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ABSTRACT

As a result of population growth and urbanization, the
interdependencies between infrastructure, services, and individuals
in urban areas continue to increase. Urban areas already consume
up to 80% of the world’s energy, and the expected population
increase of nearly 70% by 2050 will drive a further rise in energy
consumption. It is, therefore, vital for us to develop a better
understanding of variabilities in human-related effects on
buildings’ energy consumption within the urban spatial context in
which they exist. Intra-city trips of urban population are undertaken
as a result of individuals engaging in activities across various
locations. However, people exhibit variations in their daily
activities and the number of locations they visit over time. Here, we
investigate the spatial interdependencies between human mobility
networks of two distinct populations (i.e., returners and explorers)
as an indicator of their daily activity patterns, as well as gas
consumption to explore how variations in human mobility networks
can be used to explain spatial fluctuations in energy use. We
compare 2,015,339 positional records from an online social
networking platform, Twitter, with energy consumption (gas)
across 983 areas in Greater London over the course of a single
month (May 2014). Our findings indicate a stronger statistically
significant spatial dependency between human mobility networks
of the returners and gas consumption, indicating domination of this
population in urban energy use. This suggests that spatial
fluctuations in urban energy consumption are governed by the
structure of human mobility networks, among other factors. These
results provide a clear picture of demand-side diversity and its
drivers, establishing a foundation for human mobility-based
predictive models for urban energy consumption. The relationship
between energy consumption and human mobility is key to creating
effective policies for urban areas, leading to more reliable
predictions and effective management decisions about future
patterns of energy use. Our findings will be of value to urban
planners, researchers and policy-makers.
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1. INTRODUCTION

Today’s cities are the most complex built environments in human
history, containing 54% of the world population [1], responsible for
up to 80% of the world's total energy consumption [2, 3]. Given
that the planet’s 28 megacities are projected to increase to 41 by
2030, adding 2.5 billion residents to our urban environments [1],
world energy consumption is expected to grow by as much as 56%
between 2010 and 2040 [4]. The parallel rise in the scale and nature
of human activities in tomorrow’s urban environments [5] mean
that the complex mix of operations and demands, technology
adaptation, and lifestyles in future cities will be substantially
different. This ever-increasing level of complexity raises serious
concerns regarding the robust operation of the vital urban lifelines
that supply electricity, transportation, communication, and water.
There is thus a pressing need to explore how best to ensure that the
expected increase in urban population, combined with the resulting
additional complexities, are managed to support positive outcomes
for future energy demand, efficiency and resilience. How can we
make reliable predictions of future energy demand that incorporate
change?

The major sources driving changes in energy demand stem from
the mix of personal activities occurring at specific times and
locations [6]. During the course of the day, people engage in a range
of different activities scattered across various locations, thus
driving the energy demand in those locations. Population growth
and the shift of this population both into and within urban areas
cause significant increases in the amount, diversity, and complexity
of human activities, with a corresponding significant impact on
energy consumption. What will the fluctuations and
interdependencies between human mobility and energy
consumption look like in the near and far future? This high level of
uncertainty raises additional questions regarding urban energy
resilience, for which our current knowledge about these patterns
based on today’s consumer behavior may fail to hold true in the
future.

Opportunely, understanding variations in an urban population’s
activities can contribute to better perceptions of location-specific
energy demands and its spatiotemporal fluctuations by addressing
questions such as: “What are the current patterns of energy
consumption as related to their stimulating urban population
activities?” and “Which regions should we expect to experience
increases/decreases in demand?” Understanding the distribution
and patterns of urban energy consumption can be a significant
indicator in managing and allocating current and future resources.
Enhancing our ability to recognize and manage short and long term
urban energy resilience is essential if our cities are to continue to
thrive.
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2. SPATIAL VARIATIONS OF URBAN
ENERGY CONSUMPTION

Fluctuations in urban energy consumption have been studied in
both spatial [7-10], and temporal [10-14] dimensions. It has been
argued that such fluctuations are driven by urban form, density and
texture [9, 15-20], building characteristics [21-24], building age
[25], and function [8]; other researchers have identified population
density [17], urban transport [18], climate and weather conditions
[19, 21, 26], socioeconomic elements [7, 19], and individual
behaviors [27] as having an effect. Some of these have identified
reverse correlations with energy consumption. Ratti et al. [11]
found that the surface-to-volume ratio was not representative of the
total energy consumption in urban areas, instead recommending the
use of the ratio of passive to non-passive zones as an indicator.
Although still representative, urban texture can only explain 10%
of the variations, however, which seems relatively small compared
to the implications at the system and occupant behavior level [15].
A few years later, Zhang et al. [7] analyzed the spatial variations of
energy consumption in China for 30 provincial capital cities
utilizing parallel comparison and quantitative analysis, concluding
that their different geographic features, economic development
levels and local energy source availability were among the main
determinants of fluctuations in their energy consumption and thus
recommending the use of a type-based management system for
urban energy systems. Rey et al. [28] took a slightly different
approach in their study of residential energy consumption in 7
neighborhoods in Swiss cities to evaluate the effects of centrality
on total energy consumption, finding that occupant density was
more representative than built density. In a more recent study, also
in Switzerland, Fonseca and Schlueter [10] took into account the
spatiotemporal fluctuations of energy services in characterizing the
energy consumption patterns of residential, commercial, and
industrial buildings in urban settings. These researchers introduced
an integrated model that incorporated spatial analysis, dynamic
building energy modeling and energy mapping and then validated
it against measured data. Although they did take into account
elements such as the location of buildings, time, and the properties
of energy services such as the power and temperature required, they
failed to consider consumer aspects such as the occupant density of
each neighborhood and its spatiotemporal fluctuations, both of
which may be more realistic measures for demand. The main focus
of their study was to understand building performance in the light
of potential retrofit strategies.

Interestingly, despite its significance, all of these studies neglected
to take into account activity-based variations in urban energy
consumption. An individual may exhibit low consumption habits at
work, but consume disproportionate amounts of energy during later
hours of the day when they are at home or utilize high-energy-
consuming transit modes to travel within the city. Activity-based
approaches [29-31] are often used to anticipate future demand for
services and the consumption of resources, but once again these
approaches focus primarily on the diversity of activities rather than
the heterogeneity that exists across users and the patterns of their
collective activities in time and space. In order to be able to reliably
locate high/low energy consuming locations, we need to track the
population themselves. Location-based activities do not represent
the extent of usage, but the movements of consumers do.

Intra-city trips are undertaken as a result of individuals’ intent to
engage in activities, and therefore human mobility is often used to
develop a better understanding of the patterns and types of activities
[32], or to identify origin-destination locations such as home, work,
and other [33], as well as different functional locations or points of

interest (POI) [34-36] in urban settings. Human mobility has been
used to infer location choices and to strategize optimal accessibility
to amenities under the influence of human mobility [37, 38]. There
is a substantial body of research on the determinants of energy
consumption in urban settings, much of which has explored the
underlying drivers of its fluctuations [7, 10, 25, 28, 39].
Researchers studying human mobility have also investigated the
spatiotemporal variations of human mobility extensively [40-45],
and have linked these variations to patterns of activities, or motifs
[46-48], as well as land-use or cities” functional regions [35, 37, 49-
51]. However, a thorough review of the literature revealed no
attempts to integrate these variations or to seek to explain urban
energy consumption in terms of patterns of individual activities,
which in this context means human mobility behavior. While these
spatiotemporal variations appear to have been extensively studied,
the link between fluctuations in human mobility and urban energy
consumption, despite its crucial role, remains elusive. Therefore,
this study is designed to uncover the interdependencies that may
exist between the variabilities in urban human mobility and energy
consumption spatial flux.

Understanding energy consumption spatial flux across urban areas,
the underlying dynamics of such fluctuations and the drivers of
heterogeneity in consumption and demand is fundamental. If
human mobility patterns can explain urban energy consumption
patterns, is there a relationship between the spatiotemporal
variations of human mobility driven by human activities as
individuals visit different urban functional regions that could shed
further light on the corresponding fluctuations in energy
consumption?

3. HUMAN MOBILITY NETWORKS

Research has demonstrated that human mobility can account for
much of the city-wide human activity observed [47, 48, 52] and
thus can be used to predict urban energy consumption [53].
However, the spatiotemporal patterns of human mobility and
energy consumption are not homogeneous in urban settings.
Despite the fundamental laws found for human mobility and travel
distance at larger scales [44, 54, 55], the distribution of the radius
of gyration suggests that intra-city daily human mobility is largely
heterogeneous [44, 56]: individuals exhibit variations in their daily
activities, the number of locations they visit over time, and hence
their daily mobility. The significance of understanding this
variability in travel behavior, the analytical rationale for such an
understanding and its policy implications are the subjects of a long
standing debate [57]. The earliest work in this area examining the
dynamics and rhythms in mobility behavior was limited to survey
data [58], applying travel-activity survey data to explore spatial
variability in activity-travel behavior [48]. Later, it became possible
to gather data on the temporal variability of individuals’ daily
activities in order to identify structures and clustering activities at
different times of the day [52]. Schneider et al. [56] explored
individuals’ daily mobility in the form of networks of visited
locations in two different cities (Paris and Chicago), and across
different datasets (a travel survey and mobile phone billing data)
and found reoccurring sets of 17 daily mobility networks that they
labelled human mobility motifs. They further discovered that 90 per
cent of the individuals surveyed visited only seven daily locations.
A more recent study [41] examined the spatiotemporal variability
of human mobility through statistical analysis and networked-based
clustering methods at both the individual and aggregate levels in
Singapore in order to identify diversity. The initial findings of their
one week study indicated some stability in the spatial structure of
the mobility patterns revealed. Louail et al. [43] also proposed a
method for inferring different categories of mobility networks and



their flows from origin-destination (OD) matrixes extracted from
mobile phone data, in their case using data recorded in 31 Spanish
cities. Louf and Barthelemy [59] took this a step further, reporting
that the structure of human mobility patterns was largely governed
by a variety of urban quantities, including the quantity of CO2
emitted and the total consumption of gasoline. More recently,
Pappalardo et al. [60] classified individuals into two populations
with distinct mobility patterns: returners, and explorers, with the
returners being those individuals whose mobility network is
governed by a few recurrent preferred locations (e.g., home, work)
and the explorers’ mobility networks spanning a much larger
number of different locations. They found significant correlations
between these mobility networks and their social interactions, as
well as their role in the diffusion phenomenon. Understanding
whether distinct mobility patterns of these two populations can
explain spatial fluctuations in energy consumption is thus of
fundamental importance and can result in better predictions, better
management and more effective allocation of resources. Here, we
explore whether one population exerts a disproportionate influence
over the spatial consumption of energy in urban areas by examining
the most preferred locations in their mobility networks.

4. DATA and METHODS

For this study, 2,015,339 positional records of 32,620 individuals,
of whom 17,097 were identified as returners and 10,175 as
explorers, along with the gas consumption of 3,040,422 building
meters distributed across 983 spatial divisions were examined.
These spatial divisions consist of MSOAs (middle layer super
output areas), which are administrative boundaries representing a
minimum population of 5,000 and an overall mean of 7,200 [61] in
Greater London. Data was collected for 31 days (May, 2014). The
positional records included in the study consist of those individuals
with at least 3 distinct records across two different spatial divisions
within the duration of the study. Timestamped positional records
were streamed from an online social networking platform (in this
case Twitter) and logged if the user allowed. The users were then
classified into the two distinct populations (returner and explorer)
based on their 2 (two) most frequently visited locations (Section
4.1). We then explored whether each population’s mobility
exhibited a meaningful spatial imprint (Section 4.2) that would
serve as an indicator for energy consumption through spatial
autocorrelation and regression analysis (Section 4.3). Section 5
presents our findings on the role of different human mobility
networks in urban energy consumption measures and explores
whether one population is predominant and its implications. The
paper ends with a discussion of potentially fruitful future research
directions in this area (Section 6).

4.1 Radius of Gyration

We selected the radius of gyration rg(t): (Eq. 1) [44] as our metric
for this study from among the most widely accepted indicators for
describing large-scale human mobility patterns to capture
individuals’ characteristic travel distance within the area where
they habitually move around in the course of their daily activities.
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The radius of gyration was calculated at two spatial and two
temporal levels for each of the two study populations. The
individual level rgi(t) is the characteristic distance traveled by a user

when observed up to time t, so every MSOA level rg(t) represents
the deviation of rgi(t)s from the corresponding center point (Eq. 2).
This indicator was then used to describe the patterns of human
mobility across MSOAs. Next, we ranked the 983 MSOAs for each
individual based on their frequency of visits. After identifying the
two most frequently visited MSOAs for each individual, the
individual level rqi(t) was obtained per MSOA per day. The MSOA
level rga(t) was then obtained per MSOA over the total time frame
(in this case 31 days). At the spatial level, we calculated the
weighted radius of gyration per MSOA and the total radius of
gyration for each individual for the study period (May, 2014) and
calculated the M-radius of gyration (Eq. 3) for each individual for
the first 2 (two) most frequently visited MSOAs.
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Finally, we compared the total ry and rg™ of each individual
through a Support Vector Machine (SVM) classification such that
the population was split into two distinct classes: returners and
explorers [60]. M-returners, with rg™ = rg, are those individuals
whose characteristic travelled distance is dominated by their M-th
most frequently visited MSOA, while the mobility network of M-
explorers, with rg™ «rg, spanned multiple MSOAs and could not
be reduced to M locations. Figure 1 depicts the distribution of
returners-explorers in terms of their total rg and rg® (M = 2,
second most frequently visited MSOA).
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Figure 1. Recurrent vs. Overall Mobility of Populations (May
2014): returners, explorers.

4.2 Heterogeneity and Spatial Randomness

A spatial autocorrelation analysis was performed for energy
consumption (in this case, gas) and human mobility across the 983
MSOAs in Greater London to measure the correlation among
energy consumption and human mobility variables in the spatial
dimension and assess the extent to which their spatial distributions
are compatible with randomness. Moran’s | (Eqg.4), which ranges
from -1 (most dispersed) to 1 (most clustered), describes the degree
of spatial concentration or dispersion for gas and human mobility
(of returners and explorers), with larger values for | showing
clusters of larger values that are surrounded by other large values,
namely (I+)-spatial clustering, and (l-)-spatial dispersion
indicating larger values that are spatially enclosed by smaller
values. This also provides a useful test of independence to



determine whether the values of returners and explorers’ human
mobility or gas consumption observed in one location depend on
the values observed at neighboring locations. While Moran’s |
represents a global spatial autocorrelation for our data, Geary’s C
(Eq. 5) was also used to examine the deviations in the responses of
each observation from one another, ranging from 0 (maximum
positive autocorrelation) to 2 (maximum negative autocorrelation),
with 1 indicating an absence of correlation. We have used Moran’s
I and Geary’s C here as a measure of sensitivity to extreme values
of gas consumption as well as returners and explorers’ human
mobility in each MSOA in relation to others.
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Finally, we used Getis-Ord G and Gi* (Eq. 6 and 7) to perform a
hotspot analysis for returners and explorers.
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Here, n represents observations related to variable x at locations i
and j, where X is the mean of the x variable, and wijj are the elements
of the corresponding weight matrix. As illustrated in the four
quadrants of the Moran scatterplots (Figures 2-4), there are four
types of spatial autocorrelation for our variables. A positive spatial
correlation indicates clustered values in similar locations, with
areas of significance being the datasets in the high-high (upper
right), and low-low (lower left) quadrants. The positive
autocorrelation for the high-high scatterplot quadrant areas can be
interpreted as indicating regions with high gas consumption or
human mobility for returners or explorers which are clustered with
and dependent on neighboring regions with high values for the
corresponding variable. In contrast, the low-low quadrant areas are
those MSOAs with low gas consumption or human mobility for
returners or explorers that are clustered with and dependent on
other low value areas. The two remaining quadrants, high-low

(bottom right) and low-high (upper left), both depict negative
spatial associations. Figure 2(a) shows the Moran scatterplot for gas
consumption along with its permutation test plot (Figure 2(b)),
indicating the significance of Moran’s |. The observed Moran’s | is
located in the tail of the 999 permutation sample distribution and
thus has a low probability of stemming from a spatial random
distribution of gas consumption (i.e., a significance level of 5%).
Likewise, Figures 3 and 4 show the Moran scatterplot and
permutation for the mobilities of returners and explorers,
respectively. The randomness hypothesis of the mobility of both
returners and explorers is rejected in favor of spatial structure.
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Figure 2. Spatial autocorrelation — Gas consumption

Statistically significant (p-value < 2.2e) positive values for I in
human mobility as well as gas consumption indicate that these
patterns in Greater London follow a clustering distribution and
reject spatial randomness in favor of structure. The statistically
significant results for Geary’s C confirm these results, with high
values of the C measures corresponding to low values of | and the
two measures being inversely related. Statistical coefficients of
these spatial autocorrelations are shown in Tables 2 and 3.
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Figure 3. Spatial autocorrelation — Human mobility: returners
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Figure 4. Spatial autocorrelation — Human mobility: explorers



Table 2. Spatial autocorrelation— Moran’s |

Table 3. Spatial autocorrelation— Geary’s C

Statistic(l) p-value Std Statistic(C) p-value Std
Gas 0.5860776 <2.2e-16 30.7 Gas 0.430018324 <2.2e-16 27.759
Returners 0.3069102 <2.2e-16 16.103 Returners 0.7109341162 <2.2e-16 13.966
Explorers 0.2844525 <2.2e-16 14.93 Explorers 0.7002775633  <2.2e-16 14.534

Figure 5. Gas Consumption Hotspots —
Getis-Ord Gi*

These results confirm that for both gas consumption and the human
mobility of returners and explorers, location is relevant and
provides additional information beyond just their values. To
identify models that relate these observations at one location to
those at other locations and determine whether there is a specific
spatial correlation structure, we performed a hotspot analysis. In
order to identify statistically significant hotspots (i.e., where
high/low values of human mobility and gas consumption are
clustered spatially), we calculated the Getis-Ord G and Gi*. The
results suggest a stronger relationship between hotspots of gas
consumption and human mobility of returners than explorers.
Table 4 shows the statistical coefficients for these analyses.

Table 4. Spatial autocorrelation — Getis-Ord G

Figure 6. Returners’ Mobility Hotspots
— Getis-Ord Gi*

Statistic(G) p-value Std
Gas 5.941973e-3 1.728e-16 6.2768
Returners 6.416208e-3 <2.2e-16 8.8668
Explorers 6.448446e-3 <2.2e-16 9.2423

This suggests that those MSOAs with high energy consumption
values are also surrounded by high human mobility of returners.
The larger the G, the more intense the clustering of these high
values (hotspots), indicating that hotspots of returners’ mobility is
more similarly spatially clustered to gas consumption hotspots
(Figures 5-7).

4.3 Predominant Energy Consumption

Having identified a dominant role played by returners in the spatial
imprints of gas consumption, it is of significant interest to
understand the dependencies that exist between their mobility
patterns and energy consumption compared to explorers. Albeit,
the energy use in different areas of a city cannot be regarded as
being truly independent of one another in a regression analysis due
to the identified spatial autocorrelation. The same statement holds
true for urban human mobility for different populations (i.e.,
returners and explorers). In other words, considering the intrinsic
spatial autocorrelation of energy consumption and human mobility
in the 983 different areas of Greater London, does the correlation

Figure 7. Explorer’s Mobility Hotspots
— Getis-Ord Gi*

between the human mobilities of the returners and explorers and
gas consumption manifest itself spatially different in urban areas?
To answer this question we performed a spatial regression analysis.

5. SPATIAL EXTERNALITIES and
RESILIENCE

Exploring the relationships between energy consumption and
human mobility of returners and explorers in each MSOA and their
neighboring values would allow us to examine the impact that one
observation has on other proximate observations. Having found
spatial dependencies and clustering distributions for both human
mobility of returners and explorers, and gas consumption, we
modeled  their spatial interdependencies, by applying
autoregressive models to implicitly incorporate such spatial
dependence into a covariance structure. The two main
autoregressive models for areal data tested in this study were
simultaneous autoregressive models consisting of both lag (SAR)
and error (SEM) models to represent global dependency conditions
and identify spatial dependence in the covariance structure as a
function of fixed parameters, such as the number of energy meters
per MSOA, and examine various conditions. We also compared the
results using a simple linear model, as well as developed a third
model in which returners and explorers are both considered as
covariants. Tables 5-7 include the statistical significance and
parameters of these models.

Table 5. Spatial regression analysis results — Gas consumption
per human mobility: returners.

Simple Spatial Lag Spatial
Linear Model Model Error Model
(OLS) (SAR) (SEM)
p-value <2.2e-16 < 2.22e-16 <2.22e-16
AlC 14939 14407 14419
R-squared 0.08586 - -
Statistics 92.14 0.73177 0.75099




As indicated by p-values lower than 0.0001, these models are
statistically significantly representation of and can predict gas
consumption per human mobility of the population. However, with
respect to the AIC measures, a SAR with the least AIC value (AIC
= 14,407) that incorporates data for returners only, is the most
representative spatial model and predictor for gas consumption.
The multivariate SAR that distinctly incorporates data for both
returners and explorers (AIC = 14,409) has substantial evidence,
while the SAR that incorporates data for explorers only stands last
among others (AIC = 14,410) has considerably less support
compared to the best model. These models explicitly test the impact
of human mobility variables on energy consumption. At a global
scale, they imply that the state of the gas consumption per human
mobility of returners and explorers for each MSOA in Greater
London is influenced by that of its neighboring MSOAs and that
this influence is better explained by returners and through spatial
lag models implying a significant role for this population in the
spatial distribution of gas consumption.

Table 6. Spatial regression analysis results — Gas consumption
per human mobility: explorers.

Simple Spatial Lag Spatial
Linear Model Model Error Model
(OLS) (SAR) (SEM)
p-value <2.2e-16 <2.22e-16 <2.22e-16
AIC 14957 14410 14418
R-squared 0.06931 - -
Statistics 73.06 0.73709 075208

Table 7. Spatial regression analysis results — Gas consumption
per human mobility: returners + explorers.

Simple Linear Spatial Spatial
Model (OLS) -89 Model  Error Model
(SAR) (SEM)
p-value <2.2e-16 < 2.22e-16 < 2.22e-16
AlIC 14940 14409 14421
R-squared 0.08728 - i
Statistics 46.86 0.73146 0.75092

A significant implication of these interdependencies is possible
spillover effects, meaning whether fluctuations occurring in gas
consumption by the human mobility of returners and explorers in
one MSOA have any diffusive impact on its neighboring MSOAs.
And, if yes, whether there is a significant difference in the diffusive
effects of these populations. The OLS and SEM models do not
allow the spillover effect to be explored due to spatial independence
limitations, but the SAR models, while being the most
representative predictive models, do permit the magnitude and
significance of direct spillover effects to be assessed, thus showing
how changes in human mobility at a particular location will be
transmitted to all other locations and how they will affect the gas
consumption at the corresponding locations. Having such
information will allow city managers and policy makers to identify
hotspots and develop strategies to create bigger energy efficiency
spillover effects, or to restrict unwanted or excessive energy use
spillover effects. When creating such strategies, individual

locations (gas consumption hotspots) can be targeted based on the
spatial attributes of those locations. Alternatively, particular human
mobility networks (consisting of either returners or explorers) can
become the focus of attention. Whether diffusing desired effects by
introducing changes in the spatial structure (e.g., targeting specific
buildings or areas), or instigating contagion by introducing changes
in the flow (targeting specific population), planners will be one step
closer to ensuring better management and allocation of energy
resources in urban areas.

6. CONCLUSIONS and FUTURE WORK

The dominance of returners’ human mobility networks on urban
energy consumption signifies the important role urban population
and variations in their activities play in using current and future
resources. Understanding such continuous state of flux across
urban areas, their underlying dynamics and the drivers of
heterogeneity in consumption and demand is thus fundamental in
making demand predictions. The relationship between the spatial
variations of human mobility driven by human activities of certain
populations as they visit different locations and energy
consumption of these locations improve our understanding of how
energy demand may be distributed in an urban setting. This could
shed further light on the corresponding energy allocation strategies.

Crucially, rapid globalization and the subsequent growth in energy
consumption cannot be sustained as population growth has the
potential to grow more rapidly than energy supplies can be
increased. According to a recent International Energy Agency
World Energy Outlook report, “Greater changes in the future are
possible as the relation between work, home, and free time and the
technologies that support these activities evolve” [2]. A better
understanding of the underlying drivers of this process and its
fluctuations across different populations belong to different
communities and organizations [62] will facilitate the identification
of an urban system’s reactive, recovery, and adaptive capacities
across time and space. Cities are self-organizing in the sense that
interactions between individuals and the built environment form
self-reinforcing patterns of spatial and temporal allocations.
Understanding how different urban settings and populations
respond to change in a predictable fashion will also reveal the
associated orders and states, thus providing useful insights that
could guide future management decisions. This research is a step
towards achieving these goals. Additional explorations of the
functional regions to which each population travels will help to
further clarify the relationship between human activities and energy
consumption in urban areas.

7. ACKNOWLEDGMENTS

This study was supported by the National Science Foundation
under Grant N0.1142379. Any opinions, findings, and conclusions
or recommendations expressed in this material are those of the
authors and do not necessarily reflect the views of the National
Science Foundation.

8. REFERENCES

[1] UN, World Urbanization Prospects: The 2014 Revision,
New York: UN, 2014.

[2] IEA, World Energy Oulook 2012, OECD/IEA, 2012,
Paris, 2012.

[3] TheWorldBank, Cities and Climate Change: An Urgent
Agenda, vol. 10, Washington DC 20433, 2010.

[4] EIA, International Energy Outlook 2013, 2013.

[5] T. Dietz, E. A. Rosa, and R. York, “Driving the human

ecological footprint,” Frontiers in Ecology and the
Environment, vol. 5, no. 1, pp. 13-18, 2007.



(6]

(7]

(8]

(9]

[10]

(11]

[12]

(13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

L. Schipper, S. Bartlett, D. Hawk, and E. Vine,
“Linking life-styles and energy use: a matter of time?,”
Annual Review of Energy, vol. 14, no. 1, pp. 273-320,
1989.

L. Zhang, Z. Yang, J. Liang, and Y. Cai, “Spatial
variation and distribution of urban energy consumptions
from cities in China,” Energies, vol. 4, no. 1, pp. 26-38,
2010.

B. Howard, L. Parshall, J. Thompson, S. Hammer, J.
Dickinson, and V. Modi, “Spatial distribution of urban
building energy consumption by end use,” Energy and
Buildings, vol. 45, pp. 141-151, 2012.

S. Dujardin, A.-F. Marique, and J. Teller, “Spatial
planning as a driver of change in mobility and
residential energy consumption,” Energy and Buildings,
vol. 68, pp. 779-785, 2014.

J. A. Fonseca, and A. Schlueter, “Integrated model for
characterization of spatiotemporal building energy
consumption patterns in neighborhoods and city
districts,” Applied Energy, vol. 142, pp. 247-265, 2015.
N. H. Wong, A. Y. K. Tan, P. Y. Tan, and N. C. Wong,
“Energy simulation of vertical greenery systems,”
Energy and Buildings, vol. 41, no. 12, pp. 1401-1408,
2009.

N. Eskin, and H. Tiirkmen, “Analysis of annual heating
and cooling energy requirements for office buildings in
different climates in Turkey,” Energy and Buildings,
vol. 40, no. 5, pp. 763-773, 2008.

J. Jo, J. Carlson, J. Golden, and H. Bryan, “An
integrated empirical and modeling methodology for
analyzing solar reflective roof technologies on
commercial buildings,” Building and Environment, vol.
45, no. 2, pp. 453-460, 2010.

H. Ye, K. Wang, X. Zhao, F. Chen, X. Li, and L. Pan,
“Relationship between construction characteristics and
carbon emissions from urban household operational
energy usage,” Energy and Buildings, vol. 43, no. 1, pp.
147-152, 2011.

C. Ratti, N. Baker, and K. Steemers, “Energy
consumption and urban texture,” Energy and Buildings,
vol. 37, no. 7, pp. 762-776, 2005.

R. Ewing, and F. Rong, “The impact of urban form on
US residential energy use,” Housing Policy Debate, vol.
19, no. 1, pp. 1-30, 2008.

A. H. Baur, M. Thess, B. Kleinschmit, and F. Creutzig,
“Urban climate change mitigation in Europe: looking at
and beyond the role of population density,” Journal of
Urban Planning and Development, vol. 140, no. 1, pp.
04013003, 2013.

K. Steemers, “Energy and the city: density, buildings
and transport,” Energy and Buildings, vol. 35, no. 1, pp.
3-14, 2003.

G. Baiocchi, F. Creutzig, J. Minx, and P.-P. Pichler, “A
spatial typology of human settlements and their CO 2
emissions in England,” Global Environmental Change,
vol. 34, pp. 13-21, 2015.

Y. Yamaguchi, Y. Shimoda, and M. Mizuno, “Proposal
of a modeling approach considering urban form for
evaluation of city level energy management,” Energy
and Buildings, vol. 39, no. 5, pp. 580-592, 2007.

F. Ascione, R. F. De Masi, F. de Rossi, R. Fistola, M.
Sasso, and G. P. Vanoli, “Analysis and diagnosis of the
energy performance of buildings and districts:

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Methodology, validation and development of Urban
Energy Maps,” Cities, vol. 35, pp. 270-283, 2013.

Y. Yamaguchi, Y. Shimoda, and M. Mizuno,
“Transition to a sustainable urban energy system from a
long-term perspective: case study in a Japanese business
district,” Energy and Buildings, vol. 39, no. 1, pp. 1-12,
2007.

M. Caldera, S. P. Corgnati, and M. Filippi, “Energy
demand for space heating through a statistical approach:
application to residential buildings,” Energy and
Buildings, vol. 40, no. 10, pp. 1972-1983, 2008.

A. Galante, and M. Torri, “A methodology for the
energy performance classification of residential building
stock on an urban scale,” Energy and Buildings, vol. 48,
pp. 211-219, 2012.

M. Aksoezen, M. Daniel, U. Hassler, and N. Kohler,
“Building age as an indicator for energy consumption,”
Energy and Buildings, vol. 87, pp. 74-86, 2015.

A. Mavrogianni, M. Davies, Z. Chalabi, P. Wilkinson,
M. Kolokotroni, and J. Milner, “Space heating demand
and heatwave vulnerability: London domestic stock,”
Building Research & Information, vol. 37, no. 5-6, pp.
583-597, 2009.

J. Liu, R. Wang, and J. Yang, “Metabolism and driving
forces of Chinese urban household consumption,”
Population and Environment, vol. 26, no. 4, pp. 325-
341, 2005.

E. Rey, S. Lufkin, P. Renaud, and L. Perret, “The
influence of centrality on the global energy
consumption in Swiss neighborhoods,” Energy and
Buildings, vol. 60, pp. 75-82, 2013.

M. G. McNally, and C. Rindt, “The activity-based
approach,” Center for Activity Systems Analysis,
Institute of Transportation Studies, University of
California, Irvine, 2008.

P. M. Jones, F. Koppelman, and J.-P. Orfeuil, “Activity
analysis: State-of-the-art and future directions,” In P.
Jones(ed), Developments in Dynamic and Activity-based
Approaches to Travel Analysis, pp. 34-55: Gower
Publishing, 1990.

C. R. Bhat, and F. S. Koppelman, “Activity-based
modeling of travel demand,” Handbook of
Transportation Science, pp. 35-61: Springer, 1999.

A. R. Pinjari, and C. R. Bhat, “Activity-based travel
demand analysis,” A Handbook of Transport
Economics, vol. 10, pp. 213-248, 2011.

L. Alexander, S. Jiang, M. Murga, and M. C. Gonzélez,
“Origin—destination trips by purpose and time of day
inferred from mobile phone data,” Transportation
Research Part C: Emerging Technologies, 2015.

K. Zheng, Y. Zheng, N. J. Yuan, and S. Shang, “On
discovery of gathering patterns from trajectories.” IEEE
29th International Conference on Data Engineering
(ICDE), pp. 242-253, 2013.

J. Yuan, Y. Zheng, and X. Xie, “Discovering regions of
different functions in a city using human mobility and
POls.” Proceedings of the 18th ACM SIGKDD
international conference on Knowledge discovery and
data mining - KDD ’12, pp. 186-194, 2012.

D. Karamshuk, A. Noulas, S. Scellato, V. Nicosia, and
C. Mascolo, “Geo-spotting: Mining online location-
based services for optimal retail store placement.”
Proceedings of the 19th ACM SIGKDD international



[37]

(38]

[39]

[40]

(41]

[42]

(43]

[44]

[45]

[46]

[47]

(48]

[49]

conference on Knowledge discovery and data mining -
KDD 13, pp. 793-801, 2013.

K. T. Geurs, and B. VAn Wee, “Accessibility
evaluation of land-use and transport strategies: review
and research directions,” Journal of Transport
Geography, vol. 12, no. 2, pp. 127-140, 2004.

J. L. Toole, M. Ulm, M. C. Gonzélez, and D. Bauer,
“Inferring land use from mobile phone activity.”
Proceedings of the ACM SIGKDD International
Workshop on Urban Computing - UrbComp 12, pp. 1-
8, 2012.

J. Keirstead, M. Jennings, and A. Sivakumar, “A review
of urban energy system models: approaches, challenges
and opportunities,” Renewable and Sustainable Energy
Reviews, vol. 16, no. 6, pp. 3847-3866, 2012.

R. Becker, R. Céceres, K. Hanson, S. Isaacman, J. M.
Loh, M. Martonosi, J. Rowland, S. Urbanek, A.
Varshavsky, and C. Volinsky, “Human mobility
characterization from cellular network data,”
Communications of the ACM, vol. 56, no. 1, pp. 74-82,
2013.

C. Zhong, E. Manley, S. M. Arisona, M. Batty, and G.
Schmitt, “Measuring variability of mobility patterns
from multiday smart-card data,” Journal of
Computational Science, vol. 9, pp. 125-130, 2015.

S. Hasan, C. M. Schneider, S. V. Ukkusuri, and M. C.
Gonzalez, “Spatiotemporal patterns of urban human
mobility,” Journal of Statistical Physics, vol. 151, no. 1-
2, pp. 304-318, 2013.

T. Louail, M. Lenormand, M. Picornell, O. G. Cantu, R.
Herranz, E. Frias-Martinez, J. J. Ramasco, and M.
Barthelemy, “Uncovering the spatial structure of
mobility networks,” Nature Communications, vol. 6,
2015.

M. C. Gonzalez, C. A. Hidalgo, and A.-L. Barabasi,
“Understanding individual human mobility patterns,”
Nature, vol. 453, no. 7196, pp. 779-782, 2008.

F. Simini, M. C. Gonzéalez, A. Maritan, and A.-L.
Barabasi, “A universal model for mobility and
migration patterns,” Nature, vol. 484, no. 7392, pp. 96-
100, 2012.

A. Sevtsuk, and C. Ratti, “Does urban mobility have a
daily routine? Learning from the aggregate data of
mobile networks,” Journal of Urban Technology, vol.
17, no. 1, pp. 41-60, 2010.

S. Hasan, X. Zhan, and S. V. Ukkusuri, “Understanding
urban human activity and mobility patterns using large-
scale location-based data from online social media.”
Proceedings of the 2nd ACM SIGKDD International
Workshop on Urban Computing - UrbComp ’13, p.6,
2013.

R. N. Buliung, M. J. Roorda, and T. K. Remmel,
“Exploring spatial variety in patterns of activity-travel
behaviour: initial results from the Toronto Travel-
Activity Panel Survey (TTAPS),” Transportation, vol.
35, no. 6, pp. 697-722, 2008.

S. Jiang, J. Ferreira Jr, and M. C. Gonzalez,
“Discovering urban spatial-temporal structure from
human activity patterns.” S. Jiang, J. Ferreira, and M. C.
Gonzalez, “Discovering urban spatial-temporal structure

[50]

[51]

[52]

[53]

[54]

[55]

(56]

[57]

[58]

[59]

[60]

[61]

[62]

from human activity patterns,” Proceedings of the ACM
SIGKDD International Workshop on Urban Computing
- UrbComp 12, pp. 95-102, 2012..

V. Soto, and E. Frias-Martinez, “Automated land use
identification using cell-phone records.” V. Soto and E.
Frias-Martinez, “Automated land use identification
using cell-phone records,” Proceedings of the 3rd ACM
international workshop on MobiArch - HotPlanet ’71,
pp. 17-22, 2011.

C. Chen, L. Bian, and J. Ma, “From traces to
trajectories: How well can we guess activity locations
from mobile phone traces?,” Transportation Research
Part C: Emerging Technologies, vol. 46, pp. 326-337,
2014.

S. Jiang, J. Ferreira, and M. C. Gonzalez, “Clustering
daily patterns of human activities in the city,” Data
Mining and Knowledge Discovery, vol. 25, no. 3, pp.
478-510, 2012.

N. Mohammadi, and J. E. Taylor, “On the Spatial
Dependencies of Human Mobility and Urban Energy
Consumption.” Proceedings of the ACM SIGKDD
International Workshop on Urban Computing -
UrbComp 15,2015

D. Brockmann, L. Hufnagel, and T. Geisel, “The scaling
laws of human travel,” Nature, vol. 439, no. 7075, pp.
462-465, 2006.

C. Song, T. Koren, P. Wang, and A.-L. Barabasi,
“Modelling the scaling properties of human mobility,”
Nat Phys, vol. 6, no. 10, pp. 818-823, 10//print, 2010.
C. M. Schneider, V. Belik, T. Couronné, Z. Smoreda,
and M. C. Gonzélez, “Unravelling daily human mobility
motifs,” Journal of The Royal Society Interface, vol. 10,
no. 84, pp. 20130246, 2013.

P. Jones, and M. Clarke, “The significance and
measurement of variability in travel behaviour,”
Transportation, vol. 15, no. 1-2, pp. 65-87, 1988.

K. W. Axhausen, A. Zimmermann, S. Schonfelder, G.
Rindsfuser, and T. Haupt, “Observing the rhythms of
daily life: A six-week travel diary,” Transportation, vol.
29, no. 2, pp. 95-124, 2002.

R. Louf, and M. Barthelemy, “How congestion shapes
cities: from mobility patterns to scaling,” Sci. Rep., vol.
4, 07/03/online, 2014.

L. Pappalardo, F. Simini, S. Rinzivillo, D. Pedreschi, F.
Giannotti, and A.-L. Barabasi, “Returners and explorers
dichotomy in human mobility,” Nature
communications, vol. 6, 2015.

ONS, “Digital boundaries for 2011 output areas (OAS)
and super output areas (LSOAs and MSOAs) for
England and Wales ONS”, 2013. [Accessed March
2016].

R. K. Jain, R. Gulbinas, J. M. F. Moura, and J. E.
Taylor, “A Spatial Analysis of Occupant Energy
Efficiency by Discrete Signal Processing on Graphs,”
Computing in Civil Engineering, Jun. 2015.



