A picture of Instagram is worth more than a thousand words:
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Abstract—Participatory sensing systems (PSSs) have the po- The success of PSSs is directly connected to the populariza-
tential to become fundamental tools to support the study, in  tion of thesmartphonewhich became the most widely adopted
large scale, of urban social behavior and city dynamics. Tohat persona| Computing device [5$martphone$]ave a rich set
endat:is V(‘gork Ch?{ﬁ‘?te”zes ttlhe ph‘zto Shal‘””ggéﬁer'gh'”slgfaﬁl' of built-in sensors, such as GPS, accelerometer, micraghon
considered one of the currently most popular E>s on the te1el. - camarg  gyroscope and digital compass, and typically remai
Based on a dataset of approximately 2.3 million shared pho& . -
we characterize user's be%gvior in thg system showing thaphtere turned on all time. However, sensing not only depends on'
are several advantages and opportunities for large scale sging, the _dat.a generated. by these sensors but also on the user's
such as a global coverage at low cost, but also challengescku  Subjective observations. Currently, there are severahples
as a very unequal photo sharing frequency, both spatially aa ~ Of PSSs already deployed and usedsyartphonessuch as
temporally. We also observe that the temporal photo sharing Wazé to report traffic conditions in real time, and Wedti&o
pattern is a good indicator about cultural behaviors, and ako  report weather conditions. Moreover, there are photoishar
says a lot about certain classes of places. Moreover, we pesg services, such as Instagr"amvhere users can send images in
an application to identify regions of interest in a city baseél on  real time to the system. In particular, Instagram is cutyent
data obtained from Instagram, which illustrates the promising one of the most popular PSS, with nearly 100 million users
potential of PSSs for the study of city dynamics. and more than 1 billion photos received, having every second

a new user registered and 58 new photos uploaded [6].

. INTRODUCTION The main objective of this work is to characterize the

Mark Weiser, in his classical article entitled “The compute Participation network of Instagram, aiming to show the ehal
for the 21st century” that appeared in the Scientific America lenges and opportunities emerging from participatory isgns
magazine [1], popularized the concept of ubiquitous computPerformed by users of this application. Based on a dataset of
ing, which envisions the availability of a computing enviro approximately 2.3 million photos, we show the planetarypsco
ment for anyone, anywhere, and at any time. It may involveof the network, as well as the highly unequal frequency of
many wirelessly interconnected devices, not just traditio Photos sharing, both spatially and temporally, which ishhyig
computers, such as desktops or laptops, but may also inclug@rrelated with the typical routine of people. Moreover,al&n
all sorts of objects and entities such as pens, mugs, phones)ow how to design useful applications based on Instagram as
shoes, and many others. Although this is not the reality yetve present a technique to identify regions of interest withi
and this concept has been extended to include, for exarhgle, t City. This application illustrates the immense potentiaP8Ss
Internet of Things, much has been done in this direction én th to study the dynamics of cities. To the best of our knowledge,
past 20 years after the publication of Weiser's seminal papethis is the first study to characterize the use of Instagram by
In this scenario, Wireless Sensor Networks (WSNSs) [2] play a the photos shared.
important role since they are designed to collect data atheut
physical environment where they are inserted and provide su
information to the end user or other entities. Moreovernglig

The rest of this paper is organized as follows. Section I
presents the related work. Section Il discusses the [jaatic

: ; - : tion of human beings in the process of sensing, addressing
an increasing use of participatory sensing systems (PS§s) [ harticipatory sensing systems and participatory sensér ne

allowing people connected to the Internet to provide usefuly,rks' (PSNs), arising from PSSs. Section IV presents the
information about the context in which they are at any givengparacterization of a PSN derived from Instagram. Section V
moment. describes an application to classify regions in a city using

Indeed, PSSs have the potential to complement WSNs ifistagram data. Finally, Section VI presents the conciusio
several respects. As WSNs are typically designed to sengtd future work.
areas of limited size, such as forests and volcanoes, PSSs
can reach areas of varying size and scale, such as large II. RELATED WORK
cities, countries or even the entire planet [4]. Furtheenar
WSN is subject to failure, since its operation depends upon
proper coordination of actions of its sensor nodes, whialeha
severe hardware and software restrictions. On the othat,han
PSSs are formed by independent and autonomous entities, 1.8 Thip:/mww.waze.com
humans, which make the task of sensing highly resilient to 2nttp:/mmww.weddar.com
individual failures. 3http://www.instagram.com

The process of sensing the environment may involve hu-
ns as (i) the target of the process [7], or (ii) the persen re
sponsible for collecting the data [8], [9]. In this paper, f@eus




on the second case, considering systems that employ mobiieterest of users in photos collected from Flickr. That work
devices, such asmartphonesto build a participatory sensor explores the spatial dimension to investigate the inteoést
network, which is described in Section IlI-B. In the litare¢,  users by a photo, showing that the geographic distributon i
we can find several systems that consider the involvement ahore focused around a geographic location.

humans in the sensing process. Some of those participatory
sensing systems (PSSs) include, for example, traffic [16] an
noise [11] monitoring systems.

Our work differs from previous ones (including ours) since
it focus on a new system of great popularity nowadays — the
Instagram. To the best of our knowledge, this is the first-char
The success of PSSs depends mainly on the continuougterization of Instagram by photos shared by users. Invaet
participation of users along the time. Reddy et al. [12] ps®  specifically analyze the Instagram from a crowdsensingtpoin
incentive mechanisms based on micro-payments, which aref view. Moreover, continuing our recent studies [4], [22iis
small amounts of money given to the user when he/she pework examines the dynamics of cities across PSSs, showing
forms certain activities in the system. Besides the coptisu that photo-sharing systems, particularly the Instagram atso
participation of a user, the system needs to ensure thetyjualibe used for mapping the characteristics of urban locations a
of the shared data [13]. For example, in several PSSs users ca low cost.
fabricate false data supposedly sensed at a low cost. Tneref

data integrity is not always guaranteed [14]. . HUMANS IN THE SENSING PROCESS

There are several proposals devoted to the study of spe-
cific characteristics of PSSs. For example, in locationishar
services like Foursquare, Cheng et al. [15] observe thasuse

follow a pattern of mobility simple and feasible to be repro-%f sensing devices such as sensors embeddesimstphones

duced. In this direction, Cho et al. [16] observe that human o X "
perform short trips that are periodic in space and time ard ar €.9., GPS) or by human sensors (e.g., vision), being stigec

not affected by a social network structure, which, in itsur observations produced by them [8].
influences only long distance trips.

The focus of this paper is on systems that rely on humans’
participation in the sensing process, where they are resiplen
for local data sharing. Such data can be obtained with the aid

Scellato et al. [17] show that 40% of social reIationsA' Participatory Sensing

arising among users of three popular online location-based Participatory sensing is the process where humans actively
services happen within [100]km. Noulas et al. [18] analyzeuse mobile devices and cloud computing services to share
the dynamics of sharing in location sharing services anssho local environmental data such as a picture [3]. It diffenir

for example, that the distribution of the number of check-in opportunistic sensing [26] mainly by the user participatio

is highly uneven, being well modeled by a power law. which is minimal in the latter case. In this work, we consider

Other studies propose using data derived from PSSs in neg)eastirz fﬁ)ni?]rgr%ntggg Omrtemar%?ertslglp(i‘tot%/ese?gtl:r:agsslsathe:igseto
applications, since this type of data helps to better unideds » €9 P PP

e prysical boundares and notions of space (9] n NETETLELL 1 ok we consger e anualy vergseera
direction, Cranshaw et al. [20] present a model to classif)P : patory 9

regions of a city based on patterns of collective activjtiesile usually refgrred to asbiquitoug crowdso.urcinng] or m_obile
Noulas et al. [21] propose using categories of places mgist crowdsensing27]. The popularity of participatory sensing sys-

on Foursquare o classifv areas and users of a cit tems has grown rapidly with the increasing use of cell phones
q y Y- embedded with sensors and the ubiquity of wireless access

In a previous work [4], we analyze the properties of par-to the Internet access. These devices have become a powerful
ticipatory sensor networks derived from two location shgri platform that includes capabilities of sensing, computimgl
applications: Gowalla and Brightkite. We analyze the spati communication.
and temporal distributions of check-ins performed by usérs

these systems to collect relevant evidence so we design ne btained th h ohvsical h
services and applications. In [22], we proposed a new way t§) obtained through physical sensors (e.g., GPS) or human
observations (e.g., road congestion), (ii) defined in timd a

visualize the dynamics of cities based on habits and rositine ; ; )
of people collected from check-ins on Foursquare. space, (iii) obtained automatically or manually, (iv) stured
or unstructured, and (v) voluntarily shared or not. To titate

The only study about Instagram found is the one performeghis type of system, consider an application for traffic niomi
by Rainie et al. [23], where the authors interviewed Insdagr ing, such as Waze. Users can share comments about accidents
users finding, for instance, that Instagram is more likely toor congestion manually. It is still possible to calculate speed
be used by young adults. There are also studies that analyag the car and automatically share the car’s route with tie ai
similar photo sharing systems, such as Flickr, which is nobf the GPS. With speed measurements of different vehicles
a system accessed mostly by smartphones, i.e., it is n&gampled in a particular area, it is possible to infer, fomepke,
a conventional PSS. However, some of those studies takgsongestion. In this case, users manage the applicatiorthwhi
into account large scale geotagged photos, what make thewas created for this purpose, and the sensed data is sedctur
particularly related to this work. Crandall et al. [24] spitow  But if users use a microblogging service, such as Twitter
to organize a large number of geotagged photos, combininghe sensed data is unstructured. For example, the user™John
analysis of tag text with geospatial data of the photo. Theal ~ sends a message “I am facing slow traffic near the entrance of
was to estimate the location of a photo without consideringhe campus.”
the geospatial data. As result, their work reveals progerti
about landmarks of a city. Van Zwol [25] characterize the “http://www.twitter.com

A data sensed in a participatory sensing application is
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B. Participatory Sensor Network Time (hours)
In a Participatory Sensor Network (PSN), the user’s mobile (b) Temporal variation of the number of photos
device is the fundamental key element to obtain sensed data. shared by continent.

Individuals carrying these devices are capable of sensiag t _ fih .

environment and make relevant comments about it. Thus, eadlf: 2~ Coverage of the PSN of Instagram.

node in a PSN consists of a user with his/her mobile device.

Similar to WSNSs, the sensed data is transmitted to the servet,o.nce photos available at Instagram, besides a pldiritex

or "sink node”. But unlike WSNs, PSNs have the following his case, photos of Instagram announced on Twitter become
characteristics: (i) nodes are autonomous mobile entites 5 5ilable publicly, which by default does not happen when th

a person with a mobile device; (ii) the cost of the network ; ; :
is distributed among the nodes, providing a global scai#; (i picture is published solely on the Instagram system.

sensing depends on the willingness of people to participate Between June 30 and July 31 of 2012, we collected
in the sensing process; (iv) nodes transmit the sensed daa272.556 tweets containing geotagged photos, posted by
directly to the sink; (v) nodes do not suffer from severe powe 482.629 users. Each tweet consists of GPS coordinates (lat-
limitations; and (vi) the sink node only receives data andsdo itude and longitude) and the time when the photo was shared.
not have direct control over the nodes.

Figure 1 shows an example of a PSN comprised of photoI—B' Network Coverage

sharing services, which is analyzed in the following setio In this section, we analyze the coverage of the PSN of
Figures la, 1b, and 1c represent four users at differenstimelnstagram at different spatial granularities, startinguad
Photos shared by users are symbolized by a dotted arrothe planet, then by continents and cities and ending up at
Note that not all users perform activities at all times. Affe  neighborhoods. Figure 2a shows the coverage on the planet
certain interval, we can analyze the data in various ways. Faoy the PSN of Instagram as a heat map of user participation:
example, Figure 1d shows a graph where the vertices regresettarker color? represent larger numbers of photos shared in the
the locations where the photos were shared and edges connedirticular area. Despite being a fairly comprehensive Eme
photos shared by the same user. With this graph, it is pessibbn a planetary scale, it is not homogeneous. Figure 2b shows
to obtain various results of interest, considering difféngarts  the number of photos shared by continent along the time. Note
of the world, providing a remarkable global infrastructatea  that the sensing activity in the Americas (North and South),

lower cost, as illustrated in Figure 2a. Europe and Asia is at least an order of magnitude greater than
in Africa and Oceania. Moreover, it can be observed that the
IV. CHARACTERIZATION OF INSTAGRAM participation of users in North America is slightly hightah

. . . in Latin America, Europe and Asia.
In this section we analyze the participatory sensor network

derived from Instagram. Now we evaluate the participation of users in Insta-
gram in eight large and populous cities in five continents:
A. Data Description New York/USA, Rio de Janeiro/Brazil, Belo Horizonte/Brazi

, ) , - Romel/ltaly, Paris/France, Sydney/Australia, Tokyo/dapad
The data was collected via Twitter, which offers the possi-

bility of integration with other platforms. This enable®us to 5Colors of the heat map for all subfigures are in the same scale.




Cairo/Egypt. Figure 3 shows the heat map of the sensintpcated in the middle of the city, along with many hills tha¢ a
activity (photo sharing) in each one of these cities. Againhot accessible to people. These aspects limit the geographi
darker colors represent a greater number of pictures inengiv coverage of the sensing. Moreover, in both cities the points
area. We can observe a high coverage for some cities, as showh public interest such as tourist spots and shopping center
in Figures 3a (New York), 3e (Paris) and 3g (Tokyo). Howeverare unevenly distributed throughout the city. There argdar
we can see in Figure 3h that the sensing in Cairo, which alscesidential areas with few points of this type, while other
has a large number of inhabitants, is significantly lowectBu areas have large concentrations of these points. Thesksresu
difference in coverage may be explained by several factorare qualitatively similar to those reported in [4], [22] for
Besides the economic aspects, differences in the cultutieeof PSNs derived from three location sharing applications and f
inhabitants of this city when compared with cultures présendifferent cities. This observation demonstrates the patkeof

in the other cities analyzed may have a significant impact onstagram as a tool for participatory sensing in large urban
the adoption and use of Instagram [28]. regions.
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(a) New York (b) Rio de Janeiro As thg users’ participation can be quite heterpgengous
. within a city, we propose to divide the area of the cities into
al : smaller rectangular spaces, as in a grid. We call each igatan
; higho | e lar area of quadrantwithin a city and, from this, we analyze
; BN AT N > the number of photos shared in these quadrants. In this paper
S LSS Nemr, TaRe 1O we consider that a quadrant has the following delimitation:
> : D 10~*° (latitude) x 10~*° (longitude). This represents an area
s s ; 4 . of approximately &11 meters in New York City and 2011
il Angry e ] / meters in Rio de Janeiro. For other cities, the areas can also
e T / j ; ; _ ! vary slightly, but this does not affect the analysis. We dadi
(c) Belo Horizonte (d) Rome that this is a reasonable size to represent an area of a venue,
e tme < enabling then analysis of users’ activity at venue level in a
: : T AN == city. Figure 4 illustrates the process of dividing the aréao
4 L e 3 - SR city in quadrants and how it is the association of geographic
) z ' coordinate (24.0001433; 3.000253) to a quadrant X.

Figure 5 presents the complementary cumulative distribu-
tion function (CCDF) of the number of photos shared in a
guadrant of the city of New York (Figure 5a) and all locations
in our database (Figure 5b). First, note that in both cases, a
power law describes well this distribution. This impliesath
most of the quadrants have few shared photos, while there are
few areas with hundreds. These results are consistent éth t
results presented in [4], [18], which study the participati
of users in location sharing systems. In systems for photo
sharing, as well as systems for location sharing, it is @tur
that some areas have more activity than others. For exainple,
tourist areas the number of shared pictures tends to bethighe
than in a supermarket, although a supermarket is usually a
S g location quite popular. If a particular application reesira
(g) Tokyo (h) Cairo more compr(_ahensiv_e coverage, it is necessary to encourage
users to participate in places they normally would not. ltcr

Fig. 3. Spatial coverage of Instagram in eight cities forsilared photos. payments or scoring systems are examples of alternatiegs th
The number of pictures in each area is represented by a hegatwhare the might work in this case.
scale varies from yellow to red (more intense activity).

LN | Fig. 4. Example of identification of a quadrant.

-

As previously shown, a PSN can have planetary scale
Furthermore, we can see that the coverage in Rio de Janeimmverage. However, it was also shown that such coverage can
and Sydney is more heterogeneous compared with the coverage quite heterogeneous, in which large areas are pragticall
in Paris, Tokyo and New York. This is probably because ofuncovered. Figure 6 shows the total network coverage con-
the geographical aspects that these cities have in commosidering the temporal dimension, i.e., the number of |tiesli
i.e., large green areas and large portions of water. Rio dthat are active (i.e., sensed) in a given time interval aarig
Janeiro, for example, has the largest urban forest in thédwor all available data. The maximum number of quadrants sensed
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Fig. 5. Distribution of the number of photos in quadrants. 1
. 153
per hour corresponds to only approximately 0.2% of the total A os
number of areas in our dataset (1.030.558). In other wohnés, t =
instant coverage of the PSN of Instagram is very limited when
we consider all locations that could be sensed on the planet.

This means that the probability of a quadrant to be sensed on 10° A, (min)

a random time is very low.
(c) CDF

Fig. 7. Distribution of the time interval between shared tpkan a popular

quadrant.
2. 4
€10 ]
§ H ", e o odds ratio function (OR) of these intervals. The OR is a
3 o ° cumulative function where we clearly see the distribution
% 10° () ] behavior b(CJ:tSFin the head and in the tail. Its formula is gibgn
_ (z) . . .
,g OR(a:.) = T-CDF(&)" WhereCI?F(x) is the cgmulgtlvg de.n5|ty
#* function, in this case, of the inter-sharing time distribution.
. As in [30], the OR of the inter-sharing time between photos
10, 200 200 600 also presents a power Iavy behaviqr with slgpes L _This
Time (hours) suggests that the mechanisms behind human activities can be
simpler and more general than those proposed in the literatu
Fig. 6. Temporal variation in the number of sensed quadrants because they depend on a lot of parameters [31]. Based on this

fact and also on Figure 7c, we can observe that a significant
. | portion of users performs consecutive photo sharing in atsho
C. Sensing Interva time interval. About 20% of all observed sharing occurs imith

Participatory sensor networks are very scalable becausk) minutes. As discussed in Section IV-E, this suggests that
their nodes are autonomous since users are responsibtefor t Nodes tend to share more than one photo in the same area.
B e %% I SSLbellr  Related 1o tis anayss, i ineresting to veriy the
and coverage is achieved more easiiy The success of suchfef'zl"is'b'h.ty of an appllqatlon for near real-time wsuahmq of

X . 2 e - a’certain area of a city. For that, a central question is: what
network is to have continuous participation with high qtyali

The sensing is efficient since users are kept motivated tKBShaiS the probability o obtain one picture of an area in a given
; 9 P time? To address this question, we select a popular arearof ou
their resources and to sense data frequently.

dataset (south of Manhattan), shown in Figure 8a, and divide
Now we investigate the frequency in which users shardt in eight sectors of equal size.
photos in Instagram. Figure 7a shows the histogram of the Figures 8b-e show the mean probability, along with its

inter-sharing timeA,; between consecutive photos in a typical . : . . .
popular quadrant. Note that the histogram is well fitted byconﬁdence interval of 95%, of seeing a picture in each ofghes

a log-logistic distribution [29] that has bursts of acyviand  SSctors in the next 1-minute, 15-minutes, 30-minutes, dhd 6
Ionggpeﬁods of inactivity: [the]re are times when ma?:;/ photod] inutes. All these probabilities are calculated for foudfedient

are shared within a few minutes and there are times when thet&n€s of the_ day: dawn (Figure 8.b)’ morning (Figure 8c),
is no sharing for hours. This may indicate that the majorfty o aq‘?mo‘t)ﬁ (Flg?ture 8d), ang nl_gntt (;'gugeﬁ%)‘ We l;)bt\sl.verve tthha
photo sharing, in this popular area (as in others), occurs (_ﬂurmg € afternoon and nig e difierence between the

specific intervals, probably related to the time when peoplegrObabi”ty of seeing a picture in the next 15 minutes and

usually visit them. For example, sharing photos in restatsra ho rgméjte_s art?] n(()jt very h('jgh in mOStthS.ecéﬁ’fFS- On the other
is likely to happen during lunch and dinner times. Applioat and, during the dawn and morning this difierence 1S more

based on this type of sensing should consider that the usg?(presfri]\/ea This isdexplai_ned by ghe Iowbsharing_frtla:quencg
participation can vary significantly along the time. uring the dawn and maorning periods, as observed in FIgure 9.

Note also that even for a very popular area the probability to
Another interesting observation related to the inter4sigar obtain a picture in the next minute is very low, for all four
time A; can be extracted from Figure 7b, which shows theperiods of the day. This means that applications that need a
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considerable amount of photos within a small interval have t x10 x10

3 4
be aware that this may not be feasible. g .
<) [%]
The results in Figure 8 can also be used to better understan £ 2 §
those sectors. For instance, Sector 8 seems to be the lea & 52
popular among the others, despite the biggest part of water i &1 - 1
that sector. If we analyze the probability of a photo in thetne &
15-minutes, we can also see that during the dawn, Sectors 2 = 0\ o 0o s 1012111515202
5, and 6 are the most popular ones, which might indicate that Time (week days) Time in hours
those sectors have a more intense nightlife. This infolonati (a) Weekly pattern (b) Aggregated - weekday and week-
could be useful, for example, in a tourist guide, being one end

feature in an algorithm to recommend areas in a city. Fig. 9. Temporal photo sharing pattern

g f /;g fjw’/‘:‘;
4 4 £k F:%. Considering weekdays, we can see a slight increase in
P Ty 7 é] activity throughout the week, except for Tuesday, wheneher
E 3> '“4? & is a peak of activity. Cheng et al. [15] anglyze _Iocation
i Ve sharing systems and observe the same behavior. This saggest
B 7 e /N that during the period of data collection, an unusual event
' ,_;_5Q T 6 may have happened on Tuesday that resulted in an abnormal
ot =7 number of shared photos. Finally, observe two peaks ofiactiv
L N oS throughout the day, one around lunch and the other at dinner
: %Zf// - time. Unlike the behavior observed for location sharing][15

(a) Sectors of NY ‘ for photo sharing there is no peak of activity at breakfaseti

We also analyzed the behavioral patterns during weekdays

1 =l 1 and weekends. Figure 9b shows the average number of photos
o sominl - o I shared per hour during weekdays (Monday to Friday), and also
%0.6 I comin %0.6 I I | I during the weekend (Saturday and Sunday). As we can see,
- 11 I - the peaks during weekdays happen around 13:00 (lunch) and
., I I ., 1 19:00 (dinner), but on weekends there is no peak of activity a

' l I | I 1 l i;i ' NEIRIRIN] lunchtime. Rather, the activity remains intense throughioe

SR ERECE iz 3 ERECE afternoon until early evening, with a slight increase at009:

(b) Dawn (¢) Morning 2) Selected AreastWe now turn our attention to the photo
sharing pattern throughout the day in Rio, Sao Paulo, Osaka,

1 REERE 1 Tokyo, Barcelona, Madrid, Chicago and NY during weekdays
208 I 208 I [ I | and weekends. These results are shown in Figure 1tds
Sos Sos interesting to note that, even when we analyze separaésciti
Em I Em 1 we still do not observe, for most of the cities, a clear peak

02 02 of photo sharing around the breakfast time, as observed for

oLl Aol olf WY el i oL jINIE I location sharing [15].

1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Sector Sector

_ Studying weekdays first, we can see that cities from Japan
(d) Afternoon (e) Night (Figure 10c), Spain (Figure 10e) and USA (Figure 10g) presen
Fig. 8. Mean probability of obtain a picture in the next 1-oti# 15-minutes, peaks of phOtO sharmg that reflect typlcal lL.mCh and d'.“.”er
30-minutes, and 60-minutes, for eight popular areas duheglawn, morning, times. On the other hand, not ‘?‘” peaks _'n the B_raZ”_'an
afternoon, and night. curves (Figure 10a) represent typical meal times. This migh
indicate that Brazilians share photos in uncommon moments.
We conjecture that the peak of 6:00pm is due a “happy hour”
D. Seasonality and the peak of 9:00pm is due to a leisure activity that happen
_ in a pub, theater, concert, etc. Another difference is thmt,
We now analyze how humans’ routines affect the datgeneral, the Brazilian activity is more intense late at high
sharing. First, we study all localities present in our detas During weekdays it is possible to observe a certain sinjlari

and then we study the sharing pattern for some cities frongf sharing patterns between Japanese, Spanish, and America
different continents. cities.

1) All Localities: Figure 9a shows the weekly pattern of  However, during the weekends these patterns are very
photo sharing in InstagréinAs expected, the network partici- distinct. The Brazilian curve still presents an unusualkpea
pation presents a diurnal pattern, implying that the og#hi  at 5:00pm and the Spanish and American curves now present
sensing activity is quite low. more intense activity around the “brunch”/lunch time. Tdes

5The time of sharing was normalized according to the locatitvere the "Each curve is normalized by the maximum number of photoseshar a
photo was taken. specific region representing the city.



observed patterns might express cultural behaviors ofbinha 10°
tants of those countries, presenting somehow the signafure
a certain culture. This hypothesis is reinforced because we

surprisingly see that the pattern for each city in the same ~ 107
country is fairly similar on weekdays, and also on weekends, Al
at the same time, being distinct from patterns observed for X

other countries.
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1 1
08 \ 08 \ \ geographic coordinates associated with each photo. FiiRae
éOG éOG \\ shows the cumulative density function of the geographie dis
£ r £ Y tance between each pair of consecutive photos shared by each
504 o\ B 04 prv—— user in our dataset. It can be observed that a significanibport
®oz\  / e * 0.2 Madid (about 30%) of the distances between consecutive photos are
! o= very short (less than [1]meter). This indicates that usard to
2 4 6 810121416182022 2 4 6 810121416182022 . . . . . .
Hour Hour share multiple photos in the same location. This hypothssis
(€) Spain — Mon to Fri (f) Spain — Sat to Sun reinforced by the significant portion of time intervals beem
consecutive pictures of short duration shown in Figure 062
1 ; 1 ‘ of these intervals4;) do not exceed 10 minutes. This was not
@ 08 \ @ 08 _\/\/\ observed in the same proportion for location sharing. Noula
Sos \ Sos et al. [18] observe that 20% of the shared locations happen up
S04 S04 to [1]km away. For shared photos, this value is approximatel
2 0 / m 2 0 —Chicago, 45%. This result can be explained by the simple fact that a
B .. ew Yor . . . .
L e o photo can contain much more information than one location.
0 0

For example, in a restaurant users could share photos behis/
friends at the place, food, or a particular situation, budtéo
share their location only once.

2 4 6 810121416182022 2 4 6 810121416182022
Hour Hour

(g) USA - Mon to Fri (h) USA — Sat to Sun

We now analyze each user separately. Figure 12b shows
the distribution of the median distance between consezutiv
sharing computed for each user. Note that at €@t of
E Node Behavior consecutive photos of a signifiqant portion of users (about

: 20%) are taken at a very short distance (around [1]meter).
In this section we analyze the sensing activity of each indi-

vidual node (i.e., user plusmartphongin the PSN. Figure 11

shows that the distribution of the number of photos share e total traveled d|st§1nce, the coverage in the city of Nid a
by each user of our database has a heavy tail, meaning th tal number of contributed photos. To analyze the coverage

user participation may vary widely. For example, about a00uve consider the area of NY (Figure 13a), which was divided

of users contribute with only a photo during the considere nto 27 sectors of equal size. Figure 13b shows a 3-D plot
period, while only 17% and 0.1% of users contribute more or the three dimensions considered. We are able to observe

than 10 and 100 photos, respectively. the existence of * ‘super nodes” in the system, indicated by
a green circle. This nodes share a lot of photos, travel long

We also analyze the geographical distance between twdistances, and visit many different areas in the city (olesbr
consecutive photos shared by the same user, according to thg the number of unique visited sectors). The identification

Fig. 10. Photo sharing throughout the day in Rio, Sao Pautaké Tokyo,
Barcelona, Madrid, Chicago and NY.

Finally, we study the performance of nodes considering



of this type of users is important for several reasons. As the from that process follows a normal distribution with

success of a PSN relies on a continuous contribution, it is mean ;. and standard deviatioa. Thus, from the
interesting to award this type of user to keep them active original clustersC) found in the previous step, we
in the network. Besides that, nodes of this type might be exclude those in which the number of photos is within
good candidates to be selected, for example, in a network for the distance2s from the averageu, or is in the
information dissemination a city. range[u — 20; 1 + 20]. The idea of this step is to

exclude those clusters that may have been generated
by random situations, i.e., those that do not reflect
the dynamics of the city.

B

Figure 14b shows POls obtained through this process.
Observe the significant smaller number of points compared
with the ones shown in Figure 14a. Besides identifying POIs
in a city, we can also separate the sights from POls. For this,
first we generate a grapBR(V, E), where the vertices; € V
are all POls and there is an edg@e;) from the vertexv; to
the vertexy; if in a given time a user shared a photo on a POI
| # total of photos 00 Total distance (Km) v;, after having shared a photo on PQI

que sectors visited

CORNWAUNIONOO©O R

Uni
-
o

(@) NY in 27 sectors (b) Node performance The weightw(i, ) of an edge represents the total number
, o ) of transitions performed from PQl; to POl v; considering
Fig. 13. Contribution of nodes, distance traveled, and @pe transitions of all users. To identify sights, we consideatth
most tourists follow a well-known path within the city, bgin
V. APPLICATION guided by the main sights of it. Moreover, at each point of
] ] ] . ) ] interest he/she takes one or more photos and goes to the next
It is quite common to find particular areas in a city thattoyrist spot. Thus, we consider that edgeésj) with high

attract more attention of residents and visitors, hereedall \yeightsw(i, j) denote these frequent transitions from one sight
points of interes{(POI). Among the most visited POls, we can to another in a city.

mention the sights of the city. However, not all POls are tsigh ) . )
of a city. For example, an area of bars can be quite popular After this, we exclude front- all edges(i, j) with weights
among city residents, but not among tourists. Furthermorew(i,j) smaller than a threshold, which is given by the

POls are dynamic, in other words, areas that are populaytoddrobability of generatingu(i, j) randomly in a random graph
may not be tomorrow. Gr(V, Er). The identification of the value that separates edges

o ) with high weights from low weights is made as follows.
An application that naturally emerges from analyzing In-first, we create a random graghz(V, Ex) containing the
This is possible because each picture represents, inpliait 1 ¢2 ¢nu of each useru, we randomly assign a POI
interest of an individual at a given moment. So, when manyy each photo, what generates the random edgef G'x.
users share photos in a particular location at a given mamenthys, the sequence of locations where the photos were taken
it can be inferred that this place is a POI (note Figure 5). s random, but the total number of photos that were taken is
More specifically, we formalize the process of identifying Preserved. The idea is to simulate random walks in a city. In
POIs by the following steps: this random fashion, the distribution of edge weights foo
a normal distributionV,, (4., o, ) With meany,,, and standard
1) Each pair of coordinates (longitude, latitudé}, v); deviationo,,.
is associated with a point;;

2) calculate the distance [32] between each pair of pointg When the probabilityp,, of generating an edge weight

Py p;); wy in Gr(V, ER) is, according toN,, (i, 0w), close to

1y g ) .. ) i . 2

3) group all the pointp; that have a distance smaller 269 then all transitions; — v; with w(i,j) > w, are
than [250]m into a cluster’y. This distance threshold popular, n which, according to our conjecture, are tranisst
was obtained by the method Complete-Linkage [33].between sights. For our dataset, the value)pivhich provides

The result of this procedure is shown in Figure 14a 2 Probabilityp, close to 0 iswy = 10. As we can see in
in which different E):olors represent diﬁeren? clusters Figure 14c, the vertices (POIs) of the resulting graph regme

& for the citv of Belo Horizonte: practically all the sights of Belo Horizonte. The areas & th
4) for each cﬁljsterck we consiaer only one point resulting POIls cover seven out of all the eight Landmarks

(photo) per user. With that, the popularity of a Clusterrecommended by TripAdvisbras the most important cultural

is now based on the number of different users thatand leisure areas of Belo Horizonte.
shared a photo in the cluster area. This procedure Notice the difference between Figures 14b and 14c, the
avoids considering areas visited by very few usersfirst containing all POIs and the second only the sights of
e.g., homes, as popular ones; the city of Belo Horizonte. This means that inhabitants doul
5) finally, for each clusteC, we create an alternative also use this application to explore the city. Again, this
cluster ;.. Then, for each photg;, we randomly application is interesting because it is able to identifyl$iB
choose an alternate clustél. and we assigry; to
Cr. The number of photos assigned to each cluster 8www.tripadvisor.com
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Fig. 14. Points of interest of Belo Horizonte.

(b) Points of interest

.
.\ pampulha lake

Pampulha church

7 square

Leisure area.. "

Liberty squa(é‘) 4
K

 Palace of the-art:

Savassi’ Bandeira Square|

(c) Sights

a spatio-temporal context, which is fundamental, sincesPOlgreatest peak of activity in that POI. In this case, a usetdcou

are dynamic and change over time.

A. The Vibe of POls

Figures 14b and 14c show that a particular area (southeas
of the city has a high concentration of POls. This can be uisefu
to guide tourists in the city, for example, when choosing &8ho
location. Another interesting information for city expéos is
the time when certain POI is more popular. Intuitively, we
know that certain types of places are frequented by peopl
only at specific times of particular days. Figure 15 shows the
number of shared photos per hour for all days of our dataset i..
different types of places. Figure 15a shows a soccer stadium

be aware that this event is a game of the Cruzeiro soccer team.

Time (hour)

(a) Soccer stadium

In that figure, the word WD indicates that the delimitation « 1
for dashed lines represents a weekend, five in total. All the © S5
activities shown represent games that happened during thi 5

@ 1
0.

LUl

o

analyzed interval. Observe also the lack of activity betwee
games, indicating that this is agvent-orientedPOIl. Other
types of POls are also event-oriented: night clubs (Figueds
fig:vivePOlsb and 15c), and a convention center (Figure.15d)
Note that the activities in night clubs concentrate morerdur
weekends, on the other hand in a convention center most of
the activity happens during weekdays.

Concerning other types of POls, we can see in Figures 15e
9 1

Time (hour)
(b) Night club 1

# photo
o »n

Time (hour)
(c) Night club 2

1
0.5
0

# photos

Time (hour)

(d) Convention center

and 15f that people share photos in a mall in many different g
times of the day, during weekdays and weekends. This |s;05
expected due to the high number of different attractionsaha
mall usually offers every day of the week. We also show the
frequency of two of the most famous touristic attractions of

Belo Horizonte in Figures 15g and 15h. The sharing pattern ¢ 1
in touristic spots are not as intense as POIls with a highgo_5
concentration of people and attractions such as malls, or a:s

Time (hour)
(e) Mall 1

A \H‘HHH\HH LI IA\HHIHN\

# photos
o
o U

Time (hour)
(f) Mall 2

T T W

\“H\ [ P |

# photos
o
o U

periodic as an event oriented POI, such as night clubs. Thes™ 0
are powerful features for classifying POIls by their type and
suggesting users about the best time and day to make a visit

to it.

Finally, as we can see, the temporal photo sharing pattern
presents somehow a signature of POIls, meaning that may be
possible to automatically identify anomalous events. Tais

Time (hour)
(g) Pamp. Lake

VI.

Time (hour)

(h) Pamp. Church

CONCLUSION AND FUTURE WORK

Fig. 15. The temporal photo sharing pattern for differemqety of POlIs.

be used to capture in near real time unexpected events, such In this work, we presented to the best of our knowledge, the
as an accident, or an event happening in an unusual place, foirst characterization of Instagram analyzing photos shéare

instance a street party or a concert on a park. After identify

the users. We analyzed the system treating it as a participat

those events, we could use the shared pictures to checkain nesensing system. Thus, we discuss the spatial and temporal

real time, snapshots of those events. Figure 15a illustithe

coverage of this network showing its global coverage. We ob-

potential of this application, showing some pictures foe th served that the frequency of photo sharing is spatio-teaipor



very unequal and correlated with routine human activities[16]
We also observed that the temporal photo sharing pattern is
surprisingly a good indicator about cultural behaviors] atso

says a lot about certain classes of places. We also discuss ﬁg]
application that demonstrates the potential of a PSN derive
from Instagram for studying the dynamics of cities.

As future work, we intend to analyze other PSNs and 18]
develop new applications that exploit these networks. For
example, we imagine applications that jointly consideradat
from other participatory sensing systems, such as Wazéitra
conditions) and Weddar (weather), also considering differ [19]
categories/interests of people.

[20]
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