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Abstract. Increasing availability of sensor-based location traces for in-
dividuals, combined with the goal of better understanding user conte xt,
has resulted in a recent emphasis on algorithms for automatically ex-
tracting users' signi cant places from location data. Place- nding can be
characterized by two sub-problems, (1) nding signi cant locations , and
(2) assigning semantic labels to those locations (the problem of \mov-
ing from location to place") [8]. Existing algorithms focus on the rst
sub-problem and on nding city-level locations. We use a principl ed ap-
proach in adapting Gaussian Mixture Models (GMMs) to provide a rst
solution for nding signi cant places within the home, based on the rs t
set of long-term, precise location data collected from several homes. W\e
also present a novel metric for quantifying the similarity betwe en places,
which has the potential to assign semantic labels to places by comparing
them to a library of known places. We discuss several implications of
these new techniques for the design of Ubicomp systems.

1 Introduction

The importance of understanding users' contexts is widely accepted in the Ubi-
comp community. Understanding context can help systems behave appropriately
in a variety of situations and integrate more seamlessly into everydayife. Re-
cently, the increased availability of position sensing technologies has res@t in
a focus on nding signi cant places based on traces of a user's position [3, 8{10,
12,13, 23]. Places are stable contexts within which social practices arétsated
[7], playing a signi cant role in broader de nitions of context.

Hightower et al. [8] list two problems in developing algorithms for nding
signi cant places for individual users: (1) nding signi cant locations and (2)
assigning semantics or names to those signi cant locations (\moving from ¢-
cation to place"). The primary contributions of this work are a solution to the
rst problem in the domain of the home and the introduction of a novel method
for addressing the second problem, based on a measure for comparing the sim-
ilarity between places. Most existing algorithms for nding signi cant locati ons
target building-sized locations within city-scale areas, since most availabldo-
cation data sets exist at a building-scale resolution. We have collected the rst



long-term, high-precision home location traces [2], enabling us to begin devel-
oping place- nding algorithms for the home. The distribution of places within
the home di ers markedly from the distribution at city-scale, motivating the
development of new techniques for nding places in the home. To validate our
algorithm choice, we discuss the places it nds in several homes.

Most existing place- nding algorithms focus on the problem of nding sig-
ni cant locations rather than on assigning semantic labels to the places they
nd. Instead, they rely on geocodingrepositories (e.g. Microsoft MapPoint) or
on hand-labeling by people [26] to apply labels. Hightower et al. [8] also natthat
geocoded information, like raw coordinates, \does not correspond to someone's
mental model of their personal routine nor to the terminology they use when
discussing the places they go." We provide a step toward solving this problem.

Concretely, we describe a method for measuring the similarity between di er-
ent places that should enable automatic labeling of new places. By measuring the
similarity between places, it is possible to nd recurring structures that reveal
the shared types of place within a particular culture (e.g., bedrooms in one home
should be similar to bedrooms in other homes within the same culture). While
it is dicult to learn the specic details of a place, we claim that the shared
attributes of places can be automatically detected. Using these attributes, new
places can be compared to a library of known places resulting in an (indirect)
understanding of the new place. The limited availability of location traces from
homes makes it dicult to build and test a library of similar places. In this
work, we make use of the largest high-precision home location data set curremtl
available to highlight the potential of such techniques. Our similarity metric is
based on emergent properties of places resulting from people's patterns of be-
havior. Consequently, we claim that it satis es some of the notions of contek
constructed through actions, rather than imposed via a xed structure.

In section 2 we describe existing de nitions of place and argue for the impor-
tance of measuring the similarity between di erent places. In section 3 we discuss
related work. Section 4 describes our algorithm and the results of applying it
to a set of location data collected in several homes. Finally, section 5 describes
potential design implications and section 6 concludes and provides directions for
future work.

2 A De nition of Place

2.1 Existing De nitions of Place

The de nition of place that we use in this paper is most aligned with the work
of Harrison and Dourish [7]. They observe that designers of interactive syems
and virtual environments often build notions of \space" { the three dimensional
environment in which objects interact and events occur { into their systems with
the goal of facilitating interaction by framing users' behavior in the same way
that it is framed in the physical world (i.e., by relying on spatial metaphors).
However, they argue that behavior in the physical world is framed not only by
space but also by the actions normally performed in that space.



Harrison and Dourish de ne place as \a space which idnvested with under-
standings of behavioral appropriateness, cultural expectations, and so forth,"
saying that \we are located in space, but weact in place". That is, a place is
useful for framing behavior because a user can make use of culturally embedded
knowledge to determine what activities are appropriate for particular places.
Whether walking into a church, a post o ce, a living room, or a kitchen, people
use cues based both on both the architecture and con guration of the space and
on the observable behaviors of others to understand what kind of place they are
entering and how they should act. According to this de nition, a place's meaning
is jointly constructed by the physical structure of a location and the activit ies
that regularly occur there.

This de nition of place is a useful de nition for designers of Ubicomp systems.
Many recognize the need for determining users' context to better support their
activities through appropriate and relevant actions [4]. They look for cues that
determine appropriate behavior in particular situations, which is exactly what
Harrison and Dourish suggest that \place" encodes. Interestingly, Harrison ad
Dourish's de nition of place is similar to de nitions in other elds, such as place
settings in environmental society [27]. However, a discussion of these similarits
is beyond the scope of this paper.

2.2 Working De nition of Place

From the existing de nitions of place, we highlight six attributes of place along
two di erent dimensions:

{ Attributes relating to time-invariant physical con gurati on
Position , a bounded region in three-dimensional, physical space
Physical structure , the architectural components of a space
Object co-presence , the consistently present artifacts in a space (e.qg.
furniture)

{ Attributes relating to the historical behavior within a place
Time , the distribution of time spent in a particular place
Stable patterns of behavior , the set of activities that occur in a place
Person co-presence , the patterns of presence of other people within a
place

Drawing on activity theory [11], we argue that common patterns of interaction
between people, objects, and locations (as captured in the six attributes above)
embody the set of common behaviors characteristic to each place as suggested by
Harrison and Dourish. The categorization of these attributes into two dimensons

is a matter of conceptual convenience. In general, the physical con guration at-
tributes and the historical behavior attributes are deeply intertwined. (Notions
like \a ordance" attempt to capture this connection.) In fact, their interconnec-

tion can be considered both a consequence of and a generator of social culture [7].
Practically, however, the distinction between physical and behavioral attributes
prescribes a basis for the algorithms we present later.



Shared Notions of Place  Because places are intertwined with culture, there
exist common notions of place within speci c cultures (e.g., \kitchen", \meeting
room", \bedroom"). This fact is captured in the following argument: because
strangers can enter spaces and, at a glance, assess both the names of the places
and the activities likely to occur there, there must exist a shared notion of
types of places and the appropriate actions for each of those types. (Of course,
strangers may miss more idiosyncratic activities, e.g. eating cereal for lsakfast
while standing in the kitchen).

As a result of these shared cultural de nitions of place, it should be possible
to measure the similarity between particular \instantiations" of those pl aces in
individual homes { e.g., bedrooms should appear similar to other bedrooms, and
kitchens should appear similar to other kitchens. In this work, we present an
initial metric for comparing places in the home. We utilize the fact that di erent
types of places tend to support di erent typical activities, basing our comparison
metric on the patterns of use in the spaces we compare. The correlation between
types of place and typical activity patterns is supported by previous work. For
example, in a study of 100 Brazilian homes, Monteiro [15] found a correlatio
between the types of activities carried out in di erent places and the relative
distance of each place from the entrance of the home. In section 5 we discuss
several implications of a system for measuring shared notions of place.

3 Previous Work

Recently, a number of authors within the ubiquitous computing community have
considered the problem of nding signi cant locations based on a person's loca-
tion history. We describe some of the existing methods below. Most algotihms
focus on nding signi cant locations at the city-scale. In agreement with previous
studies of place within the home [18, 28], we argue that places in the home are
signi cantly di erent from larger-scale places. Consequently, di erent methods
are required for nding places in the home.

3.1 Existing Place-Finding Algorithms

Existing place- nding algorithms can be divided into two classes,geometry-based
and ngerprint-based [8]. Examples of geometry-based algorithms include those
by Marmasse et al. [13], Ashbrook and Starner [3], Liao et al. [12], andKang et
al. [9]. Each of these algorithms takes a history of locations from aisgle person
(e.g. from GPS readers) and nds locations where the person spends signi cant
periods of time. The algorithms vary based on the type of sensor data they use
and on the speci c clustering algorithm they use. For example, Ashbrook and
Starner search GPS data for locations where position changed slowly or reautjs
dropped out completely, indicating times when the user was not moving or was
inside a building. They apply a hierarchical variant of k-means to cluster the
candidate locations. Kang et al. use sensor-agnostic location traces to determine



when users remained within a (speci ed radius) \space-sized" region for at least
some minimum amount of time to nd signi cant locations.

Examples of ngerprint-based algorithms include those by Trevisani and Vi-
taletti [23], Laasonen et al. [10], and Hightower et al. [8]. These algdthms
calculate the \ ngerprint" of a person's location (e.g., a vector of currently v isi-
ble cell towers and wireless access points), nd recurring ngerprints where the
person spends a signi cant amount of time, and return a list of places based on
signi cant ngerprints. These algorithms make the assumption that there exists
a stable mapping between the ngerprints they nd and the three-dimensional
physical space that humans inhabit.

Existing place- nding algorithms nd signi cant locations for di erent indi-
viduals, but they do not attempt to label types of places or to compare places
across di erent people. For example, existing algorithms do not address the prob-
lem of automatically labeling places as belonging to the class \work" or \hone"
or of determining that two people's \work" places are similar unless those places
are in the same physical location. Without knowledge of these distinctions, it
is more appropriate to treat these methods as nding signi cant locations, not
places.

3.2 Place in the Home

There has been little work done in determining signi cant places in the home
based on location histories, primarily because high-resolution (sub-meter ac-
curacy) location traces for residents within the home have not been available.
However, several observational studies have explored the concept of place in the
home. Oswald et al. [18] found that elders tend to spend much of their time in
favored places These centralized locations, which often provide easy access to
essential (e.g., medication and food) and important objects (e.g., pictures Bd
diaries) are crucial in allowing elders to remain autonomous as moving about
their homes becomes more di cult. Based on qualitative studies in a range of
homes, we found similar use of favored places within a more general population
(see [28]). Like Oswald, we found that study participants spent the majority of
their time in favored places. However, we found that participants also visied a
range of kinetic places or places used for shorter duration activities often in-
volving physical manipulations, such as the bathroom, a mirror for doing ones
hair in the morning, or a kitchen counter used to make sandwiches for lunch.

The work cited above suggests that places in the home exist at a variety of
levels, ranging from small places like a single mirror to entire roomsln this work,
we are interested in nding places that are large enough to capture generic usage
patterns across people and homes (e.g. cooking, sleeping), yet small enough to
reveal di erences in these patterns. Places satisfying these constraints should
be comparable between people and be semantically meaningful. Often, di erent
sized places exist even at the same semantic level (e.g., living rooms and bath-
rooms). The range of place sizes makes it di cult for existing algorithms that
assume places at a single level have similar sizes (e.g. [9, 13]).



Additionally, places in the home are much closer together in relation to their
size than are places at the building scale (consider the distance between work
and home, compared to the di erence between two rooms in a home). The small
size and close proximity of places in the home means that the separation between
places is close to the scale of errors in location sensor readings, even when using
very accurate sensors. (The size of places and typical error bounds for our sensor
data are both on the order of meters.) As a result, a more probabilistic viewof
places is necessary than is taken in many existing place- nding algorithms. For
example, we applied Kang et al.'s place- nding algorithm to the data for each
participant (with a place-size of 2 meters and a time window of 2 minutes).
Because place sizes and noise in the home are at similar scales, readings taken
while a user remains in a single place frequently fall outside the bounds of that
place. Of data while users where home and awake, the Kang algorithm labeled
an average of 45% of points as \moving between places" and 55% as belonging
to a speci c place. However, qualitative data analysis and interviews based on
our data found that most people spend the majority of their time in a small
number of favored places and little time moving around [2], suggesting thisdrge
portion of unlabeled data is an undesired artifact of the algorithm.

Consequently, we developed a new geometry-based algorithm for nding sig-
ni cant places in the home. This algorithm must work for environments where
the ratio of place size to inter-place distance is high. Therefore, the algorithm
must be capable of nding places without relying on the detection, either explic-
itly or implicitly, of movement paths between places.

4  Finding Place in the Home

As discussed earlier, we treat place as an emergent quality of the physical struc-
ture of a location and of the routine activities that people carry out there. Instead
of directly processing the rich details intrinsic to both of these dimensions, w
use simple proxies. For physical structure we use the set of locations that peopl
have occupied. For action and activity we use the rst-order temporal patterns
in each person's position data. Both proxies are common input features for ast-
ing place- nding algorithms (e.g. [8, 9]), and the tunable parameters used by our
algorithm are similar to those used by other algorithms. However, whilethese
algorithms are reliable and accurate in their intended domains (city-scale aregs
they do not work at the scale of places within a home (see section 3.2).

Like other place- nding algorithms, our main algorithm described in section
4.2 identi es signi cant locations rather than places. However, the similarity
metric described in section 4.3 considers the activity patterns that di erentiate
places from locations, helping to address the problem of moving from location
to place. While the location data in our data set does not capture the full range
of attributes of place described in section 2.2, the spatial and temporal pattens
provide a good starting place for such analysis. As richer data sets become
available, the algorithm can be expanded to include additional attributes of
place.



4.1 Data set

There are currently few data sets providing accurate in-home location informa-
tion. Typical examples are Rowan and Mynatt [20], who collected one year of
data from a single woman using in- oor pressure sensors, providing meter-level
accurate location traces, and Tapia et al. [22], who collected 2 weeks of data fmo

2 single-person apartments using 80 binary state-change sensors with known
locations, providing sub-room level accuracy.

In this study, we make use of highly-precise (sub-meter) sensor data which we
collected from 3 homes using ultra wideband (UWB) sensors from Ubisense, Ltd.
[25]. To our knowledge, this is the rst long-term, high-precision set of location
data collected in the home. The data set includes location traces for each person
(7 total) in the study, over a time period ranging from three weeks to several
months in each home. Each data point is a 4-tuple containing: (1) x positia, (2)

y position, (3) time, and (4) the duration of time that the measurement covers.
For more information about the data collection process, see [2]. The partigiants
from each home are described below:

1. Home 1: Brad and Jacqueline A one-bedroom apartment occupied by Brad
and Jacqueline, two graduate students from Australia.

2. Home 2: Jack and Margaret. A one-bedroom apartment occupied by Jack
and Margaret, a recently married couple from England.

3. Home 3: Sierra, Gaby, and Cathy A three-bedroom, single story home oc-
cupied by Sierra and Gaby, a female couple, and their roommate, Cathy.

4.2 An Algorithm for Detecting Signi cant Locations in the Home

Before describing the details of our algorithm, we introduce the following terni-
nology as a matter of convenience:

candidate place : a bounded region proposed as a likely place
merge : the process of combining two candidate places into one candidate place

Candidate places are the primary data element that our algorithm uses. Merging
is the primary action performed on these elements.

Algorithm Description The algorithm we use in this work is an agglomerative
clustering version of the standard Gaussian Mixture Model (GMM). Our choice
was in uenced by the fact that we needed to nd robust clusters with respect
to noisy position readings (which led us toward GMMs) and the fact that we
did not want to hand-code the number of places to nd (which led us toward an
agglomerative process).

To ground our discussion, we rst describe the standard GMM algorithm.
The GMM algorithm is an iterative process for tting Gaussian probability dis-
tributions to data, consisting of two sub-steps. The pseudo-code is as follows:

1. choose a xed number of clustersM



2. initialize these clusters to cover di erent portions of the data
3. loop until convergence
(a) for each data point and each cluster, calculate the probability that the
cluster generated the data point
(b) for each cluster, calculate the best Gaussian parameters to explain the
data that is strongly associated with it

Usually, the initialization is performed using k-means. We refer to the Gaus&n
clusters in our algorithm as candidate places. Each candidate place is a three
dimensional Gaussian distribution. Two of the dimensions correspond to positin
and one to time3

Our algorithm augments the basic iterative architecture of the standard
GMM with one additional sub-step: an agglomerative step that merges clus-
ters meeting various merging criterion. This additional step occurs after step
3 in the pseudo-code above. We employ three di erent merging criteria during
three phases of our algorithm. At a high level, these phases are (1) merge data
points adjacent in space and time into \visits", (2) merge temporally adjacent
visits that do not individually meet a minimum duration, (3) merge spatially
similar visits into signi cant locations. Each of these merging steps hasan asso-
ciated parameter that relies on a measure of closeness between candidate places.
In describing the algorithm below, we will introduce these parameters, the values
we used for the parameters, and the measure of closeness that they rely on.

The algorithm starts by creating one candidate place for each data point.
Because each candidate place is initially generated from one data point, the as-
sociated Gaussian distribution will have zero variance in the two positio dimen-
sions. To combat this issue, we require all candidate places to have a minimum
variance along each dimension. Although our position data has sub-meter accu-
racy, the sensors can give sporadic noise readings that are several meters sgwa
Consequently, we set the minimum variance to be 1.0 for each dimension of the
Gaussian distribution.

The choice of minimum variance determines the minimum size of a candidate
place. For our choice of parameters, this means that no candidate place can
be smaller than about 1 meter in radius. For our data, this is a reasonable
constraint. Obviously, the minimum variance values will have to be adjusted br
data covering di erent temporal and spatial scales.

Now, we discuss the three phases of the algorithm and their associated merg-
ing steps. In the rst phase, we use the following heuristic for merging candidate
places:if two candidate places are temporally adjacent and cover siilar posi-
tions, they are likely covering data from the same place andhsuld be merged
into one visit. \Similar spaces" is captured in a parameter, 1. 1 is a threshold
on the joint KL-divergence* between the two candidate place probability dis-
tributions. This heuristic is utilized in most existing place- nding algorithms,

% To simplify the calculation performed by our algorithm, we treat each di mension in
the Gaussian distribution as independent.

4 KL-divergence, or Kullback-Leibler divergence, is a calculation of the similarity be-
tween two probability distributions. It is written Dk, (PjjQ), where P and Q are



used to determine when two location readings come from the same place, and is
similarly enforced using a threshold on some distance metric between candidate
places.

In the second phase, we continue to apply the heuristic used in phase one
and also apply the following heuristic: a place visit should explain a minimum
duration of data. We encode this heuristic in the parameter . Again, many
place- nding algorithms encode this heuristic in a parameter as well. Generally,
it is described as the minimum time that a person must spend in a candidate
place before it is treated as a true place.

Finally, in the third phase we apply the following merging heuristic: if two
candidate place visits cover similar spaces but are not tengpally adjacent, they
are likely encoding two di erent visits to the same place andshould be merged
This heuristic is captured in the parameter », which, like ; from phase 1, is
a threshold on the joint KL-divergence between candidate places. Many exist-
ing place- nding algorithms also utilize this heuristic, and there has even been
discussion on di erent metrics for capturing it numerically [8]. There is an impor-
tant distinction between this merging step and the previous two. When merging
two candidate places, instead of averaging the distributions for each place in the
time dimension, we create a new candidate place whose distribution is the union
of the two candidate place's distributions. As a result, candidate places take
on a slightly new form during phase three: they have a single two-dimensional
Gaussian distribution of x and y positions but potentially many Gaussian distri-
butions over time. This allows each candidate place to account for many disjoint
visits to the same place.

The space and time complexity of this algorithm depends on both the pa-
rameter values and the input data. In the best case, the algorithm will use
O(Nlog(N)) time and space, whereN is the initial number of data points. In
the worst case, it will require O(N 2). We implemented the algorithm in Matlab
and ran it on a Pentium 4 with 1GB of RAM. The algorithm took between 30
minutes and 2.5 hours to run (we had between 38K and 110K points for each
person).

Setting Parameter Values The algorithm has three parameters: 1, ,and »
corresponding to the three di erent phases of merging. 1 encodes the conditions
for merging time-adjacent points into candidate places and is constrained by
the geometry of the data and the minimum variance values that are chosen
for the initial candidate places. We could treat the minimum variance values
as additional parameters; however, we found the following steps for adjusting
1 provide su cient control over phase one of the algorithm. The rst step is
to set the minimum variance values based on the geometry of the data and a
common-sense idea of minimum place size. We used 1.0 meter for both position
dimensions and 1.0 millisecond for the temporal dimension. The second step is
to consider the distribution of joint KL-divergences between the initial candidate

probability distributions over the same space. Since KL-divergen ce is not symmetric
in its arguments, we calculate Dk, (PjjQ) + DkL (QjjP), the joint KL-divergence.



places. Although not strictly bi-modal, this distribution exhibited a strong peak
of values such that choosing ; = 1:0 merged most of the candidate places that
covered similar positions and avoided merging candidates from di erent places.
We xed 1 = 1:0 for the remainder of this discussion and for all the results
presented in section 4.4.

To set the second parameter, , which encodes the minimum duration of
a visit to a place, we tested many possible values ranging from 30 seconds up
to 10 minutes. As discussed in [8], this parameter needs to satisfy con icting
constraints. First, it needs to be short enough that good candidate places are
not discarded for not having been visited long enough. Second, it needs to be
long enough so that spurious places, created by noisy sensor readings or by
brief pauses in an insigni cant location, are discarded. Since we are interested
in nding places with relatively short visits, like bathrooms, a short minim um
duration seemed appropriate. For our data, we found that a value of 1 or 2
minutes worked well for most participants.

Finally, », which encodes the conditions for merging spatially overlapping
places during phase three, needs to be set so that candidate places covering
approximately the same place are merged while candidate places covering dif-
ferent places are not. The value of this parameter depends on the ratio between
the size of single place to the distance between places. Unlike at the city scale,
where sensor readings rarely exhibit noise that makes a point intended for one
place, e.g. \work", appear near a di erent place, e.g. \grocery store", our sensor
data at the scale of a single home often exhibits noise characteristics that nka
readings ambiguous as to which place a person is in. Although not a rigorous
test, we used two out of the three houses to observe the e ects of this parameter
(treating the third house as a held-out test set). , = 2:0 works well for the data
used in this study.

4.3 Measuring the Similarity Between Places

The similarity score that we calculate is derived from the output of our place-
nding algorithm. We calculate the score as follows. First, we use each data
point's posterior distribution (over candidate places) to label it with it s most
likely candidate place. In general, the posterior distributions for data points are
very peaked, so taking the maximum value is appropriate. Next, using the se-
quence of data point labels, we calculate the duration of each visit made to e&c
place. For example, if ten successive data points covering 45 seconds all received
the same place label, and the preceding and succeeding data points received
di erent labels, then these ten data points constitute a single visit lasting 45
seconds. We also record the time of day that this visit covers. From these vibi
segments, we calculate a joint distribution over durations (discretized into eyo-
nentially growing bins, e.g. 1-2min, 2-4min, 4-8min) and times-of-day (discretized
into twenty-four overlapping 5 hour windows) for each place. We claim that these
joint distributions roughly characterize the shared attributes of a place, based
on the notion that activity patterns follow regularities in terms of their dur ation
and the time-of-day during which they occur. The logical measurement to make
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between distributions is the joint KL-divergence. Although the KL-divergence
between the complete joint probability distributions (over durations and time-
of-day) provided reasonable results, we found that using only the distribution
over durations resulted in better matchings between the places we found in our
data set, and we use this distribution in calculating the similarity scores reprted
below.

4.4 Results

We ran our place- nding algorithm on the data from each study participant,
throwing out places accounting for less than 1% of all data. This resulted in an
average of 6.6 places per person (ranging from 4 to 9). In general, each pengwad
one place accounting for \not home" data (participants placed their sensors at a
predetermined location, typically by the front door, when they were away from
home) and one place accounting for sleeping. The remaining places accounted
for activity patterns while participants were at home during the day. Sample
places from Households 1 and 3 are shown in gure 1. The t of these places to
the true place in the home, based on experiences in interviews with participants,
is discussed in section 4.5.

The similarity measures between all pairs of places were also calculated as
described previously. We used these measures to nd the optimal many-to-one
bipartite matching between the places for each pair of people (matching each
place from one person to the \closest" place from each other person). Sample
matchings are shown in table 1.



Table 1. Similarity-based place mappings. ltalic place-names indicate unexpected
mappings.

Within household

Brad Table Living Gone Moving(1) Bath Couch Bed
Jacqueline  Table Living Gone Bath Bath Living Bed
Margaret Table Kitchen Couch Bath Gone Spare room
Jack Table Gone Couch Bath Kitchen  Spare room
Between households

Sierra Oce Bed Living Moving Bath Couch Gone
Brad Table Moving(2) Gone  Moving(l) Bath Couch Bed

4.5 Evaluation

Evaluation of Place-Finding Algorithm Quantitatively evaluating the \cor-
rectness" of places in the home is a particularly di cult process. Systems de-
signed to operate at the city scale are often evaluated based on the percentage
of places in the data that they correctly identify. However, this evaluation met-

ric requires that it is possible to identify each important place by hand. For a
city, this is straightforward (Hightower et al. [8] had participants carry around

a clipboard and write down every place they visited), but places in the home
are less well de ned, depending on subtle patterns of use. We argue that the
\correct" places in the home should not be identi ed to match a set of a priori
hand-labeled locations but rather allowed to emerge from the behavior of users,
constrained only by the limitations of the characteristics of place that we de ned
and built into our algorithm. We evaluate the found places by considering how
well they match places that would be expected from a taxonomic labeling of
people's places (e.g. bedrooms, living rooms, etc.) and by looking for the pres-
ence of interesting places that emerge from unexpected patterns of use. We base
these evaluations on the qualitative interviews we conducted in each household
[2,28].

Figure 1 illustrates examples of typical and atypical places in Households 1
and 3. For each person, typical places such as couch, kitchen table, bedroom
and bathroom often appear. Because these places emerge only when there are
signi cant lengths of time spent in them, the set of labeled places is di erent
for each individual. This is best shown an example from Household 3, where
Sierra and Gaby live together and rent their spare room to Cathy. The sets
of places for Sierra and Cathy re ect the partitioning of the house between
the di erent people: Sierra's places include the master bedroom, o ce, living
room, and kitchen; and Cathy's places include her bedroom and the kitchen.
This distribution of places highlights the di erence in space use for the di erent
people, as well as highlighting the kitchen as the primary shared space in the
house.

The benet of allowing other, unexpected, places to emerge, rather than
evaluating them with respect to an a priori metric can be seen in an example



from Household 1. In the main living area of the house, both Brad and Jacqueline
reported that there were two signi cant places: the living room couch and the
kitchen table. However, for both Brad and Jacqueline, our algorithm found three
places covering portions of the main living area: the living room, the kitchen
table, and a third \moving around" area that included both places.® Looking at
the periods when this larger space was used, we found that it was used during the
night of Brad's birthday party. During that time, the two were moving around

in the entire main living area of the houseas if it were a single place In this
case, our place- nding algorithm revealed a signi cant pattern of place use that
would not have been identi ed in a hand labeling of places and that was not
apparent from our interviews. Looking more closely at the sequence of places
visited by Jacqueline during the party, we discovered that she began the party
in the \moving around place" and as the end approached began to spend more
time in the \kitchen table" and \couch" places, suggesting that her use of space
became much more localized at the end of the party.

Similar unexpected places are revealed in data from the other households.
During the study period, Jack and Margaret in Household 2 had just moved into
their apartment and had not yet purchased a bed, sleeping instead on the futon
in the main living room of the house each night. As a result, neither labeled the
bedroom as a signi cant place during the study. However, the spare bedroom
did show up as a signi cant place for both Jack and Margaret. In Margaret's
case, this was because she used the room to do exercises. In Jack's case, this
was because he had an ant farm in the spare bedroom that he would visit pe-
riodically throughout the day to take pictures of the ants. (He was creating a
time-lapse video of their behavior.) Again, our algorithm revealed patterns of
activity and place use that were not immediately apparent upon examination
of the architectural space or reported by participants but instead arose from
activity.

Evaluation of Similarity Measure The limited amount of in-home location
data available makes it di cult to rigorously test our similarity measur e. Our
goal here is to highlight the potential usefulness of comparing the similariy be-
tween places. We evaluate our measure by showing that the resulting mappings
between the places of di erent people are semantically appropriate (e.g., bed-
rooms are mapped to bedrooms). We also discuss instances where this mapping
is unintuitive. Finally, we consider the usefulness of the mappings in captur-
ing common structures by using them to improve predictive models of people's
movement patterns in their home.

Table 1 shows the optimal bipartite mappings between the places of dif-
ferent participants. In general, the mappings between the places of two people
from the same household are good. For example, a comparison between Brad
and Jacqueline ts the expected semantic mapping between places except for

5 Brad's moving around place was split and partially merged with a \not home"  place
because his sensor frequently produced readings in the main livig room when it was
actually near the front door (where he hung his tag while away).



mapping \Moving" to \Bathroom" (the couch to living room mapping is rea-
sonable because Jacqueline does not have a separate couch place). Similarly, the
mapping between Margaret and Jack is as expected, except for mapping between
\Kitchen" and \Gone". This incorrect mapping can be attributed to sensor noise

{ Jack and Margaret's kitchen and door (where they hung their tags) were so
close together that readings often bounced between them.

Mappings between participants from di erent households t with expected
mappings in most instances but show more unexpected mappings than within
household comparisons. In the mapping between Sierra and Brad, bedrooms are
incorrectly matched. However, this mapping also reveals an interesting behavior
pattern: Sierra's o ce and Brad's kitchen table appear to be incorrectly mapped
together. But, interviews with both participants revealed that Sierra tended to
work in the o ce and Brad tended to work at the kitchen table more often than
eating there. Because our similarity score compares patterns of behavior between
places, it captures the fact that, while Sierra's o ce and Brad's table appear on
the surface to be di erent, the two in fact function as similar places.

The similarity measures between places can also be used to capture and share
common patterns of behavior between di erent people. Many researchers have
attempted to predict movement patterns of people between places. For example,
Ashbrook and Starner [3] use a second-order Markov model to predict transitions
between signi cant places, Aipperspach et al. [1] use higher-order Markov models
to predict transitions, and Liao et al. [12] use a hierarchical activity model to
predict transitions. We suggest that good measures of the similarity between
places will help to capture \typical" transition patterns between di erent types
of places (e.g., the pattern \people often go from sleeping to the bathroom").

As a method of evaluating the bene t that can be gained by using typical
patterns of movement between places to aid in learning movement patterns for
an individual in the home, we have built a 3rd-order Markov model over the
sequence of place-visits for each individual, as in [1] and [3]. We then build
a model that is \bootstrapped" with data from other individuals, using the
mappings between places generated based on our similarity measure. This model
is built using the Bayesian mixture method implemented in the SRI Language
Modeling Toolkit (SRILM) [21].

In evaluating the performance of each model, we use cross-validated perplex-
ity as reported by the SRI toolkit. (A model that perfectly matches the data has
a perplexity of 1; models with less than perfect matches have higher perplexity.)
Following Mehta et al. [14], we de ne Fq to be the area between the learning
curve for the rst (single person) model and its optimal value (e.g., the area
below each dotted line in gure 2). We then de ne Fg;; as the area between the
learning curve for the second (multi-person) model and its optimal value (e.g.,
the area below each solid line in gure 2). EachF measures the performance of
its model based on rate of learning and maximum performance, and thérans-
fer ratio, Fiﬁ measures the performance gained when using information about

typical movement patterns between di erent genres of place.
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Fig. 2. Learning curves showing transfer between Brad and Jacqueline in Household 1.
The dashed line shows the model performance for a model trained only on data from
Brad, and the solid line shows the model performance of the same modelinitialized

with data from Jacqueline. The model has a transfer ratio of 1.20.

Figure 2 shows the results of running the predictive models on the data
from Brad in Household 1, showing the performance when the model is boot-
strapped with data from Jacqueline (in-household transfer). The bootstrapped
model has a transfer ratio of 1.197 when compared with the model using only
Brad's data, indicating successful transfer of shared movement patterns when
using the similarity-based mappings between places.

When evaluating transfer between other study participants, we discovered
that our mappings resulted in signi cantly lower transfer ratios. The primary
reason for this is that two people's places do not always have an isomorphic
mapping. Hence, requiring a single set of place names to function for two people
is a strong assumption to make. In our data set, only Brad and Jacqueline had
isomorphic place mappings. We identify two potential solutions to this. First,
one could increase the library of known places to include enough cases that an
isomorphism is likely to exist between two sets of places. Second, we could allow
for probabilistic place name mappings.

5 Design Implications

5.1 Predicting Activities

Several projects are focusing on building models of human activity, which is a
di cult process involving the collection and labeling of large histories of data
from di erent types of sensors [6, 19, 22]. However, the shared context of culire
can signi cantly simplify this problem. For example \common sense" repositories
(like the Internet) can be automatically mined for information about comm on
tasks [29]. Similarly, since culturally shared notions of place encourage celita
activities and not others, an algorithm which can determine how similar a place
is to \typical" places of various types could enable context-aware applications b
determine the activities most likely to occur in that place. Given a broad enough



sample of places from di erent homes, applications could potentially learn com-
mon types of places and then learn typical behaviors for each. Additionally,
Ubicomp systems that reference places by name (e.g. [24]) could use names de-
rived from similarity to places with known names to replace hand-labeled names
for locations. Currently, the limited availability of accurate locatio n and activity
data from multiple homes makes it impossible to fully validate the posshility

of learning typical places and associated activities from sensor data. As more
data becomes available, we intend to explore more fully the improved activity
prediction that can be carried out using shared notions of place.

5.2 Place, Similarity, and Context

An understanding of a user's context is an important aspect of Ubiquitous com-
puting. Dourish [5] describes several problematic assumptions made by tradi-
tional views of context. He argues that context is not a stable object, de nable
separately from the activities of an individual. Rather, he suggests that contex
is a dynamically de ned phenomenon, emerging from and maintained by the
patterns of activity collectively carried out by individuals. According to Dour-
ish, our goal as technologists is not \to support particular forms of practice, but
to support the evolution of practice."

Our notions of place in the home are in part an attempt to distill meaningful
information encoded in people's patterns of movement in a manner compatible
with the goals described by Dourish. In particular, both the places that we nd
and the relationships between them are allowed to emerge entirely from activity
We make few assumptions about the structure of those patterns and instead
look for an emergent structure based on people's actions.

The ability to nd and compare emergent contextual structures suggests
several design possibilities. We consider an example in elder care. One common
task in elder care applications is to detect changes in behavior that provide early
warning of changes in a person's health [16]. Our similarity metric could be p-
plied to monitor how a single person's place usage changes over time (e.g., by
calculating the similarity between the same person's places over two time peri
ods). A low similarity between the sets of places found for an elderly individual
may show changes in sleeping patterns or activity levels. These changes in place
use could be used to highlight potential health issues. The changes could also
be visualized as part of more re ective technologies, such as the ambient health
feedback displays developed by Morris [17].

6 Conclusions and Future Work

In this paper, we have presented the rst (to our knowledge) algorithm for nding
signi cant places in the home based on location sensor data, and have explored
the novel technique of calculating the similarity between places as an aid in
understanding the places found by our algorithm. This work is based on the rst
sub-meter accuracy location traces collected in the home. In order to more fully



validate our techniques, particularly in light of the relative uncertainty in the
boundaries and de nition of place in the home, it will be necessary to continue
collecting accurate location traces from a larger set of homes. This will all us to
explore the range of places that exist in the home and to begin to categorize and
understand the di erent types of places that exist across homes, quantifying the
work done in [28]. We also plan on collecting and analyzing more diverse types
of sensor data. By deploying a broader range of sensors to detect both location
and activity, we will be better able to explore the relationship between place ad
activity and to determine if culturally shared notions of place and appropriate
activities can be used to improve activity recognition algorithms.

Currently, the only long-term high-precision location data from the home
is in the form of (X,Y) location traces. With current location technology, this
data is di cult to collect, requiring a lengthy sensor installation and calibrat ion
process. We expect that in-home location traces will become more readily avail-
able as location-tracking technologies improve. Another possibility is to eplore
ngerprint-based place- nding algorithms for the home. Because ngerprint al-
gorithms rely only on recurring patterns of sensor readings, not on detecting the
absolute position of each person, the sensor installation process would lpeeatly
simpli ed. For example, a typical installation may involve only the placement
of radio beacons throughout a home instead of the careful installation and cali-
bration of sensors in known positions. Given such ngerprint data for the horre,
it would be possible to nd signi cant locations and compare their similarit y
to each other using a variant of our algorithms, at the expense of losing the
mapping between the places found and absolute position within the home.

Finally, while we developed our current metric for comparing the similarity
between places based on the types of patterns we saw in place usage in the home,
we are interested in trying these similarity metrics on place usage at othescales.
We plan on applying our similarity measures to existing place data availableat
the city scale.
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