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Abstract. Our level of spatial familiarity with a particular place determines
our navigation and interaction around that particular space. Despite its
importance, most location based services rarely consider a user's spatial
familiarity when delivering their services. The lack of integration of a user’s
spatial familiarity in location based services may be due to scarce work in
automatic detection of a user’s spatial familiarity.

In this work, following related studies in both psychology and geography,
we propose a system that, given the user’s current location, can automati-
cally infer the person’s level of spatial familiarity around the area he/she is
currently in.

The system first maps the user's location to a specific place and obtains in-
formation about the place and the surrounding areas. The features consi-
dered for the classification are: The number of visits and time of last visit
made to the location he/she is currently in, the type of place and the spatial
layout associated with the place, the relationships between the user and the
place, such as, authoritative constraints: a person under 21 cannot enter
bars, as well as attributes related with the person's profession: a computer
science major has visited numerous computer laboratories in the past, and
therefore although they may currently be in a never before visited computer
laboratory, to some degree, they are familiar with the environment. Finally
the user's behavior is also considered for classification, in particular, a us-
er’s movement pattern, such as taking loops, shortcuts, or immediate re-
verse path (indicating that user took a wrong direction), and movement
speed, such as a long pauses. The feature extraction is done on both a mo-



bile device and external server. The classification is done with a Bayesian
logic network in an external server. Our results suggest that it is possible to
automatically infer a user’s spatial familiarity given these features. We be-
lieve that the integration of our system to modern location based applica-
tions could improve the user’s experience. For instance, map visualizations
and automated trip generation applications could be dynamically changed
depending on the user’s level of spatial familiarity.
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1. Introduction

The level of spatial familiarity we present with our surroundings is a key
factor of how we navigate and interact with the environment. Yet most loca-
tion based services (LBS) rarely consider this variable when delivering their
services, because the work, which has considered this variable, has rather
focused more on analyzing how a person's level of familiarity with their sur-
roundings affects the performance of the person’s tasks. For example, in
Lovelace, Hegarty, et al., 1999, the authors proved that the type of route a
user prefers to take highly depends on his/her familiarity with the area.
Additionally the work done by Powell, S.B., M.A. Geyer, D. Gallagher, and
M.P. Paulus, 2004, demonstrated that the degree of familiarity with ones
surroundings defines the degree of exploration, i.e., in a familiar environ-
ment, that the individual presents a greater initiative to visit novel places in
comparison to when he/she is in an unfamiliar environment.

We believe that using these results, we can implement very useful LBS ap-
plications in which, using known values of a certain area or a specific place
based on the individual's level of familiarity, we can present different routes
as well as map visualizations. Moreover, knowing whether a user is familiar
or unfamiliar around the surrounding areas could also improve the genera-
tion of automated trips.

The underlying problem is that despite its importance, not much work has
been done in automatic inferring system to find whether a person is famili-
ar or unfamiliar with the environment he/she is currently in; advances may
be lacking due to the fact that the concept of familiarity is evidently a much
more complex concept than many other concepts that also qualify know-
ledge. The work of Nathan Gale, Reginald G Golledge, William C Halperin,
Helen Couclelis (1990), intended to be the first approach in measuring a
person's spatial familiarity. The authors devised two forms for qualifying
these values, one was through self-evaluation and the other was through the
analysis of a person's actions and behaviors.



Clearly, self evaluation would resolve the problem of knowing a user's cur-
rent spatial familiarity, but constantly querying a person about how familiar
he/she feels with each new place he/she visits could impose a cognitive load
and could also be very cumbersome for the user, and it is therefore not a
viable solution.

Recent work has taken the approach of analyzing a person's behavior to
infer his/her degree of familiarity. The work done by Meneses, Filipe;
Moreira, Adriano, 2006, is an example of this; the problem their work
presented is that, despite the diverse behaviors that have been linked to
spatial familiarity such as exploration and routes selected to traverse the
space, the authors only considered the number of visits to a location for a
measure of spatial familiarity. In this work, we propose a novel algorithm
which analyzes much more features for automatically inferring a user's
Spatial Familiarity with his/her current environment. In the following
section we explain our algorithm in greater detail.

2. Algorithm Overview

Our algorithm is currently designed to return familiarity scores to places
the user visits. For each user a user model is created and it holds informa-
tion about the places the person has visited in the past, such as the com-
puted familiarity score and other relevant place information. The user mod-
el also stores a user's personal information. All of these data is obtained
from the user’s social network, in particular we utilize Facebook and fours-
quare. It was decided to obtain the information from social media sites, to
limit the user’s cognitive workload. The only information the user is re-
questd to provide are her social media credentials and to list 3 places she
can affirm to feel familiar with. These places are utilized for ground truth
data. Our system adds these places into the user model, and when the sys-
tem detects that the user is visiting these places, the system analyzes the
user’s behavior in these places as well as the relationship between the user
and the place, to understand what makes a familiar place familiar.

When the user visits a new place, our system first obtains information
about the place. Our system utilizes information available on the internet
around the place for the data gathering. In specific, foursquare is utilized,
that is, from foursquare, the nature or category of the place is obtained.
This category is then analyzed against the categories of the places the user
has visited. We count how many places in the user’s history match the cate-



gory of the current place the he/she is visiting. From this number we obtain
its logarithm, the result provides a metric indicating how familiar the per-
son feels interacting with the space. This score is stored and is later utilized
for calculating the overall familiarity score. The next step in our algorithm
is to analyze if the place’s category matches the category of places that are
known to have generic layouts, such as airports. We manually mapped each
foursquare category to a score indicating whether or not the layout of the
places belonging to that category is known to present the same spatial navi-
gation space. This score is stored and is later utilized for calculating the
overall familiarity score. The next step in our algorithm is to infer if the
place is related in some way to the user’s profession or to the user’s hobbies.
Psychological studies have shown,(see for example J M Cortes, a Greve, a B
Barrett, M C W van Rossum, 2010) that people express familiarity senti-
ments when the place they are in is related to their works or to some of their
leisure activities and that is why our algorithm integrates this metric for
measuring spatial familiarity. To obtain information about the user’s job
and hobbies, we crawl the user’s Facebook profile page. (to use our applica-
tion, the user must provide their Facebook and foursquare credentials and
give the application access to their data.) From the user’s Facebook profile,
we obtain the person’s education information, e.g., studied computer engi-
neering in the National Autonomous University of Mexico, jobs held, e.g.,
worked as software engineer for Google, and the information in activities
and interests, e.g.,playing beach volleyball. From the words in these differ-
ent entries, a document holding all the words is created. Next, the fours-
quare tags and comments that are associated to the place the user is cur-
rently in are retrieved. For each word associated with the place, its log fre-
quency weight[28] with respect to the document that holds the user’s work
and hobbies information is calculated. The log frequency weight of a word w
with respect to a document d can be defined as a function f(w):
Fw) = {1 + lo% Wfwa

Where wf,, , represents the number of times the word w occurs in the doc-
ument. All the log frequency scores are then summed together. This value
represents a user’s familiarity with a place, given the user’s professional and
personal life. This score is stored and it will later be utilized for calculating
the overall familiarity score

The last variable our algorithm analyzes is the user’s movements. From the
user’s GPS traces obtained from their mobile device, it analyzes to find
whether the user’s trajectory presented loops or if the user took an imme-
diate reverse path after advancing forward a bit. We also analyze if to reach
their destination the user took shortcuts. Studies in Psychology and geogra-
phy have shown that the use of shortcuts expresses a degree of spatial fami-



liarity (see for example Eckhardt, A. and Vojt_ 2009, Kirill V. Istomin and
Mark J. Dwyer, 2009). Based on the user’s movements, a score between one
and zero is assigned. The movement analysis is based on the approach tak-
en by Y. Ishikawa, Y. Machida, H. Kitagawa (2006) and N.S. Savage, et.al.,
(2010). This score is stored and it will later be utilized for calculating the
overall familiarity score.

At this points our algorithm has a series of familiarity scores, and these
scores will be utilized to obtain an overall familiarity score for the place the
user is in. For this, we compare each particular score, with scores of places
that the user has explicitly said they were familiar with (The scores of the
places the user has expressed to be familiar with, are calculated when the
user visits the location). The distance between each of the scores with re-
spect to the scores of a labeled familiar place is computed; all distances are
then added and divided over one. The familiarity metric formula is as fol-
lows:

SumOfAllDistances

= distance(FamiliarityScoreAOfLabeledPlace, FamiliarityScoreAOfCurrentPlace)

+ distance(FamiliarityScoreBOfLabeledPlace, FamiliarityScoreBOfCurrentPlace)

+ ---distance(FamiliarityScoreNOfLabeledPlace, FamiliarityScoreNOfCurrentPlace)

1
SumOfAllDistances + 1

OverallFamiliarityScore =

This familiarity metric is based on the first law of geography that states:
"Everything is related to everything else, but near things are more related
than distant things." The greater the distance that exists between the fami-
liarity score of a place the user stated she is familiar with, and the familiari-
ty score of the place the user is currently in, the smaller the familiarity me-
tric. Our formula has one added to it, that is, when the distance is zero, our
algorithm returns a familiarity metric of one.

For modeling the familiarity metric values over time a Bayesian belief net-
work is utilized.

3. Conclusions

In this work, we presented a novel algorithm for automatically inferring the
spatial familiarity of a user to a given place and surrounding area. Our me-
thod utilized information from social networks and a user’s mobile device.



The next stage of our project is to do a user study to evaluate our algorithm.
Our current study shows that, a user’s spatial familiarity can be automati-
cally inferred.

Measuring a user’s spatial familiarity is very useful for various location
based services, and we believe our algorithm should be integrated into these
applications so that a user experience can be enhanced. For example, in
places the user is spatially familiar with, the system can provide less naviga-
tion aid, while when the user is in an unfamiliar space, the system can pro-
vide additional help. Knowing the user’s spatial familiarity can aid systems
in deciding what notifications and assistances to provide to the person
without overwhelming them. And despite its preliminary character, our
system presents a first step to automatically inferring a user’s spatial fami-
liarity.
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