3 ← {in, Boston}. Objects can have multiple locations at the same time, hence the
reverse arrow. An example is X currently being in Melbourne, in X’s office, and near to X’s favorite coffee house.
The set of coexistent locations is infinite, in regard of the relations as of the places. Furthermore, locations of objects
may not be known precisely, as all measurements are due to error.

2.2 Location Models

Location models were developed with the aim to integrate location-awareness into location-based services (Leon-
hardt, 1998; Hightower and Borriello, 2001; Becker and Dürr, 2005). Location models provide “an expressive,
flexible, and efficient representation for the locations of mobile objects” (Leonhardt, 1998, p. 17). Location mod-
els distinguish between geometric location (coordinates) and symbolic location (symbols, names), which roughly
corresponds to the terms position and place as used in this paper.

Correspondingly, there are geometric location models, symbolic location models, and hybrid location models,
allowing for both, geometric as well as symbolic locations. It is the hybrid location models that enable the mapping
of positions to places.

Furthermore, location models can implement hierarchic structures by some ordering relations, such as asymmetry
and transitivity. Representations of existing location models are set-based or graph-based, neglecting spatial prop-
erties such as topological structure and nearness. They are further limited by strict assumptions such that locations
are sharply defined areas and may not overlap.

2.3 Position and Location in Different Spaces

Many researchers have pointed out that the human mind can successfully reason and communicate referring to
different concepts of space. Couclelis and Gale (1986) give an algebraic account of different spaces, suggesting a
distinction between Euclidean space, physical space, sensormotoric space, perceptual space, cognitive space, and
symbolic space. Algebraically, in this order the spaces form a generalization hierarchy: while the Euclidean (vector)
space forms an Abelian group, physical space can loose commutativity, sensormotoric space additionally has no
inverse because of the irreversibility of time, perceptual space additionally lacks an identity element since staying
at the same location does not mean that views do not change, and cognitive space has no closure property. This
means perceptual space has only properties of a semigroup, and cognitive space has no group properties any longer
(for details see Couclelis and Gale, 1986).

Position, place and location can be described in any of these spaces (Table 1). In fact, it depends on the type of
positioning sensor whether the delivered position is in physical space (for example, GPS / signal runtime), in sensor-
motoric space (for example, wheel sensors, accelerometer), or in any other space. This means, current positioning
platforms operate in multiple spaces, without distinction. But neglecting these distinctions has consequences. All
observations at a current (true) position are, by fusion, projected into Euclidean space, the most axiomatized one,
for the estimated position. This estimated position can, for example, be physically not reachable from the current
true position (e.g., left of a wall where the true position is right of the wall). With the feedback layers that are
introduced later, these constraints of spaces can be formulated and brought back into the estimation process.

Location in perceptual space would be tuple, consisting of a relation between an a perceiving object—sensor,
robot, or human— and a place formed by a set of vantage points. An example of X’s current location in perceptual
space would be in X’s office, a physical entity that can be perceptually experienced from some vantage points. The
same location in cognitive space could be in 211 (X’s office room number), and in symbolic space the description
could be at work, referring to a cognitive concept that has no direct physical counterpart. Current location models
fail to make these distinctions. They are neither explicit in which space their represented locations are, nor do they
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Table 1. Spaces and positioning.

Space positioning
Euclidean space coordinates
physical space tracking by GPS
sensormotoric space inertia sensors
perceptual space visual and acoustic sensors
cognitive space labelling of places
symbolic space symbolic labels (for example, workplace, at work)

constrain all represented locations belonging to the same space. The modeling of the feedback cycle will allow to
be explicit here.

Location theory is a perspective on socioeconomic space searching for optimal locations for specific services
(Couclelis, 1992). Such a notion of location is unbound to a specific object, and hence, not the notion of location-
based services. However, location theory assesses the value of places, and this notion of place, or site, is related to
experiential space and compatible with the use in this paper: “place [. . . ] is like point in one sense, but it is not an
element of zero dimensions” (p. 231). Of more interest for the following is her notion of experiential space, which
is a “pre-conceptual, gut knowledge of space” (p. 229), based on the senses of light and gravity and the shape of the
body. Applying this definition, experiential space contains the perceptual and the sensormotoric space from above.
Given that mobile positioning platforms are collections of diverse and connected sensors, they seem to naturally
deal with experiential space, although they still lack the human intelligence to process the sensor data. The feedback
cycle will feed positioning with location knowledge.

The literature also distinguishes between topological, ordered and metric spaces (for example, Worboys and
Duckham, 2004). This distinction is about the types of relations of objects and places. In topological space distinc-
tions such as being in or out can be made. In ordered space distinctions such as being left of, North of or in front
of can be made. In metric space characterizations such as being near of can be made. In the context of positioning
and localization, only co-location of object and place is of relevance, a relationship with linguistic expressions such
as in, on, or at. For nearest neighbor queries, navigation, or range queries (Becker and Dürr, 2005), as they occur in
user interface design, or in reasoning about user utterances, other relationships become relevant as well.

Space is also used metaphorically (for example, Fauconnier, 1994), which is, however, beyond the interest of this
paper.

2.4 Position and Location at Different Granularities

The discussion so far focused on properties of spaces, but not on scale. Scale, or granularity, is recognized as a fun-
damental spatial concept in the literature, in particular in relation to processes (for example, Blaut, 1961), but also
in the context of hierarchical location models (Leonhardt, 1998). Montello (1993) proposed a cognitively motivated
classification of scales into figural, vista, environmental and geographical spaces. The spaces are distinguished by
their perceived size, not by their actual size. A space is called figural if it is perceived smaller than the body, vista
if it is perceived larger than the body but can be visually perceived from a single viewpoint, environmental if it is
perceived larger than the body and requires locomotion between different viewpoints to perceive it completely, and
geographical if it is perceived larger than the body and cannot be completely perceived by locomotion.

Montello shows empirical evidence that people organize and analyze spatial knowledge differently at these differ-
ent scales. This has consequences on the notion of place in this paper. Place at different levels of granularity could
cross the limits of one of these spaces, and hence, require different cognitive functions to deal with it. For example,
one can specify X’s current location as on campus within perceptual space: this is an environmental space since it
needs locomotion to explore the campus and its boundaries. In contrast, in X’s office is (close to) vista space, and
the book on X’s office desk is located in figural space.

All these location specifications are valid and useful in specific contexts. This means that the location speci-
fications differ in the applicable operations. For example, if X is currently on campus and wants to contact her
departmental officer she can use the campus-wide wireless internet coverage to send an email. If X is in her office
she could walk over, while being at her office desk permits to use the phone.

A similar context-dependent distinction applies to position. Here it is the accuracy of measurements that deter-
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mines granularity (resolution). Accuracy depends on the choice of sensors, on the design of the measurement, and
on other factors. Communication of position in a quantitative manner can happen in two ways: adapting the scale
of the map to context, or adapting the size or appearance of the You-Are-Here symbol on the map—typically a
point—to its accuracy. Communicating position using qualitative concepts of place are not well studied, although
they are closer to human concepts of being there and hence, cognitively more relevant. But accuracy is not only a
given, it can also be controlled. A specific context—a task or situation—typically specifies the required accuracy of
a position. The feedback cycle can easily integrate such sort of knowledge.

2.5 From Position to Location and from Location to Position

So far the terminology in this paper is clarified, introducing the notions of position, place and location. In the
context of next-generation location-based services and the specific research questions of this paper, the next step is
to express the semantic relation between position and location by an operational relation.

This operational relation is not unique: on one hand, an object with one position has infinitely many locations, and
on the other hand, to determine a position of a specific accuracy multiple measurement designs can be deployed.
Observations are also due to error, such that positioning delivers only an estimate of the true position. Without being
able to formulate a mapping function, this relationship requires rules and heuristics to become operational.

Figure 1 identifies two components in a mobile location-based service. One is the positioning component, which
is responsible for determining the actual position. The positioning component can access and integrate the concur-
rent observations of heterogeneous sensors, and can store and use previous positions in support to determine the
actual position. The other component is the localization component, where localization refers to the identification
of the most reliable location that is relevant in the current decision context of the application.

Figure 1. The proposed feedback cycle between positioning and localization.

Current location-based services are designed for narrow applications that have a pre-defined position accuracy
requirement and location granularity requirement. These services cannot pass smoothly into different environments;
they adapt neither their sensor deployment nor their location concepts. Positioning delivers a pair of coordinates
without further context: platformnow ← {at, (x,y)}. Current hybrid location models, although not yet implemented
in location-based services, go a step further and provide a mapping from position to location. They cover the basic
function of a localization component, but have still the limits discussed above.

For a truly ubiquitous location-based service, the choice of an appropriate location needs more intelligence. And
interestingly, also the positioning can profit from such intelligence. Hence, Figure 1 proposes a feedback cycle
between the two components:

• The localization component has access to spatial data about the environment—places, structures, relations—and
is informed additionally by the positioning component about position, accuracy, sensors deployed, and other
measurement context (the feedback from positioning to localizing in Figure 1).

• Vice versa, the positioning component, in addition to its access to sensor observations and positioning history, is
informed by the localization component about spatial context of the current environment. This information can
be used to specify a required accuracy, to specify a measurement design, or to constrain the position estimation.

Such a feedback cycle between the two components forms a novel paradigm of linking position and location intel-
ligently. A new generation of location-based services will consider the external physical and social environment,
choose sensors appropriately and in an ad-hoc manner, and even access in an ad-hoc manner external sensors.
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This new paradigm is inspired by human embodied cognition that links between distributed, self-organized pro-
cesses in the spatiotemporal environment (Clark, 1997). It is also inspired by ubiquitous computing (Weiser, 1991),
geosensor networks (Stefanidis and Nittel, 2005) and sensor webs (Delin, 2004; Botts et al., 2006), which all pre-
dict environments equipped with sensors everywhere that can communicate with each other or with networked
platforms.

3 Kalman Filtering for Intelligent Positioning

The integration of multiple sensors is a commonly adopted approach to providing a robust position solution in
current mobile robot navigation, vehicle navigation systems, and mobile mapping systems. Primarily relying on
GPS for absolute position determination, periods over which satellite signals are unavailable are usually bridged
using measurements from augmentation sensors such as gyroscopes and accelerometers that integrate measurements
of the distance traveled and platform orientation. Unfortunately, these sensors also suffer from their own limitation
of drifts over time, and the duration over which GPS is unavailable as well as the quality of the augmentation
sensors play an important role in determining the quality of the final solution.

Given the increasing availability of a broad range of technologies that can be used to augment GPS, it can be
expected that techniques of data fusion will continue to be the appropriate methodology for developing a position
solution for mobile positioning. However, approaches to contain the biases inherent in the broad range of technolo-
gies available for positioning are becoming increasingly significant.

3.1 Introduction to Kalman Filtering

The integration of disparate sources of data has been achieved almost universally using the statistical process of
Kalman filtering. For mobile positioning, one of the most valuable aspects of the Kalman filter is its ability to
incorporate within the solution, parameters that account for the errors inherent in the augmentation sensors.

The fundamental process employed in Kalman filtering can be summarized as:

• selecting a set of parameters that will approximate the location and dynamics of the moving platform;
• adopting a dynamic model that can be used to predict the movement of the platform between epochs;
• employing a least squares estimating technique to integrate the measurements taken at each epoch with the

predicted state of the platform.

The integration methodology consists of a state vector of unknown quantities to be solved. Most commonly, the
state vector contains parameters to represent (in three dimensions) the coordinates, velocity and acceleration of the
platform.

xstate
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The values of the state vector predicted for any epoch will depend upon the parameters chosen to represent the
platform movement and the dynamic model adopted to represent the movement from one epoch to the next. A
simple dynamic model that has proven to be successful in route mapping applications is one where it is assumed
that:

• the platform moves from epoch xi−1 at epoch i − 1 to xi at epoch i with an initial velocity
.
x and a constant

acceleration
..
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• the uncertainty in the dynamic model between epoch i− 1 and epoch i, that is, the jerk is a random variable with
zero mean and variance σ2.
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Figure 2. Kalman filtering of inertial sensor and vehicle odometer readings only.
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The process is started by making an appropriate optimal estimate of the state vector at an initial epoch. If the vehicle
starts from rest, the coordinates are set at the values given by the GPS receiver while the velocities, accelerations and
jerk are set at zero. The variance of this initial optimal state vector can be assumed to be diagonal and appropriate
values adopted. Thereafter, at each epoch the following process is repeated:

• Compute an estimate of the (predicted) state vector and its associated variance matrix from the optimal estimate
of the state vector of the previous epoch.

• Form the observation equations by combining the predicted state vector, the GPS measurements for the coordi-
nates and the zero values assumed for the jerk.

• Compute the least squares estimate of the state vector and associated variance matrix.

Figure 2 shows exemplary results obtained from a straightforward implementation of the Kalman filtering algo-
rithm. In this example, a practical field study was undertaken to represent a typical mobile user traveling in a
vehicle from a location identified as ‘work’ to a destination location identified as ‘home’. This experiment used
a low-cost GPS receiver typical of current in-car navigation systems. To evaluate the performance improvements
brought about by integrating multiple sensors within a Kalman filter, the observations from the GPS receiver were
combined with directions as observed by a low-cost on-board inertial sensor and distance measurements from the
vehicle odometer.

Figure 2 shows a two minute snapshot of the data collected, during which time the vehicle traveled approximately
0.5km. Over the period shown, GPS observations (blue dots) were unavailable for approximately 30sec. Although
this is a relatively short time period, the vehicle made a sharp turn onto a new road. Whilst the Kalman filter
solution is still able to use the additional sensors to maintain the trajectory traveled (triangles), it is obvious that
errors in the processing result in the filter being unable to compute an accurate trajectory as the vehicle turns a
corner. In fact, the vehicle continues traveling along the straight line path until new information from the GPS
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receiver is able. As such the trajectory does not follow the underlying road network as traveled by the vehicle.
This type of performance is characteristic of the simple dynamic and stochastic models associated with the Kalman
filter which are easily applied and are certainly appropriate for applications when the vehicle trajectory is straight
and conducted at constant acceleration. For practical mobile applications however, the sinuous paths and constant
changes in acceleration encountered challenge the operation of these models. As such, the performance of the filter
for high dynamic applications is fundamentally dependent on the appropriateness of the dynamic model selected
and the stochastic model used to describe the noise in the model.

3.2 Spatial Constraints in Kalman Filtering

This research proposes that additional inputs obtained from other information sources can be used to constrain the
position solution. It is this approach that is being exploited in this research.

One of these links, a purely spatial constraint, is already standard in vehicle navigation systems: map matching.
An approach based around map matching has been developed and implemented by the authors: Intelligent Naviga-
tion (IN) (Scott-Young and Kealy, 2002). Four examples of how the Kalman filter can include spatial constraints
are presented here: closest road, bearing matching, access only and distance in direction.

The closest road rule of IN makes the assumption that the vehicle is travelling along a road (which is typically
the case). This constraint can be included in the location solution, thus improving the accuracy of the computed
position of the vehicle. This algorithm is most effective when the nearest road is in fact the road being travelled.
However, when approaching intersections or when two roads are close to each other, the nearest road may not be
the road being travelled. In such cases, constraining the solution to fall on the nearest road actually downgrades the
calculated position.

To avoid such errors, the bearing matching rule is required. This rule requires that the nearest road to which
the vehicle’s position is corrected must have a bearing similar to the measured direction of travel. This corrects
the problem previously described. The threshold of similarity between the vehicle’s bearing and the bearing of the
surrounding roads may be adjusted to suit the accuracy of the navigation sensors. However, the larger the threshold,
the more likely it becomes that roads will be incorrectly matched as having the same bearing as that of the vehicle.
The access only rule is designed to identify and prevent this error from occurring. By logging previously travelled
roads, the navigation system can prevent the vehicle from being located on a road that it could not possibly be on.

The fourth rule, that is, the distance in direction rule, reduces the accumulation of distance error by calculating
the distance travelled by the vehicle in the direction of the road rather than the direction measured by the heading
sensor. This is particularly important when heading sensors of low accuracy are employed.

Incorporating such rules into the Kalman filter requires the development of observation equations from the IN
rules. The IN observation equations are derived from the IN estimate of the vehicle’s corrected position (which lies
on a road segment) and an estimate of the vehicle’s heading (that is, the heading of the road segment at the IN
corrected position). This procedure also allows for additional parameters to be estimated by the filter such as the
offset from the centreline which is described by the Euclidean distance of the vehicle from the centreline.

As the performance of map matching and IN techniques are dependent on the accuracy of the spatial relationships
inherent in the map database as well as the measurements made by the sensors, they suffer from a fundamental
performance limitation; when the map or the sensor fails to perform the usability of the system also fails. This
research proposes that concepts of IN and map matching can be further improved through a feedback cycle that
integrates additional information provided by the user’s decision making processes.

4 A Draft of an Intelligent Location Model

This section explores the potential of the feedback cycle proposed above (Figure 1) between the positioning and
localization component. The aim of a feedback cycle is to expand current sensor fusion and location models for
cooperative and more intelligent reasoning. The key to the feedback cycle is the introduction of places—of different
spaces and different granularities—in the distributed reasoning processes.

Places, in the context of positioning and localization of a mobile positioning platform, or a mobile user respec-
tively, can be studied with respect to two fundamental ontological distinctions: space and time. This distinction
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Figure 3. A hierarchical partition of places, and a position with its confidence interval.

leads to three layers of feedback mechanisms:

• a layer purely based on spatial concepts, primarily position, place and location,
• a layer based on temporal concepts (events), primarily change of place, and
• a layer based on spatiotemporal concepts (activities), primarily goal-oriented spatial behavior.

These layers are discussed in the following three subsections accordingly. In each of these subsections, first the
layer is characterized, and then the corresponding sort of feedback is identified. In particular, the mutual value to
improve positioning or location information is discussed.

4.1 The Spatial Feedback Layer

4.1.1 Position to Location. The positioning component reports traditionally a pair of coordinates of the estimated
position. This position can be converted by a hybrid location model, if available, into location. This location model
needs the richness of multiple spaces and granularities, and the intelligence of navigation within this model to
identify the most relevant place for a given user’s decision situation.

But looking closer, the positioning component does have more information at hand that could be exploited by a
location model. The accuracy of the estimated position, for example, is a by-product of the adjustment. Once the
location model is informed about the accuracy, it can choose a place such that the position is reliably within this
place.

Consider the hierarchical hybrid location model in Figure 3. For simplicity let us call the places at each level of the
hierarchy with the level index. The position of a mobile positioning platform (bottom) corresponds with locations at
each level of granularity. The position is within p0 at Level 0, p1 at Level 1, p2 at Level 2 and p3 at Level 3. To make
an unambiguous choice of a place, the localization component can utilize for example the confidence interval of the
position (the true position of the mobile positioning platform is with 95% probability within the confidence interval
of the estimated position). It shows that one can not be certain that the mobile positioning platform is in p3 or even
in p2, because the confidence interval overlaps with outside places. But it is in p1 (with 95% probability), and in p0

(if p0 represents the world, this statement is always certain). Let us call p1—the lowest place in the hierarchy the
confidence interval is a proper part of—the default place, and in p1 the default location accordingly. By this way,
the inclusion of the accuracy into the feedback has improved the reliability of the localization.

Other feedback about the context of the positioning can be valuable as well. The sensors selected by the position-
ing component tell about the (infrastructure) of a place, for example. The fact that the mobile positioning platform
had clear GPS reception tells that the platform is at an outdoor location.

4.1.2 Location to Position. The localization component has at hand operational models to identify relevant places
in spatial data sets. The current (default) location, fed back to the positioning component, can be exploited to choose

This file is a pre-journal version; it does not include the final revisions. Definitive is only the journal version. 



10

Table 2. Some events in the sensor data streams, and their potential relation to places.

Type of event Potential relation to place
Handovers between mobile phone base stations Transition between places
Coming into range of WiFi / Bluetooth access points Being near, being at, being in a place
Handovers between on-board positioning sensors,
for example, from GPS to WiFi

Changing an environment, for example, entering a
building

GPS initialization Entering an outdoor open-sky environment

appropriate sensors. By this way, positioning components can be designed that switch on sensors only by demand,
to save energy.

Based on the current default location, other relationships can be introduced and exploited as well. For example,
the places at the level of a default location that share a boundary with the default location are neighbors to the default
location. (Default) places and their neighbors provide the opportunity to introduce barriers between places and their
permeability into the feedback cycle. Permeability can be used to make inferences about the actual position by the
positioning component.

The freedom of movement is limited by physical reality. Constraints by physical barriers can be introduced as
constraints into the Kalman filter, as discussed above in the context of intelligent navigation (Section 3). However,
there is no reason to limit these considerations to physical (bona fide) barriers. Places in different spaces can have–or
form–other kinds of barriers.

Social reality constrains movement, or the sequence of possible places, as well. For example, a place with a sign
“access forbidden” at the entrance distracts a person from entering (although physically possible). Social norms
can not only distract, but also enforce or channel movement behavior. In related work, Kuhn (2001) has derived an
action ontology from legal texts such as road traffic regulations.

Permeability also changes at different levels of granularity. Where movement between two rooms that are sepa-
rated by a wall is physically impossible, movement within a building is less restricted, and reaching the other room
may be physically possible at this level.

4.2 The Temporal Feedback Layer

A purely temporal approach is the introduction of events, i.e., changes of location, in the observation and feedback
reporting process.

4.2.1 Position to Location. On the side of the positioning component, the sensor observations can be interpreted
not only at a time, but also over time. For example, a GPS initialization during a movement indicates a move into a
place with GPS reception. Detection of these events are valuable information for the localization component. The
localization component, determining the default location from position and its accuracy, can take this additional
information to refine the default place. For example, in Figure 3 the default place p1 can be refined to p2 if the
evidence suggests that the mobile positioning platform just moved from outdoor to indoor, and p2 is the only indoor
location within p1.

Other events in sensor observations provide similar constraints for the localization process. Some examples of
events that can be detected by the positioning component are listed in Table 2. These examples link events with
constraints for the reasoning of the location model.

For this purpose, operational models need to be established that identify events in the sensor observations, report
them to the location model, and enrich the location model with the intelligence for constrained reasoning.

4.2.2 Location to Position. Events can also be observed by the localization component. Unnoticed by the position-
ing, a trajectory can provide evidence of a crossing of a boundary between two places. This observation with in the
localization component can be forwarded to the positioning component to some advantage. It can again serve in an
informed control mechanism of the positioning component to deploy appropriate sensors, and turn off ineffective
ones.
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4.3 The Spatiotemporal Feedback Layer

At the spatiotemporal layer, the goal-oriented behavior of the user of the mobile location-based service is in the
focus of interest. For example, a user of a mobile location-based service, who wants to be guided to the train station,
is probably not entering a museum. Both positioning and localization can improve from exploiting knowledge about
goals. At least hypotheses about preferred next movements can be established by this form of knowledge.

4.3.1 Position to Location. Change of place over time is guided by the affordance of places (Gibson, 1979; Jordan
et al., 1998) and by goal-oriented activities of moving persons (Miller, 2004; Raubal et al., 2004). Both of them
cannot be observed by sensors (except by learning typical movement patterns of the user (Liao et al., 2007)).
But what can be observed by the positioning component of a mobile location-based service is a deviation from a
projected route. Such an observation is valuable for a localization, since a deviation from a route is also a move into
another place.

4.3.2 Location to Position. A localization component knowing the user’s goal or the affordance of the current
location can hypothesize next movement steps, and form a sequence of places expected to be visited next. Such a
sequence, or even alternative sequences, can inform the positioning component again for an intelligent deployment
of appropriate sensors. Furthermore, if the evidence delivered by the positioning component is not supporting
the hypotheses on goal-oriented activities, the localization component can inform the positioning component and
request more or different observations, for example, trigger the deployment of more energy-consuming sensors. It
can also decide to trigger a message to the user.

The next section will demonstrate by example the technical feasibility of each feedback layer.

5 Test of the Feedback Layers

Outputs from the Kalman filter include not only estimates of position in terms of coordinates, but also measures of
the precision of these coordinates. These precision values reflect a combination of the precision of the measurements
used, the IN constraints implemented, and the computation process used. They define with a specified probability
the region in which the true position of the mobile user exists. Figure 4 gives an example of how these outputs can
be used to inform the spatial feedback layer.

Figure 4. Example of a spatial feedback layer.

Conversely, knowledge of the user’s trajectory can be used to add further spatial constraints to the Kalman filter
algorithm. For example, knowledge of the user’s planned trajectory to travel between work and home defines a
route. Figure 5 shows a typical set of route directions for this example as derived from commercially available
navigation software.

By defining this route, the map matching algorithm can be constrained to follow Lygon Street and constrain
the errors in the inertial sensor to constrain the heading measurement to the direction of Lygon Street. This approach
works well and results obtained are presented in Figure 6. It demonstrates the ability of the navigation system to
maintain the trajectory traveled by constraining the errors inherent in the positioning technologies through a spatial
feedback cycle. Where this approach fails to perform is when the user’s environment changes and the gaps in
available solutions are longer, such as when a user enters an indoor environment or makes a sudden change in
their destination. The temporal and spatial temporal feedback layers have been designed to compensate for these
problems.
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Figure 5. Directions from a navigation software: a travel plan.

Figure 6. Results from intelligent navigation information included in the Kalman filter process.

The temporal feedback layer (Figure 7) is updated with outputs from the Kalman filter as well as information from
the sensors themselves. For example, decreased coordinate precision will correlate with low (or none) numbers
of satellites or low signal to noise ratios. These are typical indicators that the mobile user has moved into an
environment where the GPS receiver is unable to receive signals, such as indoor environments. When this scenario
occurs the system can be informed to choose alternative sensors that work better in this environment, such as
inertial sensors, thereby giving more weight to these measurements.

In Figure 6, it can be seen that when the user enters her home the GPS positions increase in scatter and impreci-
sion. By observing the number of satellites in view, which drops from approximately 8 to 0, the system is able to
detect a change of environment and switches to the inertial sensor as the primary navigation mode. By further ob-
serving the measurements the system is informed that the user is no longer making rapid changes of accelerations,

This file is a pre-journal version; it does not include the final revisions. Definitive is only the journal version. 



13

Figure 7. Example of a temporal feedback layer.

and therefore, must have also changed the mode of travel. It is consequently reasonable to expect, given the user’s
itinerary and path traveled, that they have arrived at home.

The spatio-temporal layer is more challenging. The approach suggested here is to use outputs from the
Kalman filter to determine changes in the user’s state. For example, if the coordinates obtained from the fil-
ter are outside a threshold distance from the planned route, the user could be prompted to identify whether
she has changed her mind about a destination. The procedure can be demonstrated by exploring in more
detail what happened at the intersection at Lygon Street and Brunswick Road of Figure 6). According to
the route directions of the commercial navigation system the user, approaching from Lygon Street, should
turn left onto Brunswick Road. If the navigation system places the user as traveling further along Lygon
Street as detected in Figure 6, this could indicate either a large error in the position solution, or the user has
changed the destination. By comparing the precision of the position solution against a threshold value, it can
be identified whether it is in fact the position that is in error; if it is established that this is not the case the
user can be prompted to indicate whether there is a change of destination.

6 Conclusions

Location-based services aim to convey orientation and wayfinding information, in particular to non-specialist users.
As such, they have to make a special effort to communicate in terms that are cognitively ergonomic. The identifica-
tion of reliable location information is a major contribution to the interface design.

The main argument of this paper for an intelligent location model was, however, that by exploiting all context
information taken from the sensor observation and fusion process and from spatial data sets representing places
and their relationships in different spaces and granularities both positioning and localization can be improved.
The measure for improvement was either finding a more reliable location, or finding a location for less energy
consumption than an uninformed sensing process. The latter criterion is a major issue for mobile sensing platforms.

For this purpose, the paper proposed a feedback cycle which is designed to integrate positioning and the deter-
mination of location. In particular, the feedback cycle was partitioned in three layers of feedback. For each layer,
the kind of feedback was characterized, and the value was discussed. Furthermore, each layer was demonstrated
with one example from a case study. The demonstration implemented identified constraints build from feedback
as constraints in the Kalman filtering of the positioning component. The discussion of the layers, as well as the
successful demonstrations, provide the evidence sought for to accept the hypothesis.

This paper shows the viability, directions and benefits of the feedback cycle. Specifically, it demonstrates the po-
tential improvements in positioning that can be realized through additional input from localization, and the potential
improvements of localization by additional input from the positioning. It also establishes a relationship between po-
sition, place and location, and by this way, designs an intelligent location model that can inform a user interface
with reliable location information.

In this paper, terms such as context, context-aware, context-adaptive were carefully avoided, although they are
used in related literature. They were avoided because of the difficulty to define them in a meaningful and unam-
biguous way. In one sense one can say that this paper suggest context-aware location-based services. But this paper
specifies and limits contextual information to three categories: the context of the structure of the environment (the
spatial layer), the context of sensing (the spatial and the temporal layer), and the goals of a user and the affordance
of places (the spatiotemporal layer).

This paper contributes a model of a feedback cycle, and demonstrates its viability. Future research will focus
on improving this seamless transition by developing an integration framework of tightly coupled procedures and
models, and the intelligence to control them. Essentially, this requires the development of computational models of
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place (for the spatial feedback layer), of events (for the temporal feedback layer), and of reasoning about movements
and their freedom (for the spatiotemporal feedback layer). Each of these required models represents a fundamental
challenge for research.
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