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Abstract—The ubiquitous availability of computing technology s and Foursquarfe which combine the features of online social
such as smartphones, tablets and other easily portable d®gs, npetworks with location-based services.

and the worldwide adoption of social networking sites maketi  rpaqe gnplications enables the observations of the actions
increasingly possible for one to be connected and continusly

s contribute to this massively distributed information publishing ©Of hundreds millions of people in large scale urban areas in
process. In this scenario, people act as social sensors,watarily ~ (near) real time and over extended periods of time, helping
providing data that capture their daily life experiences, and s us to better understand city dynamics and urban behavior
offering diverse observations on both the physical world (8., worldwide, as well as to more quickly react to changes. This
location) and the online world (e.g., events). This large aount o 50 ynprecedented opportunity to revolutionize the wa

10 Of social data can provide new forms of valuable information : . . . 7.
that are currently not available, at this scale, by any tradtional SOCial science is done. Unlike traditional methods thay rel -
data collection methods, and can be used to enhance decisionon survey data, new techniques can be designed to exploit
making processes. In this article, we argue that location-#sed ss participatory data, which is much cheaper, more dynamic as
social media systems, such as Instagram and Foursquare, canijt reflects current situations in (near) real time, and, more

s act as valuable sources of large scale sensing, providing@ss ;\qrtant can easily reach planetary scale. Moreover, @s w
to important characteristics of urban social behavior much

more quickly than traditional methods. We also discuss diférent argue _here' such participatory sensing applications hiage t
applications and techniques that can exploit the data shackin  potential to be a fundamental tool to better understand numa
these systems to enable large scale and near real time anagso urban interaction in the future, leveraging our awareness t

20 and visualization of different aspects of city dynamics. different aspects of our lives in urban scenarios.
Keywords-Urban computing; participatory sensing; location- The goal of this article is to discuss the potential of
based social media; Foursquare; Instagram; mobile social et- location-based social media systems as sources of lartge sca
works. participatory sensing from which valuable knowledge about

es City dynamics and urban social behavior can be drawn. To
illustrate such potential, we present different methodd an
[. INTRODUCTION techniques that exploit the data shared in these applitatio
_ i to enable large scale and near real time analyses of differen
s Mobile phones play a fundamental role in today'§gpects of user behavior as well as discuss the technical
technologically-advanced community allowing people tmeg, -hajlenges involved in building and deploying such methods
municate (almost) anywhere in the world and share all kinds
of contextual information (e.g., location and opinion). déon

mobile phones, namely smartphones, are the new frontier for Il. PARTICIPATORY SENSOR NETWORKS
o accessing the Internet and the World Wide Web. They are| ycation-based social media (LBSM) systems, such as

being manufactured with an increasing number of powerfg,,square and Instagram, build new virtual environmérats t
embedded sensors of different categories (e.g., acosstiod, inteqrate user interactions. Recently, due to the widespre
and magnetic vibration), enabling a variety of new appitwe . 5qoption of smartphones, such systems are becoming increas
and services. Indeed, smartphones are being used for MYy popular, offering unprecedented opportunities afess

% personal sensing applications, such as for monitoringipays 4" pjanetary scale sensing data. In traditional wirelessme
exercises, and for wide participatory sensing applica{iongnyorks, the high costs associated with building and manag
whlch.are not I|m!ted to a.parucular individual (e.g., fiaf ing large scale topologies are prohibitive. In contrastSMB
conditions and noise pollution) [2]. s systems allow people to share useful data about the context

Participatory sensing aims at monitoring large scale phgrey are inserted in at any time, making them potential ssirc

wnomena and require the active involvement of people {9 sensing at global scale. Such systems have been called
voluntarily share contextual information and/or make 'Thebarticipatory sensing systems (PSSs) [1], [2]. Participat
sensed data available. Participatory sensing finds antigec sensor networks (PSNs) can be derived from such systems,
platform for large scale reach in the increasing populasity, \where each node represents a user able to sense context data
location-based social media applications, such as Irstagr with his/her mobile device. For example, in a PSN derived

Ihttp://www.instagram.com. 2http://www.foursquare.com.
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from Instagram, the sensed context data is a picture oftimes someone shared data in a given location in Instagram-1
specific place where the user is located. and Foursquare-1 datasets. For Instagram and Foursquare-2
Figure 1 illustrates a PSN built from users with theitocation is defined as an area of approximately 10x10 meters,
portable devices sending sensed data about their locationsvhereas for the Foursquare-1, it is a registered venue.i§ons
PSSs. The figure shows the sharing activities (represemtegténtly with previous observations [4], a power law disttibn*
red dots) of four users at three different points in time€lald  fits well the data in both datasets, as most locations have onl
“Time 17, “Time 27, and “Time 3”). Note that a user doesa handful of check-ins while a few locations have hundreds
not necessarily participate in the system at all times. rAdte or even thousands of them. The intrinsic characteristics of
given time, we can analyze this data in different ways. Fdifferent locations play an important role in determinirg t
instance, the bottom rightmost portion of the figure shows; &equency of sharing in these locations. For example, uesers
an aggregated view, a directed graph with nodes repregentimore likely to share data in a restaurant than in a superrarke
locations where data was shared and edges connecting loegrardless of their popularities. This imposes challerifgase
tions that were shared by the same user. Using this grapdeds a comprehensive and uniform data contribution.
we can extract, for instance, user mobility patterns. Irt,fac Figure 2c shows the percentage of distinct locations where
knowledge discovery in PSNs walks together with a wigdesers shared data in a given time interval for the Instagzam-
range of studies that use graph theory for social netwoakd Foursquare-2 datasets, which have 598,397 and 725,419
analysis (SNA) [3]. As we show in Section Ill, well knownlocations respectively. The maximum percentage of distinc
techniques used for SNA may be directly applied to analytecations shared per hour is below 3% for all systems. This
social oriented graphs derived from PSNs. indicates that the short-term coverage of these PSNs is very
Thus, PSNs are an example of the interplay between tedimited considering all reachable locations, i.e., theljataility
nological networks and social networks, since a key elemesfta random location being active in a given day is small.
in a PSN is the human being. Many questions arise from thisFinally, Figure 2d illustrates how the seasonal behavior of
emerging concept. What are the properties of PSNs? Wimimans affects data sharing in the Foursquare-1 datdset
types of applications can we apply PSNs in? What are theiiows the average number of check-ins on each hour of the
limitations? Since PSNs reflect the dynamics of humang day, for weekdays and weekends. As expected, user participa
terms of their routines, preferences and demographicssPSMn presents a diurnal pattern. Moreover, three peaktifte
offer a new and cheap platform for studying human behavigypical meal times - breakfast, lunch, and dinner - can be
in near real time and planetary scale. As the data providedserved on weekdays, but not on weekends, consistently wit
by PSNs may be very complex, a fundamental step in ampical routines of people.
investigation is to characterize the collected data in otdes These results illustrate the potential of PSN analysis to
understand its challenges and usefulness. foster the study of urban social behavior. Although these
In this direction, we have studied the properties qesults had been separately shown in previous work [1], [2],
PSNs derived from two Instagram datasets — Instagranfsl, we here argue that the observed properties are common
and Instagram-2, two from Foursquare — Foursqudrafid to different PSNs - the same properties are observed on data
Foursquare-2, one from Brightkite, and one from Gowall@ollected from different applications, as well from the sam
comprising over 30 million registers (photos or check irld) [ application in different time intervals. More broadly, $ee
[2]. Data, check-in or photo, have the following attributesproperties reveal the potential of PSNs to drive varioudisti
[user id; time; latitude; longitude]. The dataset Foursgua on city dynamics and urban social behavior, as shown in [4],
1 has 4,672,841 check-ins, collected in 4/2012 (1 weeky]-[9], which have also exploited such properties to build
and this dataset in particular has extra attributes: [vepgervices in different areas, including tourism and smaigsi
id; main category of the place; subcategory of the placelext, building upon previous observations, we presentrséve
The dataset Foursquare-2 has 4,548,941 check-ins, @lleakchniques that make use of PSN analysis to drive large scale
from 05/11/13 to 05/25/13. The dataset Instagram-1 hggidies of city dynamics and urban social behavior.
2,272,556 photos, collected from 06/30/12 to 07/31/12, and
the dataset Instagram-2 has 1,855,235 photos, colleabed fr
05/11/13 to 05/25/13. Note that the datasets Foursquarel2 a
Instagram-2 were collected at the same time. .
Figure 2 summarizes some of the properties extracted fromWhat is the current best way to study the dynamics of a
the analyzed PSNs. These results are representative ofCé§f? How can we learn about the routines of its citizens,
systems. Figure 2a shows the coverage of a PSN derived fridrair movement patterns, its points of interest, and itsucal
the Foursquare-2 dataset, where the number of locationsaind economical aspects? One might choose to rely on official
per pixel is given by the value of displayed in the colormap; census data, while others may opt to simply get one or more
wheren = 2¢—1. Clearly, the coverage is very comprehensivguide books at their favorite bookstore. Although we areyver
in a planetary scale. Figure 2b presents the complementfogd to books and census efforts, do they always offer ateura

cumulative distribution function (CCDF) of the number of
4A power law distribution is characterized by a scaling patero, which
SCollected using one average machine (AMD FX 3300MHz with h6Gis the slope of the curve in logarithm scale on both axes. Hheeg ofa for
RAM), the processing time of the average number of checkpmsday in both datasets are shown in Figure 2b.
New York City, 10K check-ins, took around 10 seconds. 5Timestamps were normalized according to the local time efdheck-in.

IIl. UNDERSTANDING CITY DYNAMICS AND URBAN
SOCIAL BEHAVIOR
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Fig. 1. lllustration of a participatory sensor network.
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Fig. 2. Common characteristics of PSSs.

and comprehensive knowledge about the current patterns anth contrast, PSNs offer up-to-date views about the location
dynamics of a city? Societies are inherently very dynaméc, i opinions, likes and dislikes of their users, and thus haee th
they change constantly over time, and, as the world gets mp@ential to address the aforementioned questions in ear r
and more connected, we believe that these changes tendirtee and, given their coverage (Figure 2), reaching almost
s be even more frequent. Take, for instance, guide books abeuery part of the globe. Next, we elaborate on this potehyal
large cities involved with the Arab Spring, such as Tunis amutesenting various techniques and methods that exploit PSN
Cairo. If they do not capture the changes that came from thilata to support studies on city dynamics. We conclude the
period, they are already outdated! Similarly, official agms section discussing the main challenges to build and deploy
data may quickly become obsolete as such efforts are usuallych techniques.
10 undergone at low frequency (e.g., once every 10 years) due to
their high costs.
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A. Visualizing the invisible image of cities of similarity (in terms of human mobility patterns) between

) - ) ) different cities. In particular, the City Image techniquebles
It is common knowledge that cities are not identical a

. ) . i o Nthe clustering of cities by similarity: a City Image is esaity
evolve over time, while habits and routines of their inhabis matrix, and the difference between two matrices could be

are typically distinct. Having said that, can we use & PSf{yen as a measure of the similarity distance between the two
to capture the differences among cities based on commgpag

routines of their inhabitants? In [5], we proposed a techeiq 1o visualization of city dynamics has also been inves-

called City Image, which provides a visual summary of thgoateq by other research groups. For example, by using
city dynamics based on people movements. This technigggrsquare data, Cranshaw et al. [6] proposed a model to
exploits urban transition graphs to map the movements 65USRye ntify distinct regions of a city that reflect current eaitive
bet_ween locations. An urban transition graph is a d'reCt%\@tivity patterns, presenting new boundaries for neighbor
weighted graphG(V, E), where a nodev; € V' is the 4045 | ong et al. [9] classified venues in a city based on
category of a specific location (e.g., nightlife) and a diregser trajectories, captured in a Foursquare dataset. Woekr
edge(i,j) € £ marks a transition between two categoriesgjies on the assumption that venues that appear togetttes in
That is, an edge exists from nodg to nodev; if at least y5iectories of many users probably are taken as geographic
one user shared data in a location categorized bjyst after topics, e.g., representing restaurants that people ysgall
sharing data in a location categorizeddy Weightw(i, j) of  ager shopping at a mall. The City Image complements these
an edge is the total number of transitions that occurred frof,ar efforts by proposing a technique that easies the visu-

vi 10 v;. Only consecutive data sharings performed by tg;;ation and comparison of the dynamics of cities based on
same user that occurred within 24 hours, starting at 5:00319%ople’s habits and routine.

are considered for the sake of transition computation.
City Image is a promising technique to enable a better Un (g it —G—— R M.

derstanding of the city dynamics, helping the visualizatd E I . 1§:oa

common routines of their citizens. Each cell in the City Imag
represents the willingness of a transition from a givengatg
at a given place (vertical axis) to another category (hariab
axis). Red colors represent rejection, blue colors reptese

favoring, and white represents indifference. We exemplify < s ¢ of & & & G S S E eSS
the City Image technique for two cities - Sao Paulo/Brazil

(Figures 3a and 3b) and Kuwait City/Kuwait (Figures 3c (a) SP (Day - weekday) (b) SP (Night - weekend)
and Sd), USiI’Ig the PSN derived from the FOUrsquare-l datast - 50 100 150 200 020 40 608100 120 _ii0

In both cases, we consider weekdays during the day, whic
represents the typical period for routines, and weekenihgur
the night, a representative period for (out-of-routine¥uee
activities.

First, observe thabffice transitions are more likely to

happen on weekdays during the day in both cities, as expecte « & ¢ o & & « & &S
However, note that the City Images of Sao Paulo and Kuwai
city have also significant differences that reflect cultuligér- (c) KU (Day - weekday) (d) KU (Night - weekend)

sities between both cities. For example, the image reptiesen _ e _
3. TheCity Imageof Sao Paulo (SP) and Kuwait City (KU) for different

- . . Fig.
transitions on W_eekend ”'ths_ (Figure 3d) ShQW t_he lack Bfriods. Abbreviations of categories of places used in thage (extracted
favorable transitions considering the categanghtlife for from Foursquare): Arts & Entertainment (A&E); College & Exdtion (Edu);

Kuwait. This is not the case in Sao Paulo (Figure 3b), whefgeat Outdoors (Outd); Nightlife Spot (NL); Shop & Servicghpp); and

the transitionfood — nightlife is highly favorable to happen, "'avel Spot (Trvh.

meaning that, in Sao Paulo, people like to eat before clgbbin

at night. In Kuwait city, instead, people are more favorable

to perform the transitionshop— food andfood — homeon B. Insights into people movement patterns

weekend nights. Another possible visualization of city dynamics based on
Techniques to provide easy-to-interpret visualizatiorfiso data collected by PSNs is illustrated in Figure 4a. It shows a

common routines of a city’s inhabitants, such as the Cityeatmap of the sensing activity for the city of Belo Horizont

Image, are valuable tools to help city planners to better u¢Brazil) for the PSN derived from the Foursquare-1 dataset.

derstand the city dynamics and make more effective dea@sioifhe darker the color, the higher the number of check-ins in

They can also be used by IT designers to develop customizbd area. This heatmap by itself conveys information redlate

software services for different categories of individualgchss to the popularity of specific areas, being thus only pastiall

as recommendation of popular places to visit for tourigtsl ainformative about the city dynamics. Richer informatiomca

recommendation of hot spots for taxi drivers (and otherselas be obtained by making a small change in the City Image

of workers). They can also support various sorts of sociabnsition graphs presented above (Section I11-A). Speadifi,

studies, such as, for example, the investigation of theedegmwe build a graphG(V, E) where nodev; € V is a given



location (e.g., Times Square), instead of a location catego In [1], we presented a technique to identify POIls and, from
An edge in this new graph represents a transition between tthem, extract the main sights of a city. The technique cansid
locations, and its weight is the number of people that madleat each pair of coordinates (longitude, latitud€):, v); is
that transition. Such modification allows us to draw inssghtassociated with a point; that represents a shared data, e.g. a
into how people move in the city. photo. We start by computing the geographic distance betwee
Figure 4b shows the top 50 heavy weighted edges asdch pair of pointgp;, p;) and grouping together the points
the top 50 hub nodes (largest degrees) for Belo Horizonjg.that are close to each other, e.g., those that have a distance
Stars represent the hubs, black arrows represent edgess sindller than a certain threshold. Depending on the thrdshol
black circles represent self-loops. The larger the symthel, used, this process produces a very large number of clusters,
larger the associated value (edge weight or node degre&). Nohich are not very informative. To capture the POls, we use a
that the flow of people is very concentrated and skewed, @dom model to exclude groups that may have been generated
expected, with a small fraction of the city areas having moBy random situations (i.e., random people movements), and
of the heavy weighted edges and hubs. Note also that mtais do not reflect the dynamics of the city. To identify those
of the heavy weighted edges are self-loops and short distaggoups, we analyze the number of data sharings in each group
edges, implying that people tend to perform activities iaith and adopt simple statistical methods, as described in [1].
neighborhoods. In contrast, cities that are known for thest ~ To separate sights out of POls, we first generate a transition
public transportation systems favor the existence of same | graphG(V, E) as described previously, i.e., verticese V
distance heavy weighted edges along the public transpég,lis represent POIls, and there is an edgej) from the vertex
as we showed in [2]. v; to the vertexv; if a user shared data on a P®@) after
0 Note also that, in our modified City Image transition grapthaving shared a data on P@L The weightw(i, j) of an edge
a hub represents a location that people may arrive and depagiresents the total number of transitions performed fr@h P
with high probability. This is a measure of the popularity of; to POl v; by all users. To identify sights, we assume that
different locations in the city that may be exploited by manghost tourists follow a well-known path within the city, bgin
applications. For example, a public information disseriame. guided by its main sights. Moreover, at each POI, he/sheeshar
s scheme, such as the public displays, may benefit from tbee or more data and goes to the next tourist spot. Thus,
knowledge of the location of city hubs to make more effectivge consider that heavy weighted edges represent frequent
placement and dissemination decisions. transitions from one sight to another, taking their endsoas
Other related efforts include the work by Cheng el al. [10the main sights of the city. To obtain these vertices, weleel
by analyzing check-ins, the authors found that users folloftom G all edges(i,j) with weightsw(i,j) smaller than a
simple and reproducible patterns, and that social states giresholdw,, determined based on the probability of randomly
coupled with mobility. Similarly, Cho et al. [11] investigal generatingu (i, j), in a random grapl&z(V, E), composed
human movement patterns and how social ties may impast random edge#z between POls; € V. In this way we
such movements. They observed that short-ranged travgkiigiulate random walks. In possession of the distribution of
both spatially and temporally periodic and is not affectgd kedge weights, we are able to determine a threshgklich that
s the social network structure, while long-distance trasehore  the probability of an edge weight w; in Gz(V, ER) is close
influenced by social network ties. All these efforts illag& the  to zero. All transitions); — v; in G with w(i, j) greater than
increasing interest and the potential of exploiting datarei or equal tow; are assumed to be between sights, according to
in PSNs to study human mobility patterns in large scale. s our conjecture (please refer to [1] for more details).
) . We applied this technique for the Belo Horizonte city, being
C. Points of interest able to find the majority of its POIs and sights. The sights
w  Every city has a set gioints of interes(POls), that is, areas identified using the PSN derived from the Instagram-1 détase
that attract more attention of inhabitants and visitorsitttee  presented in [1], are shown in Figure 4c, whereas Figures 4d
others. The main touristic sights of a city are included$rsi¢te and 4e show the sights identified by applying our technique
of POls. However, POls include more than only the city sightg the PSNs derived from the Instagram-2 and Foursquare-2
For example, an area of local pubs in the suburb can be quitgtasets, respectively. We note that all PSNs provide Lisefu
popular among city residents, but completely unknown anfhta to the identification of relevant sights of Belo Horitan
unpopular among tourists. Thus, an application that nliyuraindeed, all the eight landmarks recommended by TripAd¥isor
emerges from PSNs is related to the identification of POlsdne® the most important cultural and leisure areas of the city
city. The assumption behind this idea is that each datarsharare among the identified sights. The figures also show that
represents, implicitly, an interest of an individual at aegi different PSNs may provide complementary data, as no single
so moment. Thus, the data sharing by many users in a particu8N found all sights. Such differences may reflect changes
location at a given moment serves as evidence that this plagethe city during the time when a specific dataset was
is a POI. One advantage of using PSNs to identify POls.ihcallected. For example during the collection of Instagram-
city is that such technique is robust to dynamic changest TiBelo Horizonte was not receiving soccer games. This exglain
is, because PSNs sense dynamic data, they can automatiagHy the soccer stadium was not identified by the PSN derived
ss capture the changes in people interests over time, helpingfiiom that dataset. In contrast, the analysis of a more rgcent
quickly identify areas that suddenly become a POI (e.g., due
to the opening of a new restaurant) or that loose popularity. Swww.tripadvisor.com.
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(a) Heatmap (b) Featured places (nodes) and transitions (edges)
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Fig. 4. Map views of Belo Horizonte constructed from differgoarticipatory sensing data. (a) Heatmap of the numbehetleins, where the color range
from yellow (low intensity) to red (high intensity). (b) Tdg0 edge weights (transitions between places) and hubsefplhat receive people from different
venues). Stars represent hubs, black arrows, edges, atkl diales, self-loops. (c), (d), and (e) Sights identifiedBelo Horizonte using three different
datasets.

collected dataset from the same application — Instagram-@revious ones since it focus on Instagram, a popular PSS.
correctly identified the stadium as a major sight of the city.
This illustrates how our technique can automatically adapt
changes in the city dynamics, detecting unusual and trenlay
s locations as well as uncovering possibly unexpected petter Data collected from PSNs can be used to infer the social
This is thanks to the real time nature of PSNSs. network topology and dynamics of entire cities, ultimately
We also note that inherent differences in the applicatioesiabling the analysis of social, economic, and culturaéetsp
from which the PSNs are derived may also explain the divasf its inhabitants. For example, one might argue that a small
sity and complementarity in the set of sights identified lpsth coverage of a certain area by a PSN (i.e., only a small amount
10 PSNs. That is because the use of each system might favor d¢ifilata shared in that area) might indicate a lack of techgyolo
identification of certain types of sights. For example, Fggd access by the local population, since the frequent use of
indicates that the Pampulha Lake and Pampulha Church wkreation sharing services often relies on smartphones &d 3
identified only by the PSNs derived from Instagram. For these 4G data plans, which, usually, are expensive.
particular places, it is expected that users share moreophot In [2] we showed that the analysis of PSNs enables the
1s than check-ins. visualization of interesting facts related to socio-eqoi
The identification of points of interest in a city was alséssues of a city. For instance, the PSN derived for the Rio
investigated by Crandall et al. [8]. In their work the authorde Janeiro city (Brazil) indicates very small sensing distiv
showed how to organize a large number of geo-tagged phetospoor areas, including those very close to wealthy ones, a
jointly analyzing both the textual content of tags and theell-known socio-geographic characteristic of that pattr
20 geospatial data of the photo, with the goal of inferring theity. This information may be useful to drive better public
location of a photo without using the geospatial data. In thpolitics in those areas. The same information could be pbthi
same direction, Kisilevich et al. [12] used geo-tagged pitd  using traditional methods such as surveys, but at the egpens
analyze and compare temporal events that happened in as@fya much slower and expensive process. Towards better un-
and also to rank sightseeing places. Our work differs froderstanding social patterns from the analysis of socialiaped

Socio-economic aspects
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1sit. Among the various aspects that define the culture of a (a) Spatial correlation
society (or person), one may cite |f[s arts,_reI|g|ous bsjief 1 — oo Lo
letters, and manners. Moreover, eating habits are alscafund , Porto Alegre 0.8l |~ New vork
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mental elements in a culture and may significantly mark $ocia £ ,
differences, boundaries, bonds, and contradictions. Tows & 04
20 may use this aspect to study the idiosyncrasies of differer = 02
societies. o
To that end, we consider a PSN derived from Foursquare 246 810121416182022 2 4 6 8107241618202
and exploit the check-ins given in different types of restau
rants, e.g. Japanese, as signals given by users expressing t
2 food preferences. This enables the identification of irliel Fig. 5.  (a) Correlations between restaurant preferencemgrd7 populous
preferences, such as the taste for fish and chips, as wellfﬁ&?' (b) and (c) Average number of check-ins in restasrelring weekdays
; } roughout the hours of the day for 6 different cities.
temporal habits, such as the time and day of the week one
goes to a restaurant. This analysis surprisingly says almita

differences and similarities among cultures. Figure 5avsN0;qentification of similarities between places that are gaph-

20 the Pearson correlation coefficient between the checkiesng ically separated might be valuable for companies that have

in different types of restaurants for several cities arotél p, sinesses in one country and want to assess the compatibili
world. As we can see, cities in the same country, where 'nhat?'preferences across different markets

itants typically share similar culture and eating habitayeh
the strongest correlations of restaurant preferencesd@&es
s preferences for food categories, we can also see diffesenEe Challenges
in the periods of time when people go to restaurants ;’3‘”_d|n the previous sections we demonstrated the potential

PSNs through different applications and techniques. We
on restauranfsshargd t.’y Users _throughout Fhe hours of thn‘?ow turn to the various challenges one must face to develop
day, on weekdays, in different cities of Brazil and US. The

f' ¢ . cant diff bet th Itaf Fuch applications and techniques. Some key challengeshwhi
«ligures capture important difierences between the CUltares ;.o contered around the data obtained from PSNs, (&je:

:OOtthOllmt”eS: while (_1|nne; |stthe|mz_;untrr?eal ff{)_r Amhegiaeg ata quality: the quality of the shared data when dealing
unch plays a more important role in the eating habis of,, ubiquitous user contribution is not always guaranteed

Bra2|l|an§. This §hows that tempore_ll aspects can "?"S‘.’ g%ﬁhough this issue has been relatively well tackled in trebw
valuable information about cultural differences amongesit omain, the ubiquity of contributions might lead to unique

s Cultural differences was also studied by Hochman et al. | foblems, for example, sensor readings could be produced by

who investigated color preferences in pictures sharenghgo users with little effort [16]. Among other initiatives, San

Instagram. The authors found considerable d|1‘ferencacret al. [16] tackled this issue proposing a trusted platform

pictures of countries with distinct cultures. In a similared- module, which confirms the integrity of sensing device;
tion, Poblete et al. [15] investigated how tweeting behav'(bata collection: when dealing with third-parties services,

% Varies across countries, as weII_ as_the possible e>_<p|zmat|guch as Waze, public data might not be available, since users
for these differences. The investigation of cultural difeces

diff ¢ citi q i luable in ma could decide to not publicly disclose it. Incentive mecisams,
across ditterent cilies and countnies are vaiuable In magy ., 5q micro-payments [17], are possible solutions being

fields and can support various applications. For examp ﬁVestigated for this issug(3) Big data issues:PSSs can
since culture is an important aspect for economic reasbes, brovide huge volume of data, imposing challenges rieal

"Values are normalized by the maximum value found in any houtte time storing, proc_essmg, an_d mdexmg. The research on blg
specific city. s data challenges is very active, and has recently made great

# checkins

(b) Brazilian cities (c) American cities



advances by, for example, relying on parallel platformg.(e. layer. This is possible because each sensing layer is cadpos
Hadoof5) for processing large scale datasets. ss by crowdsourced data, providing information on a personal
level. It is worth noting also that since each layer represan
partial view of the city, their aggregation can provide ajkre

- L ) ) . understanding of it.
Applications are becoming increasingly mobile, desigreed t

s infer user interests and location, and make different soirts
predictions. A mobile device is not just a better option, bu
may be the only option for many people. This is similar tc
another phenomenon that has happened for some years n
more and more people are ditching their landlines in favc

10 of cellphones. When people get to that point, they tend 1
acquire not any cellphone but preferably the latest geioerat
smartphone.

In the previous section, we discussed several applicatibns
PSNs that enable a deeper understanding of a city’s dynam
1s and social behavior. More generally, data from differenBS
can be represented as sensing layers, each one enab
the access of data related to a certain aspect of the ci
Figure 6 illustrates this idea, displaying four differeayérs:

IV. DISCUSSION AND FUTURE WORK

“s" Weather condition

Pictures of places

traffic alerts (obtained, for example, from Wa3e check-ins
20 (provided, for instance, by Foursquar@eather condition
(obtained, for example, from Weddfy, and pictures of

Fig. 6. Sensing layers for the city of New York. Each layeregiinformation
about a specific aspect of the city. Data from different layenay be
aggregated in order to better understand a given context angwer a given
question, e.g., "give me a sunny and crowded location wheranl take a

places (obtained, for instance, from Instagram). All layergood picture and that | can easily arrive by car."
sense data with common features: an identifier of the user
who shared the data; the time when the data was shared; anth summary, the use of PSNs can help us better understand
»s the location where it was shared. The layers differ amerige dynamics of cities, and from this understanding we are
themselves by the type of data they provide, difference thaltle to offer smarter services to meet people’s needs. A
we call herespecialty dataDespite differences in their mainfuture direction we intend to pursue is jointly analyzing
purposes, different layers can be used to infer complementdifferent PSNs (sensing layers). We also intend to invagtig
information about the same given city aspect. For examipée, tthe interplay between data obtained from traditional wessl
w traffic alerts layer offers structured data about the traffiche sensor networks and data obtained from PSNs.
as information about car accidents or traffic jams. Despite n
being the central goal of the pictures of places layer, do
about the traffic could also be inferred by analyzing the ennt
of the shared pictures that were taken on a given road. (1]
We here discussed current and previous efforts to explore
PSNs derived from two types of systems, namely location
and photo sharing applications. These systems fall into twi!
different sensing layers: check-ins and picture of platés.
have also illustrated the potential of obtaining enriched a
o more complete information by jointly analyzing both layétsl!
(e.g., in the POI detection technique). We particularly ehav 4
studied the time and location dimensions of our data from
both layers. Besides that, we have explored also the specia
data provided by the check-ins layer (e.g., in the City Im%?gLS]
s technique).

Certainly, a range of fruitful opportunities may emergel®!
when exploring the specialty data offered by other laygrs.
For example, near real-time traffic information provided by[7]
the traffic alerts layer could be leveraged to improve algo-

so rithms for navigation services. Car accidents, potholes, a (8]
slippery roads are examples of valuable pieces of infonati
whose detection is hard to obtain with traditional sensors,
but becomes more feasible with the use of the traffic alertjs
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