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Abstract—Participatory sensing systems (PSSs) have the po-
tential to become fundamental tools to support the study, in
large scale, of urban social behavior and city dynamics. To that
end, this work characterizes the photo sharing system Instagram,
considered one of the currently most popular PSS on the Internet.
Based on a dataset of approximately 2.3 million shared photos,
we characterize user’s behavior in the system showing that there
are several advantages and opportunities for large scale sensing,
such as a global coverage at low cost, but also challenges, such
as a very unequal photo sharing frequency, both spatially and
temporally. We also observe that the temporal photo sharing
pattern is a good indicator about cultural behaviors, and also
says a lot about certain classes of places. Moreover, we present
an application to identify regions of interest in a city based on
data obtained from Instagram, which illustrates the promising
potential of PSSs for the study of city dynamics.

I. I NTRODUCTION

Mark Weiser, in his classical article entitled “The computer
for the 21st century” that appeared in the Scientific American
magazine [1], popularized the concept of ubiquitous comput-
ing, which envisions the availability of a computing environ-
ment for anyone, anywhere, and at any time. It may involve
many wirelessly interconnected devices, not just traditional
computers, such as desktops or laptops, but may also include
all sorts of objects and entities such as pens, mugs, phones,
shoes, and many others. Although this is not the reality yet,
and this concept has been extended to include, for example, the
Internet of Things, much has been done in this direction in the
past 20 years after the publication of Weiser’s seminal paper.
In this scenario, Wireless Sensor Networks (WSNs) [2] play an
important role since they are designed to collect data aboutthe
physical environment where they are inserted and provide such
information to the end user or other entities. Moreover, there is
an increasing use of participatory sensing systems (PSSs) [3],
allowing people connected to the Internet to provide useful
information about the context in which they are at any given
moment.

Indeed, PSSs have the potential to complement WSNs in
several respects. As WSNs are typically designed to sense
areas of limited size, such as forests and volcanoes, PSSs
can reach areas of varying size and scale, such as large
cities, countries or even the entire planet [4]. Furthermore, a
WSN is subject to failure, since its operation depends upon
proper coordination of actions of its sensor nodes, which have
severe hardware and software restrictions. On the other hand,
PSSs are formed by independent and autonomous entities, i.e.,
humans, which make the task of sensing highly resilient to
individual failures.

The success of PSSs is directly connected to the populariza-
tion of thesmartphone, which became the most widely adopted
personal computing device [5].Smartphoneshave a rich set
of built-in sensors, such as GPS, accelerometer, microphone,
camera, gyroscope and digital compass, and typically remain
turned on all time. However, sensing not only depends on
the data generated by these sensors but also on the user’s
subjective observations. Currently, there are several examples
of PSSs already deployed and used bysmartphones, such as
Waze1 to report traffic conditions in real time, and Weddar2 to
report weather conditions. Moreover, there are photo-sharing
services, such as Instagram3, where users can send images in
real time to the system. In particular, Instagram is currently
one of the most popular PSS, with nearly 100 million users
and more than 1 billion photos received, having every second
a new user registered and 58 new photos uploaded [6].

The main objective of this work is to characterize the
participation network of Instagram, aiming to show the chal-
lenges and opportunities emerging from participatory sensing
performed by users of this application. Based on a dataset of
approximately 2.3 million photos, we show the planetary scope
of the network, as well as the highly unequal frequency of
photos sharing, both spatially and temporally, which is highly
correlated with the typical routine of people. Moreover, wealso
show how to design useful applications based on Instagram as
we present a technique to identify regions of interest within a
city. This application illustrates the immense potential of PSSs
to study the dynamics of cities. To the best of our knowledge,
this is the first study to characterize the use of Instagram by
the photos shared.

The rest of this paper is organized as follows. Section II
presents the related work. Section III discusses the participa-
tion of human beings in the process of sensing, addressing
participatory sensing systems and participatory sensor net-
works (PSNs), arising from PSSs. Section IV presents the
characterization of a PSN derived from Instagram. Section V
describes an application to classify regions in a city using
Instagram data. Finally, Section VI presents the conclusion
and future work.

II. RELATED WORK

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

1http://www.waze.com
2http://www.weddar.com
3http://www.instagram.com



on the second case, considering systems that employ mobile
devices, such assmartphones, to build a participatory sensor
network, which is described in Section III-B. In the literature,
we can find several systems that consider the involvement of
humans in the sensing process. Some of those participatory
sensing systems (PSSs) include, for example, traffic [10] and
noise [11] monitoring systems.

The success of PSSs depends mainly on the continuous
participation of users along the time. Reddy et al. [12] propose
incentive mechanisms based on micro-payments, which are
small amounts of money given to the user when he/she per-
forms certain activities in the system. Besides the continuous
participation of a user, the system needs to ensure the quality
of the shared data [13]. For example, in several PSSs users can
fabricate false data supposedly sensed at a low cost. Therefore,
data integrity is not always guaranteed [14].

There are several proposals devoted to the study of spe-
cific characteristics of PSSs. For example, in location sharing
services like Foursquare, Cheng et al. [15] observe that users
follow a pattern of mobility simple and feasible to be repro-
duced. In this direction, Cho et al. [16] observe that humans
perform short trips that are periodic in space and time and are
not affected by a social network structure, which, in its turn,
influences only long distance trips.

Scellato et al. [17] show that 40% of social relations
arising among users of three popular online location-based
services happen within [100]km. Noulas et al. [18] analyze
the dynamics of sharing in location sharing services and show,
for example, that the distribution of the number of check-ins
is highly uneven, being well modeled by a power law.

Other studies propose using data derived from PSSs in new
applications, since this type of data helps to better understand
the physical boundaries and notions of space [19]. In this
direction, Cranshaw et al. [20] present a model to classify
regions of a city based on patterns of collective activities, while
Noulas et al. [21] propose using categories of places registered
on Foursquare to classify areas and users of a city.

In a previous work [4], we analyze the properties of par-
ticipatory sensor networks derived from two location sharing
applications: Gowalla and Brightkite. We analyze the spatial
and temporal distributions of check-ins performed by usersof
these systems to collect relevant evidence so we design new
services and applications. In [22], we proposed a new way to
visualize the dynamics of cities based on habits and routines
of people collected from check-ins on Foursquare.

The only study about Instagram found is the one performed
by Rainie et al. [23], where the authors interviewed Instagram
users finding, for instance, that Instagram is more likely to
be used by young adults. There are also studies that analyze
similar photo sharing systems, such as Flickr, which is not
a system accessed mostly by smartphones, i.e., it is not
a conventional PSS. However, some of those studies take
into account large scale geotagged photos, what make them
particularly related to this work. Crandall et al. [24] study how
to organize a large number of geotagged photos, combining
analysis of tag text with geospatial data of the photo. Theirgoal
was to estimate the location of a photo without considering
the geospatial data. As result, their work reveals properties
about landmarks of a city. Van Zwol [25] characterize the

interest of users in photos collected from Flickr. That work
explores the spatial dimension to investigate the interestof
users by a photo, showing that the geographic distribution is
more focused around a geographic location.

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-
acterization of Instagram by photos shared by users. In fact, we
specifically analyze the Instagram from a crowdsensing point
of view. Moreover, continuing our recent studies [4], [22],this
work examines the dynamics of cities across PSSs, showing
that photo-sharing systems, particularly the Instagram, can also
be used for mapping the characteristics of urban locations at
a low cost.

III. H UMANS IN THE SENSING PROCESS

The focus of this paper is on systems that rely on humans’
participation in the sensing process, where they are responsible
for local data sharing. Such data can be obtained with the aid
of sensing devices such as sensors embedded intosmartphones
(e.g., GPS) or by human sensors (e.g., vision), being subjective
observations produced by them [8].

A. Participatory Sensing

Participatory sensing is the process where humans actively
use mobile devices and cloud computing services to share
local environmental data such as a picture [3]. It differs from
opportunistic sensing [26] mainly by the user participation,
which is minimal in the latter case. In this work, we consider
that a fundamental point in participatory sensing is the user
desire to share data, regardless of the process applied to
generate it. In fact, we consider also manually user-generated
observations. Participatory sensing with these characteristics is
usually referred to asubiquitous crowdsourcing[13] or mobile
crowdsensing[27]. The popularity of participatory sensing sys-
tems has grown rapidly with the increasing use of cell phones
embedded with sensors and the ubiquity of wireless access
to the Internet access. These devices have become a powerful
platform that includes capabilities of sensing, computingand
communication.

A data sensed in a participatory sensing application is
(i) obtained through physical sensors (e.g., GPS) or human
observations (e.g., road congestion), (ii) defined in time and
space, (iii) obtained automatically or manually, (iv) structured
or unstructured, and (v) voluntarily shared or not. To illustrate
this type of system, consider an application for traffic monitor-
ing, such as Waze. Users can share comments about accidents
or congestion manually. It is still possible to calculate the speed
of the car and automatically share the car’s route with the aid
of the GPS. With speed measurements of different vehicles
sampled in a particular area, it is possible to infer, for example,
congestion. In this case, users manage the application, which
was created for this purpose, and the sensed data is structured.
But if users use a microblogging service, such as Twitter4,
the sensed data is unstructured. For example, the user “John”
sends a message “I am facing slow traffic near the entrance of
the campus.”

4http://www.twitter.com



(a) Time t1 (b) Time t2 (c) Time t3

(d) Overall time

Fig. 1. Analyzed PSN: photo sharing service.

Photo-sharing services like Instagram are examples of
participatory sensing applications. The sensed data is a picture
of a specific place. We can extract information in many ways.
For example, we can visualize in near real time how the
situation is in a certain area of the city.

B. Participatory Sensor Network

In a Participatory Sensor Network (PSN), the user’s mobile
device is the fundamental key element to obtain sensed data.
Individuals carrying these devices are capable of sensing the
environment and make relevant comments about it. Thus, each
node in a PSN consists of a user with his/her mobile device.
Similar to WSNs, the sensed data is transmitted to the server,
or “sink node”. But unlike WSNs, PSNs have the following
characteristics: (i) nodes are autonomous mobile entities, i.e.,
a person with a mobile device; (ii) the cost of the network
is distributed among the nodes, providing a global scale; (iii)
sensing depends on the willingness of people to participate
in the sensing process; (iv) nodes transmit the sensed data
directly to the sink; (v) nodes do not suffer from severe power
limitations; and (vi) the sink node only receives data and does
not have direct control over the nodes.

Figure 1 shows an example of a PSN comprised of photo-
sharing services, which is analyzed in the following sections.
Figures 1a, 1b, and 1c represent four users at different times.
Photos shared by users are symbolized by a dotted arrow.
Note that not all users perform activities at all times. After a
certain interval, we can analyze the data in various ways. For
example, Figure 1d shows a graph where the vertices represent
the locations where the photos were shared and edges connect
photos shared by the same user. With this graph, it is possible
to obtain various results of interest, considering different parts
of the world, providing a remarkable global infrastructureat a
lower cost, as illustrated in Figure 2a.

IV. CHARACTERIZATION OF INSTAGRAM

In this section we analyze the participatory sensor network
derived from Instagram.

A. Data Description

The data was collected via Twitter, which offers the possi-
bility of integration with other platforms. This enables users to
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Fig. 2. Coverage of the PSN of Instagram.

announce photos available at Instagram, besides a plain text. In
this case, photos of Instagram announced on Twitter become
available publicly, which by default does not happen when the
picture is published solely on the Instagram system.

Between June 30 and July 31 of 2012, we collected
2.272.556 tweets containing geotagged photos, posted by
482.629 users. Each tweet consists of GPS coordinates (lat-
itude and longitude) and the time when the photo was shared.

B. Network Coverage

In this section, we analyze the coverage of the PSN of
Instagram at different spatial granularities, starting around
the planet, then by continents and cities and ending up at
neighborhoods. Figure 2a shows the coverage on the planet
by the PSN of Instagram as a heat map of user participation:
darker colors5 represent larger numbers of photos shared in the
particular area. Despite being a fairly comprehensive coverage
on a planetary scale, it is not homogeneous. Figure 2b shows
the number of photos shared by continent along the time. Note
that the sensing activity in the Americas (North and South),
Europe and Asia is at least an order of magnitude greater than
in Africa and Oceania. Moreover, it can be observed that the
participation of users in North America is slightly higher than
in Latin America, Europe and Asia.

Now we evaluate the participation of users in Insta-
gram in eight large and populous cities in five continents:
New York/USA, Rio de Janeiro/Brazil, Belo Horizonte/Brazil,
Rome/Italy, Paris/France, Sydney/Australia, Tokyo/Japan and

5Colors of the heat map for all subfigures are in the same scale.



Cairo/Egypt. Figure 3 shows the heat map of the sensing
activity (photo sharing) in each one of these cities. Again,
darker colors represent a greater number of pictures in a given
area. We can observe a high coverage for some cities, as shown
in Figures 3a (New York), 3e (Paris) and 3g (Tokyo). However,
we can see in Figure 3h that the sensing in Cairo, which also
has a large number of inhabitants, is significantly lower. Such
difference in coverage may be explained by several factors.
Besides the economic aspects, differences in the culture ofthe
inhabitants of this city when compared with cultures present
in the other cities analyzed may have a significant impact on
the adoption and use of Instagram [28].

(a) New York (b) Rio de Janeiro

(c) Belo Horizonte (d) Rome

(e) Paris (f) Sydney

(g) Tokyo (h) Cairo

Fig. 3. Spatial coverage of Instagram in eight cities for allshared photos.
The number of pictures in each area is represented by a heat map, where the
scale varies from yellow to red (more intense activity).

Furthermore, we can see that the coverage in Rio de Janeiro
and Sydney is more heterogeneous compared with the coverage
in Paris, Tokyo and New York. This is probably because of
the geographical aspects that these cities have in common,
i.e., large green areas and large portions of water. Rio de
Janeiro, for example, has the largest urban forest in the world,

located in the middle of the city, along with many hills that are
not accessible to people. These aspects limit the geographic
coverage of the sensing. Moreover, in both cities the points
of public interest such as tourist spots and shopping centers
are unevenly distributed throughout the city. There are large
residential areas with few points of this type, while other
areas have large concentrations of these points. These results
are qualitatively similar to those reported in [4], [22] for
PSNs derived from three location sharing applications and for
different cities. This observation demonstrates the potential of
Instagram as a tool for participatory sensing in large urban
regions.

Fig. 4. Example of identification of a quadrant.

As the users’ participation can be quite heterogeneous
within a city, we propose to divide the area of the cities into
smaller rectangular spaces, as in a grid. We call each rectangu-
lar area of aquadrantwithin a city and, from this, we analyze
the number of photos shared in these quadrants. In this paper,
we consider that a quadrant has the following delimitation:
10−4◦ (latitude)× 10−4◦ (longitude). This represents an area
of approximately 8×11 meters in New York City and 10×11
meters in Rio de Janeiro. For other cities, the areas can also
vary slightly, but this does not affect the analysis. We believe
that this is a reasonable size to represent an area of a venue,
enabling then analysis of users’ activity at venue level in a
city. Figure 4 illustrates the process of dividing the area of a
city in quadrants and how it is the association of geographic
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
quadrant 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 implies that
most of the quadrants have few shared photos, while there are
few areas with hundreds. These results are consistent with the
results presented in [4], [18], which study the participation
of users in location sharing systems. In systems for photo
sharing, as well as systems for location sharing, it is natural
that some areas have more activity than others. For example,in
tourist areas the number of shared pictures tends to be higher
than in a supermarket, although a supermarket is usually a
location quite popular. If a particular application requires a
more comprehensive coverage, it is necessary to encourage
users to participate in places they normally would not. Micro-
payments or scoring systems are examples of alternatives that
might work in this case.

As previously shown, a PSN can have planetary scale
coverage. However, it was also shown that such coverage can
be quite heterogeneous, in which large areas are practically
uncovered. Figure 6 shows the total network coverage con-
sidering the temporal dimension, i.e., the number of localities
that are active (i.e., sensed) in a given time interval considering
all available data. The maximum number of quadrants sensed
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per hour corresponds to only approximately 0.2% of the total
number of areas in our dataset (1.030.558). In other words, the
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
a random time is very low.

0 200 400 600
10

0

10
2

10
4

Time (hours)

# 
of

 s
en

se
d 

qu
ad

ra
nt

s

Fig. 6. Temporal variation in the number of sensed quadrants.

C. Sensing Interval

Participatory sensor networks are very scalable because
their nodes are autonomous since users are responsible for their
own operation and functioning. As the cost of infrastructure
is distributed among the participants, this massive scalability
and coverage is achieved more easily. The success of such a
network is to have continuous participation with high quality.
The sensing is efficient since users are kept motivated to share
their resources and to sense data frequently.

Now we investigate the frequency in which users share
photos in Instagram. Figure 7a shows the histogram of the
inter-sharing time∆t between consecutive photos in a typical
popular quadrant. Note that the histogram is well fitted by
a log-logistic distribution [29] that has bursts of activity and
long periods of inactivity: there are times when many photos
are shared within a few minutes and there are times when there
is no sharing for hours. This may indicate that the majority of
photo sharing, in this popular area (as in others), occurs at
specific intervals, probably related to the time when people
usually visit them. For example, sharing photos in restaurants
is likely to happen during lunch and dinner times. Applications
based on this type of sensing should consider that the user
participation can vary significantly along the time.

Another interesting observation related to the inter-sharing
time ∆t can be extracted from Figure 7b, which shows the
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Fig. 7. Distribution of the time interval between shared photos in a popular
quadrant.

odds ratio function (OR) of these intervals. The OR is a
cumulative function where we clearly see the distribution
behavior both in the head and in the tail. Its formula is givenby
OR(x) = CDF(x)

1−CDF(x)
, whereCDF(x) is the cumulative density

function, in this case, of the inter-sharing time∆t distribution.
As in [30], the OR of the inter-sharing time between photos
also presents a power law behavior with slopeρ ≈ 1. This
suggests that the mechanisms behind human activities can be
simpler and more general than those proposed in the literature,
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 a short
time interval. About 20% of all observed sharing occurs within
10 minutes. As discussed in Section IV-E, this suggests that
nodes tend to share more than one photo in the same area.

Related to this analysis, it is interesting to verify the
feasibility of an application for near real-time visualization of
a certain area of a city. For that, a central question is: what
is the probability to obtain one picture of an area in a given
time? To address this question, we select a popular area of our
dataset (south of Manhattan), shown in Figure 8a, and divide
it in eight sectors of equal size.

Figures 8b-e show the mean probability, along with its
confidence interval of 95%, of seeing a picture in each of these
sectors in the next 1-minute, 15-minutes, 30-minutes, and 60-
minutes. All these probabilities are calculated for four different
times of the day: dawn (Figure 8b), morning (Figure 8c),
afternoon (Figure 8d), and night (Figure 8e). We observe that
during the afternoon and night the difference between the
probability of seeing a picture in the next 15 minutes and
60 minutes are not very high in most sectors. On the other
hand, during the dawn and morning this difference is more
expressive. This is explained by the low sharing frequency
during the dawn and morning periods, as observed in Figure 9.
Note also that even for a very popular area the probability to
obtain a picture in the next minute is very low, for all four
periods of the day. This means that applications that need a



considerable amount of photos within a small interval have to
be aware that this may not be feasible.

The results in Figure 8 can also be used to better understand
those sectors. For instance, Sector 8 seems to be the least
popular among the others, despite the biggest part of water in
that sector. If we analyze the probability of a photo in the next
15-minutes, we can also see that during the dawn, Sectors 3,
5, and 6 are the most popular ones, which might indicate that
those sectors have a more intense nightlife. This information
could be useful, for example, in a tourist guide, being one
feature in an algorithm to recommend areas in a city.
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Fig. 8. Mean probability of obtain a picture in the next 1-minute, 15-minutes,
30-minutes, and 60-minutes, for eight popular areas duringthe dawn, morning,
afternoon, and night.

D. Seasonality

We now analyze how humans’ routines affect the data
sharing. First, we study all localities present in our dataset,
and then we study the sharing pattern for some cities from
different continents.

1) All Localities: Figure 9a shows the weekly pattern of
photo sharing in Instagram6. As expected, the network partici-
pation presents a diurnal pattern, implying that the overnight
sensing activity is quite low.

6The time of sharing was normalized according to the locationwhere the
photo was taken.
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Fig. 9. Temporal photo sharing pattern.

Considering weekdays, we can see a slight increase in
activity throughout the week, except for Tuesday, when there
is a peak of activity. Cheng et al. [15] analyze location
sharing systems and observe the same behavior. This suggests
that during the period of data collection, an unusual event
may have happened on Tuesday that resulted in an abnormal
number of shared photos. Finally, observe two peaks of activity
throughout the day, one around lunch and the other at dinner
time. Unlike the behavior observed for location sharing [15],
for photo sharing there is no peak of activity at breakfast time.

We also analyzed the behavioral patterns during weekdays
and weekends. Figure 9b shows the average number of photos
shared per hour during weekdays (Monday to Friday), and also
during the weekend (Saturday and Sunday). As we can see,
the peaks during weekdays happen around 13:00 (lunch) and
19:00 (dinner), but on weekends there is no peak of activity at
lunchtime. Rather, the activity remains intense throughout the
afternoon until early evening, with a slight increase at 19:00.

2) Selected Areas:We now turn our attention to the photo
sharing pattern throughout the day in Rio, Sao Paulo, Osaka,
Tokyo, Barcelona, Madrid, Chicago and NY during weekdays
and weekends. These results are shown in Figure 107. It is
interesting to note that, even when we analyze separate cities,
we still do not observe, for most of the cities, a clear peak
of photo sharing around the breakfast time, as observed for
location sharing [15].

Studying weekdays first, we can see that cities from Japan
(Figure 10c), Spain (Figure 10e) and USA (Figure 10g) present
peaks of photo sharing that reflect typical lunch and dinner
times. On the other hand, not all peaks in the Brazilian
curves (Figure 10a) represent typical meal times. This might
indicate that Brazilians share photos in uncommon moments.
We conjecture that the peak of 6:00pm is due a “happy hour”
and the peak of 9:00pm is due to a leisure activity that happens
in a pub, theater, concert, etc. Another difference is that,in
general, the Brazilian activity is more intense late at night.
During weekdays it is possible to observe a certain similarity
of sharing patterns between Japanese, Spanish, and American
cities.

However, during the weekends these patterns are very
distinct. The Brazilian curve still presents an unusual peak
at 5:00pm and the Spanish and American curves now present
more intense activity around the “brunch”/lunch time. These

7Each curve is normalized by the maximum number of photos shared in a
specific region representing the city.



observed patterns might express cultural behaviors of inhabi-
tants of those countries, presenting somehow the signatureof
a certain culture. This hypothesis is reinforced because we
surprisingly see that the pattern for each city in the same
country is fairly similar on weekdays, and also on weekends,
at the same time, being distinct from patterns observed for
other countries.
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Fig. 10. Photo sharing throughout the day in Rio, Sao Paulo, Osaka, Tokyo,
Barcelona, Madrid, Chicago and NY.

E. Node Behavior

In this section we analyze the sensing activity of each indi-
vidual node (i.e., user plussmartphone) in the PSN. Figure 11
shows that the distribution of the number of photos shared
by each user of our database has a heavy tail, meaning that
user participation may vary widely. For example, about 40%
of users contribute with only a photo during the considered
period, while only 17% and 0.1% of users contribute more
than 10 and 100 photos, respectively.

We also analyze the geographical distance between two
consecutive photos shared by the same user, according to the
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Fig. 11. Distribution of the number of photos shared by people.
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Fig. 12. Distribution of the geographical distance betweenconsecutive
pictures of the same person.

geographic coordinates associated with each photo. Figure12a
shows the cumulative density function of the geographic dis-
tance between each pair of consecutive photos shared by each
user in our dataset. It can be observed that a significant portion
(about 30%) of the distances between consecutive photos are
very short (less than [1]meter). This indicates that users tend to
share multiple photos in the same location. This hypothesisis
reinforced by the significant portion of time intervals between
consecutive pictures of short duration shown in Figure 7c: 20%
of these intervals (∆t) do not exceed 10 minutes. This was not
observed in the same proportion for location sharing. Noulas
et al. [18] observe that 20% of the shared locations happen up
to [1]km away. For shared photos, this value is approximately
45%. This result can be explained by the simple fact that a
photo can contain much more information than one location.
For example, in a restaurant users could share photos of his/her
friends at the place, food, or a particular situation, but tend to
share their location only once.

We now analyze each user separately. Figure 12b shows
the distribution of the median distance between consecutive
sharing computed for each user. Note that at least50% of
consecutive photos of a significant portion of users (about
20%) are taken at a very short distance (around [1]meter).

Finally, we study the performance of nodes considering
the total traveled distance, the coverage in the city of NY, and
total number of contributed photos. To analyze the coverage,
we consider the area of NY (Figure 13a), which was divided
into 27 sectors of equal size. Figure 13b shows a 3-D plot
for the three dimensions considered. We are able to observe
the existence of “super nodes” in the system, indicated by
a green circle. This nodes share a lot of photos, travel long
distances, and visit many different areas in the city (observed
by the number of unique visited sectors). The identification



of this type of users is important for several reasons. As the
success of a PSN relies on a continuous contribution, it is
interesting to award this type of user to keep them active
in the network. Besides that, nodes of this type might be
good candidates to be selected, for example, in a network for
information dissemination a city.
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Fig. 13. Contribution of nodes, distance traveled, and coverage.

V. A PPLICATION

It is quite common to find particular areas in a city that
attract more attention of residents and visitors, here called
points of interest(POI). Among the most visited POIs, we can
mention the sights of the city. However, not all POIs are sights
of a city. For example, an area of bars can be quite popular
among city residents, but not among tourists. Furthermore,
POIs are dynamic, in other words, areas that are popular today
may not be tomorrow.

An application that naturally emerges from analyzing In-
stagram data is related to the identification of POIs in a city.
This is possible because each picture represents, implicitly, an
interest of an individual at a given moment. So, when many
users share photos in a particular location at a given moment,
it can be inferred that this place is a POI (note Figure 5).

More specifically, we formalize the process of identifying
POIs by the following steps:

1) Each pairi of coordinates (longitude, latitude)(x, y)i
is associated with a pointpi;

2) calculate the distance [32] between each pair of points
(pi, pj);

3) group all the pointspi that have a distance smaller
than [250]m into a clusterCk. This distance threshold
was obtained by the method Complete-Linkage [33].
The result of this procedure is shown in Figure 14a,
in which different colors represent different clusters
k for the city of Belo Horizonte;

4) for each clusterCk, we consider only one point
(photo) per user. With that, the popularity of a cluster
is now based on the number of different users that
shared a photo in the cluster area. This procedure
avoids considering areas visited by very few users,
e.g., homes, as popular ones;

5) finally, for each clusterCk, we create an alternative
cluster Cr . Then, for each photofi, we randomly
choose an alternate clusterCr and we assignfi to
Cr. The number of photos assigned to each cluster

from that process follows a normal distribution with
meanµ and standard deviationσ. Thus, from the
original clustersCk found in the previous step, we
exclude those in which the number of photos is within
the distance2σ from the averageµ, or is in the
range [µ − 2σ;µ + 2σ]. 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.

Figure 14b shows POIs 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 POIs. For this,
first we generate a graphG(V,E), where the verticesvi ∈ V
are all POIs and there is an edge(i, j) from the vertexvi to
the vertexvj if in a given time a user shared a photo on a POI
vj , after having shared a photo on POIvi.

The weightw(i, j) of an edge represents the total number
of transitions performed from POIvi to POI vj considering
transitions of all users. To identify sights, we consider that
most tourists follow a well-known path within the city, being
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
tourist spot. Thus, we consider that edges(i, j) with high
weightsw(i, j) denote these frequent transitions from one sight
to another in a city.

After this, we exclude fromG all edges(i, j) with weights
w(i, j) smaller than a thresholdt, which is given by the
probability of generatingw(i, j) randomly in a random graph
GR(V,ER). The identification of the value that separates edges
with high weights from low weights is made as follows.
First, we create a random graphGR(V,ER) containing the
same nodes ofG. Then, for each sequence ofnu photos
f1
u, f

2
u, ..., f

nu

u of each useru, we randomly assign a POI
to each photo, what generates the random edgesER of GR.
Thus, the sequence of locations where the photos were taken
is random, but the total number of photos that were taken is
preserved. The idea is to simulate random walks in a city. In
this random fashion, the distribution of edge weights follows
a normal distributionNw(µw, σw) with meanµw and standard
deviationσw.

When the probabilitypw of generating an edge weight
≥ wt in GR(V,ER) is, according toNw(µw, σw), close to
zero, then all transitionsvi → vj with w(i, j) ≥ wt are
popular, in which, according to our conjecture, are transitions
between sights. For our dataset, the value ofwt which provides
a probability pw close to 0 iswt = 10. As we can see in
Figure 14c, the vertices (POIs) of the resulting graph represent
practically all the sights of Belo Horizonte. The areas of the
resulting POIs cover seven out of all the eight Landmarks
recommended by TripAdvisor8 as the most important cultural
and leisure areas of Belo Horizonte.

Notice the difference between Figures 14b and 14c, the
first containing all POIs and the second only the sights of
the city of Belo Horizonte. This means that inhabitants could
also use this application to explore the city. Again, this
application is interesting because it is able to identify POIs in

8www.tripadvisor.com
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Fig. 14. Points of interest of Belo Horizonte.

a spatio-temporal context, which is fundamental, since POIs
are dynamic and change over time.

A. The Vibe of POIs

Figures 14b and 14c show that a particular area (southeast)
of the city has a high concentration of POIs. This can be useful
to guide tourists in the city, for example, when choosing a hotel
location. Another interesting information for city explorers is
the time when certain POI is more popular. Intuitively, we
know that certain types of places are frequented by people
only at specific times of particular days. Figure 15 shows the
number of shared photos per hour for all days of our dataset in
different types of places. Figure 15a shows a soccer stadium.
In that figure, the word WD indicates that the delimitation
for dashed lines represents a weekend, five in total. All the
activities shown represent games that happened during the
analyzed interval. Observe also the lack of activity between
games, indicating that this is anevent-orientedPOI. Other
types of POIs are also event-oriented: night clubs (Figuresref-
fig:vivePOIsb and 15c), and a convention center (Figure 15d).
Note that the activities in night clubs concentrate more during
weekends, on the other hand in a convention center most of
the activity happens during weekdays.

Concerning other types of POIs, we can see in Figures 15e
and 15f that people share photos in a mall in many different
times of the day, during weekdays and weekends. This is
expected due to the high number of different attractions that a
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
in touristic spots are not as intense as POIs with a high
concentration of people and attractions such as malls, or as
periodic as an event oriented POI, such as night clubs. These
are powerful features for classifying POIs 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 POIs, meaning that may be
possible to automatically identify anomalous events. Thiscan
be used to capture in near real time unexpected events, such
as an accident, or an event happening in an unusual place, for
instance a street party or a concert on a park. After identifying
those events, we could use the shared pictures to check, in near
real time, snapshots of those events. Figure 15a illustrates the
potential of this application, showing some pictures for the

greatest peak of activity in that POI. In this case, a user could
be aware that this event is a game of the Cruzeiro soccer team.
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Fig. 15. The temporal photo sharing pattern for different types of POIs.

VI. CONCLUSION AND FUTURE WORK

In this work, we presented to the best of our knowledge, the
first characterization of Instagram analyzing photos shared by
the users. We analyzed the system treating it as a participatory
sensing system. Thus, we discuss the spatial and temporal
coverage of this network showing its global coverage. We ob-
served that the frequency of photo sharing is spatio-temporal,



very unequal and correlated with routine human activities.
We also observed that the temporal photo sharing pattern is
surprisingly a good indicator about cultural behaviors, and also
says a lot about certain classes of places. We also discuss an
application that demonstrates the potential of a PSN derived
from Instagram for studying the dynamics of cities.

As future work, we intend to analyze other PSNs and
develop new applications that exploit these networks. For
example, we imagine applications that jointly consider data
from other participatory sensing systems, such as Waze (traffic
conditions) and Weddar (weather), also considering different
categories/interests of people.
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