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ABSTRACT

Understanding complex urban systems necessitates untangling the relationships between
diverse urban elements such as population, infrastructure, and socioeconomic activities.
Scaling laws are basic but effective rules for evaluating a city’s internal growth logic and
assessing its efficiency by investigating whether urban indicators scale with population. To
date, only limited research has empirically explored the scaling relations between variables of
urban mobility in mega-cities at an intra-urban scale of a few meters. Using multiple urban-
sensed and human-sensed data, this study proposes a thorough framework for quantifying the
scaling laws in a city. To begin, urban mobility networks are built by aggregating population
flows using large-scale mobile phone tracking data. To demonstrate the spatiotemporal
variability of urban mobility, various network-based mobility measures are proposed.
Following that, three different features of urban mobility laws are exposed, explaining spatial
agglomeration, spatial hierarchical structures, and the temporal growth process. The scaling
correlations between urban indicators pertaining to socioeconomic features and infrastructure
and a mobility-population measure are then quantified using multi-sourced urban-sensed
data. Applying this framework to the case study of Shenzhen, China revealed (a) spatial travel
heterogeneity, hierarchical spatial structures, and mobility growth, and (b) not only a robust
sub-linear relationship between infrastructure volume and population, but also a sub-linear
relationship for socioeconomic activity. The identified scaling laws, both in terms of mobility
measures and urban indicators, provide a multi-faceted portrait of the spatio-temporal varia-
tions of urban settings, allowing us to better understand intra-urban developments and,
consequently, provide critical policy evaluations and suggestions for improving intra-urban
efficiency in the future.
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1. Introduction i o .
patterns between two explainable urban indicators in

Cities are typical complex systems in which numerous
urban features such as people, infrastructure, and
socioeconomic activity interact in sophisticated ways
(Tu et al. 2017; Chong et al. 2018). Globally, increased
urbanization has resulted in rapid growth of the city-
dwelling population (Tu et al. 2020). Cities now attract
more than half of the worldwide population, produce
at least 80% of the money, and drive more than 90% of
the reformation (Batty 2008). This explosive popula-
tion growth has supported socioeconomic develop-
ment and infrastructure renewal while also bringing
urban challenges such as traffic congestion, environ-
ment pollution, and reduction in quality of life (Cavoli
2021). To gain a greater understanding of these urban
features, a new perspective is sought that can quanti-
tatively =~ characterize  their  interconnected
relationships.

Scaling laws are useful yet basic guidelines that aid
in the comprehension of urban features (Brockmann,
Hufnagel, and Geisel 2006). They reveal significant

the power-law-like regime Y~PF, where f is the scal-
ing exponent (Arcaute et al. 2015). The indicators in
turn reveal the geographical arrangements of urban
features such as population, infrastructure, and socio-
economic activity. For instance, the population
agglomeration in cities produces scale effects, which
suggests that the economic production of a city with
population one million is larger than the total outputs
of two cities with population 0.5 million, yet the for-
mer consumes fewer resources and requires less infra-
structure per capita (Ribeiro et al. 2021). Therefore,
scaling laws, which characterize the non-linear pat-
terns that relate to these urban indicators, can describe
a city’s internal growth logic and agglomeration law.
However, previous studies have regarded many
cities as unitary entities and explored macroscopic
scaling properties across a region or country. These
studies represent the condition and nature of whole
urban systems, leaving much room for micro-scale
heterogeneity among regions within a city. Current
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urban planning and resource allocation pay attention
to fine-grained spatial planning, which requires an
understanding of the coupling relationship between
urban elements and human mobility at a small scale.
Performing analysis at this fine scale aids us in verify-
ing and comprehending the consistency in and con-
trasts between current urban regulations at various
scales. In practice, micro-scale urban studies are
based on the daily living units of the populace, such
as streets, neighborhoods, 15-minute living circles,
and business districts. In addition, there are differ-
ences in the characteristics of geographical arrange-
ments at multiple scales, leading to valid arguments
about whether many existing macro-scale laws can be
effectively extended to the micro-scale, such as
whether the scale effect of a city’s economic produc-
tion also exists at the micro-scale. Scaling laws have
been claimed in the intra-urban system (Dong et al.
2020; Liang et al. 2013), but investigation at fine scale
remains largely unaddressed, despite it representing
a crucial urban development perspective.

Urban mobility investigates urban features as well
as the underlying patterns that underpin intra- and
inter-urban movements (Tu et al. 2018; Maeda et al.
2019); therefore, it captures genuine population flows
and regional interconnections between intra-urban
areas (Diao, Kong, and Zhao 2021). As
a consequence, intra-urban mobility properties are
good proxies for the population sizes of small areas
(Yin and Chi 2021). More crucially, features related to
intra-urban mobility have been observed to follow
scaling laws (Wang et al. 2015; Cao et al. 2019).
However, the scaling laws between urban mobility
variables have yet to be thoroughly elucidated. Urban
mobility is represented by a characteristic network
structure, and inherent network properties enable the
use of intra-urban network indicators inside a city to
investigate intra-urban mobility scaling laws.
Furthermore, urban mobility patterns are highly
dynamic, and the temporal dynamics of scaling pro-
cesses yield valuable clues into the evolution of urban
systems. Thus, in order to acquire a complete knowl-
edge of urban systems and measure a city’s perfor-
mance, it is also essential to assess scaling laws linked
to mobility indicators.

This study developed a comprehensive framework
for quantifying intra-urban mobility scaling laws in
terms of both the meter-level urban indicators and
mobility indicators. Using Shenzhen, the typical
Chinese mega-city, as the research area, we first parti-
tioned the urban region into a high-resolution spatial
grid. We subsequently built urban mobility networks
by combining the entire area’s averaged population
movements obtained from large-scale mobile phone
location data. To explain the spatio-temporal hetero-
geneity of urban mobility, we introduced network-
oriented mobility measures such as area connectivity,

area popularity, neighborhood interaction, and mobi-
lity growth rate. We discovered three different aspects
of urban mobility laws that describe spatial agglom-
eration, spatial hierarchical structures, and the diver-
gent temporal growth process in the city as a whole
and at grid level. We also identified socioeconomic
and infrastructure-related urban indicators and quan-
tified their scaling relationships with the derived grid-
level population, which is a better proxy for high-
resolution population. The super-linear scaling laws
between infrastructure volume and population and
sub-linear scaling laws for socioeconomic activity
were verified on the mesoscopic scale. Additionally,
we found the scaling laws to have obvious heteroge-
neity within the city. The discovered scaling laws pre-
sent a multi-faceted portrayal of urban development in
the context of mobility measures and urban indicators
alike, providing vital implications for data-informed
urban policy and development.

This study makes the following contributions. First,
it discovers urban scaling laws at the meter scale. It
differs from previous studies that focused on macro-
scale scaling between cities while ignoring varying
intra-urban distributions. These insights help policy-
makers in assessing the urban development condition.
Second, it presents a methodology for unraveling
intra-urban scaling laws from the standpoint of
dynamic urban mobility with very simple and easy-to-
understand formulas and using easy-to-obtain data.
Third, the findings of this study contribute to
a better understanding of the spatial-temporal evolu-
tion of urban mobility patterns. In light of trends in
urban growth, these findings are complementary to
urban studies in a diverse but typical urban setting.

The rest of this paper is structured as follows:
Section 2 reviews the related work. Section 3 intro-
duces the methodology for performing urban and
mobility scaling law analyses. Section 4 introduces
the study area and data sources, as well as summarizes
the findings and explains the scaling properties that
were discovered. Section 5 finally discusses conclu-
sions and future work.

2. Related work
2.1. Scaling laws in urban contexts

Scaling laws are among the fundamental laws and
mechanisms that underpin complex systems in fields
such as biology, physics, and network science
(Bettencourt 2013; Bettencourt et al. 2007). Kleiber’s
Law, for example, claims that the metabolic rate and
body weight of adult animals follow a 3/4 power-law
relationship (Kleiber 1947). Significant progress has
been made in our understanding of scaling laws in
urban environments, often by studying whether var-
ious urban indicators scale with population size within



an urban system (Xu et al. 2019; Meirelles et al. 2018;
Lei et al. 2021). An urban scaling law reflects the state
and characteristics of the urban system rather than the
characteristics of individual cities, and the validity of
scaling laws has been thoroughly established in many
different urban systems (Rybski, Arcaute, and Batty
2019; Bettencourt, Lobo, and Youn 2013; Giometto
et al. 2013). Moreover, urban scaling laws have been
examined in cities all over the world, including in
Europe (Bettencourt and Lobo 2016), India
(Sahasranaman and Bettencourt 2019), China (Ziind
and Bettencourt 2019), and other countries besides,
and solid laws have been elucidated, such as a sub-
linear scaling between land area and population size
that applied in European cities from 1280 to 1320
(Cesaretti et al. 2016). This clearly shows that the
urban scaling law is a universal norm in urban systems
that is unaffected by history, geography, or culture.

The urban scaling law is typically expressed as the
power function Y = Y,P#, where Y is an urban indi-
cator, P is the population size, and f is referred to as
the scaling exponent. The scaling relationship is quan-
titatively reflected in the magnitude of the exponent
(Rybski, Arcaute, and Batty 2019), and urban indica-
tors may be classified into three types depending on
exponent magnitude: (1) For socioeconomic factors
(such as Gross Domestic Product [GDP], knowledge
output, serious violent crime, and so on), of econom-
ically and culturally diverse, nations empirical evi-
dence suggests that the scaling exponent should be
more than one (usually approximately S=1.15
(Meirelles et al. 2018)) and the size of the urban
population rises super-linearly. This is due to the effect
of increased returns to scale, which causes social inter-
action to rise super-linearly with population growth.
(2) For infrastructure indicators (such as road length,
number of gas stations, etc.), empirical results show
that the scaling exponent should be around 0.85
(Kiihnert, Helbing, and West 2006). This means that
larger cities require less infrastructure per capita
(Norman, MacLean, and Kennedy 2006), allowing us
to state that larger cities accomplish more with less,
reflecting the economies of scale (Bettencourt and
West 2011; Meirelles et al. 2021). (3) Urban indicators
connected to individual demands of urban inhabitants
(such as the number of employers, household water
usage, and so on) usually have an exponent equal to
one, and the size of the urban population changes
linearly with this type of indicator (Bettencourt et al.
2007).

The term “urban system” can refer to either a city
itself or an urban system made up of many cities
(Berry 1964). Most existing research has regarded
each targeted city as a whole and investigated inter-
urban scaling properties across a region or a country.
Hence, the intra-urban variation within a city is largely
understudied. Differences in the characteristics of

GEO-SPATIAL INFORMATION SCIENCE . 1073

geographical arrangements are evident in different
urban areas, which calls into question whether many
existing inter-urban laws can be effectively extended to
smaller scales, for example whether the scale effects of
a city’s economic production exist within that city.
Recent studies support that scaling laws exist in the
intra-urban system, which is comprised of districts or
communities (Dong et al. 2020; Liang et al. 2013), but
the narrow intra-urban scale of a few meters remains
little understood, despite the benefits of such under-
standing to more refined urban research and urban
planning.

2.2. Scaling laws in urban mobility

Urban mobility analysis is a fundamental topic of
study in the interdisciplinary field, including trans-
port, urban planning, and geographic informatics,
focusing on the spatio-temporal features as well as
hidden patterns behind intra-urban and inter-urban
movements (Xu et al. 2018; Gallotti and Barthelemy
2014). Urban mobility properties reflect fluctuation in
the desirability of regions within a city as humans
travel (Cao et al. 2021). In addition, the idea of
urban mobility is comprehensive of human travels at
both individual and group levels, which supports
ramifications such as pandemic prevention (Zhou
et al. 2020), migratory flow prediction (Huang et al.
2018), urban planning (Bokanyi, Kallus, and Gédor
2019), and location-based services (D’Silva et al. 2018).

In the context of urban mobility analysis, scaling
laws are thought to be particularly helpful in obtaining
a qualitative description of global character.
According to prior studies, indicators associated with
urban mobility exhibit scaling properties (Wang et al.
2015; Cao et al. 2019). For example, the experimentally
observed universal law of distance - frequency scaling
of flows to individual places fits Zipf’s law for trip
distance (Yan et al. 2013) and visiting frequency dis-
tributions (Schldpfer et al. 2021; Zheng and Zhou
2017). This Zipf’s law states that people optimize the
distance and frequency of their visits.

Urban mobility may be represented by a specific
network structure, and hence intrinsic network quali-
ties allow for the use of intra-urban network indicators
inside a city to examine intra-urban mobility scaling
(Becker et al. 2013). Complex network theory, which
provides tools for describing network topology and
spatial patterns and gives quantitative measurements
such as node degree, node strength, and clustering
coefficients (Albert and Barabasi 2002), has recently
inspired such study using urban mobility data
(Guidotti et al. 2016). However, there is yet a major
lack of research exposing the scaling laws between
these intricate network-based indicators.
Additionally, urban mobility patterns are very
dynamic, and the temporal dynamics of scaling
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processes provide vital insights into evolution of the
system. Therefore, it is necessary to examine scaling
laws associated with mobility indicators in order to
achieve a thorough understanding of urban systems
and quantify a city’s efficiency.

2.3. Urban big data analytics

With the advent of the big data era, the mobile
Internet, and a large number of intelligent terminal
devices, accurate, real-time spatio-temporal data can
be generated that is centered on urban layouts as well
as individual residents, which completely compensates
for traditional data shortcomings such as difficulty in
obtaining data, small data volume, time lag, and par-
tially static data (Thatcher, Shears, and Eckert 2018).
This trend has far-reaching implications for urban
analysis, particularly for the study of urban scaling
laws. Urban spatial data, such as Point of Interest
(POI) data, building data, road network data, and so
on, have shown exceptional potential for describing
a city’s state through the computation of urban indi-
cators (Liu et al. 2018). For example, by utilizing
building vector data, academics may discover urban
functions and obtain a deeper knowledge of urban
structures (Niu et al. 2017). Road network data con-
tains essential transport properties, allowing the inves-
tigation of geographical variances in infrastructure
development (Strano et al. 2017). POI data demon-
strates the distribution of urban facilities. Collectively,
these fundamental spatial data sources offer a fresh
viewpoint on urban indicators.

Mobile phone positioning data, vehicle GPS
sequences, smart card records, and social media
check-in data are examples of data sources that may
be used to trace individual trajectories and infer urban
mobility patterns. Mobile phone location data in par-
ticular has garnered scholarly interest in the recent
decade (Blondel, Decuyper, and Krings 2015;
Calabrese et al. 2011; Cao et al. 2021) due to its high
penetration rate, large data volume, high currency,
and low cost. By aggregating the trips of large popula-
tions extracted from mobile phone data, features of
urban mobility can be analyzed; for example, Louail
et al. (2015) highlighted the spatial structure of com-
muting networks retrieved from mobile phone data.
Accordingly, phone location data has been extensively
utilized in urban mobility research in order to develop
better knowledge of both individual travel behaviors
and collective mobility patterns. This knowledge
emphasizes the characterization of urban mobility
and can be used to better explain human behaviors
and urban structures, including transport inequality
(Zhou, Yeh, and Yue 2018), activity space (Gao et al.
2021), social interaction (Calabrese et al. 2011), urban
hot spots (Hoteit et al. 2014), population distribution
(Deville et al. 2014), and land use (Tu et al. 2017).

While such studies levering big data have offered
considerable insight into urban dynamics, there
remains need for comprehensive investigations of
scaling laws in this age of big data. In this study, we
will synthesize data from diverse sources to construct
typical urban and mobility indicators, as well as ana-
lyze intra-urban scaling laws. As such, this study
addresses gaps left by earlier research and expands
our understanding of cities.

3. Materials and methods
3.1. Framework

This research proposes a comprehensive framework
for quantifying intra-urban mobility scaling laws in
terms of both meter-level urban indicators and mobi-
lity indicators. It consists of five major components:
(1) dividing urban boundaries into a set of regular
grids; (2) constructing multi-scale urban mobility net-
works; (3) proposing a set of network-based mobility
measures, such as area connectivity, area popularity,
neighborhood interaction, and mobility growth rate;
(4) calculating urban indicators, including total foot-
print area of buildings, road net-network length, point
of interest and gross domestic product; and (5) fitting
scaling laws in both mobility and urban contexts and
analyzing the derived scaling properties. This proce-
dure is depicted in Figure 1 (Table 1).

3.2. Scaling laws in urban mobility

We began by converting travel-flow information into an
urban mobility network. Specifically, we created a set of
weighted directed networks representing distinct time
periods by aggregating all individuals’ flows. At a given
timeslot ¢, the urban mobility network is defined as

G(t) = {V, E(t), W(t)} 1)

where V = distinct (U“=} V(u)) represents all differ-
ent urban areas (i.e. grid cells), in which M depends on
the grid size, and E(t) = (vi,v;)|(vi,vj) € V repre-
sents all travel flows between pairs of areas. Edge
weights W (t) correlate to flow counts: for each indi-
vidual flow on an edge (v;,v;), the weight W (v;,v;) is
increased by one.

From June 2017 to June 2019, we chose one week of
data from each month to aggregate into the monthly
urban mobility network. Twenty-five networks were
created to represent monthly urban mobility patterns.
We then employed a set of urban mobility measures to
investigate the properties of these urban mobility net-
works, including area connectivity, area popularity,
area neighborhood interaction, and area mobility
growth rate.
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Spatio-temporal patterns of
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Figure 1. The workflow of the analytical framework.
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Table 1. Urban indicators and corresponding data sources.

Characteristic

Indicators

Data sources

Infrastructure
Socio-economic activity

Population
Mobility

Total footprint area of buildings
Road network length

Points of interest

Gross domestic product
Mobility-population measure
Area connectivity

Area popularity

Building data
Road network data
POI data

GDP data

Mobile phone data

Neighborhood interaction
Mobility growth rate

3.2.1. Urban mobility measures

3.2.1.1. Area  connectivity. Area  connectivity
denotes the count of connected areas in a mobility
network. Higher connectivity indicates that areas are
more interlinked. The area connectivity k; is calculated
as the number of areas to which area i is connected
within the network, denoted by

k,‘ = Zjev N(V,‘, Vj)

where N (v,-,vj) = 1 when there is at least one con-
necting flow between area i and area j throughout the
time period, and 0 when there is no flow between the
two areas.

)

3.2.1.2. Area popularity. The popularity of an area is
a metric used to highlight the geographical popularity
of traveling flows. Higher popularity indicates that an
area pulls more traveling flows from other areas and
has the potential to be a hub area. This quantity is
derived from the node strength in the urban mobility
network,'which is defined as the sum of the total
travels n}') of each area j, as illustrated in

NN )
e =Y W) O
where W (v;,v;) equals the edge weight between area i
and area j.

3.2.1.3. Neighborhood interaction. Neighborhood
interaction captures the degree to which neighboring
areas are associated with one another. A greater value
suggests that inhabitants who visit a certain area also
regularly visit its neighbors. This metric is represented
in the urban mobility network by the clustering coefti-
cient of each node i, which is defined as

W (vi,vj) + W (v}, v)

1
- S,'(ki — 1) Zj=k 2

Ci aAijAjk Aki

(4)

where a;; are the elements of the adjacency matrix.

3.2.1.4. Mobility growth rate. The mobility growth
rate reflects the expansion of an area’s connectivity
and popularity. The parameter S;(t) counts the cumu-
lative number of travel flows directed to an area i up to
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a particular period ¢t. Similarly, K;(¢) expresses the
cumulative number of areas connected to area i up
to the period ¢. The dynamics of S(¢) and K(¢) between
to and t; can be viewed as a growth process, with each
area displaying a different growth rate; hence, growth
rates for popularity and connectivity are designated as
r? and rX, respectively, provided by
s

g Si(1)
=g

©)

K;i(1
K =1In (1)

" K(0) (©)

where for each area i, S;(1) and S;(0) are the cumula-
tive volume of travels until #; and fo, respectively, and
K;i(1) and K;(0) are likewise the cumulative tally of
connected areas until t; and t,.

3.2.2. Scaling laws between mobility measures

To investigate the spatio-temporal dynamics of mobi-
lity networks, we examined three scaling relations that
characterize spatial agglomeration, spatial hierarchical
structures, and the temporal growth process.

3.2.2.1. Spatial agglomeration. The first scaling law
deals with urban mobility spatial agglomeration. In
particular, this law designates the popularity distribu-
tions in urban areas with varying connectivity. The
area popularity s(k) is calculated as the averaged popu-
larity of areas with connectivity k.

1
s(k) = WZi/ki:k Si (7)

where N(k) is the number of areas with connectivity k.
We then examined whether the relation of s(k) and
k follows the law, determined by

s(k)~AKP 8)

where 3 denotes the level of spatial agglomeration.
B >1 suggests a greater spatial agglomeration effect.

3.2.2.2. Spatial hierarchical structures. The second
scaling law aids in the evaluation of neighborhood
spatial structures and illustrates how spatial neighbor
clusters are structured among nodes with varying con-
nectivity, revealing patterns in spatial hierarchy. The
neighborhood density C(k) for areas with a certain
connectivity k is determined by:

1
C(k) = sz i G )

where N(k) is the number of areas having connectiv-
ity k.

This scaling relation provides a mechanism for
detecting the presence of hierarchy in real-world net-
works. Such hierarchy may be well described using the

scaling relationship demonstrated by the findings of
Dorogovtsev, Goltsev, and Mendes (2002), given as

C(k) o kB (10)

A negative scaling relation (« <0) indicates that
nodes with higher connectivity are likely to have
fewer neighbors. A complete hierarchy is represented
by a = —1. There is no hierarchy in the network if C(k)
is independent of k.

3.2.2.3. Temporal growth process. The third scaling
law investigates the time evolution of urban mobility.
We take into account two variables: the conditional
average growth rate <rg(Sy) > and the conditional
standard deviation og(Sy). < rs(So) > measures the
average increase in the number of trips performed
between f; and t#;, given an initial travel volume of
So. In other words, we simply evaluate the average
growth rate of areas that have been visited S, times
as of ). 05(So) expresses the statistical dispersion or
fluctuation of growth among included areas and is

calculated by os(Sp) = \/< rs(So)’ > — <rg(Sy)>2.

The expressions < r(ko) > and o (ko) are defined in
a similar way.

We then stole the argument from Gibrat’s law,
which is an economic law that states that the mean
and standard deviation of a particular indicator’s
growth rate are both constant and independent of its
initial value (Eeckhout 2004). In other words, both
(rs(So)) and 0s(Sp) are independent of S, (Rozenfeld
et al. 2008; Rybski et al. 2009). (r¢(ko)) and o¢ (ko) are
are also unrelated to ko, expressed as

(rs(S0)), 0s(So), (rx(ko)), ok(ko) = const. (11)

This scaling law means that regardless of beginning
conditions, each area has the same opportunity to
grow at a certain rate. For example, an area with
only 1000 starting visits has the same probability of
doubling in a given period as an area with 100,000
visits.

3.3. Scaling laws in urban indicators

Intra-urban scaling laws are universal power-law
representations of quantitative scaling relationships
between urban indicators and gridded-level popula-
tion, denoted as

Y ~Y,PP (12)

where i signifies a grid cell within the city, Y; denotes
an urban indicator, P is the population size, 8 is the
scaling exponent, and Yj is a normalization constant.

This study used total building footprint area and
total road length to reflect urban infrastructure devel-
opment, and POIs and GDP to indicate urban socio-
economic activity. Different urban indicators have



different scaling exponents (the value of f), as has
been empirically proved (Gong and Xu 2021). For
example, infrastructure-related variables (e.g. total
length of electrical cables, total road surface) typically
have an exponent <1, indicating that the variable
will scale sub-linearly with population size due to
economies of scale, resulting in enhanced efficiency.
Meanwhile, due to endogenous social interactions,
social interaction-related indicators (e.g. crime rate)
normally scale super-linearly (3> 1), but individual-
related indicators (e.g. income, household energy con-
sumption) typically scale linearly (8 ~ 1) (Jiao et al.
2021).

In order to discover a more accurate measure of
urban population distribution, we consider the mobi-
lity of the gridded population as alternative to the
basic registered population counts usually provided
in official city statistics. Specifically, we employ
a mobility population measure for areas, which is
a more appropriate proxy for population distribution.
In this study, this measure is estimated from a massive
mobile phone dataset; for a complete explanation of
the data, see the “Study area and data” section.

3.4. Function fitting for the scaling laws

Scaling laws represent a nonlinear, quantitative rela-
tionship between two measures. The universal version
of the power-law may be used to describe the relation-
ship between measures Y and X within area i at
a single time point t:

Yi()~Xi(t)? (13)

where  corresponds to the scaling exponent.

To calculate the scaling exponent, we take the loga-
rithms of both axes and derive the linear connection
between logY;(t) and logX;(t). The logarithms are
then fitted using linear Ordinary Least-Squares
(OLS) regression, with the slope representing the scal-
ing exponent:

logY;(t) = BlogX;(t) + logYy + a; (14)

where Y, and o; are the constant and the fitting resi-
dual, respectively, and  is the estimated scaling
exponent.

4. Results and discussion
4.1. Study area and data

Shenzhen was chosen as the study area; this metropo-
lis is located in southern China and has an area of
approximately 2000 km?. As of 2019, it contains nine
sub-administrative districts and one new district.
Figure 2(a) depicts a spatial map of Shenzhen.
Shenzhen intensified its urbanization process after
reform and opening up forty years ago, and it has
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since developed into a well-known, world-class mega-
city. According to the Seventh National Census
(“Communiqué of the Seventh National Census of
Shenzhen” 2021), Shenzhen’s residential population
was 17.56 million as of the end of 2020, up
7.13 million (68.46%) in ten years. As a result, the
population density reached 8793 people/km?, the
highest in China. This massive influx of people con-
trasts sharply with the city’s limited urban capacity,
highlighting the urgent necessity to assess urban sys-
tem growth in relation to many urban characteristics
and to utilize the findings to assist future urban policy.

To calculate typical urban and mobility measure-
ments, we integrate information from a number of
data sources. Namely, we employ five large datasets:
building footprints, road networks, POlIs, estimated
GDP, and mobile phone location tracking. Their
details are described below.

4.1.1. Building data

The building data was collected from a digital map of
China. A total of 699,406 spatially arranged building-
level blocks were included. Building attributes include
building footprint and number of floors. Figure 2(b)
depicts the geographical layout of these buildings. The
data from buildings were utilized to demonstrate
urban infrastructure development.

4.1.2. Road network data

Road networks with a total of 13,834 road segments
were downloaded from OpenStreetMap (OSM)
(http://www.openstreetmap.org/) in June 2020.
Figure 2(c) displays the geographical dispersion of
these networks. The total length of road networks in
different areas is another infrastructural-related indi-
cator used to measure spatial accessibility.

4.1.3. POl data

We gathered POI data from GaoDe, China’s largest
online map service provider. The raw data has 16
kinds of venues, including stores, restaurants, and
daily life services. There are about 681,241 POls.
Figure 2(d) exhibits the spatial distribution of these
POIs. The POI distribution is used to illustrate socio-
economic activity.

4.1.4. GDP data

Kilometer-gridded GDP data was derived from
a publicly available product (Xu 2017) that was
obtained by a space allocation method that compre-
hensively considers land-use types, night light bright-
ness, residential density, and other factors closely
related to human economic activities based on the
official statistical communique for the year 2019. The
spatial distribution of estimated GDP is depicted in
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Figure 2. The geographical layout of (a) 500 m regular grids, (b) buildings, (c) road networks, (d) POIs, and (e) GDP in the city of

Shenzhen.

Figure 2(e). The GDP count is also used to reflect
urban socioeconomic activity.

4.1.5. Mobile phone data

Granular mobile phone tracking data was gathered
from a leading Chinese communication operator.
From 2017 to 2019, the dataset tracked long-term
phone users’ stay activities and movements between
signaling towers. However, due to a rigorous privacy
protection policy, we were only able to obtain spatially
aggregated data and not individual data. As a result,
the gathered data did not expose any personal infor-
mation, and the operator transformed the positions of
stay activities to grid cells. The data reveals informa-
tion in two forms: data aggregated at the grid cell level,
such as total users or tallied home locations within
each cell, and daily travel flows between any given pair
of cells, with each travel-flow record consisting of

origin-cell id, destination-cell id, and population
count comprising the flow between. Using this aggre-
gated data, we developed a mobility-population mea-
sure as an alternative to static population and
calculated several indicators of urban mobility across
time to capture population and flow patterns.

In general, the large, fine-grained datasets employed
in this work allow for more precise exploration of intra-
urban scaling laws and the development of greater
insights. The framework for measuring scaling laws in
this study context is discussed in the next section.

4.2. Spatio-temporal patterns of mobility
indicators

Figure 3 depicts the month-by-month distributions of
four urban mobility measures collected from urban



mobility networks across Shenzhen from June 2017 to
June 2019. Month-averaged area connectivity, popu-
larity, and neighborhood interaction all showed simi-
lar tendencies, namely an overall steady increase from
June 2017 to June 2019, with the exception of a dip
around February each year. This variation was closely
tied to the Chinese Spring Festival, during which
many people leave to visit their hometowns, resulting
in a significant fall in the mobility population in
Shenzhen. The average growth rate fell roughly 52%
from 2.3 in July 2017 to 1.2 in February 2018, after
which it remained low, demonstrating that urban trips
maintained a consistent low growth.

Figure 4 illustrates the spatial distributions of the
four mobility measures in July 2019; the results for
other months were similar. These mobility indicators
differ in their spatial distribution. With regard to area
connectivity, highly connected areas are reasonably
well distributed among the urban central districts,
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including Futian, Nanshan, and Luohu (Figure 4(a));
conversely, sub-urban areas, particularly those in
North and Northeast Shenzhen, exhibited low levels
of connectivity. Regarding area popularity, a cluster of
highly popular areas concentrated in central urban
districts, and there is significant overlap between
areas with higher connectivity and those with higher
popularity (Figure 4(b)). The populated distribution
in the urban center, on the other hand, is more spa-
tially centralized and aggregated than the connectivity
distribution, indicating a spatial agglomeration effect.
Surprisingly, the suburbs and outskirts show signifi-
cant levels of neighbor interaction, which contrasts
with the spatial distributions of area connectivity and
popularity (Figure 4(c)) and suggests a hierarchical
structure of urban mobility networks. Finally, the tra-
vel growth rate showed a completely opposite pattern,
with slower growth rates in more popular areas.
Higher growth rates were observed in several
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Figure 3. Monthly variation in four urban mobility measures from June 2017 to June 2019: (a) area connectivity; (b) area
popularity; (c) neighborhood interaction; and (d) mobility growth rate. “201710” denotes October 2017, and other month periods

are similarly denoted.
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Figure 4. Spatial distributions of four urban mobility measures for July 2019: (a) area connectivity; (b) area popularity; (c)
neighborhood interaction; and (d) mobility growth rate. Blue indicates higher values and yellow smaller values. No color means no

data.

promising development areas, notably Bao’an,
Longhua, and Yantian (Figure 4(d)).

These results imply that the temporal and spatial
distributions of urban mobility measures inside
a megacity reveal unseen similarities and differences,
and that a scaling-law examination of their relation-
ships is required to better understand them.

4.3. Scaling laws in mobility measures

The scaling relations of measures defining three com-
ponents of urban mobility are examined here: spatial
agglomeration, spatial hierarchical structures, and the
temporal growth process. We examined these three
scaling laws through three very simple and easy-to-
understand formulas that investigated the relation-
ships between two explainable urban mobility
measures.

The first scaling law concerns spatial agglomera-
tion. Figure 5(a) depicts the relationship between area
popularity and area connectivity, which when plotted
in double logarithmic coordinates resembles a straight
line, as predicted by the law of s(k)~AkP. The expo-
nents are calculated using OLS analysis with boot-
strapped 95% confidence. Interestingly, the f values
are greater than 1 for all three years of the study
period, indicating a robust super-linear scaling of
area popularity with connectivity. In other words, the
B>1 regime supports a spatial agglomeration effect in

urban travel, demonstrating that more highly con-
nected areas attract a disproportionately larger num-
ber of travel flows. This finding shows that increasing
urban connectivity will expedite population flows.

From 2017 to 2019, the scaling exponent f3 con-
tinuously grew, indicating that Shenzhen’s spatial
agglomeration is increasingly strengthening.
Variation in scaling exponents among ten Shenzhen
districts is shown in Figure 5(d), with the coefficient
difference between 2017 and 2019 arranged on the
horizontal axis in ascending order. During that three-
year period, Longgang District had the least coefficient
difference, and Pingshan District the greatest. In gen-
eral, areas with smaller coefficients in 2017 expanded
more quickly in 2018 and 2019. These findings suggest
that Shenzhen’s spatial agglomeration effect has fea-
tured significant spatial variability in the last two
years. A lower agglomeration effect might potentially
draw disproportionate flows, progressively increasing
the aggregation effect over time.

The second scaling law has to do with spatial hier-
archical systems. Figure 6 depicts the empirical beha-
vior of a spatial area’s neighborhood density and
connectivity over three years. According to the law
of C(k) o< kP*, the fitted lines represent decreasing
power-law scaling. These decreasing relationships
imply that metropolitan regions with denser commu-
nities do not have higher connectivity; rather, the
opposite is true. For the three-year period examined,
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the fitted scaling exponents of « are smaller than zero,
indicating that hierarchy is present.

According to Dorogovtsev, Goltsev, and Mendes
(2002), networks having scaling relations of the type
C(k) o< kB are regarded as hierarchical, with a scaling
exponent of a=-1 signifying a perfect hierarchy.

A hierarchical network structure implies that sparsely
connected areas tend to be part of highly clustered
areas, with only a few hubs providing links between
the various highly clustered neighborhoods; that is,
a few local hubs attract substantial travel flows and
form hierarchically poly-centric groups within the
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city. Each group is internally heterogeneous (Ravasz
and Barabasi 2003). We noticed empirically that
Shenzhen followed this relationship with a=-0.12
during the three-year study period. This discovery
indicates that the metropolis has a developing hier-
archical structure, which is consistent with its status as
the world’s fastest-growing city.

The third scaling law examines the temporal
growth dynamics of urban mobility. Figure 7 depicts
two typical instances of travel volume growth trends
for two areas. Figure 7(a,b) illustrate the monthly
travel volumes for those areas, which are represented
by blue and yellow pillars. It is clear that the two areas
have distinct patterns. The monthly cumulative num-
ber of travels for each area is shown in Figure 7(c).
Clearly, the blue area has faster growth at both the
beginning and end of the study period and much less
in the middle, whereas the yellow area displays only
tiny temporal changes. The travels of the two areas are
depicted in Figure 7(d), together with the periods in
which those travels occurred.
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The growth rates of area travel volumes were com-
puted by dividing r by the time period #; — ;. The
conditional average growth rate (r5(Sy)) versus the
initial travel volume Sy is depicted in Figure 8(a). We
discovered that (rs(Sp)) decreases as a power law of
the following form:

(rs(S0))~Sy“

We also performed an OLS regression analysis with
bootstrapped 95% confidence and found the mean
growth exponent to be ag = —0.3 £0.004. Due to
the small sample size, area-specific values differed
somewhat for large Sy.

Figure 8(b) shows the dependence of the standard
deviation in growth g5(Sp) on So. On average, the
growth rate of more populated areas fluctuates less
than that of less populated areas, which contradicts
Gibrat’s law. As a result, the power law, where f3; is the
standard deviation exponent and 3¢ = —0.56 £ 0.01,
better approximates this finding. Because this measure
is regulated by a power law, fluctuations in growth are
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Figure 7. Two typical volume growth patterns for area-level travel. (a—b) Monthly travel volumes, (c) monthly cumulative travels,
and (d) monthly total travels for two typical areas, shown in blue and yellow.
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Figure 8. Intra-urban mobility scaling laws for temporal growth of traveling activities in Shenzhen from 2017 to 2019. (a) the
average growth rate conditional on S, {rs(So)), decays with exponent as = —0.3 £ 0.004. (b) the standard deviation decays with
exponent s = —0.56 £ 0.01. (c) the growth rate of area connectivity conditional on kq decays with exponent ax = 0.41 £ 0.002.
(d) the standard deviation decays with exponent 8, = 1.1 £+ 0.01.

statistically self-similar across scales for initial travel-
ing volumes ranging from 10* to 10°.

05(So)~S,” (16)

Figure 8(c,d) depict results pertaining to the condi-
tional growth rate of area connectivity. OLS regression
analysis on the average growth rate (ko) revealed
a tendency to power-law decrease with exponent
ax = 0.41 &+ 0.002; meanwhile, the standard deviation
ok (ko) exhibited large fluctuations as a function of Ky,
especially for less-connected areas, and also shows
a power-law decrease with Ky with B, = 1.1 +0.01.
We may argue that the standard deviation of the
growth rate also deviates from Gibrat’s law.

(ri (ko)) ~ko (17)

ox(ko)~ky* (18)

Based on the above results, we find that both quan-
tities r5(So) and rx(ko) do not follow Gibrat’s law and
show a decreasing trend in power-law form.
Moreover, the growth process exhibits a divergent
posture: areas with lower popularity grow faster,
meaning that sparsely populated areas gradually
catch up with the more populous in terms of travel
activities.

4.4. Scaling laws in urban indicators

The fitting results for the mobility population measure
and infrastructural-related indicators are depicted in
Figure 9. We represented infrastructure in terms of the
total footprint area of buildings and total length of
road networks. We observed building footprint area
to have a sub-linear scaling regime in relation to
population, as can be seen in Figure 9(a). Overall, the
rate of increase in building footprint area is about half
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Figure 9. Intra-urban scaling of Shenzhen infrastructure. (a—b) Scatter plots and fitting results for building volume: overall (a) and
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that of the population because 8, is around 0.5;
that is, doubling the population within the grid
requires only a 0.5 times increase in building capacity,
reflecting an economy of scale effect owing to building
verticality. Notably, the sub-linear scaling of infra-
structure-related indicators with urban population
varies among different types of infrastructure.
Scaling analysis of road networks revealed that 8, ;.
is also less than one, as illustrated in Figure 9(c),
indicating a sub-linear scaling relationship with popu-
lation. However, the difference between B, and
B,oaqs Means that when doubling the population in
a grid region, 49% increase in buildings is needed
but only 25% increase in road networks. This conclu-
sion is similar to the findings of previous research
done at the inter-urban level, demonstrating that
a large economy of scale effect exists for

infrastructure-related indicators at both inter-urban
and intra-urban levels.

Different districts also experienced different levels of
super-linear scaling relationship. We conducted scaling
analysis for ten districts (sub-regions) in the study area
for both of the abovementioned infrastructure-related
indicators and found the exponents to be less than 1
across all districts, as shown in Figure 9(b,d). This
finding indicates the robustness of this scaling law.
The maximum value obtained for B, is over 0.7
(Longhua District) and the minimum is less than 0.37
(Pingshan District). A larger f,,;;,,, indicates that the

demand for infrastructure is higher relative to popula-
tion increase. Meanwhile, the lowest exponent values
for road networks was likewise obtained in Pingshan
District (around 0.17) while the highest value was
observed for Futian District (around 0.54). With



Pingshan District having the lowest values for both
Biuitdings 304 Broa40 it can be concluded that this area

has a low level of infrastructure utilization. The
observed differences in sub-linear scaling of infrastruc-
ture-related variables with respect to urban population
further imply that different areas within cities show
different levels of infrastructural development.

We then considered POI counts and GDP as proxy
variables representing socioeconomic activity. These
two indicators are closely related to social interaction,
which has been revealed to have a super-linear scaling
regime at the inter-urban level. However, Figure 10
illustrates that at the intra-urban scale, both variables
exhibit sub-linear or nearly linear scaling. 3, is 0.98,
which is almost equal to 1, indicating a linear scaling
relationship of POIs and population (Figure 10(a)).
This linear scaling regime describes the refined facil-
ities in a community as being proportionate to the
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intra-urban population size. Interestingly, GDP has
a sub-linear scaling regime with population
(Figure 10(c)), with B, = 0.44 £ 0.01. This is incon-
sistent with the previously-reported theoretical cross-
city value of the scaling exponent between GDP and
population (Gong and Xu 2021). We speculate that
this is mainly attributable to the city having a strong
economy in aggregate but unbalanced GDP output
among different regions.

The results of the scaling analysis of socioeconomic
activity for ten districts are shown in Figure 10(b,d). In
general, most districts have POI scaling exponents that
are larger than one, showing a super-linear scaling
relationship. The largest exponents were observed for
Luohu District, Futian District, Baoan District, and
Nanshan District, which are the most densely populated
and most well-equipped areas in Shenzhen, indicating
that increases of population in these areas necessitate
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Figure 10. Intra-urban scaling of socioeconomic interaction measures for Shenzhen. (a—b) Scatter plots and fitting results for
number of POIs: overall (a) and cross-district (b) variation of scaling between number of POIs and population. (c-d) Scatter plots
and fitting results for GDP: overall (a) and cross-districts (b) variation of sub-linear scaling between number of POIs and population.
The solid line denotes fitted scaling, and the dashed line linear scaling.
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more growth in facilities. All ten sub-regions also exhib-
ited GDP scaling exponents that were less than one,
indicating a robust sub-linear scaling relationship with
population. Again, the largest exponents were asso-
ciated with Futian District, Luohu District, Nanshan
District, and Baoan District, indicating that population
growth in these four districts makes a greater contribu-
tion to GDP increase.

Given that urban indicators have complex spatial
distributions, statistical analysis requires that a proper
spatial unit be employed; that is, the choice of unit may
impact observed robustness. A situation in which ana-
lysis results are impacted by the spatial aggregation unit
(Longley 2017) is referred to as a Modifiable Areal Unit
Problem (MAUP). To correct this potential MAUP, we
also performed a robustness check by varying grid size
(Figure 11). The results revealed that all fitting scaling
laws are scale-insensitive and stable.

5. Conclusions

Scaling laws that characterize urban mobility and urban
elements have the potential to greatly advance our
understanding of urban development; in addition, the
dynamic adherence of human mobility networks to
scaling laws may also explain trends observed in other
fields. Current scaling law frameworks usually investi-
gate macroscopic scaling across cities, modeling each
city as a whole and ignoring heterogeneous intra-urban
patterns. Moreover, previous studies mostly focused on
explaining scaling laws for static urban features, result-
ing in a lack of a comprehensive grasp of scaling laws
pertaining to urban indicators and mobility measures.
In this study, we devised a framework for measuring
intra-urban scaling laws in terms of both urban indica-
tors and mobility measures at the meter level.

Empirical application of this framework to the city
of Shenzhen, China yielded several findings. Analyzing
the properties of urban mobility scaling laws indicated
scaling laws to have effects on spatial agglomeration,
spatial hierarchical structure, and temporal growth.
Area connectivity in various areas of the city is pro-
posed as a potential component in the diversity of area
popularity, and locally highly-connected areas may
induce a scale-up effect in urban mobility and generate
excessive attraction. The spatial hierarchical patterns
imply that this rapidly growing metropolis is evolving
into a hierarchically polycentric structure. The tem-
poral dynamics of urban mobility indicate a diverging
trend - areas with low popularity increase more
quickly, allowing sparsely inhabited areas to progres-
sively catch up with more populous areas, indicating an
urban self-organization effect. The results also demon-
strate a strong sub-linear association between infra-
structure volume and population, as well as a sub-
linear relationship of socioeconomic activity with
population, suggesting that scaling rules exist in intra-
urban systems but differ from those that operate at the
inter-urban level.

The proposed approach and its results are comple-
mentary to existing urban research yet have a different
but typical urban setting, and so stand to enhance
urban decision-making. The quantitative scaling laws
permit the use of quantitative descriptions to compre-
hend urban phenomena within cities and so aid in the
systematic management of cities, better anticipation of
scenarios by policymakers, and fresh discoveries per-
taining to intra-urban growth. For example, it might
be unreasonable to evaluate an area’s development
efficiency in terms of total GDP or total infrastructure;
instead, dynamic per capita demand should be con-
sidered because at the intra-urban scale, per capita
GDP drops as the dynamic population grows, demon-
strating economies of scale rather than incremental
effects at the urban system scale. In addition, the
findings suggest prospective urban planning initia-
tives. The observed super-scaling of area popularity,
hierarchically polycentric structure, and self-
organization effects of urban mobility all support the
conclusion that intra-urban systems may also achieve
self-similarity in the allocation of urban resources
such as infrastructure and amenities. As a result,
future urban development strategies should pay more
thought to resource allocation in order to increase
element efficiency, taking into account the scaling
form of intra-urban mobility.

This study has several limitations. Firstly, we
acknowledge that multi-sourced urban data might be
biased. Because high-quality data sets are usually una-
vailable, proxy data is commonly used to represent
urban features and human mobility. Relying on these
data may not affect the overall patterns observed for
urban structure and dynamics, but may impact the



robustness and reliability of the results. The growing
availability of appropriate data sources, such as official
population and GDP data, may offer a better picture.
Secondly, the mechanism behind these findings is not
fully examined in this study; we provide a micro view on
the interaction between urban features and human
mobility, and different cities may have different devel-
opment logistics. This article used the single city of
Shenzhen as the study area due to the ease of data
collection; given the availability of data from cities glob-
ally, of course, our research should be expanded to other
metropolitan regions to complement and explain these
findings, and to assess the generality of intra-urban
scaling laws. Finally, our developed measures are rather
simple and might be improved to incorporate more
comprehensive measures and additional urban charac-
teristics in order to capture more complex urban aspects.
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