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Abstract

Cities generate data in increasing speed, volume and variety which is more eas-
ily accessed and processed by the advance of technology every day. Consequently,
the potential for this data to feedback into the city to improve living conditions
and efficiency of utilizing resources grows. Departing from this potential, this pa-
per presents a study that proposes methods to collect and visualize urban data
with the aim of supporting urban design decisions. We employed web scraping
techniques to collect a variety of publicly available data within the Kadikéy mu-
nicipal boundaries of Istanbul and utilized a visual programming software to map
and visualize this information. Through this method and superposition of our re-
sulting maps, we visually communicate urban conditions including demographic
and economic trends based on online real estate listings as well as spatial distri-
bution and accessibility of public and commercial resources. We propose that
this method and resulting visualizations present valuable potential in supporting
urban design decision-making processes.
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1. Introduction

Data turns out to be more relevant
for urban design as it becomes more
ubiquitously available and accessible
through the advance of technology and
as it is more widely incorporated in the
decision-making processes regarding
the urban environment. Recent years
have seen the proliferation of big data as
well as research concerned with its inte-
gration into the analysis, management
and design of cities. Numerous aca-
demic, civic and commercial research
centers have been founded dedicated
to studying the urban environment
through information generated by the
cities (Batty, 2013). While the scale,
variety and production speed of data
(3Vs) increase every day, its availability,
accessibility and communication to
designers, decision makers and to gen-
eral public remain a critical issue. This
is due to the range of skills required to
access and process the data in order to
make it relevant and meaningful.

The aim of our study is to present an
urban data collection and visualization
methodology which can help urban de-
signers produce maps to communicate
various urban patterns to stake holders
and decision makers in order to sup-
port urban design decisions, as well as
to communities to better inform par-
ticipatory processes. We also present
a set of maps produced following this
workflow, along with some basic geo-
spatial analyses we have performed to
create them. The questions we take on
to answer through the study presented
in this paper are as follows.

« How can sources of publicly avail-
able data with geolocation informa-
tion be relevant and useful to urban
designers?

« How can this data be gathered and
visualized?

o What kind of knowledge can be
generated through the visualization
of this data that may be presentable
to decision makers even before any
geostatistical analysis is carried out?

The study is unique in that we pres-
ent a methodology to compile a rich
dataset which we propose to be rele-
vant for urban design decision making
processes, consisting of information
drawn from multiple sources rather
than studying a single source of data

and its relevance for a specific urban
issue. We also present visualization
of each data set with some basic spa-
tial analysis. Through this, we aim to
aid quick and easy visual analysis and
better communication of this data to
designers and decision makers. Fur-
thermore, Kadikoy region of Istanbul
has never been subject to such a com-
prehensive study in terms of the variety
of urban data and data sources utilized
as well as the techniques adopted for
mapping and visualization. The data
collection was done utilizing Python
scripting and all mapping, visualiza-
tion and visual analysis processes were
done using the visual programing en-
vironment Grasshopper for Rhino3d.

Our research has revealed various
urban patterns that became apparent
through the maps we have created uti-
lizing the data collected from multiple
geolocated urban data sources. Two
most significant cases we have ob-
served to have potential in contributing
in the urban design decision dialogues
are the exposition of public and com-
mercial resource distribution, and de-
mographic and economic trends read
through the various maps we present
in the following sections.

We aim to develop this study by in-
tegrating more comprehensive analy-
ses to our workflow in future research.

2. Literature review

While cities around the world are
growing in size and population every
day, digital devices and systems are be-
coming more and more integral to their
functioning in parallel with technolog-
ical advancements. This results in the
generation of massive amounts of data
in the urban environment which have
already been subject to a large body of
research motivated with the belief that
cities can learn from this data and be-
come ‘smarter’ in order to provide bet-
ter living conditions for their residents
while utilizing resources more efficient-
ly (Batty et al., 2012; Townsend, 2013).
Mobility patterns of urban dwellers
drawn from digital public transporta-
tion ticketing systems, cellular phones
or cameras detecting traffic patterns,
GIS data compiled and made avail-
able to public by governments, various
use and activity data shared through
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personal mobile devices and publicly
available social media content are some
of many examples of such data.

A part of these studies in urban
data focuses on gathering, analyzing
and visualizing data which is inher-
ently linked to geolocation informa-
tion, namely geospatial big data (Lee
& Kang, 2015), making it possible to
map and observe geospatial patterns of
urban phenomenon. While such stud-
ies often bring together geographers
and computer scientists based on in-
terest and technical skills required; ur-
ban planners, designers and architects
also see value in this data which can
provide precious insight on the func-
tioning of cities and support urban
decisions in order to improve the qual-
ity of the urban environment (Glaeser,
Duke-Kominers, Luca, & Nalk, 2015).

One of the most popular subjects
of study of dynamic urban data is real
estate rental and sales prices, mapping
and geographical analysis of which al-
low for understanding location driven
contributors to property values (Co-
hen & Coughlin, 2008; Geoghegan,
Wainger, & Bockstael, 1997; Waddell,
Berry, & Hoch, 1993). More recently,
studies utilize housing price informa-
tion from public real-estate websites
(Bency, Rallapalli, Ganti, & Srivatsa,
2017; Boeing & Waddell, 2016), fa-
cilitating the use of very large and up
to date datasets, which allows for the
development of more accurate hous-
ing price prediction models. One such
study finds correlations of housing pric-
es with geo-tagged social media con-
tent (Li, Ye, Lee, Gong, & Qin, 2017),
which is another type of data that has
been subject to urban analysis research
as an indicator of urban activity (Jen-
kins, Croitoru, Crooks, & Stefanidis,
2016; Schreck & Keim, 2013). Walking,
running and other forms of exercise
data tracked and shared by urban res-
idents have also been studied to better
understand qualities of preferred loca-
tions and routes for recreational activ-
ity in the urban environment (Balaban
& Tuncer, 2016; Clarke & Steele, 2011).

There are various methods and tech-
niques which allow for management of
big data, yet means of its collection and
visualization is the main subject of our
interest in this research. As a method
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to draw data from public web sites, web
scraping which we utilize in our study
involves automated means to query and
download large sets of geospatial data.
Boeing and Waddell (2016) utilize this
technique to analyze real-estate listings
in the US and are able to compare elev-
en million listings all over the country
with government declared fair market
rents in 58 metropolitan areas. APIs
(application programming interfaces)
provided by many online platforms
such as Google, Instagram, Facebook,
Flickr, Foursquare or Twitter make it
possible to query and download user
generated content, which becomes in-
teresting for urban researchers when
the data is accessed together with geo-
location information. Among several
recent studies that utilize social net-
work data to better understand urban
patterns, Cranshaw and colleagues
(2012) detect areas of concentrat-
ed urban activity (“Livehoods”) us-
ing Foursquare check-ins and Jiang,
Alves, Rodrigues, Ferreira, & Pereira
(2015) estimate land use based on Ya-
hoo’s point of interest (POI) data with
a higher accuracy than with traditional
methods. Chen (2014) provides a good
overview of data collecting methods
from social media platforms including
web scraping and the use of APIs that
were also utilized in our study.

All geospatial data is already big
data (Lee & Kang, 2015), and velocity,
variety and volume are the 3Vs con-
sidered to define big data. While col-
lecting, managing and analyzing such
rapidly generated large scales of data
already pose a significant challenge,
visualizing and communicating it is ut-
most critical in deriving meaning and
value from geospatial data in order for
cities to learn from it. There are several
tools from geographical information
systems (GIS), building information
models to virtual simulation environ-
ments that make available various visu-
alization techniques (Pettit et al., 2012)
for geospatial data.

A project that demonstrates the
power of visualization of geospatial
data, “Million Dollar Blocks” (Kur-
gan, 2013) maps the home addresses
of criminals as they are admitted into
prison as well as the length of their stay
in five of US’s largest cities and reveals
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Figure 1. The workflow.

a remarkable concentration of these
addresses around a few city blocks.
One of the project’s most striking vi-
suals maps the money spent by the
state on each criminal to their home
address, displaying 4.4 million dol-
lars spent on criminals coming from
within just four blocks in Brownsville,
Brooklyn. A study conducted in a new-
ly activating area of Amsterdam, The
Knowledge Mile (Niederer, Colombo,
Mauri, & Azzi, 2015), presents geo-
graphical maps of companies and their
online hyperlinks, most shared images
and most shared locations using data
gathered from online platforms Goo-
gle Search, Panoramio, Instagram and
Foursquare. Making apparent the on-
line presence and character of the ur-
ban axis in the focus of the research,
these maps were later shared with local
stakeholders in participatory design
sessions and reportedly initiated con-
versation and further field work.
Having various similarities with the
research presented above, our study
presents multiple layers of geographi-
cally linked urban data drawn from dy-
namic sources of public web content,
mapped to reveal patterns of urban ac-
tivity and distribution of commercial
and public facilities. We propose that

REMOVING OUTLIERS,
DUPLICATE! ENTRY

these visualizations created through
basic spatial analysis and mapping
techniques allow for human visual as-
sessment of a rich set of urban data,
which is deemed as valuable as auto-
mated analytical processes (Schreck &
Keim, 2013).

3. Methodology

Our process involves the following
steps: drawing of data from online
sources, organizing the data, perform-
ing mathematical operations to calcu-
late some additional values on the da-
tabase, mapping the data based on geo
location information, performing basic
geometrical analysis and visualization.
Our workflow is presented in Figure 1.

We utilized multiple sources of pub-
licly available data from within the
Kadikéy municipal boundaries of Is-
tanbul, to draw already geo-tagged data
or data with address information that
we converted to latitude and longitude
values through Google’s Geocode APIL
While mapping and visualizing the raw
data we collected, we applied different
levels of intervention; from simply po-
sitioning the circles at geographical
locations and scaling them based on
their values within the domain of the
data set or connecting the geolocation
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Figure 2. Unit rental prices (rent price per sqm).

points to create routes and superposing
them, to performing surface to surface
intersections to calculate areas of influ-
ence or accessibility of amenities auto-
mated through custom codes.

Our data comprises real estate rental
and sales prices, property square me-
ters, property bedroom numbers, ages
of buildings, uses of buildings, social
media activity, public park boundaries,
commercial facilities, public transpor-
tation and other public facilities.

For the data collection phase, we use
Python programming language to send
requests composed by the Postman to
the source web site’s servers and gener-
ally download the data in Json format.
We then convert the data to csv (com-
ma separated value) format and import
it to Grasshopper visual programming
environment, an add-on for Rhino3d,
using Meerkat plugin. Here we process
the values within the database or run
simple spatial analysis after converting
them to geometrical entities. All the
steps carried out in the Grasshopper
environment besides the final graphic
touch-ups are automated so that they
are easily repeatable for different loca-
tions in future studies.

Below we present the details of our
methods grouped based on the sources

of data and the themes of the maps that
were created.

3.1. Housing and real estate

We utilized one of the most wide-
ly used real estate listings websites in
Turkey with 42.6 million active mem-
bers visiting the portal 263 million
times per month that allows for post-
ing and managing of apartment rental
and sales listings by both the owner
of the property as well as real estate
agents. The website has a map interface
through which we were able to draw
geolocation, size (in sqms) number
of rooms and comments of the listing
owner of each apartment in the Json
format. Then we sent a request to the
page of each listing to draw further text
based information including the type
of heating, additional amenities and
whether the listing was posted by the
owner or the real estate agent. The text
data was parsed using the Beautiful
Soup Library for Python and convert-
ed into csv format with Csv Library for
Python. The csv files were then import-
ed to Grasshopper and processed to
calculate the rental and sales prices per
sqm and create maps (Figures 2 & 3).
In these maps, the radius of each cir-
cle positioned at the geolocation of the
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Figure 4. Number of bedrooms for each house listing (rental and for sale).

listing is scaled proportionately with  from both rental and sales listings and
its price divided by sqms, after the out-  mapped with colors (Figures 4 & 5).

liers were excluded from the dataset. Payback values were calculated per
The number of rooms per apartment 100m by 100m area based on the av-
and building age data were combined erage apartment rental and sales prices
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Figure 6. Payback time.
per sqm available in each grid square
(Figure 6).

A GIS file created by Istanbul Metro-

politan Municipality was used to map
the residential/non-residential build-

BadoaT
STREET

ing use information, with the build-
ing footprints colored using a gradient
based on the proportion of the number
of non-residential units to the residen-
tial ones for each building (Figure 7).
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Figure 7. Residential and non-residential uses in buildings.

.; RCLE GRIDS OF 150 M RADILS

Figure 8. Circle grid system for Instagram queries.

3.2. Social media

Instagram was the source of social
media data we utilized for this study as
it is known to be favored over Twitter
and other forms of social media in Tur-

key, with 16.34 million users by 2016
(Statista.com, 2016). Python code and
Instagram’s own API was used to query
100 posts at a time, from within 150 m
radii of 159 points arranged to cover all
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Figure 9. Cafes, Instagram posts and their like numbers.

the area within the municipal bound-
aries of Kadikdy (Figure 8). Besides the
geolocation data, number of likes and
the text accompanying each image was
drawn. The duplicate posts download-
ed due to inevitable overlaps of circles
were cleaned up. Posts that were liked
over 1200 times were counted as 1200
due to their low frequency and posts
within a distance of 5m’s to each oth-
er were combined by adding up their
number of likes for the sake of a more
legible representation. A map was cre-
ated with the scale of each circle repre-
senting the like numbers per post point
(Figure 9).

The text data drawn from the Insta-
gram posts were analyzed using a cus-
tom definition separating each word us-
ing Python split function defining space
sign “ “as a delimiter and hashtags were
appended to the data of each post in
the csv file. Then the frequency of each
hashtag was calculated per 100m by
100m grid and mapped (Figure 10).

3.3. Public and commercial
amenities

Using the Google Places API, we
drew the geolocations and ratings of
Cafés and Restaurants which were
marked on Google Maps. Similarly

with the method we drew Instagram
posts, we queried 159 points with 150m
radii and recorded 60 places at a time.
Then we cleaned up the duplicates and
created a simple point-location map.
One of our resources was a widely
used food delivery portal, Yemeksepe-
ti.com, with over 5.2 million users by
2016 (2017), that directs orders from
users to member restaurants in Tur-
key. Each item on a restaurant’s menu
is displayed with its price, however, the
restaurant’s address is not provided on
the website. First, we queried the geo-
location information of each restaurant
using Google’s Geocode API. Then
the prices of the most commonly sold
items which were a 330ml can of Coke
and 250ml cup of Ayran (a yogurt
based Turkish beverage) were queried.
We also drew the hours of operation for
each restaurant. The website does not
provide the menu items in a database
format therefore a custom Python web
scraper script was developed which
searches for all restaurants delivering to
the area and then follows each of their
links to access their menus. Beautiful
Soup Library was used to convert the
HTML formatted site into a formatted
spreadsheet, the prices were converted
to the scales of circle radii distributed

Web scraping and mapping urban data to support urban design decisions
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Figure 10. Hashtag map.

on the map based on the geolocation
of each restaurant and the number of
operating hours were converted to col-
or codes to be visualized on the map
(Figures 11&12).

3.4. Transportation and access

We drew the geolocation data of stops
for buses and metrobuses (a rapid bus
transit line using dedicated bus lanes
for much of the routes) from IETT’s
(the general transportation department
of the City of Istanbul) website as well
as the number of times a bus or metro-
bus passes through each stop to create
routes on a map (Figure 13). We used
their frequency data to define the thick-
ness of the route lines on our map.

Then for each building centroid,
we computed the number of public
transport seats accessible within 400m,
800m and 1200m radii. For this, we

calculated the number of stops within
these circles first, and then multiplied
the seated passenger capacity of each
vehicle with its frequency throughout
the day. Without drawing the route
lines, we did a similar calculation for
ferries and subway lines, and added
up all the seated passenger capacities
within the mentioned radii distance
from each building centroid. We illus-
trated these numbers through a gradi-
ent of colors for each building, repre-
senting a scale of accessibility to public
transportation. (Figure 14)

Another map we created aims to vi-
sualize the accessibility of recreational
green spaces from buildings. For this,
we utilized the geographically located
outlines of public parks drawn from
the GIS files and made surface inter-
sections of them with the circles of
400m, 800m and 1200m radii from
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Figure 12. Operating hours of the restaurants.

each building centroid. The areas of
intersecting regions gave us a domain
of accessible green space sqms that we
mapped as a gradient of colors for each
building polygon (Figure 15).

We drew the exercise routes of Kadikoy
residents from an activity tracking social
network that allows for sharing of walk-
ing, running, biking and swimming activ-
ity data. Superposing these routes revealed

Web scraping and mapping urban data to support urban design decisions
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Figure 13. Bus and metrobus lines.

Figure 14. Accessibility to public transportation seats.

the most popular streets and in one case a
swimming route, as well as the approxi-
mately estimated geographic locations of
the buildings, residents of which use these
routes most frequently (Figure 16).

4. Observations and urban design
decision support

We propose that the set of maps pro-
duced by our automated workflow are
powerful in demonstrating how urban
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Figure 15. Accessibility to green spaces.

-J(: INMING, BIKING AND SWIMMING ROUTE

Figure 16. Exercise routes.

data can be basically organized and visu-  through geospatial analysis of this data
alized to communicate meaningful obser- ~ will advance this research significant-
vations and aid urban design decisions. ly, we believe that the current stage of

Although the quantitative results the study we present here is as useful
we aim to generate in future studies in revealing the relevance of geospatial
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information for urban design. Some
of our observations at this stage of our
research are presented below. We also
present ways in which the visual in-
formation revealed in these maps can
support urban planning and design
decisions following each of our obser-
vations.

There is a concentration of apart-
ments for sale and higher sales prices
along the coast and a concentration
of rentals of 1+0 and 1+1 units on the
west of Sogiitlii Cesme (Figures 2, 3 &
4). This is informative about the de-
mographics of residents around these
neighborhoods and can guide the mu-
nicipality in deciding on the kind of
investments they should make, may
they be introducing co-working spac-
es, libraries, professional education
facilities, kindergartens or retirement
homes. Our Instagram hashtags and
soft drink prices maps (Figures 10 &
11) similarly contribute in revealing
the demographics of the local residents
and visitors, as well as providing a
glimpse of their consumer trends.

Urban transformation which is
encouraged by the policy to renew
non-earthquake resistant housing
stock of Istanbul is made apparent in
our maps displaying the ages of build-
ings (Figure 5), showing the geograph-
ic distribution of recent construction.
The rapid transformation within the
Caddebostan area in the last couple of
years is revealed which may be obvious
to the neighborhood residents but no
known maps exist with updated infor-
mation available to public. The local
authorities can utilize this information
not only for understanding areas where
transformation is slow, but also where
it is rapid, and they can work with
urban designers to take precautions
against disadvantageous consequences
of such a high density of construction
sites and the rapid change of the built
environment for the local residents.

Together with the cafes & Insta-
gram likes map (Figure 9), our resi-
dential-nonresidential buildings map
reveal (Figure 7) the main commer-
cial axes and the mixed-use pattern in
Kadikéy which is known to be an in-
dicator influencing the walkability in
a neighborhood. The operating hours
of restaurants (Figure 12) influence

the liveliness and feeling of safety on
a street, contributing to the “Eyes on
the street,” a concept first proposed by
Jane Jacobs (1961). The geographical
distribution of commercial amenities
and social media activity can inform
urban decisions of zoning and invest-
ment in new facilities or services by re-
vealing if the existing facilities are suf-
ficient or attractive to urban dwellers
and how commercially active a street is
throughout the day. Areas that are lack-
ing in such amenities can be prioritized
for making changes in planning to en-
courage a more vibrant street life and
commercial activity on their streets.
Our public transportation and ac-
cess maps (Figures 13 & 14) visual-
ly present one of the most common
indicators of walkability for urban
neighborhoods. Although the distance
from each building was not measured
through the street network but simply
calculated based on a radius, the map
showing access to public transpor-
tation seats provides an idea of how
democratically distributed the trans-
portation facilities are within the mu-
nicipal boundaries of Kadikdy. Access
to greenspace that we created a map
for (Figure 15) is a similarly significant
contributor to walkability and quality
of life. Our exercise routes map (Figure
16) gives an idea of which residential
locations have better access to recre-
ational activities within the city. Be-
sides distance, we argue that this map
may reveal additional contributors to
the exercise behavior in the city such as
the pleasantness, comfort and safety of
these routes, as well as their accessibili-
ty from different neighborhoods.
Municipalities and central author-
ities can manage the allocation of
their resources based on information
regarding the distribution of public
services and facilities easily observ-
able through our maps demonstrating
access to public transport, green ar-
eas and routes used for sports activity.
Since residential neighborhoods less
fortunate in terms of access to public
transportation can quickly be identi-
fied in these maps, they can encourage
local residents to demand an increase
of routes and more frequent services
from transportation authorities. Ac-
cess to green areas and the shoreline
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which is obviously attractive for ex-
ercisers can be enhanced by new bike
lanes and improved street conditions
for better walkability especially in areas
that link the northern parts of Kadikoy
to these areas.

We present these observations
and suggestions for urban designers
through the case study of Kadikoy,
however, we aim this study and these
maps to constitute a model for reveal-
ing and communicating information
that can guide urban decisions in im-
proving the street life, commercial
activity, local development and life
quality of urban residents through
better allocation and more democratic
geographic distribution of resources.
Without doubt, each urban area from
each country is unique in many aspects
that also contribute to the urban qual-
ities that we propose can be improved
through our observations, thus all data
should be mapped and interpreted with
various such differences in mind to be
relevant in supporting urban decisions.

5. Discussion

We do not present any geostatistical
analysis of urban data in this paper, but
rather propose this research as a pre-
liminary step to be followed by rigor-
ous spatial analyses in studies to follow.
Nevertheless, we propose the method-
ology we present for urban data collec-
tion and visualization as a guide for de-
signers to better understand and utilize
means to gather and process data rele-
vant for urban design decision support.

We acknowledge that there may be
possible errors in information provid-
ed by the listing owners regarding the
real-estate data we utilize. Voluntari-
ly generated data may also cause in-
accuracies due to the free data-entry
format, as in the case for social media
entries. The social media users tend to
create their own use of language, ab-
breviations, and personal methods of
using hashtags (Schreck & Keim, 2013)
or simply make misspellings. Further-
more, Turkish is an agglutinative lan-
guage and multiple suffixes make it un-
favorable for text based analytics.

Additionally, the sources we have
used for this research are limited:
There are several websites and appli-
cations dedicated for similar purpos-
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es, and at this stage of the study, the
datasets were created using the most
widely used website and/or application
in their respective category. While this
approach gave us a strong initial start,
additional sources may be added to the
datasets in further research. In such a
case, a mutual database format should
be created as the type of data retrieved
from different sources will also begin
to differ.

Final discussion marks include
copyright issues; as almost all of the
websites used in these studies limit re-
production and re-distribution of the
data for commercial use in their legal
user agreements. Boeing and Waddell
(2016) note a case where a federal US
court decided that web scraping pub-
licly available data did not constitute
a copyright violation. Even though
non-commercial research does not fall
under legal restrictions, only a handful
of the websites and applications make
the data collecting process openly
available to developers and researches.
This means that the sources without
developer access may easily limit or re-
strict our access in the future by mak-
ing changes to their web structures.

6. Conclusion

Nowadays, a significant portion of
public and commercial activity takes
place on online social networks. We
swim in an enormous pool of data
streaming all around us. The tweets,
selfies, check-ins, likes, ignores, pokes,
snaps, listings, stars, user comments
constantly keep updating and adding
to this pool. Mostly consisting of un-
organized, unfiltered and uncatego-
rized raw data; this pool is the ultimate
collective subconscious of our society.
It has the information on what people
like doing where, when, how; how they
travel; how they spend their time; how
they speak to each other; what their
share of economy is; how they take
what was designed and how they are
transformed by that. This is a valuable
source of information for anyone inter-
ested in exploring the geospatial past,
current time and future in great detail.

Although urban designers and au-
thorities already make use of the data
available to them, traditional data col-
lecting methods tend to be more static
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and data is not so easy to update, where-
as spatial information is exponentially
more valuable when the time layer is
included in the equation. Deriving
the data from constantly self-updating
sources, and establishing a workflow
that collects, organizes, and processes
this data ensures access to up to date
scenarios at all times. Additionally,
the accumulation of this data creates a
spatio-temporal archive in time, which
would illustrate the development and
evolution of urban use patterns.

Through this research we have in-
tegrated different computational ap-
proaches together to create an auto-
mated workflow that draws data from
online sources and visualizes them on
maps. A major part of this workflow
can be utilized to draw data from var-
ious other sources with minor tweaks
in the query code. We present multi-
ple layers of urban data that we believe
to be relevant for aiding urban design
decisions by revealing various urban
use patterns and distribution of public
and commercial amenities and services
within a neighborhood. We visual-
ize our data layers on maps which we
propose to constitute a basis for fur-
ther study where geospatial statistical
analyses will be performed to achieve
quantitative results.

We believe that with the further
development of web technologies and
integration of mobile devices into our
lives, the definition of a city and what it
encompasses is already being redefined
fundamentally. Therefore, approaches
to urban analysis and design must be
re-evaluated and become as dynamic
our urban environments already have.
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