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ABSTRACT

This paper reveals the human mobility behavior in the metropolitan area of Rio de Janeiro, Brazil. The base for this
study is the mobile phone data provided by one of the largest mobile carriers in Brazil. Mobile phone data comprises
a reasonable variety of information, including data about time and location for call activity throughout urban areas.
This information might be used to build users’ trajectories over the time, describing the major characteristics of the
urban mobility within the city. A variety of distribution analyses is presented in this paper aiming clearly describes the
most relevant characteristics of the overall mobility in the metropolitan area of Rio de Janeiro. In addition to that,
methods from physics to describe trends in trips such as gravity and radiation models were computed and compared
in terms of granularity of the geographic scales and also in relation to traditional data mining approach such as linear
regressions. A brief comparison in terms of performance in predicting the amount of trips between pairs of locations is
presented at the end.

In analytics terms, this human mobility study is a new approach to better understand consumers’ behavior. The most
often approach to perform such analysis is by using several profile information. How customers use products and
services, when, in which frequency, recency and amount, how they pay; if they pay; how long they have been using
and so forth. This set of information is quite individual and definitely describes the consumer’s behavior in the
company’s relationship perspective. But, how customers relate to each other, how they affect to each other when
using products and services? The first set of information describes who the customers are. The second one
describes “how” they are. That question can be answered by using a social network analysis approach, describing
how customers relate to each other.

INTRODUCTION AND THE PROBLEM STATEMENT

Human mobility analysis reveals relevant knowledge about subscribers behavior as well as urban planning, traffic
forecasting or spread diseases (Gonzdlez et al 2008). Human mobility studies based on call detail records may also
disclosure an approximation of the human motion within particular geographic areas such as metropolitan and urban
areas, hig cities, entire states and even countries, including mobility behavior and migration trends (Simini et al 2012).

This particular human mobility study was conducted by using mobile phone data from one of the largest
telecommunications company in Brazil. The overall analyses were performed upon six months of call detail records,
revealing the average pattern of behavior for users travelling throughout the city over the time. The total amount of
records handled in this study is about 3.1 billion records, comprising 2.1 million subscribers, handed out through
5,332 towers cells.

The analysis of the human mobility in urban areas may arises relevant knowledge about the population’s behavior in
terms of motion and displacements (Rubio et al 2013), allowing companies and government organizations in better
planning traffic and public transportation, optimizing telecommunications’ networks, deeper understanding the vectors
of spread diseases, accurately defining procedures in case of unexpected scenarios such as disasters and
catastrophes, and preparing big events such as World Cup and Olympic Games, as is the case of the city of Rio de
Janeiro.

Many researches have been carried on human mobility studies in developed countries (Liu et al 2013). However,
much less is known about the urban mobility and human motion in developing countries such as in Brazil. In this
study we aim to cover a set of distribution analyses in order to describe the mobility patterns in a big metropolitan
area like the city of Rio de Janeiro. By describing the overall human mobility pattern in Rio de Janeiro, it is possible to
compare the outcomes from developed and developing cities and therefore to analyze possible differences in trends
of human displacements.

Another goal in this paper is to apply approaches from physics such as gravitation and radiation models to better
understand mobility trends and predict trips between locations. In addition to the physics’ models, a set of data mining
models based on regressions were also applied and the outcomes were compared in terms of trips prediction
between locations.
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Understanding human mobility behavior, trends in amount of trips between locations, and overall displacements
within big cities, such as Rio de Janeiro, is a quite good foundation to plan traffic routes, improve public transportation
systems and network communications, particular toward to big events forthcoming such as World Cup in 2014 and
the Olympic Games in 2016.

METHODOLOGY AND DATA PREPARATION

Mobile phone data provides a set of information about caller and called numbers, assigning them to tower cells
spread out through urban areas. These tower cells hand out the calls made by the subscribers, and give us some
useful information about their geographic locations in specific points of time. The range of information mapped for the
tower cells is particular for each mobile carrier, providing basically data about latitude and longitude, radius, and
address description such as neighborhood, district, city, county, and state. In this study, we are taking into account
just the information about the subscribers for the mobile carrier which has provided the mobile phone data. Upon this
data, we have the tower cell when the subscribers make or receive calls, indicating the geographic position they were
at the particular time of the call. Even though it is a sort of approximation, recent studies (Candia et al, 2008) shows
that by using the appropriate techniques, mobile phone data may offer the possibility of characterizing statistically the
human trajectories and travels in a urban area scale.

Over the day, subscribers can make and receive calls in different periods of time, but not always when they are
moving. Also, the distribution of the call activity follows a sort of a power law, where most of the subscribers make
and receive a few amount of calls over the time and a few subscribers make and receive a significant number of calls.
Also, mobile phone records are sparse over the day and hold indefinite gaps in space and time. For this reason, we
decide to monthly aggregate the call activity in order to assembly the travel history for the subscribers. By doing this,
calls received and made in different days, keep just the call time information, building therefore a possible trajectory
over the day. There is a differentiation between weekday and weekend in doing this aggregation. Thus, calls made
and received from Monday to Friday are aggregated by time period slots of one hour, as well as calls made and
received on Saturday and Sunday. Several studies (Schneider, 2013) (Jiang, 2013) show that most of the individuals
have a recurrent travel activity, visiting in most of the times the same subset of locations, and in very few times
different locations than the usual ones. Therefore, we believe that the method to reduce the sparsity of the calls and
the spatio gaps by merging days keeping the time period still reveals the average subscribers’ behavior in terms of
urban mobility.

Upon this approach, if a particular subscriber makes a call on Tuesday at 1 pm at location a, then another call on
Wednesday at 10 am at location b, and receives a call on Thursday at 4pm at location c and finally receives another
call on Friday at 6 pm at location d, then a possible trajectory for this subscriber would be the pathb—a —c —d.
Considering the assumption of the recurrent trajectories and frequent displacements, we may assume that this
particular subscriber is most likely to be at location b around 10 am, at location a around 1 pm, at location ¢ around 4
pm and at location d around 6 pm. This assumption is important because as a matter of fact, subscribers don’'t make
and receive calls anytime they move. We believe that this approach to aggregate mobile phone data consists in a
reasonable and accurate method to diminish the sparsity and the spatio gaps within the data in building frequent
trajectories and performing human mobility analysis over the time.

Hence, all six months were aggregated considering this aggregation approach, discarding the day and keeping the
time period, splitting then the data aggregation process into two distinct datasets, containing data for weekdays and
weekends. For further evaluation, we kept the weekday allowing us to perform distinct behavioral analyses for
weekdays and weekends in terms of urban mobility.

In building the trajectories for all subscribers, some cleansing constraints were put in place in order to make the
mobility data even more realistic, even though increasing a bit its sparsity. All calls were fitted into slots of one hour. A
call at 1:32 pm then is flagged as a call in the time period 1 (between 1 and 2 pm), and so on. Locations visited just
one time over the timeframe were discarded from the analysis. These locations might represent an unusual behavior
of the subscribers in traveling throughout urban areas. Also, once the information about call activity was summed, the
most frequent visited location was considered for each time slot. For instance, a particular subscriber s may visit
location a 10 times during the timeframe analyzed at the time period 1, location b 5 times at the same time period,
and location c just 2 times. Once location a is the most visited at the time period 1, we assume that this location is the
most likely position to find subscriber s between 1 and 2 pm. Finally, once we are concern about the subscribers’
motion, if a particular subscriber has the same most frequent location in consecutive time slots we keep just the first
one. For example, if subscriber s has location a as the most frequently visited in time slot 10, 11 and 12, just the
combination of location a and time slot 10 is kept. The others time slots are discarded.

Also, the start time for the displacement activity during the day was shifted in this study. Based on the call activity
distribution by period of times, we assume that the day starts at 5 am in this mobility analysis and ends at 4:59 on the
day after. Figure 1 shows the call activity by time.



Human Mobility based on Call Detail Records

m
LT L
1 2 3 45 6 7 8 9 10111213141516 17 1819 2021 22 23 24

Figure 1: Call activity distribution by time. The minimum level of activity is between 5 and 6 am, and
the day was considering by starting at this time period. The call activity increases onward and reaches
the peak between 1 and 2 pm. Then starts decreasing until 4 pm and resumes increasing from 5 pm
until 7 pm, when the activity decreases until 5 am on the day after.

In order to complete the cycle of the trajectories, we also calculated the presumed domiciles and workplaces for each
subscriber. The presumed domicile is the most frequent location visited between 7 pm and 7 am on the day after.
Analogously, the presumed workplace is the most visited cell during the period between 9 am and 5 pm. The periods
of 7 am and 9 am and from 5 pm and 7 pm were considered as commuting periods.

The presumed domiciles in our study play an important role in building the trajectories and then in analyzing the
human mobility patterns throughout the city of Rio de Janeiro. In order validate the method to achieve the presumed
domiciles we compared the population found based on our method and the last census available for the city of Rio de
Janeiro. The presumed domiciles explain over the 82% of the observed population in the city according to censored
data, as following in the figure 2.
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Figure 2: Presumed domiciles computed by the method explain over than 82% of the censored data
observed.

The most visited locations for both presumed domiciles and workplaces has a minimum threshold of 3 visits over the
timeframe. Figure 3 shows the distribution of the presumed domiciles and workplaces computed in this study.
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Figure 3: Presumed domiciles and workplaces calculated according to the most frequent visited cells
over specific time periods. The rank of neighborhoods in terms of population is very similar to the data
census provided by government agencies.

Then, the theoretical first displacement for the subscriber’s trajectory is from the presumed domicile to the location at
he or she performs the first call activity. Similarly, the last displacement is from the location assigned to the last call
activity to the presumed domicile. The displacements between presumed domiciles and presumed workplaces were
used to analyze the frequent commuting displacements throughout the city. Figure 4 shows the most relevant
displacements in terms of presumed domiciles and workplaces.

Figure 4: The first picture shows the most relevant displacements between presumed domiciles and
workplaces in the city of Rio de Janeiro. The second picture shows the frequent destinations from the
most populated neighborhood based on the presume domicile. The third picture shows the frequent
origins to the most populated presumed workplace.

It is important to notice that the displacements start shifted during the weekends in relation to the weekdays, as

expected. People wake up and start moving earlier during the weekdays to work and a bit later during the weekends.
Figure 5 shows that difference.
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Figure 5: The first picture shows the first displacements by time during the weekdays, and the second
one shows the first displacements during the weekends. It is possible to notice that during weekday
people start moving earlier than during weekend.

TRAJECTORIES MATRIX AND BEHAVIORAL ANALYSIS

The mobile phone data, considering all top frequent cells visited by the subscribers, in all time period slots, is then
transformed into a matrix containing the spatio information. For each subscriber, this matrix contains all time periods
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slots, and for each one of it, the most frequent cells visited throughout the timeframe considered. Upon this matrix, it
is possible to build a set of analyses about the human motion over the time and space. It is a tridimensional matrix
comprising the subscriber, the time period and the location. Figure 6 shows a graphical representation about how this
matrix is shaped.
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Figure 6: The matrix of trajectories contains the location of each subscriber in all time period slots over
the timeframe. Based on this tridimensional matrix is possible to analyze the trajectories travelled by all
users over the day.

This matrix basically consists in store all sequences of distinct locations a particular user visited in two different points
in time, represented by the following formula:

where is the location i of the user a in time t, and where is the location j of the user a in time t+1.

It is quite important to notice that all analyses presented onwards are based on this matrix. There is a significant
distinction in analyzing the regular datasets — comprising just the call detail records for instance — and this matrix. The
matrix proposed presents just the subscribers’ motion, and therefore, all analyses upon it are assigned to the users’
mobility instead of the users’ activity indeed. Suppose that a particular subscriber makes 10 calls a day, but in the
same location, being handled by a single tower cell. This subscriber definitely has a call activity but there is no motion
assigned to it. Another subscriber, for example, makes just 2 calls, but in distinct locations, being handled by different
tower cells. In spite of a less call activity in relation to this subscriber against the other one, there is a clear
displacement event configured in here, when the second subscriber moves from the first tower cell to the second one.

Base on this approach, a call activity in reality is a displacement activity, and all displacements — a pair of distinct
locations visited — is a vector of movement (Park et al 2010). Figure 7 shows the average focuses of displacements in
the city of Rio de Janeiro, as well as the major vectors of movement within the metropolitan area over the time.

Figure 7: The displacements activities and the major vector of movements in the city of Rio de Janeiro
over the time.
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PATTERNS IN HUMAN MOBILITY IN THE CITY OF RIO DE JANEIRO

An overall analysis about the human mobility behavior in the city of Rio de Janeiro starts by looking at the call activity,
which demonstrates indirectly, according to the objective of this study, the average pattern in human mobility in terms
how period of time. Figure 8 shows how subscribers move over the days and hours. All days, whether business days
or weekends, have two peaks, around noon and at the end of afternoon, when people move around most frequently.

The peak in activity takes place on Thursdays, particularly at 6 and 5 pm and then noon and 11 am. Wednesdays are
the second peak in activity, followed by Tuesdays, Fridays, Mondays, Saturdays and finally Sundays.

\/
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Figure 8: The call activity by weekday and time period over the timeframe of analysis. Displacements’
activity has two peaks every day, around noon and at late afternoon. The highest activity takes place
on Thursdays.

In human mobility, one of the major characteristic of the overall displacements throughout the cities is that some
locations are more visited than others. This fact highly contributes to the human motion over geographic areas, and it
is a crucial attribute in traffic and public transportation planning, in vector analysis for spread diseases, in procedures
definition in the case of disasters and catastrophes, among many others business and social applications. Figure 9
shows how the locations in the city of Rio de Janeiro are frequently visited by mobile users. A log distribution is also
presented.
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Figure 9: The amount of visits for each cell over the city of Rio de Janeiro.

The visits’ distribution is not linear, where some locations are more visited than others. For instance, 50% of the tower
cells receive less than 10k visits monthly, while 10% of the tower cells receive a range of visitors between 70k and
400k. Figure 10 shows how distributed is the amount of visitors on a monthly basis.
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Figure 10: The amount of tower cells’ visitors on a monthly basis in the city of Rio de Janeiro.

Communications patterns are well known to be highly heterogeneous, sometimes following a power law, where some
users rarely use mobile phone while other subscribers make a substantial amount of calls quite frequently. The call
activity distribution in the city of Rio de Janeiro is similar to the distribution in other metropolitan areas, as previously
presented in (Jiang, 2013).

Also, the distribution of the call activity by subscribers is close to others metropolitan cities. The amount of calls per
user is presented in figure 11, as well as the log distribution of it.
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Figure 11: The call activity by subscribers. Most of the users have low activity and some of them have
high call frequency over the time.

The mobility activity for the users follows a kind of power law, where 10% of the users move just one single time, 15%
of the users move between 1 and 5 times, 25% between 5 and 24 times, another 25% of the users move between 24
and 61 times, and just 10% of the users move more than 100 times on a monthly basis. It is important to reinforce in
here that the call activity in this study is measure assigned to displacements. If users make consecutive calls at the
same location, there is no displacement, and therefore, there is no call activity. Figure 12 shows the distribution of the
displacement activity for the subscribers.
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Figure 12: The amount of displacements for the subscribers on a monthly basis in the city of Rio de
Janeiro.

Another important measure is the degree of mobility, expressed by the amount of distinct cells visited by each
subscriber over the time. Analogously to the call activity — displacement activity in this study, some users visited few
locations as per usual, and others may visit several geographic locations over the time, indicating short trips and long
trajectories in terms of frequent displacements, respectively. Figure 13 shows the amount of distinct cells visited by
subscribers and the log distribution of it.
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Figure 13: The amount of distinct cells visited by subscribers over the time.

The average amount of mobility in the city of Rio de Janeiro may be considered as quite high. Most of the users visit
frequently a reasonable amount of distinct locations during their average trips. The pattern of mobility may be
described as follows: just 5% of the users frequently visited a single location over the time, and another 5% visit 2
distinct locations, while 25% of the users visit between 6 and 16 distinct locations, and another 25% of users visit
between 16 and 38 distinct locations throughout their frequent trips. Also, 10% of the users visit more than 70 distinct
locations during their frequent displacements, reaching up to 200 distinct geographic areas. Figure 14 shows the
distribution of the distinct locations visited by the users over the time.
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Figure 14: The amount of distinct locations visited by the users throughout their frequent

displacements in the city of Rio de Janeiro.

Finally, another descriptive measure for the pattern of mobility is the average distance traveled by the users. Rio de
Janeiro is the second largest city in Brazil, the third largest metropolitan area in South America, sixth in Americas and
twenty-sixth in the world. It is then expected that people have to travel quite long distances in moving around the city,
both for work and leisure. Figure 15 shows the average distance traveled by the users and the log distribution of it.
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Figure 15: The average distance traveled by the users over the time.

Looking at the displacements in the city of Rio de Janeiro, just 10% of the users travel in average less than 5 km
considering their frequent trajectory. As a big metropolitan area, 25% of the users travel between 15 and 35 km,

another 25% travel between 35 and 80 km and 10% of them travel more than 150 km, reaching a significant amount

of 350 km in their frequent displacements over the time. Figure 16 shows the amount of distance traveled by the
users.
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Figure 16: The amount of distance traveled by the users throughout their frequent displacements in the
city of Rio de Janeiro over the time.
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In the next sections we are going to cover the predictability of the amount of trips between a pair of locations based
on physics models such as the gravity and the radiation models, as well as upon statistical models such as
regressions.

In order to perform this evaluation, we are going to consider a subset of trips within the state of Rio de Janeiro, taking
into account just the trips departing or arriving within the great metropolitan area. From now on all analyses will
consider this subset of data when referring to trips in the city of Rio de Janeiro, comprising a substantial amount of
3,042 tower cells, 135 neighborhoods and 15,816,882 possible distinct trips. All predictive estimative are based on
these possible trips.

GRAVITY AND RADIATION MODELS FOR PREDICTING TRIPS BETWEEN LOCATIONS

In the recent years, gravity and radiation models provided a method to raise new insights and useful knowledge about
population movements modeling (Yan et al, 2013). These models stand on a solid foundation and they can accurately
reproduce mobility patterns varying from migration paths to commutes trajectories.

The gravity model usually requires some parameters to define constraints on the generation and attractions of flow
such as distance and cost of travel. It states that the commuting between two locations is proportional to the product
of the population of these two places and inversely proportional to a power law of the distance between these two
places. On the other hand, the radiation model requires just the spatial distribution population as input, and no further
adjustable parameters. It basically depends only on the origin population, the destination population, and on the
population in a circle is the origin and the radius is the distance between the origin and the destination (Masucci et al,
2012).

The lack of adjustable parameters in the radiation model makes easier to the model the mobility patterns upon mobile
phone records such as we have in this study. In spite of the radiation model might be not applicable to predict human
mobility at the city scales, there are some evidences that this type of model which is quite successful in reproducing
mobile patterns at large spatial scale can raises reasonable mobility trends in great metropolitan areas.

The gravity model assumes that individuals are attracted to other locations as a function of the distance between
these two places associated to the cost of the travel distance between them. The radiation model assumes that
individuals are attracted by the nearest locations rather than the farther locations with more opportunities due to the
hypothesis of limited resources of mobility and high cost of travels. In both models the travel distance is a crucial
factor in decision making of users in commuting between two locations. So, the distance distribution is an important
statistical attribute to describe the human mobility behavior.

The easiest gravity model is expressed by a simple function of the populations in origin and destinations locations by
the distance between them, using a scaling factor, as presented in the following formula.

where T;; is the number of trips between locations i and j, P; is the population in location i, P; is the population in
location j, and dj; is the distance between locations i and j.

Also, the simplest radiation model is expressed as a function of the population in origin and destination locations by
the population in a circle whose center is the origin and the radius is the distance between origin and destination
(minus populations in origin and destinations locations). The formula is presented as following.
=T — "B

Ty =T (P; + Py)(P; + Pj+ Py)) '
where Tj; is the number of trips between locations i and j, P; is the population in location i, P, is the population in
location j, and Py is the total population in the circle of radius r;; (the distance between locations i and j) centered at
location i (excluding populations of locations i and j).

The gravity and the radiation models were employed in the urban area in the city of Rio de Janeiro upon six months
of history in terms of human trips, considering the amount of 2,879 tower cells and 31,483 pairs of locations —
possible trips throughout the city. As stated before, this is a subset of the entire data considering just the trips
departing or arriving in the downtown of the city.

These models assumed a straight correlation between the amount of trips and some attributes in the mobility pattern,
such as the distance between the pair of locations, the population in the origin location, the population in the
destination location, the population in the area of radius equals the distance between origin and destination locations

10
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and center in origin location —excluding the origin and destination populations — e finally the amount of trips started in
the origin location.

The correlation between the amount of trips and these variables are shown in picture 17 in a log x log distribution
graph.
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Figure 17: The correlation between the distance traveled by the users and the population in the origin
and destination locations, in the circle of the origin location, and the amount of trips started on the
origin location.

This graph basically shows that for short trips the correlation of those variables is not much tight as it is for long trips.
It might be explained by the granularity of tower cells in the geographic location in the city. There are some tower
cells covering short spaces for many people and some tower cells covering long spaces for few people. The tower
cells are established according to the population density and therefore, some very short trips can take place in our
study. The distances assigned to the trips, the populations in origin, destination and radius, as well as the amount of
trips in the origin might be overlapped in that scenarios and the correlation gets lower. For long trips these variables
are better established in space and the correlation between trips and they suit better.

The gravity model performed better than the radiation model in this particular study, reaching a coefficient of
determination R2 of 0.5788. R2 is a measure about the goodness of fit, and it shows how well the predictive model
approximates to the observed data.

The gravity model takes into account the populations in origin and destination, as well as the distance between origin
and destination in order to predict the amount of trips between these two locations. On the other hand, the radiation
model takes into account the population of origin and destination locations — similarly as the gravity model — but also
the amount of trips started in the origin and the population of the area with center in origin and radius of the distance
between origin and destination (excluding origin and destination populations). As explained before, upon low
granularity such as tower cells, short trips may have an overlap in distances and population, and probably due to this,
the performance of the radiation model was lower than the gravity in this particular case. The radiation model has
reached a coefficient of determination R2 of 0.3675. Figure 18 presents the performance of the gravity and radiation
models in terms of variation of the predicted amount of trips and the observed trips.

Igtripsgravity Igtripsradiation
10

Igtrips Igtrips

Figure 18: The performance of the gravity model in predicting the amount of trips between tower cells
in the city of Rio de Janeiro reached a R2 of 0.5788. The radiation model on the other hand has
reached a R2 of 0.3675.
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STATISTICAL MODELS TO PREDICT THE AMOUNT OF TRIPS BETWEEN A PAIR OF
LOCATIONS

In the previous section we noticed how the gravity and radiation models performed in predicting the amount of trips
between tower cells in the city of Rio de Janeiro. The gravity models explains about 58% of the trips in the city and
the radiation models explains less than 37% of the trips considering the granularity of tower cells.

Now we are going to employ a set of statistical models mostly based on linear regression in order to predict the
amount of trips between tower cells. Aiming to have a fair comparison between the types of models, we are going to
use the same set of attributes to predict the amount of trips, consisting in the population of the origin and destination
locations, the distance between the origin and the destination, the amount of trips started in the origin location and
the population in the area with center in the origin locations and radius of the distance between the origin and the
destination locations.

The first model is a simple linear regression where the response variable Y can be predicted by a linear function of a
regression variable X, including estimated intercept  and slope , as presented in the following formula.

The second model is based on quantile regressions, which generalizes the concept of a univariate quantile to a
conditional quantile given one or more covariates. This method models the effect of covariates on the conditional
guantiles of a response variable by means of quantile regression. Ordinary least squares regression models the
relationships between the covariates X and the conditional mean of the response variable Y given X = x. The quantile
regression extends the regression model to conditional quantiles of the response variable such as the median or the
90th percentile.

The third model is a linear regression which detects and considers the outliers and provides resistant and stable
results even in the presence of these unexpected observations. This robust regression limits the influence of the
presence of outliers by using a high breakdown value method based on the least trimmed squares estimation. This
breakdown value is a measure of the proportion of contamination than an estimation method can withstand and still
maintain its robustness.

Figure 19 presents the performance of the linear regressions applied to the trips’ data in the city of Rio de Janeiro.
The first method, the simple linear regression reached a R2 of 0.7796, the second method based on quantile
regression reached almost the same value of R2, 0.7792, and the third method based on robust regression reached a
slightly better value of R2, 0.8201. These results mean that the simple linear regression and the quantile regression
can explain over than 77% of the trips between tower cells in the city of Rio de Janeiro, while the robust regression
explains over the 82% of the trips between locations within the great metropolitan area in Rio de Janeiro.

Igtripspred Igtripspred

0.0 05 10 15 20 25 20 35 4.0 0.0 05 10 15 20 25 20 35 4.0
Igtrips Igtrips

Figure 19: The performance of the simple linear regression and the robust regression in predicting the
amount of trips between tower cells in the city of Rio de Janeiro reached a R2 of 0.7796 and 0.8201
respectively. The graph containing the performance of the quantile regression was suppressed once it
has reached a very close performance than the simple linear regression model.

CONCLUSIONS

Human mobility behavior is a hot topic in science nowadays. This subject comprises lots of possibilities in better
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understanding populations’ behavior in terms of mobility, displacements and frequent trajectories upon cities, states
and countries (Lee et al, 2009). One of the major sources of information about human mobility is phone data records
from telecommunications carriers. As long as we gather more and more data from those mobile operators, and
considering the mobile penetration within population in big cities, we are closer to approximate the subscribers’
mobility behavior to the populations’ mobility behavior. As more data collected from carriers, more closely we are to
the real human displacements’ behavior over the time.

Upon mobile phone records, scientists are able to aggregate raw information about space and time of subscribers’
activities and then perform a set of human mobility studies. There are some approaches based on physics theories to
predict the amount of trips between pairs of locations. These locations in some studies might be tower cells, or
neighborhoods, or cities, or perhaps even countries (Yan et al, 2013). Upon high granularities such as cities and
countries these studies usually are referred as migration behavior instead of mobility or displacement behaviors.

In this paper we performed the traditional models based on physics theories, such as gravity and radiation models.
Both models in particular circumstances can explain and estimate quite well the amount of trips between pairs of
locations, particularly in high scale space such as cities and countries. Very often, when using low geographic scaling
the outcomes are not that good in terms of prediction of the amount of trips between locations. Indeed, we have
experienced this in our study. Many researches have been showed this scaling issue, mostly in Europe, Asia and
North America.

In order to compare the performance of the gravity and radiation models to statistical modes, mostly based on
regressions, we perform all analyses upon tower cells. The gravity model had a medium performance, reaching an R-
square of 0.5788. The radiation model had a poor performance, reaching an R-square of 0.3675. On the other hand,
the regressions models had achieved reasonable performances, reaching 0.7796, 0.7792 and 0.8201 by using simple
linear regression, quantile regression and robust regression, respectively. The performance of the best statistical
models (robust regression) was twice as much as the best physics model (gravity model).

The statistical models; in addition to the machine learning models such as decision tree and artificial neural networks;
might be an alternative approach to estimate the amount of trips between locations when the geographic scaling is
low, like tower cells or small administrative areas within neighborhoods and cities.
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