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A B S T R A C T

Today we have the opportunity without precedents to analyze human land use or mobility behavior in a
city, country or even the globe. Some studies have analyzed existing data generated daily by mobile net-
works, mostly using geo-localization in Twitter, Foursquare or cell phone records. Most of these studies use
a small portion of data (a few days or a couple million records). This time we will show a novel way to apply
latent semantic topic models to detect Land Use Patterns in a real big dataset of 880,000,000 calls made in
Santiago City (Chile) over 77days by about 3 million customers of a major telecommunications company.
We proposed to use a latent variables clustering technique which allow us to detect four interesting clus-
ters. We found out that the application of LDA allow us to discover two well known clusters (residential and
office area clusters) but also we discover two new clusters: Leisure-Commerce and Rush Hour patterns.

© 2016 Elsevier Ltd. All rights reserved.

1. Introduction

Collecting data on human behavior used to be done by laborious
methods such as surveys, which are applied to small samples of
test subjects. Such results are difficult to update. Moreover, these
methods are expensive in time and money. Over the past few
years multiple channels have arisen where people are willing to
disclose personal information that is useful. This facilitates this type
of analysis. The best examples are social networks such as Face-
book or Twitter. Every minute Twitter users send over 100,000
tweets and 2% of all tweets include geographic metadata (Leetaru,
Wang, Cao, Padmanabhan, & Shook, 2013). Additionally, since smart-
phones and data plans are more affordable, cell phones have become
one of the main sensors of human activities, thanks to their grow-
ing market penetration, the wealth of applications to the end user
(Frias-Martinez, Soto, Hohwald, & Frias-Martinez, 2012) and its sim-
plicity to share information anytime and anyplace.

This vast amount of data, generated every second, has been
used for social network analysis (Baruah & Angelov, 2012; Catanese,
Ferrara, & Fiumara, 2013; Xu, Cui, Tie, & Zhang, 2012), urban
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dynamics (Calabrese, Colonna, Lovisolo, Parata, & Ratti, 2011)
and the understanding of customer behavior (Dragana & Bece-
jski-Vujaklija Dragana, 2009); and presents an opportunity without
precedents to analyze human behavior on a city, country or even
the globe. In fact, cell phones have also the advantage of being car-
ried by the same individual during his/her daily routine. This offers
the best proxy to capture individual human trajectories (Gonzalez,
Hidalgo, & Barabasi, 2008) and their geo-localization (by the serv-
ing antenna geographical position) providing insight into the spatial
organization of individual and human networks (Chi, Thill, Tong, Li,
& Yu, 2014; Phithakkitnukoon, Smoreda, & Olivier, 2012). But, to do
so requires facing the big data processing challenge, which affects
actual methods and software architectures employed to research.

There are some studies on data generated daily by mobile net-
works, mostly using geo-localization in Twitter (Becker et al., 2011;
Frias-Martinez et al., 2012; Frias-Martinez, Soto, Hohwald, & Fri-
as-Martinez, 2014; Fujisaka, Lee, & Sumiya, 2010; Wakamiya, Lee,
& Sumiya, 2011) or cell phone records (Gonzalez et al., 2008;
Phithakkitnukoon et al., 2012; Reades, Calabrese, Sevtsuk, & Ratti,
2007). All of those studies have been done using K-means, Self-
Organizing Map (SOM) or other clustering methods based on dis-
tance. But in this paper we proposed to use a latent topic modeling in
cell phones data for automatic identification of Land Use Patterns on
a very large real database of 880,000,000 calls made in Santiago over
77 days. Nearly 6,300,000 people live in Santiago City, therefore we
have data of 50% of the population in this city.

http://dx.doi.org/10.1016/j.compenvurbsys.2016.08.007
0198-9715/© 2016 Elsevier Ltd. All rights reserved.
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(a) Santiago Tessellation (b) Urban Areas (c) Rural Areas

Fig. 1. Voronoi Tessellation.

The main idea is to model the antenna’s activity (BTS) discovering
latent variables, which are not directly observed on the data, assum-
ing a mixture of probabilistic distributions over it and then reducing
their dimensionality. Our main contribution is to innovate in pat-
tern recognition method application, proving that topic models can
be used to detect Land Use Patterns. This idea and our background on
text mining on social networks allowed us to hypothesize that topic
models could be applied to unveil Land Use Patterns. Topic mod-
els are used to discover topics on free texts by assuming that topics
cannot be observed directly on the text of a web page or a social net-
work comment, but they are expressed by a set of terms on the text.
Finally, we adapted, calibrated and evaluated the quality of results
by expert knowledge of Santiago.

The paper is organized as follows: Section 2 presents related work
in the characterization of urban Land Use. In Section 3, we intro-
duce our adaptation of LDA in Land Use Pattern identification and the
experiments with its results in Section 4. Finally, Section 5 presents
the conclusions of this work.

2. Related work

Much research has been done on characterizing patterns in urban
areas using social crowd-based resources like geo-tagged tweets
or cell phone records. Fujisaka et al. (2010) discovered regional
characteristic patterns from movement histories using aggrega-
tion and dispersion models in order to understand the nature of
human mobility. Similar work was developed by Wakamiya et
al. (2011), where they defined the geographic regularity of an
urban area using daily crowd activity patterns and analyzing their
changes over time. Also, Noulas, Scellato, Mascolo, and Pontil (2011)
applying spectral clustering, modeled crowd activity patterns in
two cities using geolocated information provided by Foursquare.

Crandall, Backstrom, Huttenlocher, and Kleinberg (2009) performed
landmark location using data from geo-tagged photos on Flickr
with the mean-shift algorithm. Additionally, Frias-Martinez et al.
(2012) evaluated the use of geo-located tweets as a complemen-
tary source of information for urban planning applications using
SOM, Voronoi Tessellation and K-means algorithm. Those authors
Frias-Martinez et al. (2014) also proposed a technique that automat-
ically determines land uses in urban areas by clustering geographical
regions with similar tweeting activity patterns.

Related to cell phone data, Soto and Frias-Martinez (2011) pre-
sented a technique to automatically identify the uses that citizens
give to different parts of a city using the information contained in
cell phone records, applying fuzzy clustering techniques. Reades et
al. (2007) monitorized the dynamics of Rome and obtained clus-
ters of geographical areas measuring cell phone tower activity using
Earlangs.

All these works use clustering methods that calculate distances
either as inter-group or intra-group data. We emphasize the advan-
tages of using latent variables over traditional clustering techniques
and we validated the results of this topic model as an excellent model
to characterize Land Use in urban areas.

3. Proposed model

In this work, Land Use Patterns are detected using an genera-
tive statistical method called Latent Dirichlet Allocation (LDA), which
is often used in the text mining and natural language processing
research to discover underlying free text topics in web pages, social
network comments, news, etc. for example in Ríos, Aguilera, and
Guerrero (2009), L’Huillier et al., (2010), and Ríos and Muñoz (2016).
In the case of text applications, we commonly use the concepts of

(a) Santiago BTS Positions (b) Urban Areas (c) Rural Areas

Fig. 2. Voronoi Tessellation showing antenna positions.
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text corpus, documents, words and topics; therefore, we adapted
these concepts in order to apply LDA to discover Land Use Pat-
terns using the cell phone network data, which to the best of our
knowledge has not been performed before. In the context of this
work words refers to the activity (calls) over some time window (see
below Activity Block). A document refers to a complete week of words
(Activity Blocks) for a specific BTS (see below BTS Activity Pattern).
The corpus is the full data obtained from BTSs that is the set of all doc-
uments. Finally, topics are equivalent to the Land Use Patterns and
the main goal of this work is to detect them. Therefore, the aim is to
learn both what the topics are and which documents employ them
in which proportion.

We found a recent research where LDA is applied to text on geo-
located tweets like (Steiger, Westerholt, Resch, & Zipf, 2015). But our
research is very different since we do not apply LDA to a text, but
to antennas activities. We are able to obtain the same clusters they
found (office and home areas clusters) but we discover two totally
new clusters: Rush hour areas and Shopping areas.

To the best of our knowledge, the method commonly used to
process activity data on a city are K-means, fuzzy c-means, SOM,
hierarchical clustering (which are very simple methods and very fast
to compute on big data) but they are all distance-based methods (like
Euclidean distance) which is used to compute proximity between
examples. This is the main difference with LDA (and other gener-
ative algorithms) which assume a probability distribution over the
BTS usage that form a hidden cluster. When we use LDA, we are
assuming that the land usages clusters follow a Dirichlet distribution
(similar to topics in a text of a web page or a news paper). Therefore,
this mechanism allow us to discover hidden usage patterns; since it
is not only dependant just from the data itself or the distance from
one observation to the rest of them, but in their co-occurrence over
time following the Dirichlet distribution.

3.1. Basic notation

A Base Transceiver Station (BTS) is the equipment that facilitates
the communication between cell phone devices and the cell phone
network. Each BTS has one or more antennas distributed over a given

area in order to provide the best possible radio coverage through
regions called cells. Each time a user makes or receives a phone call,
the call is processed by the closest BTS and it is geographically tagged
with the latitude and longitude of this BTS.

A BTS Activity Pattern (BAP) related to the BTS b ∈ B (B is the set
of BTSs) is a list of consecutive time frames (time windows) A. Each
time frame is, in fact, a single Activity Block Ab(ti, ti+1); where ti is the
start time of the period of interest and ti+1 the end time of the period
of interest.

BAPb = 〈Ab
1, Ab

2, . . . , Ab
m〉, m ∈ N

Ab
i = Norm.calls.number(b, ti, ti+1), i = 1, 2, . . . , m

where Norm.calls.number(b, ti, ti+1) is a function which returns
the proportion of calls made in the period [ti, ti+1] for BTS b. In this
work, disjoint intervals will be used, it means one interval starts
when the previous interval ends.

For example, in order to study the behavior of a BTS j every hour
during the week; we define its Activity Pattern BAPj, which is a vector
with 168 components (24 h, seven days per week). Components are:
Aj

1 . . . Aj
168, where Aj

i is the proportion of calls made in an hour in the
antenna BTSj.

3.2. Applying a topic modeling on cell phone data

A topic model, e.g. Latent Dirichlet Allocation (LDA) (Blei, Ng, &
Jordan, 2003), can be considered to be a probabilistic model that
relates documents and words through latent variables which repre-
sent the main topics inferred from the text itself. In this work, this
idea has been adapted to understand activities in the city using cell
phone data. The rationale of using LDA in this problem is to model
BTS activity patterns as arising from multiple latent variables (topics)
of Land Use Patterns, where a land usages are defined to be a distri-
bution over a fixed Activity Blocks set. Specifically, we assume that
K Land Use Patterns (topics) are associated with the set of BTS, and
each BTS exhibits these usage patterns with different proportions.
In this context, a BTS activity pattern can be considered as a mixture

Fig. 3. Examples of BPS activity patterns from two different BTS antennas.
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Fig. 4. Latent Land Use Patterns detected after applying LDA.

of usage patterns, represented by probability distributions, which
can generate the Activity Blocks in a BTS activity pattern given these
usages (topics). The inferring process of the latent variables is the
key component of this model, whose main objective is to learn from
cell phone data the distribution of the underlying usage patterns in a
given dataset of BTS activity patterns.

With LDA, given the smoothing parameters b and a and a joint
distribution of a topic (Land Use Pattern) mixture h, the idea is to
determine the probability distribution to generate – from a set of
topics K – a BTS activity pattern composed by a set of S activity blocks
a (a = (a1, . . . , aS)),

p(h, z, a|a,b) = p(h|a)
S∏

s=1

p(zs|h)p (as|zs,b) (1)

where p(zs|h) can be represented by the random variable hb; this
topic zs is present in BTS b

(
zb

s = 1
)

. A final expression can be
deduced by integrating Eq. (1) over the random variable h and
summing topics z ∈ K.

3.2.1. Generative model
Let K be a specified number of Land Use Patterns (topics), B

the number of BTS, �a a positive K-vector and g a scalar. We let
DirB(�a) denote a B-dimensional Dirichlet with vector parameter �a
and DirK(g) denote a K dimensional symmetric Dirichlet with scalar
parameter g.

1. For each Land Use Pattern k ∈ [1, K],
(a) Draw a distribution over Activity Blocks �bk ∼ DirK (g)

2. For each BTS b ∈ [1, B],
(a) Draw a vector of Land Use Pattern proportions �hb ∼ DirB(�a)
(b) For each Activity Block a ∈ [1, Ab] in BTS b,

(i) Draw a Land Use Pattern assignment Zb,a ∼ Mult
( �hb

)
,

Zb,a ∈ {1, . . . , K}
(ii) Draw an Act. Block Wb,a ∼ Mult

( �bZb,a

)
, Wb,a ∈ {1, . . . , B}

The hidden topical structure of a collection is represented in the
hidden random variables: the Land Use Patterns �b1:K , the per-BTS
Land Use Pattern proportions �h1:B, and the per-activity block Land
Use Pattern assignments Z1:B,1:A . With these variables, LDA is a type
of mixed-membership model.
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(a) First Half Dataset

(b) Second Half Dataset

Fig. 5. Residential Pattern stability.

4. Experimental setup and results

The study area of this research is the Santiago Metropolitan
Region, one of Chile’s fifteen administrative divisions. The region
is divided into 52 communes, covering an area of 15,403.2 km2.
The total population of the city is about 6 million. For the pur-
pose of this work, the dataset was originally collected by the
major telecommunications company in Chile, the dataset consists
of 880 million phone calls recorded over a 77 day period for
approximately 3 million anonymized mobile phone users. It con-
tains the information about the phone call: date, time, duration
and coordinates (latitude and longitude) of the BTS routing the
communication for each phone call. Furthermore, we only know
the coordinates of the BTS routing the communication, hence
exact location of users are not known within a tower’s service
area.

In our dataset, each BTS serves an area assigned by a Voronoi Tes-
sellation (see Fig. 1 (a)), in urban areas (see Fig. 1 (b)) each BTS server
an area of approximately 0.021 km2 and 74.6 km2 in rural areas (see
Fig. 1 (c)). There are 1183 BTS towers routing the communication
in Santiago (see Fig. 2 (a)), the distance between BTS’s can be a few
meters (see Fig. 2 (b)) in areas up to several kilometers in rural areas
(see Fig. 2 (c)).

In our study, we set every BAP related to the BTS b as the num-
ber of calls that are managed by that BTS every hour in a seven-day
week. Therefore, each BAP is a vector with N = 168 components (24
Activity Blocks per day, seven days per week), where every compo-
nent reveals the activity of b during 1 h. This is achieved by holding
the proportion of calls during that hour compared with the amount
of calls made in the whole week.

We would like to notice that the time needed to generate the
BAP table based on our big dataset took more than a day. How-
ever, LDA algorithm (or any other) run over the BAP table which has
77 records with 168 components for each BTS, which give us about
91,000 records of 168 components. Therefore, the performance of the
methods is not an issue once we have this summarized data.

Fig. 3 illustrates two BAP related to different BTSs. Every BAP
starts on Sunday and finishes on Saturdays.

4.1. Land Use Pattern identification

We have used Latent Dirichlet Allocation (LDA) to detect latent
Land Use Patterns which define land uses. LDA needs as input the
number of topics K (land uses) which represents activities in the
city. In order to validate the optimal number of topics we executed
LDA for each value K = 2, . . . , 10 and selected, using expert knowl-
edge, the value of K which provides the maximal information and the
minimal dimensionality.

It is important to notice that as mentioned above, we compute
perplexity for K = 2, . . . , 10; a common evaluation metric for gen-
erative models. The better performance was obtained for 10 clusters
(topics). However, when we analyzed the resulting clusters we were
able to find out the two well known clusters of working areas and
residential areas; plus two clusters that we were able to interpret:
leisure-commerce and rush hour clusters with objective information
from Google maps. Unfortunately, we were not able to interpret
the rest of the clusters. This is why we only reported four new
clusters obtained with our method. However, it is possible that with
better sources of information we could derive interpretations for
those clusters.
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(a) First Half Dataset

(b) Second Half Dataset

Fig. 6. Leisure/Commerce Pattern stability.

A final remark on evaluation is that, several authors have shown
that perplexity is not strongly related with human judgment. A good
example is Chang, Gerrish, Wang, Boyd-Graber, and Blei (2009) and
more recently Contreras-Piña and Ríos (2016), where they have run
experiments in big datasets of text and then have conducted experi-
ments on humans to measure the quality of hidden topics discovered.
Thus, this is an argument to explain why if we obtain better perplexity
for K = 10 in the end, we only could interpret four clusters.

Fig. 4 shows the Land Use representatives (topics) obtained after
applying LDA with four Land Use Patterns. An analysis of these top-
ics allowed to hypothesize about the land uses. Fig. 4 (a) describes
a land use characterized by high activity during weekends specially
on Saturdays. During weekdays the behavior is regular through days
showing an increasing activity with peaks in afternoons (19:00 PM).
This behavior seems to belong to leisure or commercial areas.

Fig. 4 (b) shows a land use characterized by a high and regu-
lar activity during weekdays and almost non-existing activity during
weekends. During the day there is a decreasing activity at lunchtime
(13:00 PM), indicating probably office areas activity. A similar
behavior to Fig. 4 (b) is presented in Fig. 4 (c), but in this case the
activity during the day shows a different pattern. Each day is char-
acterized by three peaks which might be associated to the times at
which people typically get to work, go for lunch, and leave work. The
first one is in the morning at 09:00 AM, the second one and con-
siderably less than the others occurs at lunchtime and the last one
is the highest peak during the day and this occurs in the afternoon
at 19:00 PM. These activity patterns seem to belong to areas with
high human displacement and traffic jams because every peak occurs
at rush hour. Moreover, the lunchtime peak almost dissipates on
Fridays in order to contribute to the afternoon peak; this phenomena
could be explained because people leave work early on Fridays.

Finally, Fig. 4 (d) presents a land use with activity during all week,
but the behavior during weekdays and weekends is different. During
weekdays the activity starts at 06:00 AM, decreases along morning
and increases again after 19:00 PM with a peak at 21:00 PM. More-
over, the activity is higher on weekends, especially on Sundays. This
behavior is typical of residential areas in which individuals come
from work in the afternoon during weekdays and during weekends
stay at home.

4.2. Land Use Pattern stability

In order to analyze the stability of the patterns discovered using
the methodology presented in this work, we divided our dataset (S)
in two equal data subsets. We applied our methodology to discover
Land Use Patterns using each subset. The first dataset (S1) contains
calls made between 04/18/2013 and 05/26/2013, and the second one
(S2) between 05/27/2013 and 07/04/2013.

To quantify the pattern stability under different datasets, we used
Cosine Similarity. This measure is defined as follow:

COS(BAPb, BAPc) =

∑
i=1..N Ab

i
• Ac

i√∑
i=1..N

(
Ab

i

)2
•
√∑

i=1..N
(
Ac

i

)2

This variable is in the range [−1, 1] and equals 1 only when the
two BAP, BAPb and BAPc are exactly coincident. We examined how
the discovered patterns change as the dataset varies from the first
(S1) and the second half (S2) to the whole dataset (S). The results for
the comparison between the patterns discovered using the first half
and the whole dataset are showed in Figs. 5 (a), 6(a), 7(a), and 8(a).



S. Ríos, R. Muñoz / Computers, Environment and Urban Systems 61 (2017) 39–48 45

(a) First Half Dataset

(b) Second Half Dataset

Fig. 7. Rush Hour Pattern stability.

In general, results show that most discovered Land Use Patterns
are very stable when dataset is reduced. Indeed, cosine similarity
between S and S1 are 0.978, 0.982, 0.983 and 0.988 for Rush Hour,
Residential, Leisure/Commerce and Office Areas respectively. Simi-
larly, the comparison between S and S2 – presented in Figs. 5 (b),
6(b), 7(b), and 8(b) – also exhibit high rates of similarity: 0.885, 0.936,
0.806, and 0.9886 for Rush Hour, Residential, Leisure/Commerce and
Office Areas respectively. Patterns in this subsets are lesser sta-
ble than patterns from the first half. The largest differences occur
in Rush Hour and Leisure/Commerce patterns. Some of these dif-
ferences are explained because within this period are the Chilean
winter holidays (June to July). This causes there are fewer people
circulating through the city in rush hour and displaces some of the
recreational/commercial activities to weekdays.

As a final remark, it is possible to say that discovered patterns
are very stable over time. Also, our methodology continues to find
out the same patterns although a great mobility pattern change
was present in S2 dataset (winter vacations). Of course, as a subject
for a future work it would be interesting to discover which is the
minimum dataset needed to avoid Land Use Pattern change or vice
versa.

4.3. Land Use Pattern validation

In order to validate our land use hypothesis, we used our results
as a layer over the city map to have a geographical representation
of the areas where we have its real land use. The use of LDA allows
the capturing of the degree to which each Land Use is present for
each BTS b. LDA returns a Land Use score gkb for Land Use Pattern
(topic) k and BTS b,

∑
kgkb = 1 ∀b. Fig. 9 illustrates each Land Use

Pattern (topic) over the city, where we see how different every Land
Use Pattern distribution is. In order to identify Land Use easily we

discard all BTS towers with a Land Use score lower than a given
threshold h.

The validation consists in checking if the interpretation of the
Land Use Pattern given in Section 4.1 correlates the BTS infrastruc-
ture located in a geographical area and its vicinity. Since a database
detailing the actual land use of the city and the different uses we
have identified is not available, we use our expert knowledge of the
City of Santiago.

The residential Land Use Pattern represented in Fig. 9 (a) shows
higher Land Use score in the periphery of the city center, where
the business and commercial center is located. The periphery of the
city center contains the biggest residential zones in Santiago. In this
pattern there is no presence of zones with scores considerably
higher than others, but just one area which covers the Movistar
Arena. It is one of the largest multi-purpose arenas in South
America behind some Brazilians arenas like Ginásio Ibirapuera,
HSBC Arena (Rio de Janeiro) and Maracana Arena. The high score
in this area is due to the events presented in this location being
1cheduled at a time when the residential pattern presents high
activity.

Fig. 10 (a) presents the Leisure-Commerce Land Use pattern. This
Land Use Pattern presents a high intensity in some points of the city.
In order to validate this pattern, we have highlighted these points
(see Fig. 10 (b)) where the blue circles contain the principal Shopping
Malls in Santiago and the green circle contains the largest stadium
in Chile, where are located some tennis courts, an aquatic center, a
gymnasium, a velodrome and a BMX circuit.

The Rush Hour Land Use Pattern is presented in Fig. 11(a). This
pattern has a high Land Use score in two main areas, the first
runs horizontally through Santiago and the second one runs verti-
cally. These patterns are highly correlated to the subway network of
Santiago (see Fig. 11 (b)).
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(a) First Half Dataset

(b) Second Half Dataset

Fig. 8. Office areas pattern stability.

4.4. Discussion

It is very important to remark that the cell phone network data
cannot provide the exact location of a cell phone. In fact, the position

of cell phones varies within a radius r from a BTS. This radius depends
on the density of BTSs that are in a specific area. In a very BTS dense
area – such as a city downtown – the radius r is just a few hundred
meters but in areas where there are few BTSs the radius can be

(a) Residential (b) Leisure-Commerce

(c) Rush Hour (d) Offices Areas

Fig. 9. Geographical representation of Land Use Patterns.
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(a) Leisure-Commerce (b) Shopping Malls of Santiago

Fig. 10. Leisure-Commerce Pattern validation.

(a) Rush Hour (b) Rush Hour & Subway Network

Fig. 11. Rush Hour Pattern validation.

several kilometers. Thus, in Santiago City downtown (see Fig. 2) the
average radius is about 250 m or about 3 blocks; but in the residen-
tial areas, we can observe areas of radius of 350 m to 750 m (from
3 to 7 blocks). Thus, our clusters are approximate behavior from cell
phones in that radius.

Because the amount of data used is huge (more than 3 million cell
phones over 77 days); the amount of clusters that can be obtained
is quite high, but most of them will probably be noise. Therefore, we
think new studies can be produced using this data and some criteria
to study a specify area of the city. However, to do so, we need to
improve cell phone location resolution.

5. Conclusions & future work

We have shown a methodology to understand the behavior of a
city by discovering Land Use Patterns. The novelty of our approach
is the use of latent variables over big data from cell phones network
(more than 3 million cell phone data). Inferring these variables –
which are not directly observed in data – have proved to be highly
satisfactory.

We discovered four Land Use Patterns, two of these patterns are
very well known by the community (office areas and residential
areas); and two patterns are new information: Leisure-Commerce
Pattern and Rush Hour Pattern. Leisure-Commerce Pattern is related
to where people can spend their free time, this pattern correlates
with shopping malls, cinemas, parks, etc. Rush Hour Pattern appears
at certain time of the day and over certain streets, avenues, and
highways.

This way, we successfully showed that a probabilistic genera-
tive algorithm is able to discover new information. This information
could be important for several uses like urban planning.

For future work, we are focusing on finding new sources of infor-
mation about land usage that will allow us to validate our approach
with a ground truth. At the same time, we are accumulating data in
order to develop a whole year study which probably generate inter-
esting information. A very important point is to enhance cell phone
location resolution to be able to develop in detail land usage studies
for areas where we have very good information regarding its uses.

We also propose to study the evolution of a city along some
years, find ways to set a number of Land Use Patterns, and cross this
information with other sources, such as geo-referenced data from
Twitter.
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