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Abstract

The study of public space activity has been one of the
main foci in the debate on urban space transformations
for the past decades, with many researchers adding to
the debate through theoretical work, as well as empiri-
cal/quantitative evidence, drawing from their direct ob-
servations of public space activity. This paper attempts
to enhance this approach of urban research and pub-
lic space observation, by investigating the application
of remote sensing techniques in public space analysis.
More specifically, it attempts to capture public space
activity using publicly available digital traces, such as
environmental and temporal data, as well as social me-
dia data streams. By applying bivariate and multivari-
ate analysis techniques to these datasets, it illustrates the
possibility of capturing current activity in public spaces,
with some degree of confidence. Furthermore, given
the ubiquitous and real-time nature of these datasets, it
also becomes possible to provide continuous estimates
as well as short-term predictions on current and near-
future public space use. Finally, it outlines the capabili-
ties of this approach, to be used in complementary fash-
ion to direct observation methods mentioned above, in
building high resolution models and simulations of pub-
lic space activity.

Introduction and Aims

Public Space is one of the main topics in the general discus-
sion regarding issues of urban space, and has been for some
decades now, often noted by scholars as having been intro-
duced to the mainstream discussion by Jacobs’ 1961 work
"The Death and Life of Great American Cities’. Half a cen-
tury later, it is generally agreed upon that public spaces,
along with their subsequent use, play a vital role in the
overall image and cohesion of the city they represent, even
though it is still debated what that role is or should be, as
illustrated in recent reviews on the topic (Carmona 2010a;
2010b).

Nevertheless, researchers have for the past decades been
studying the various facets of public space, oftentimes
through direct observation and documentation. Approaches
range in focus from pure morphology and typologies of pub-
lic urban space (Krier 1979), to design function classifica-
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tions (Gehl and Gemze 2000), to the ‘way users engage
with space’ (Dines, Catell, and Gesler 2006, in (Carmona
2010b)). In a more proactive approach, relating to the design
of successful public spaces, researchers have surveyed and
documented the usage of existing successful public spaces
in order to understand what constitutes a successful space
(Whyte 1980), by focusing on the individual activities taking
place as well as the interactions between the users (Whyte
1988; Gehl 1987). It is these latter approaches that are of in-
terest here, as they approach the matter from a user-centric
perspective, identifying use and interaction as the main pro-
cesses that make for a good public space, and can offer valu-
able insight in understanding the use of space as a bottom-up
approach.

Given the usefulness of such approaches, it is unfortunate
that this method of observation has some inherent limita-
tions. As it is based on direct observation, it requires re-
searchers to be passively present at the area of interest, or at
the very least the installation of infrastructure such as cam-
eras and recording devices, the latter carrying other issues in
their use. Such requirements limit the gathered data to the
very specific time ranges during which a space was docu-
mented. This results in very high quality data for surveyed
periods, but unfortunately no data can be inferred for un-
surveyed periods. This paper approaches this shortcoming
in the context of contemporary big data, and offers potential
solutions to this limitation.

Townsend (2000) argued that the increasing use of mobile
phones signalled the arrival of the ‘real-time city, in which
[urban] system conditions can be monitored and reacted to
instantaneously’. Furthermore, with the digital traces gener-
ated today through the use of such new devices, it is becom-
ing increasingly possible to capture the micro-interactions
which make up the collective entity that is a city. Follow-
ing in this vein, additional approaches have demonstrated
the capabilities of urban data in monitoring and visualizing
real-time urban activity as it is comprised from individual
traces (Calabrese et al. 2011; Ratti and Claudel 2014), and
further employing such data sets in inferring urban activity
at the individual level (Diao et al. 2015). It is hypothesized
that due to the portability and ubiquitous nature of mobile
devices, within the next 20 years most urban data will be
sourced from digital sensors, and will be available in vari-
ous forms, with temporal tags as well as geotags in many



instances (Batty et al. 2012).

Based on the advent of ubiquitous and real-time data
availability, this paper identifies a potential opportunity in
using Real-Time Data (RTD) to provide continuous, real-
time estimations of current public space use. More specif-
ically, the approach presented here acts as complementary
to observational/empirical data, allowing for current activity
to be captured without the need for in-situ recordings, and
further infer current activity (and subsequent quality of pub-
lic space) using remote sensing and data mining techniques.
It is hypothesized then that by analyzing the effect environ-
mental and other conditions have on the digital traces of pub-
lic space users’ activity, as captured by remote sensing and
data mining techniques, we can begin to form a preliminary
model for continuously capturing and subsequently predict-
ing public space use.

Data and Methodology

A major municipal green space in London, UK (Hyde Park)
is chosen as a location for a London Living Labs (L3)
project!, investigating novel uses of real-time data and net-
worked infrastructure in managing and experiencing urban
parks (ICRI 2015). Data presented in this paper is part of
an on-going case study within the L3 context, which ana-
lyzes visitor activity in Hyde Park. It focuses exclusively on
publicly available data, such as data released under a free
or open licence, and data made publicly available by its au-
thors (eg. users’ public posts in social media platforms). An
attempt is thus made to build a real-time profile of current
activity in the area of interest, based on ambient geospa-
tial information (Stefanidis, Crooks, and Radzikowski 2011)
gathered from a variety of sources. This paper presents ini-
tial findings from the analysis of collected data, covering a
period of 134 days, from the 14th of September 2015, up to
(and including) the 27th of January 2016, with the aim of
later using these findings in Real-Time applications.
Although the datasets discussed here comprise of
archived data, this is simply for the sake of analysis. Dy-
namic (Real-Time) Data, including records retrieved from
social media platforms and weather forecasts, contains
datasets which provide information on current activity, and
are retrieved and updated in real-time. More specifically,
posts in social media platforms Twitter and Instagram are
used as a proxy of current on-site activity. This data is
collected regularly using the respective platforms’ search
APIs?, via automated scripts written in the Python program-
ming language, similar to (Hawelka et al. 2014). Weather
forecasts are similarly retrieved using custom python scripts
from forecast.io, in order to have an automated structure of
current weather conditions. Planned events and gatherings
in the area of interest in the near future are retrieved using
Facebook’s API, using the search term ‘Hyde Park’ and fil-

'L3 is a collaborative effort between research institutions and
stakeholders, including UCL, Intel ICRI Cities, the Royal Parks,
the Future Cities Catapult and Imperial College London, pursuing
innovative ideas and applications within the Smart Cities context.

Zhttps://dev.twitter.com/rest/public,
https://www.instagram.com/developer/endpoints/

tering events taking place in London, UK, and are used as an
indicator of expected increased activity. Finally, in order to
confirm and further validate correlations between remotely
sensed data and in-situ activity, as well as for further calibra-
tion, park visitor counts were conducted via manual counts
at the area of interest, at specific dates and times.

Data in most cases is formatted at two levels. At the ag-
gregate level, data is presented as daily summary totals, de-
pending on dataset. At a finer level, data is presented in more
detail as an hourly total. Social media data is further cleaned
up to remove duplicates (multiple posts from the same user
within a certain period of time of 30 minutes), and only
includes geotagged posts originating from within the park.
Regarding weather data, different indexes were captured in
the data collection, including temperature (minimum and
maximum for daily summary), cloud coverage, precipitation
probability and intensity, and wind speed. Planned events
captured via Facebook’s API further included start and end
date and time, as well as the number of event attendees, as
captured by the platform.

Regarding the methodology, these datasets are examined
using standard bivariate and multivariate linear regression
approaches. Social Media posts as captured from Twitter
and Instagram are used as a proxy for visitor activity, and are
considered the dependent variable in all cases, where corre-
lation is investigated between Social Media Posts on the one
hand, and climate/temporal attributes on the other.

Exploratory Data Analysis and Data Cleanup

Some initial characteristics and general properties of the
dataset can be seen by looking at the raw data overview,
with social media posts (SOCM) values shown in daily to-
tals for the whole duration of 134 days (Figure 1). Values
vary greatly, from the low hundreds to almost 5000, aver-
aging 1068 daily SOCM, with a long-tailed distribution to-
ward higher values. Zero values indicate collection failure,
days where the automated collector scripts were not exe-
cuted properly, and thus no data was captured for that day.
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Figure 1: SOCM Time Series

Although the dataset presents a fairly scattered distribu-
tion, additional filters allow for a more meaningful interpre-



tation of the dataset. Days containing planned events are
highlighted (shown in red in Figure 1), overlapping with the
majority of the highest recorded daily SOCM values. In-
deed, most of these dates correspond to a major winter fes-
tival that takes place in the area of interest every year, at-
tracting thousands of visitors, over a period of 45 days. Ad-
ditionally, datetime information has been embedded in the
dataset, and individual days of the week have been codified
as integers (daylInt: Sunday to Saturday, 0-6 respectively).
Sundays are then highlighted (larger point size, Figure 1),
further corresponding to high SOCM values, both for event
and non-event days. In annotating Sundays, a periodic char-
acteristic of the dataset can be identified, where Sundays
generally highlight the peak at each 7-day period, compared
to fairly equal values throughout the rest of the week.
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Figure 2: SOCM by Day of the Week

The aim of this analysis is to investigate the effect of
environmental and temporal characteristics on public space
use (measured as social media posts) during normal condi-
tions. In this context, days with planned events are consid-
ered known outliers, with artificially high values. As such,
days with planned events, along with zero value days (failed
recordings), will not be considered for the rest of this anal-
ysis, as these records would introduce a strong bias. Even
having removed known outliers, increased activity on Sun-
days is further evident when comparing SOCM by day (Fig-
ure 2). Most SOCM are recorded during Sundays, averaging
750 daily total, with values falling sharply on the next days,
and picking up again on Saturdays.

Analysis
This section will be looking at the effect that climate
and temporal characteristics have on recorded social media
posts, first at the daily aggregate level, and later at an hourly
level.

Daily Aggregate

At a daily aggregate level, initial assumptions focused on
temperature being the main driver of park visitor activity
(and thus social media activity), stating that days with higher
temperatures would attract higher visitor numbers. This
turned out to be a false hypothesis, as can be seen on Fig-
ure 3, showing daily SOCM levels against daily minimum
and maximum recorded temperatures.
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Figure 3: SOCM vs. Temperature

It is evident from the graph that no correlation exists be-
tween maximum temperatures and SOCM, at least for the
time range in question, while daily minimum temperatures
exhibit some degree of negative correlation with SOCM. It
is interesting to note though that temperature difference be-
tween maximum and minimum recorded daily temperatures
provides the best fit of the three variables from a statisti-
cal point of view, with a positive correlation. However,
as temperature difference does not directly relate to an at-
tribute that could explain this behaviour, analysis turns to
other climate characteristics, more specifically cloud cover-
age, wind speed, and precipitation probability and intensity,
which should at the same time affect SOCM as well as tem-
peratures. These characteristics are known to affect ground
temperatures (Easterling et al. 1997), and can be considered
as creating unfavourable conditions for park visitors, thus
reducing visitor numbers.

Cloud coverage exhibits a negative correlation with
SOCM, with a strong (for the dataset) fit, as seen on Fig-
ure 4. Similar results are displayed when comparing SOCM
against wind speed, indicating that unfavourable weather
conditions have a negative impact on park usage, as would
be expected. SOCM and precipitation exhibit a similar re-
lationship, although not linearly correlated. As seen on Fig-
ure 5, for precipitation values greater than O (chance of pre-
cipitation), SOCM values average at about 400 daily total
posts, providing a potential baseline of park activity regard-
less of weather conditions, possibly indicating restaurant
visitors and less weather-dependent activities, such as ex-
ercise activities.

Hourly Aggregate

Analysis at a daily resolution identified some weather char-
acteristics as broad drivers of park visitor activity, as shown
previously. In this next section, activity will be investigated
at an hourly temporal resolution, in order to capture the rela-
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Figure 4: SOCM vs. Cloud Coverage
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Figure 5: SOCM vs. Precipitation Probability

tionship between SOCM and weather/temporal characteris-
tics in more detail. Looking at hourly SOCM totals against
hourly temperature, as shown in Figure 6, it again becomes
clear that on the whole, there exists no clear relationship
between temperature and park visitor activity. Within indi-
vidual days, there is a constant positive correlation between
park activity and hourly temperature, as would be expected,
given that higher temperatures coincide with daylight hours
associated with high urban activity (afternoon hours).
Similar results of no correlation whatsoever are exhibited
when looking at other weather characteristics at an hourly
temporal scale, such as cloud coverage or wind speed. Data
points in these cases are scattered with no discernible pat-
terns, with the exception of precipitation intensity, where,
as expected, SOCM values are at their constant lowest (ap-
prox. 20 per hour) when any rainfall is recorded. Of course,
this behaviour of no relationship at hourly levels is expected.
Given the temporal scale of one hour, variation in SOCM is
caused more by hour of day and daily activity cycles, than
any other climate characteristic. Following this reasoning, a
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Figure 6: SOCM vs. Temperature - Hourly

very discernible pattern is exhibited when looking at SOCM
by hour of the day, as seen in Figure 7.
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Figure 7: SOCM vs. Hour

Hourly SOCM values are at their lowest during early
morning hours, between midnight and 5 am, with valley
values at 2 am. Activity starts to pick up at 6 am, and
rises steadily until a peak is reached at 3 pm. After this
hour, values decrease again steadily into the night, until
they are at their lowest at 2 am again. This oscillation in
SOCM values can be modelled using a 4th degree polyno-
mial, in the form of y = az* + bx® + ca? + dx + e, with
a = 0.001,b = —0.065,c = 1.15,d = —3.8,e = 4.87,
which when fitted to the data points, results in a coefficient
of determination of 0.47.

Variance in hourly SOCM values can be further explained
as a result of weather effects at this point, as hour of day and
curve fitting can provide a baseline ’default’ behaviour, or
in other words, average visitors based only on time of day,



with all other conditions being equal. By additionally plot-
ting point size and colour as a function of hourly precipita-
tion probability, as seen on Figure 8, it is evident that points
with higher precipitation probability fall below the curve. In
other words, for a given hour, the number of park visitors
can be predicted first by the hour of the day, and secondly
by weather conditions. Very similar results are exhibited
when substituting precipitation probability with other ob-
served weather conditions, such as cloud coverage and wind
speed, as the independent variable.
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Figure 8: SOCM vs. Hour-Precipitation - Hourly

Validation

This work used social media posts as a proxy of actual park
visitors, in an attempt to analyze the effect of weather and
temporal parameters on park visitor numbers. In order to
extrapolate back to real visitor numbers, short site surveys
were conducted on four occasions within 2 weeks, where
park visitor numbers were captured using manual counts.
On each occasion the same route was taken, covering as
much area as possible, visitors within 100 meters of the route
were counted, and each survey lasted approximately 95 min-
utes. Following the survey, all social media posts originating
from the area of interest within the duration of the survey
were captured. One site survey was discarded, as a popular
event was taking place at that day, making capturing visitor
numbers impossible.

On inspection, social media posts appear to follow actual
park visitor numbers, at a ratio of approximately 47 people
per SOCM, as seen in Figure 9, providing some initial cred-
ibility to the use of SOCM as a proxy for actual activity.
Some further validation and verification of assumptions was
further gained from the surveys. More specifically, surveys 1
and 2 took place on a weekday, while survey 3 took place on
a Sunday, same as the discarded survey, illustrating the in-
creased park visitor numbers on Sundays. Furthermore, over
the course of survey 1, weather started to change, from a
clear sky to overcast and rainy, while on the other two occa-
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Figure 9: Visitors vs. SOCM

sions the sky was clear with sporadic clouds, indicating that
unfavourable weather characteristics have a negative effect
on park visitor numbers. Therefore, these small observa-
tions hint further at a valid hypothesis, although the sample
is still far too small to conclude with any degree of certainty.

Conclusion and Further Work

This paper presented a correlation between park visitor ac-
tivity, and weather and temporal characteristics. It was
shown that park visitor activity is primarily driven by the
time of day, resulting in predictable daily life cycles for
the park, with weather conditions having a secondary ef-
fect. Furthermore, this study found some correlation be-
tween park visitor activity and social media posts originating
from the area of interest, which although based on a small
sample, hints at some constant value of 1 social media record
for every 47 actual visitors.

Although this paper presented an analysis of archived
data, it is interesting to note that these records were cap-
tured at the moment of their generation, i.e. in real time.
Given the findings of this study, correlations between time
of day/weather and SOCM could then be used in real time,
by employing weather forecasts for the near-future and other
real-time data sources to estimate current activity, and subse-
quently verify the result very soon afterwards, continuously.
Such an approach could provide a perpetual model of public
space activity, with continuous prediction and verification.

The findings in this study aim to enhance Public Space
Use Studies, as discussed previously, by providing an op-
portunity to capture data remotely. Given the requirements
and costs of conducting full-scale surveys, and thus their in-
frequent use, this method discussed here can provide data
for undocumented periods, in order to *fill in the gaps’. Ad-
ditionally, given the fast turnover of results (real-time), this
approach to public space visitor estimation can offer a quick
monitoring platform for interested parties, for example park
authorities.

This paper presented findings of an on-going study. It will
continue to record and archive data, in order to cover larger
periods of time, as well as to capture more active periods of
the year, i.e. summer months. Furthermore, additional stud-
ies will be conducted in other public spaces, in order to build
a more comprehensive archive of public space use activity.
Additionally, the data and methods presented in this study
will be combined with Agent-Based Simulations of park ac-



tivity, where data generated from the above methods will be
used as input in interaction models, to be used for vizualisa-
tion and further spatial analysis of park visitor activity and
interaction.
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