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Highlights

• The problem of modeling cities into dynamic areas is addressed

• The methodology proposed extends and compares Dynamic Area Extraction Approaches

• A hybrid representation of POIs that combines several features is introduced

• The usefulness of the proposed approach is demonstrated through DynamiCITY platform
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Abstract

Social media and mobile devices have revolutionized the way people communicate and share information in
various contexts, such as in cities. In today’s “smart” cities, massive amounts of multiple forms of geolocated
content is generated daily in social media, out of which knowledge for social interactions and urban dynamics
can be derived. This work addresses the problem of detecting urban social activity patterns and interactions,
by modeling cities into “dynamic areas”, i.e., coherent geographic areas shaped through social activities.
Social media users provide the information on such social activities and interactions in cases when they are
on the move around the city neighborhoods. The proposed approach models city places as feature vectors
which represent users visiting patterns (social activity), the time of observed visits (temporal activity), and
the context of functionality of visited places category. To uncover the dynamics of city areas, a clustering
approach is proposed which considers the derived feature vectors to group people’s activities with respect
to location, time, and context. The proposed methodology has been implemented on the DynamiCITY
platform which demonstrates neighborhood analytics via a Web interface that allows end-users to explore
neighborhoods dynamics and gain insights for city cross-neighborhood patterns and inter-relationships.

Keywords: Data Mining, Crowdsourcing, Urban Dynamics, Social Data Mining, Smart City Applications

1. Introduction

Social media ubiquitous dominance has drastically reshaped the ways with which people interact and
communicate. Today’s online social media platforms are constantly accessed through multiple ‘always
on’ (e.g., mobile) devices capable of capturing people’s geolocation, time of activity, and other attribute
declarations. In such city contexts, people act both as city reporting “producers” (via their constant mobile
broadcasting on social media platforms), and as city service “consumers” (by the information pushed to
them via multiple social media-driven applications).

Social media platforms allow users to broadcast their presence (i.e., check-in) at a specific place, or
Point on Interest (POI), in real time. Such places are characterized by a specific category (e.g., café, office,
restaurant, etc.), while users can collectively ”form” their characteristics by providing comments, related
photos, and tags. Thus, the role of “citizen prosumer” turns humans into “sensors” and enables them to
impact the scale of city’s social media information production and sharing, augmented with declarations
of specific location and time of activity. The abundance of such geolocated user generated content (UGC)
offers a valuable information repository which can be largely exploited to uncover urban dynamics and
inter-relationships among people, places, and timelines [1, 2, 3, 4].

This work is motivated by the challenges brought from cities transformation into live and evolving “data
engines” which can serve as testbeds of social urban interactions and dynamics detection. To deal with
cities large scales and areas, the cities division into sub-regions (e.g., municipalities, neighborhoods, etc.) is
considered as an important source of information to facilitate data’s scope and visualization analytics. In
this work, a methodology is proposed for the segmentation of a city into dynamic areas based on multiple
urban space usage characteristics extracted from social media user activities (e.g., check-ins). The proposed
approach is inspired by earlier efforts which uncovered areas within a city based on the clustering of its
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enclosed POIs, by leveraging their spatial distribution, combined with the distribution of their checked-in
users social characteristics [3], or check-in timestamps temporal characteristics [4]. In the present work,
state of the art is advanced by progressing on the assumption that city dynamics are not shaped by only
a single dimension or type of characteristic, but rather on a set of dynamics ‘forces’. A novel, hybrid city
segmentation approach is proposed at which social, temporal, and spatial characteristics are integrated, as
well as their context of functionality. The discovered dynamic areas reflect the stories that are shaped by
their people, places, and activity. To this end, we present an area-level profiling approach that enables
the comprehension of area’s functionality and usage profile. The proposed methodology has been tested
on multiple city cases, and here, due to lack of space, five real-world datasets (for New York, London, and
San Francisco) are presented. The adopted area-level profiling approach allows comparisons among the
dynamic areas between the different cities and discovered areas that present similar activity. The discovered
dynamic areas are also demonstrated through the DynamiCITY Web interface that offers a comprehensive
and insightful city analytics exploration.

The main contributions of this work are the following:

• Extending and Comparing Dynamic Area Extraction Approaches: a hybrid representation approach
for POIs based on vectors that combine several types of features for capturing more effectively the
POI properties and visiting patterns. These representations (profiles) characterize a given POI based
on the observed user activities on it (social and temporal characteristics), as well as based on its
geographic location and context of functionality. Dynamic, coherent areas are discovered based on
a generic spectral clustering algorithm and we comparatively examine the results derived based on
representations using only social or temporal characteristics, with the proposed hybrid representation
approach.

• Facilitating City Exploration: we demonstrate the usefulness of the proposed approach in the context
of complex urban environments through DynamiCITY. DynamiCITY is a platform comprising: (i)
the Dynamic Area Extractor (the back-end component) which handles the data collection, analysis,
and dynamic area extraction and summarization; and (ii) an online application which visualizes and
presents the results to end-users.

The remainder of the paper is structured as follows. The next section reviews related research work
to justify the proposed city segmentation methodology for the multi-featured discovery and profiling of
dynamic regions, outlined in Section 3. Section 4 presents the DynamiCITY platform, which implements
data collection, analysis, and dynamic area extraction and visualization. Finally, experimental results for
three case studies on different large scale cities are demonstrated at Section 5, with conclusions and future
work highlighted at Section 6.

2. Related Work

This work is relevant with existing research efforts in the areas of city segmentation approaches, urban
mobility pattern detection, and POI recommendation, as summarized next.

Urban mobility pattern detection. Several studies have explored ways to incorporate geo-tagged
data derived from social media within a geographic region such as a city area, in order to discover urban
dynamics, mobility patterns, and functional regions. Noulas et al. [5] investigated whether and how the
check-ins of Foursquare users can provide useful insights about their activities at a given time and place.
Ferrari et al.[6] analyzed urban mobility patterns extracted from geo-tagged Twitter posts to explore user
behavior within a city. Based on such mobility patterns, they organized different locations in clusters and
examined the presence of patterns, i.e., locations that tend to be visited together (geographic topic-based
models), in relation to different days of a week. Finally, Long et al.[7] used Foursquare check-in data
to examine the relations between different geographic areas in terms of their co-appearance in the user
trajectories.

POI recommendation. Geographic topic-based models, described in the previous paragraph, can be
further leveraged in relation to a given POI along with the interests of citizens/city visitors for providing
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recommendations, predicting events, and building marketing strategies with respect to the city. Noulas et
al. [8] proposed a random walk model for personalized new place recommendation in Foursquare, based
on the exploitation of both the users’ existing social ties and check-ins. Similarly, Long et al.[9] proposed
a HITS-based (Hypertext Induced Topic search) approach for recommending POIs to social media users,
by taking into account their social relations and promoting POIs with high authority scores (based on
the users’ hubiness). In addition to the users’ social ties, the recommendation approach proposed by [10]
also considered the users’ opinions, as expressed in their tips on Foursquare POIs, and the POI categories.
Capdevila et al. [11] developed GEOSRS, a POI recommender system that leverages user’s reviews on places.
More specifically, they built a recommender system that combines efficiently the text review content and the
sentiment to produce personalized POI suggestions. In [12], they developed a personalized location-based
recommendation approach by combining the geo-tags of photos uploaded by a given user in Flickr, with
the geo-tags of the most similar users. Bao et al. [13] proposed a POI recommender for Foursquare by
extracting candidate local experts for each POI category and calculating the similarity between users based
on their social media check-in histories and preferences. Van et al. [14] identified POIs within a city (based
on geo-tagged Flickr photos) and proposed a location-based recommender which considers both the overall
popularity of POIs and the time that a given user visited the city.

City segmentation. Several factors influence the residents of a city to visit a place and can be leveraged
for the dynamic segmentation of the city into regions. Unlike previously discussed approaches in relation
to urban mobility patterns (such as [6]), city segmentation approaches derive regions based on the people’s
activities which are also geographically coherent. Intuitively, such approaches reflect more accurately
the existing dynamics and behavioral/activity patterns, compared to a static city segmentation (e.g., based
on population demographics, or fixed limits established by the municipality). In this sense, Cranshaw et al.
[3] proposed Livehoods, a clustering methodology for segmenting a city into dynamic areas, based on the
check-in activity of Foursquare users on the city’s POIs, by exploiting both their spatial (i.e., geographic) and
social (i.e., based on the distribution of their checked-in users) proximity. Also, Rosler and Liebig [4] proposed
an approach for segmenting a city dynamically, based on temporal (i.e., temporal distributions of check-ins
in a given region) and spatial characteristics. Zhang et al.[15] developed a methodology for generating
boundaries of coherent neighborhoods dynamically by taking into consideration spatial characteristics and
temporal activity (of tourists and locals) around Foursquare POIs, as well as their type. At first, the OPTICS
clustering algorithm is applied on POIs for identifying activity hotspots, then the city is segmented into
grid cells which are represented in terms of their enclosed hotspots, and neighborhoods are detected based
on the homogeneity of nearby cells. Falher et al. [16] proposed a methodology for unveiling similar areas
across different cities by harnessing their pair-wise earth mover’s distances. Each area is represented as a
feature vector that describes the activity in the corresponding area and the type of POIs it includes. Rizzo
et al. [17] proposed a methodology for the automatic creation of thematic maps by leveraging geo-tagged
data derived from social media. Specifically, they proposed a clustering algorithm, named GEOSUBCLU
that detects homogeneous areas that are described by similar POIs in terms of the representative categories.
Finally, Frias et al. [18] proposed a methodology for automatically detecting the use of different regions
within a city based on user activity in Twitter, and also presented a POI recommendation approach.

Advancing previous efforts. In this paper, we propose a generic methodology for the dynamic
segmentation of a city into areas by jointly considering various POI characteristics based on social media
user activity, under the assumption that a city is formulated by a set of forces. More specifically, the revealing
of dynamic areas within a city context is conducted by considering both social and temporal characteristics
in conjuction to their context of functionality (i.e., the type of social activity, such as event venue, food
spots, nightlife, etc.) either separately, or under a hybrid scheme, in contrast to the already existing works
that see such characteristics solely as distinct modes. Additionally, here, we advance the way that the social
and temporal attributes are incorporated to the hybrid mode in an effort to further improve the results
obtained by the dynamic segmentation process, e.g., during the extraction of the social characteristics up
to now efforts consider only the absolute number of times that a place has been visited from a user by
neglecting in this way the overall activity patterns of a user. Finally, to better establish the suitability of
the proposed characteristics, we also propose the DynamiCITY platform which offers an insightful view on
the different latent city areas and their unique characteristics.
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3. Dynamic City Segmentation

This section outlines the problem addressed, which involves the segmentation of a given city into dynamic
areas, provides the necessary background, and then presents the proposed methodology.

3.1. Problem Definition and Background

It is a commonplace, municipalities, to divide a city (or a geographic region) into static areas based on
certain characteristics. Nevertheless, cities and residential geographic regions change dynamically over time
and behave as living organisms. An area can be born, grow, merge, split, and die over time. To this end,
cities and geographic regions are shaped and evolved dynamically over time based on certain characteristics
(social, temporal, and functional). Consequently, a dynamic area can be defines as ‘a geographic region that
is shaped based on certain characteristics and can grow, merge, split, born, or even die through time’. The
division of a city into dynamic areas could be beneficial to researchers, citizens, authorities, and companies
to understand better how a city functions and its needs, to gain useful insights, and finally to even help in
decision making. For instance, an advertising agency could leverage such insights to conclude to the most
qualified area to perform an event considering also the most appropriate day of week and time of day by
exploiting areas’ temporal characteristics in an effort to maximize the chance to conduct a successful event.

The main research problem we address in this work is the segmentation of a given geographic region
(here, we consider a given city) into coherent dynamic areas by leveraging and analyzing the geo-tagged
activities of social media users, and in particular, their check-ins to various POIs. The concept of a check-in
and a POI are, thus, principal in this problem, and are defined as follows.

Definition 1 (Point of Interest). A Point of Interest (POI) is a place which is characterized by a specific
functionality/use. Each POI vi is represented as a tuple comprising its set of geo-coordinates gi (latitude
and longitude) and category cti (e.g., café, office, restaurant, etc.) vi =< gi, cti >.

Definition 2 (Check-in). A check-in is an action performed by a user to self-report her position to a
given POI. Each check-in ci is represented as a tuple comprising the user who checked-in ui, the POI vi and
timestamp of the action ti, ci =< ui, vi, ti >.

Hence, the Dynamic City Segmentation Problem can be defined as follows.

Problem 1 (Dynamic City Segmentation).

Given: a city, a set of POIs within its span, and a set of check-ins into them,

Identify: a set of areas that are coherent in terms of the users’ visiting patterns with respect to their
enclosed POIs and their characteristics, and

Extract: profiles (descriptions) for each area that assist their interpretation and their further leveraging
in applications.

In this work, we examine existing approaches for the Dynamic City Segmentation problem, and further
extend them to address the problem in a more global manner, by jointly taking into consideration different
forces that shape urban mobility and POI visiting. We extract features that characterize POIs based on the
observed activities within their context and then, the city segmentation is implemented as a POI clustering
process. In general, the goal of Cluster Analysis is to split a set of objects into groups so that objects
belonging to the same group are as similar as possible and as dissimilar as possible with objects of different
groups. Therefore, the clustering of POIs has been selected as a well-suited approach for correlating POIs
that are similar in terms of their various characteristics, and then each cluster is mapped to a distinct area
spanning the convex hull of its assigned POIs. Table 1 summarizes the main notation followed in this paper.
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Table 1: Notation

Symbol Explanation

V = {v1, ..., vnV } Set of POIs
U = {u1, ..., unU } Set of Users
C = {c1, ..., cnc} Set of Check-ins
Ct = {ct1, ..., ctnct} Set of Categories that POIs can belong to
d(i, j) Geographic distance of POI vi from POI vj

sim(i, j) Similarity between POIs vi, vj

kmin/kmax Minimum/Maximum number of clusters
A = (ai,j)i,j=1,...,nV Affinity Matrix
G(A) Graph derived from the Affinity Matrix
Ni = {n1, ..., nm}, nj ∈ V m nearest neighbors of POI vi

3.1.1. POI Spectral Clustering Algorithm

Spectral clustering techniques make use of the spectrum of the affinity matrix to reduce the dimensionality
of the dataset before applying clustering. The Affinity Matrix is provided as input to the algorithm and
offers a quantitative assessment of the pairwise similarity of the datasets instances.

The Dynamic City Segmentation problem has been addressed before by using spectral clustering for
separating POIs into groups [3]. In this approach, the proposed algorithm requires as input the set of POIs
V (as in Definition 1), the affinity matrix A = (ai,j) for V , parameters kmin and kmax corresponding to the
minimum and maximum desired number of clusters - areas, and parameter τ , which controls the maximum
area that a given cluster can span. Each POI is considered as a vertex in the graph G(A), in which two
POIs are connected with an edge when their similarity is greater than zero and the edge’s weight represents
their similarity. Affinity matrix contains the weights of graph G(A), and its construction process will be
elaborated in the next paragraph.

Affinity Matrix Construction. The information conveyed in the affinity matrix obviously impacts the outcome
of the POI clustering algorithm (presented above); therefore it is of great significance to define appropriate
POI similarity measures. In the earlier approach of [3], the proposed affinity matrix formulation considered
both the POIs’ feature representation and their spatial proximity (in order to build geographically cohesive
areas). In specific, the use of social activity features was proposed for the representation of POIs (referred
to as social profiles in this work and defined in Definition 4), but as it will be discussed in the next section,
in general any type of POI vector-based profile can be used instead. Next, we provide the definition of the
POI affinity matrix according to [3] for the readers’ convenience.

Definition 3 (POI affinity matrix). Given a set of nV POIs V , a geographical distance function d(·, ·),
a POI similarity function sim(·, ·) and a number of nearest neighbors m, the POI affinity matrix A =
(ai,j)i,j=1,...,nV

can be defined as follows:

1. For each POI v, we calculate the m nearest neighbors of v, according to d(v, ·) and assign them to set
Nm(v).

2. Then, each element of the affinity matrix ai,j is assigned the similarity between POIs vi, vj ∈ V as
follows:

ai,j =

{
sim(i, j) + α if i ∈ Nm(j)
0 if otherwise

where α, a small constant, ensuring connectivity of a given POI with all its neighbors.

The above definition is generic in the sense that it allows the selection of the desired similarity and
geographical distance functions.
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