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Abstract. Gathering and analyzing location data is an important part
of many ubiquitous computing applications. The most common way to
represent location information is to use numerical coordinates, e.g., lat-
itudes and longitudes. A problem with this approach is that numerical
coordinates are usually meaningless to a user and they contrast with the
way humans refer to locations in daily communication. Instead of using
coordinates, humans tend to use descriptive statements about their lo-
cation; for example, "I’'m home” or "I'm at Starbucks.” Locations, to
which a user can attach meaningful and descriptive semantics, are of-
ten called places. In this paper we focus on the automatic extraction of
places from discontinuous GPS measurements. We describe and evaluate
a non-parametric Bayesian approach for identifying places from this kind
of data. The main novelty of our approach is that the algorithm is fully
automated and does not require any parameter tuning. Another novel
aspect of our algorithm is that it can accurately identify places without
temporal information. We evaluate our approach using data that has
been gathered from different users and different geographic areas. The
traces that we use exhibit different characteristics and contain data from
daily life as well as from traveling abroad. We also compare our algo-
rithm against the popular k-means algorithm. The results indicate that
our method can accurately identify meaningful places from a variety of
location traces and that the algorithm is robust against noise.

1 Introduction

The location of a user plays an important role in many ubiquitous comput-
ing applications. The most common way to represent location information is to
use numerical coordinates such as latitudes and longitudes. The main problems
with this approach are that the raw location measurements are difficult to use
in location-aware applications [I] and that the measurements are seldom mean-
ingful to a user [2]. For example, we do not refer to our home or workplace as
a pair of GPS coordinates. A more appropriate way to utilize location informa-
tion is to use the notion of place. A widely used definition for a place is given
by Relph, who defines it as a combination of the physical setting, the activities
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supported by the place, and the meanings attributed to the place [3]. In this
paper, we consider a place as a location to which a user can attach meaningful
and descriptive semantics. Thus we focus only on the physical setting and the
meanings attributed to a place; see [4] for other definitions of a place.

In this paper we focus on the task of automatically extracting places from
discontinuous GPS traces. We consider two kinds of discontinuous traces: traces
that have been gathered by sampling the GPS periodically (once every minute)
and traces that have been gathered by sampling the GPS whenever the GSM
cell identifier changes. Our methodology can be applied also with other kinds
of discontinuous GPS traces (e.g, periodically sampled localization traces). As
our main contribution we introduce a statistical model for extracting places
from this kind of data. The model is based on the non-parametric Bayesian
frameworkEl, more precisely, Dirichlet process mixture models [BI6]. We model
data points using multivariate Normal distributions and thus our model can also
be understood as an infinite Gaussian mixture model [7]. The main novelty of
our approach is that the algorithm is fully automated and does not require any
parameter tuning. Another novel aspect of our algorithm is that it can accurately
identify places without considering temporal information.

We evaluate our place extraction algorithm using two data sets. The data
sets that we use exhibit rather different characteristics: the first data set contains
location traces from daily life situations and the second data set contains location
traces gathered during a business trip. We also compare the Dirichlet process
clustering algorithm against the popular k-means algorithm. Our results indicate
that the Dirichlet process model is a good candidate for extracting places as, in
both cases, the algorithm produces accurate and compact results. In addition,
the Dirichlet process model is robust against noise in the location measurements.

The rest of the paper is organized as follows: Sec. Bl gives background in-
formation on why certain locations are meaningful. Sec. [ introduces related
work on place extraction. Sec. @l introduces our problem setting and presents the
statistical model. Sec. [l presents our experiments. Sec. [f] concludes the paper.

2 Background: Why Some Places Are Meaningful?

There are various explanations to why some places would be meaningful in
the first place. For example, environmental psychology [§] examines how people
structure their daily activities around common places such as GROCERY STORE,
HOME and WORK. Accordingly, this view suggests that meaningful locations cor-
respond to locations around which users relate specific activities. This view has
been applied in pervasive computing by Zhou et al. [9].

A complementary view can be given using social identity theory [10]. Social
identity theory studies the relationships between the individual and the soci-
ety, and, more specifically, how an individual’s self conceptions relate to the

! The term non-parametric Bayesian is somewhat confusing as the models actually
contain an infinite number of parameters. In this paper we use the term ’'non-
parametric’ to follow its common usage found in the literature; see, e.g., [5].
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expectations and norms imposed by the society. Nurmi and Koolwaaij [I1] have
used social identity theory to argue that some places are meaningful because
they act as boundaries between different roles and social categories. For exam-
ple, WORK is related to being an employee whereas HOME is strongly related to
social categories specific to private life. This view is complementary to the en-
vironmental psychology view in the sense that it attempts to explain why the
structuring takes place.

The places that act as boundaries between different social categories are not
the only meaningful places. Consider for example the sentence “let’s meet at the
same place where we met yesterday”. This sentence refers to a location that is
meaningful in a specific social context. The data in our setting does not carry
sufficient information about the social situation of a user, and for this reason we
ignore this kind of places in this paper.

Also various public places can be meaningful, simply because they serve as
easily recognizable navigation cues. Zhou et al. [I2] conducted a user study that
identified five different place categories: generic, well-known public, specific pub-
lic, personal and activity-based. Of these categories, we focus on the generic
(airport, gas store), personal (home, workplace) and activity-based (hobby re-
lated) places, as they separate different social categories and activities.

3 Related Work

The main research directions in the analysis of location data are localization and
place extraction. In localization, the goal is to determine the user’s location as
accurately as possible using whatever location information is available. The most
common technique for localization is fingerprinting; see, e.g., [I3U14]. The second
category, place extraction, attempts to find spatial areas that are somehow im-
portant to the user. Localization complements place extraction in the sense that
it can be used to gather accurate location traces that place detection algorithms
can use. In this paper we focus exclusively on place extraction.

Approaches for extracting places from location data can be categorized based
on the source of location information. The most common approach has been to
use continuously gathered GPS traces. The algorithms for GPS traces are typ-
ically based on distance and time-related heuristics. For example, Marmasse et
al. [15] use signal loss and distance between successive measurements to identify
buildings. Meaningful places are then obtained based on the frequency of visits
to the specific buildings. Ashbrook and Starner [2] use a cut-off parameter to
determine whether a user stays long enough within an area that has a predefined
radius. If the duration of the stay exceeds the value of the cut-off parameter,
the location is identified as a place. Toyama et al. [16] present a variation of this
work that employs multiple radius parameters to detect meaningful locations at
different granularities. Zhou et al. [I7] use a modified DBScan algorithm and
temporal preprocessing to extract places. The temporal preprocessing ensures
that the places are really visited frequently enough and the modification to the
DBScan algorithm is needed to cope with signal errors. Other approaches for

GPS data are presented, e.g., in [I8T920/2T].
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The main problem with the GPS-based approaches is that GPS signal is not
available indoors. In addition, tall buildings can reflect signals and cause signal
loss or weak measurements in metropolitan areas. Nevertheless, GPS information
is easily available and it requires minimal infrastructure investments. The main
problem with place detection algorithms that use GPS traces is that they usually
have tunable parameters or cut-off values. The algorithms can easily become
sensitive to fluctuations in GPS signals and may require parameter tuning for
different GPS receivers and environments; see also [22].

In bounded areas, such as office buildings, campuses, research laboratories or
even individual cities, information about the physical location of radio beacons
can be used to derive estimated location traces (e.g., [I3U14]), from which places
can be extracted. For example, Kang et al. [23] first use a customized spatial
clustering algorithm to detect clusters from the data. The clusters act as can-
didate places and they are labeled as a place when the user stays long enough
within the cluster. The BeaconPrint algorithm of Hightower et al. uses similari-
ties in fingerprints of the radio environment to detect places [24]. An advantage
of these techniques is that they work both indoors and outdoors. However, a
disadvantage of these approaches is that detailed fingerprint information is not
available on many mobile phonesE and custom hardware is often needed to ob-
tain the required information. Nevertheless, our algorithm can be also used for
location traces derived via fingerprinting techniques.

Aipperspach et al. [22] have used a commercial positioning system to obtain
high precision indoor location traces. These traces were then used to extract
places within a home. The algorithm that they use is based on Gaussian mixture
models, which are a simplified version of the model we use. The main problem
with this approach is that obtaining high precision location traces requires costly
infrastructure investments, which limits the usefulness of this approach.

Also some work on extracting places from GSM identifiers has been suggested
[25126]. Since the size of GSM cells can be rather large, places extracted from
GSM data are necessarily only crude estimates of the true meaningful places.
Nevertheless, the major advantage of GSM cell based clustering is that it does
not require any additional hardware and that the clustering can be performed on
the device without need to ever connect to a server. This option is thus optimal
from a privacy perspective.

It is also possible to combine the advantages of the GPS approach with GSM
identifier based clustering. Nurmi and Koolwaaij [I1] use data consisting of GSM
transitions and GPS coordinates at the transition point. This approach is more
accurate than the GSM identifier based approach, and requires fewer resources
from the device as GPS data is read only when a cell transition occurs. The
main disadvantage of this approach is that the system is not able to get accu-
rate location information when the user is indoors. Furthermore, since data is
collected only at the transition points, this can cause bias to the results.

2 For example, Nokia phones provide only information about the GSM cell tower to
which the phone is currently connected. Accurate fingerprinting, on the other hand,
requires information about several GSM towers.
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The work presented in this paper offers three advantages over existing work.
First of all, our approach is fully automated in the sense that it does not depend
on any tunable parameters; most earlier methods require at least specifying
the number of clusters beforehand whereas our algorithm is able to infer also
this from data. Secondly, our approach requires minimal hardware investments3.
Finally, the discontinuous nature of the GPS traces makes it possible to gather
data for longer periods before the user needs to recharge the device. In practice
we have been able to gather data for more than one day without recharging the
mobile device.

4 Setting, Statistical Model and Algorithm

This section describes the statistical model and the algorithm that is used to
cluster data points. The notation that is used in the paper is summarized in
Table [11

Table 1. A summary of the notation used in the paper

Symbol Description
Yi Individual data point
y The vector (y1,...,yn) of data points

ci Cluster indicator for data point i

c Vector (c1,...,cx) of cluster indicators
C_; The vector (61,...,ci_l,ci+1,...,cn)

k The number of clusters

n Number of data points

Y Sample mean

Y, Mean of data points associated with cluster j
X Sample precision

L The mean vector of cluster j

S; The precision matrix of cluster j

nj Number of data points in cluster j

_i,; Number of data points in cluster j excluding point 4

A Mean vector for the prior on cluster means p;

R Precision matrix for the prior on cluster means p;

I6] Degrees of freedom for the prior on cluster precision matrices S;
W Inverse scaling matrix for the prior on cluster precision matrices S;
«@ Concentration parameter of the Dirichlet process prior

10} Auxiliary variable that is used for sampling «

my  Mixture weight for the distribution used to sample o

Model
The data in our setting consists of (Latitude, longitude) pairs that mark the
transition point between two GSM cells. We use y = (y1,...,yn) to denote the

3 Mobile phone with an integrated GPS or a phone and a Bluetooth GPS device.



116 P. Nurmi and S. Bhattacharya

data. Each data point y; is assumed to belong to a single cluster. Intuitively,
this assumption implies that the user cannot be simultaneously at HOME and at
WORK. We assume that the number of clusters is finite but unknown beforehand.
The variable k is used to denote the number of clusters, and ¢; is used to denote
the cluster indicator that specifies to which cluster data point y; is currently
assigned. We use ¢ = (cq,...,¢,) to denote the vector of cluster indicators over
all data points.

The data in each cluster is assumed to follow a multivariate Normal distribu-
tion with mean p; and precisiorﬂ matrix S;. We assume that both p; and S
are unknown. The distribution of a single data point y; is thus given by

yilei = g, g, S; ~ N (g, S571) (1)

Since the cluster parameters p; and S; are unknown, we need to assign priors
for them. The selection of the priors is important as they influence how likely it
is that the clustering algorithm creates a new cluster component. In our case we
use conjugate priors because they offer a good balance between computational
simplicity and clustering performance. The conjugate prior for the multivariate
Normal distribution, when both the mean and the precision matrix are unknown,
is to assign a Normal distribution on the mean vector and a Wishart distribution
on the precision matrix (see, e.g., [27]). Accordingly, we have

pj~N (AR (2)

S; ~ Wi (2@ ;Wl) , (3)

where A, 8, R and W are hyperparameters. Following Rasmussen [7], we use a
hierarchical model and assign priors to all hyperparameters. If we want clusters
that are on average of specific size, we can fix the values of § and W beforehand.
This can be done, for example, by assigning W to be the sample covariance and
setting 3 so that the product SW ! corresponds to the desired coverageﬁ.

Let y denote the sample mean and X the sample precision. We assign A a
Normal distribution whose mean equals the sample mean and whose covariance
matrix corresponds to the sample covariance, i.e.,

A~ N (y, 271 (4)

The distribution of A has full support over the set of data points. This implies
that samples from the prior on cluster means f; also have full support over the
data points. The prior also implies that values of y; that are near the sample
mean are most likely. A potential problem with this prior is that it puts more
weight on the center (sample mean) of the data points, but this does not neces-
sarily correspond to a place. For example, in large cities people often commute

4 T.e., Inverse covariance.
5 The product SW ! corresponds to the expectation of the Wishart distribution on
the cluster precision matrices.
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for a long period of time to get to work. In this case, the sample mean corre-
sponds to the midpoint of the travel route and samples from the prior on cluster
means rarely fall near the actual clusters (home or work). Thus, the algorithm
can take longer time to convergence. An alternative is to assign A a uniform
distribution over the set of data points.

The matrix R specifies the precision matrix for the cluster means. Intuitively,
we would want the expectation of the distribution on R to correspond to the
sample precision X' as in this case the values for ;; are on average drawn from
a distribution that is specified by the sufficient statistics of the data. We also
have to ensure that the resulting Wishart distribution is well definedd. This can
be achieved by assigning the following distribution on R:

R~ Wi (27 ;2> . (5)

The hyperparameters for the prior on precision matrices are more compli-
cated. We start from the variable (3, which defines the degrees of freedom for
the Wishart distribution on S;. We do not want to limit the size of clusters
beforehand and hence we need to assign a vague prior on 3. However, we also
need to ensure that the Wishart distribution over S; remains well defined. These
two goals can be achieved by assigning (§ a flat, continuous distribution over the
interval [1,00). In order to achieve this, we consider the variable (3 — 1)~! and
assign a Gamma prior for it:

G-~ a(5) ©

Samples for § — 1 follow a flat inverse-Gamma distribution and they are within
the interval (0, 00). Thus the distribution of 5 is as desired.

For the hyperparameter W, i.e., the inverse scale matrix of the prior on S,
we assign the following Wishart prior:

W ~ Wi (2, ;2—1) (7)

The expectation of W equals the sample covariance and, since the expectation
of Sj equals AW !, samples from S; are on average scaled variants of the sample
precision matrix.

Our model specification is lacking a prior for the cluster indicators ¢;. We can
consider our model as a limiting case of a mixture model where the number of
components goes to infinity, and the mixing proportions have been integrated
out. Following Neal [28], the prior distribution of ¢; can be written in the fol-
lowing form:

¢ = jle—; N—ig
= Jle- n—1+4+a«a
a
4 i Vq € L...,k . 8
ci #qle no14a (V2 { )y (8)

5 A Wishart distribution Wi(b, W) is well defined whenever the p x p matrix W is
positive definite and b > p holds for the degrees of freedom parameter b.
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Here n_;; denotes the number of data points that belong to cluster j when
the data point 7 is ignored. The variable « is the concentration parameter of the
Dirichlet process prior that, together with the priors on p; and Sj;, governs the
rate at which new clusters are created and c_; is a vector that contains all other
cluster indicators except ¢;, i.€., €_; = (C1,...,Ci—1,Cit1,.-,Cn).

The support of the prior on ¢; is the countably infinite set {1,2,...,k,...}
where k£ denotes the number of clusters that have currently data points associated
with them. For each of the represented clusters j € {1,...,k}, the prior assigns
a probability mass of n_; ;/(n — 1 + «). A probability mass of a/(n — 1 + «)
is assigned for all of the unrepresented clusters combined. Thus, although the
number of clusters is potentially infinite, only some of them are represented at a
given time and we do not need to make a distinction between the clusters that
are unrepresented.

To finalize our model specification, we need to assign a prior on the concen-
tration parameter a. Again, we assign a vague inverse-Gamma prior so that

a1~g<;,2>. 9)

This prior results in a flat distribution that has support over (0, 00).

Algorithm

In order to utilize the model, we need to be able to compute summaries for the
parameters from the posterior distribution of the parameters given the data. A
standard way to achieve this in a Bayesian framework is to use Markov chain
Monte Carlo (MCMC) techniques. In our case we use Gibbs sampling (see [7I28]),
which is a MCMC algorithm that sequentially updates each parameter in turn.
The updates are sampled from a probability distribution that is conditioned
on the values of the other parameters. Thus, when sampling a new value for a
specific parameter, we keep the values of all other parameters fixed. Detailed
discussion about MCMC is out of scope of the paper and we refer to [29] for
more information.

A high-level description of the algorithm is shown in Alg. [[I and the sam-
pling distributions that are needed to perform Gibbs sampling are given in the
Appendix. To improve the speed of convergence, we sampled the values of the
cluster parameters and hyperparameters nine times as often as the cluster indi-
cators ¢;. In other words, we set the threshold value in Alg. [l to 10.

Two parameters, « and (3, cannot be sampled using traditional methods as
their conditional distributions do not correspond to any density that is known
in closed-form. In order to sample «, we used the scheme proposed by West [30].
In this scheme, the first step is to sample the value of an auxiliary variable ¢
that depends on the number of parameters and the current value of «. After
this, the new value of « can be drawn from a distribution that corresponds to
a mixture of two Gamma distributions. The sampling formulas are given in the
Appendix and we refer to [30] for more details. Sampling § is more complicated.
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Algorithm 1. Gibbs sampler for the model

1: Input: data y

2: Initialization:

3: Compute sufficient statistics y and X
4: Create a single cluster and assign all data points to it (i.e., c = (1,...,1))
5: Draw initial values for the hyperparameters
6: Sample parameters for the first cluster using the priors
7
8

repeat
if iterations since last cluster indicator update < threshold then
9: for each active cluster component ¢ do
10: Sample new value for p. and S.
11: end for
12: Sample hyperparameters \, R, W
13: Sample (3 using Adaptive Rejection Sampling
14: Sample auxiliary variable ¢ from a Beta distribution
15: Compute mixture weight 7
16: Sample o' from a mixture of two Gamma distributions using ¢, k and my
17:  else
18: for each data point y; do
19: if iterations > burnout period then
20: Store current values
21: end if
22: Construct the sampling probabilities for the represented clusters given y;
23: Create a Monte Carlo estimate for the probability of the unrepresented
classes
24: Sample new value for ¢; using the constructed probabilities
25: end for
26:  end if

27: until convergence

Rasmussen [7] observed that the distribution of log 3 is log-concave, which makes
it possible to use adaptive rejection sampling [31] for sampling new values of (3.
The formulas required to perform adaptive rejection sampling are also given in
the Appendix.

Performance

The performance of the Dirichlet process algorithm depends, among other things,
on the number of points and on the spatial distribution of data. When the
data is relatively evenly distributed, the cluster indicators mix properly and
the algorithm converges rapidly. However, when the data is spread out, i.e., it
has long and narrow commuting traces (for example, the Innsbruck dataset in
Sec. B), the mixing is much slower. In general, for a given number of clusters,
the cluster parameters converge in few hundred (100 - 500) iterations, but the
cluster indicators may require several thousands, or even hundreds of thousands,
of iterations to converge. The development of inference algorithms for Dirichlet
process models is currently an active research area and many improvements have
been recently suggested in the literature [32I33].
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5 Experiments

5.1 Datasets

We have evaluated our approach using two different datasets. The first dataset
has been collected in the city of Enschede, (the Netherlands) and the second
dataset has been collected in Innsbruck (Austria). In the following we briefly
describe these two datasets. The datasets are shown in Fig. [Il

Enschede. The first dataset that we consider has been gathered by a single user
in the city of Enschede. The test subject lives in the city and the measure-
ments have been gathered over a period of one year. Hence, this dataset is a
good representative of location traces collected from daily life situations. The
data collection was based on voluntary participation. The data was collected
using a Nokia 6680 mobile phone and an external Bluetooth GPS receiver
(Emtac S3 BTGPS). The GPS measurements were collected whenever the
GSM base station to which the device is connected changed. In total, the
data set contained over 19000 location measurements. However, most of the
measurements were duplicates and there were only 700 distinct GPS mea-
surements. Most of the duplicates correspond to indoor measurements as
commonly used GPS devices return the last known GPS measurement when
they lose the signal. Moreover, as the data collection was voluntary, the user
mainly collected data during working hours.

Innsbruck. The second dataset that we consider has been collected in Inns-
bruck during Ubicomp 2007. The data has been collected by a single user

Fig. 1. A visualization of the datasets that we use in our experiments. The figure on the
left-hand side shows the preprocessed Enschede dataset and figure on the right-hand
side shows the preprocessed Innsbruck data.
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using a Nokia N95 mobile phone and a Holux GPSlim 236B Bluetooth GPS
receiver. The dataset contains 530 unique measurements. The measurements
were collected by sampling the GPS receiver once every minute. The mea-
surements contain both work and tourism related location traces. Hence the
setting in the Innsbruck dataset nicely complements the Enschede dataset.

5.2 Experimental Setting and Evaluation Metrics

Before running our algorithm on the location traces, we performed a sanity check
that removed unrealistic observations. GPS receivers occasionally give measure-
ments that are suddenly off by several hundreds of kilometers; though, our ex-
perience suggests this is extremely rare and occurs mainly on cold starts. Never-
theless, the sanity check ensures that when this event occurs, the faulty data is
ignored. As another preprocessing step, we removed all duplicate measurements.
While it might seem that we lose information by dropping data, the removal of
duplicates does not affect the clustering accuracy of the Dirichlet process algo-
rithm. This is because, when the number of points is small, the spatial distribu-
tion of points, i.e., how close neighboring points are to each other, dominates the
clustering. In frequently visited regions the spatial distribution is typically com-
pact whereas when the user is commuting the distribution is more spread out.
After removing the duplicates, we ran the Dirichlet process algorithm on the
data. For both data sets we ran around 225 000 iterations. From the results,
we computed summaries of the mean and precision matrices for the clusters.
We also performed post-processing on the results. In the post-processing phase
we pruned out clusters that had large variance. From the results we observed
a clear threshold as a fraction of the clusters had a relatively small variance
whereas the remaining clusters tended to have a larger variance. To select the
best cutoff threshold, we used agglomerative clustering on the cluster variances;
see Fig. This gave us thresholds that were around 1.0 x 107°. Note that

Dendrogram for Enschede Dendrogram for Innsbruck
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Fig. 2. Dendrograms for cluster variances in the Enschede and Innsbruck datasets
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we are considering coordinate units, and this threshold value corresponds to
approximately 100 meters. We also removed clusters whose relative frequency
(i.e., nj/n) was smaller than 3% as these clusters are unlikely to correspond to
meaningful places.

After the post-processing, we visualized the clusters using Google Earth. For
visualization we use the 95% error ellipses, which correspond to the 95% confi-
dence region around the mean of a cluster. We showed the resulting clusters to
the user whose data was used. We asked the user to label the clusters and to
assess the quality of clustering. Although the evaluation procedure we use is non-
standard for evaluating machine learning algorithms, it provides an intuitive way
for evaluating the accuracy of the extracted places. A similar evaluation proce-
dure has also been used in human computer interaction research [9]. To provide
a comparison against other techniques, we also repeated the same experiments
using the k-means algorithm. When we ran the k-means algorithm, we used the
same number of clusters that our algorithm was able to identify from the data
and we also performed the same pre- and post-processing steps. The results of
our experiments are discussed in the next section.

5.3 Results

Enschede. The results for the Enschede dataset are shown in Fig. Bl The al-
gorithm discovered 16 clusters, of which 4 were considered meaningful after
post-processing. The size of the clusters varied from three data points to 282
data points. Although we considered only GSM transition points, the algo-
rithm was able to identify the home and office clusters exactly. In addition to
home and work, the algorithm was able to identify a park area. The fourth
cluster corresponded to regions around work. Hence, the algorithm was able
to detect two partially overlapping work clusters. The k-means algorithm,
on the other hand, outputted 6 clusters, most of which were relatively large

Fig. 3. Results for the Enschede dataset. The figure on the left-hand side shows the
results of the Dirichlet process clustering and the results on the right hand side show
the results of the k-means algorithm.
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Fig. 5. Altitude plot for Innsbruck data. The darker the color, the higher the altitude.

and meaningless. One of the clusters corresponds to work and one corre-
sponds to home, but both cover a much larger region than the Dirichlet
clustering. Since the data collection was based on voluntary participation,
the original data consisted mainly of commuting traces and measurements
from home and office. However, the results suggest that the Dirichlet clus-
tering is much better in handling noise caused by the irregular sampling of
GPS measurements.

Innsbruck. The results for the Innsbruck dataset are shown in Fig. @l Initially,
the algorithm was able to detect 14 clusters. The size of the clusters ranged
from 7 data points to 195 data points. After the post-processing step we
were left with 5 clusters, all of which were meaningful. One of the clusters
corresponded to the hotel where the user was staying during the conference.
From the downtown area the algorithm was able to detect two other clus-
ters that were centered around locations where the person had eaten. The
remaining places corresponded to locations on top of a mountain (2 places,
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one corresponds to the location of the Ubicomp banquet). The data did not
contain the conference venue, because the person did not gather data during
the conference sessions. Again, the results of the Dirichlet process cluster-
ing are much more compact than the results of k-means, which identified
7 places from the data (after post-processing). Moreover, the results of the
Dirichlet process clustering have a rather clear pruning threshold, whereas
the results of the K-means do not.

From the results of Dirichlet process clustering we observe that there are
two clusters (Banquet and Hafelkar) that are not as compact and accurate
as the other clusters. Both places are on top of mountains (see the altitude
plot in Fig. (), which indicates that changes in altitude cause some problems
for the clustering. Though, the Dirichlet clustering suffers less than k-means.
Considering how to reliably take into account also altitude information in
the clustering is part of our future work.

6 Conclusions and Future Work

In this paper we have introduced a statistical approach for extracting places
from discontinuous location traces. Contrary to most of previous research, our
algorithm does not have any tunable parameters. We demonstrated the accu-
racy and robustness of the algorithm using two real world datasets that exhibit
rather different characteristics. Our results suggest that Dirichlet processes are
a powerful tool for spatial analysis of location measurements and that they can
be used to automatically detect locations that are meaningful to users.

In terms of future work, we are currently extending the model to take alti-
tude information into account. In addition, we are constantly collecting more
location measurements and we are also planning to compare the algorithm more
extensively against other methods suggested in the literature. However, instead
of focusing on multiple persons in the same city, we are focusing on comparing
the algorithms in cities with different spatial characteristics. Finally, we plan to
speed up the converge of the algorithm by considering an improved inference
algorithm.
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Appendix: Formulas for the Gibbs Sampler

p(pjle,y, S, A\ R) ~ N ((njy;‘-rsj + )\TR) (n;S; + R)™", (n; S, + R)_l)

(S |cy/~LJ7B7 (ﬁ—i—n],(Wﬁ—i-Z(yl—uj)(yz—,u])T) )
k

p(R|/L1,...,uk, Wz

<k+1 Z i= A -—A)) )
p(W|Si,..., Sk, B (kﬁ+1 2+ﬁ25j) )

p (Pley, k)
p (a6, K) ~ 7oG (k+ 32 1056) + (1= m)6 (k= 5,2~ logo)

N—ij

n—1+4+a«
* — «
pla=clema)~ 27T Lol S)p (S, R BIW) dusds,

+1,n)

p(ci = jle—i, yi, 1y, Sj) ~ Z7} p (yilei = 4, 15, S;)

Here Z~! is a normalizing constant, 7, = (k—0.5)/(2n—nlog¢+k—0.5) and
¢* represents a new cluster component. The variable ¢ is an auxiliary variable,
which is used for sampling the value of «; see [30] for details and derivation.

The conditional distribution p(5|S1, . . ., Sk, W) is not of standard form and we
sample instead values for log § using adaptive rejection sampling. The formulas
for adaptive rejection sampling are:

3 1
logp (log 5|51, ..., Sk, W) oclog f —  log (B — 1) — 51 — kflog?2

+§ilog|5j—k(F (é’) +F(ﬁ;1))

30 & kB

0
mogﬁlogp(logﬁlsh-..,Sk,W) =Tt o1 T o

Bk By
— kplog2+ ", log[W] + 2;10g\5j|

() (0)

Here ¥ is the digamma function, i.e., the logarithmic derivative of the Gamma
function.
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