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ABSTRACT
Movement patterns of intra-urban goods/things and the ways
they differ from human mobility and traffic flow patterns have
seldom been explored due to data access and methodological
limitations, especially from systemic and long timescale perspec-
tives. However, urban logistics big data are increasingly available,
enabling unprecedented spatial and temporal resolutions to this
issue. This research proposes an analytical framework for exploring
intra-urban goods movement patterns by integrating spatial ana-
lysis, network analysis and spatial interaction analysis. Using daily
urban logistics big data (over 10 million orders) provided by the
largest online logistics company in Hong Kong (GoGoVan) from
2014 to 2016, we analyzed two spatial characteristics (displace-
ment and direction) of urban goods movement. Results showed
that the distribution of goods displaceFower law or exponential
distribution of human mobility trends. The origin–destination
flows of goods were used to build a spatially embedded network,
revealing that Hong Kong became increasingly connected through
intra-urban freight movement. Finally, spatial interaction charac-
teristics were revealed using a fitting gravity model. Distance
lacked substantial influence on the spatial interaction of goods
movement. These findings have policy implications to intra-urban
logistics and urban transport planning.
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Introduction

Urban mobility reflects the ways that people interact with urban environments, which
greatly impacts urban systems. Urban mobility plays a key role in developing a resilient
urban living environment, and has evolved significantly over the past decades, driven by
continuous technological advances. The advent of location-aware sensing technologies,
such as the Internet of Things, social networks and environmental sensors, enable
people, vehicles and logistics to act as ‘moving sensors’, resulting in dynamic spatio-
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temporal big data with unprecedented resolution, which provide challenges as well as
opportunities to garner deeper insights into urban mobility. In an urban environment,
human mobility and goods movement constitute the dominant patterns of urban
transportation activity (D’Este 2007). Urban goods movement is defined as any move-
ment of goods (freight) rather than people (Woudsma 2001). In the past decades, a
series of remarkable patterns and laws of human mobility have been uncovered
(Brockmann et al. 2006, Gonzalez et al. 2008, Song et al. 2010, Simini et al. 2012, Ren
et al. 2014, Gallotti et al. 2016, Yan et al. 2017). Nevertheless, urban goods movement has
received comparatively little attention to that given to human mobility, and the ques-
tion arises as to what goods movement patterns in a metropolis would look like. With
increasingly available urban logistics big data, it is important to augment our capabilities
to explore, explain and analyze intra-urban goods movement patterns in order to
understand urban dynamics and structure and to address various urban issues.

Urban goods movement patterns are not only a fundamental research topic in
geography and transportation (Hesse and Rodrigue 2004) but also have many practical
applications in urban freight and transport planning (Cherrett et al. 2012, Ballantyne
et al. 2013), fuel consumption and emissions (Pluvinet et al. 2012), and urban logistics
(Vieira et al. 2015). However, early studies of goods movement patterns were confined to
traditional statistical and survey studies owing to the dearth of massive freight data and
the tools used to deal with them (Ogden 1978, Ogunsanya 1982). Because of the
sparseness of survey data, uncovered patterns did not sufficiently represent actual
goods movement patterns. Available urban logistics big data with high spatio-temporal
resolutions and large volumes can help researchers to explore goods movement pat-
terns in a more detailed manner than before. Several studies have investigated urban
goods movement based on GPS data, such as average movement distance
(Comendador et al. 2012), spatial and temporal distribution freight trips (Fu and Shi
2013, Mrazovic et al. 2017) and origin–destination freight flows estimation (Zanjani et al.
2015). However, these studies neglect to consider several vital properties of urban
mobility, including scaling, predictability, distance decay and effect. Thus, it is necessary
to propose an approach to systematically and comprehensively explore intra-urban
goods movement patterns.

This study presents an effective framework for exploring intra-urban goods move-
ment patterns across space and through time. The proposed analytical framework
systematically detects intra-urban goods movement patterns from three perspectives.
First, it examines and depicts the spatial characteristics of goods movement in terms of
distance and direction. Second, it presents a spatially embedded network that was
constructed based on goods movement flows between geographic units, and network
analysis is revealed, which was conducted to uncover goods movement patterns from
the perspective of complex networks. Finally, the study presents a gravity model, which
was utilized to demonstrate the spatial interaction characteristics of goods movement.
Specifically, scaling and distance decay effect were investigated. The framework was
applied to urban logistics big data over 3 years in Hong Kong, namely, approximately 10
million logistics orders. To the best of our knowledge, no previous studies have analyzed
goods movement patterns using such long timescale data. Each logistics order corre-
sponded to one goods movement. The origin, destination and time of each goods
movement were extracted from these orders. The results aid better understanding of
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urban mobility. The identified goods movement patterns could be coupled with human
mobility patterns not only to measure how each relates to the other but also to reveal
how they jointly contribute to urban systems. In addition, this study contributes to
advancing analytical methods for using urban big data to address issues associated with
urban mobility.

The remainder of this paper is organized as follows. Related works are described in
detail in Section 2. In Section 3, the research design is introduced, including the study
area and data source as well as the methodological framework. In Section 4, the
experimental results of intra-urban goods movement patterns are reported. Finally,
Section 5 summarizes the main contributions of this study and suggests directions for
future research.

Related works

Goods movement analysis

Over the last half century, a strand of research has developed techniques and methods
for studying urban goods movement based on various freight data. In earlier studies,
survey data were the main data source. For instance, Ogden (1978) examined the
distributions of urban truck trips and urban commodity flow based on the gravity
model. The results suggest that the gravity model is suitable for analyzing the distribu-
tion of urban truck trips. Ogunsanya (1982) examined the spatial pattern of intra-urban
freight transport based on field survey data in Lagos, Nigeria. The data sources mainly
included data collection from several freight terminals using questionnaires and freight
delivery records of major warehouses. Okoko (2008) reported an empirical urban goods
movement pattern in Akure, Nigeria. The gravity model was used to analyze the spatial
interaction pattern, in which travel time was selected as the impedance factor. Although
these works mainly focused their study areas on a few sample regions in a city owing to
the high cost of data collection at the time, they nonetheless shed light on current
research.

The growing emergence of urban big data has provided novel methods of inves-
tigating goods movement patterns. Comendador et al. (2012) presented urban freight
distribution in two Spanish cities of different sizes based on GPS data and survey
data. The authors divided freight into five groups according to type of goods and
further compared their general mobility patterns, including frequency and average
distance. Fu and Shi (2013) displayed the spatial–temporal distributions of truck trips
and the flows of freight corridors based on GPS data of trucks. A small peak was
found to appear at 6:00–8:00 am, and the average trip distance of survey trucks was
55.7 km. Zanjani et al. (2015) applied origin–destination matrix estimation methods
when estimating origin–destination truck flows based on truck GPS data. The results
could be used in freight travel demand modeling. In addition, the spatial and
temporal patterns of truck trips were explored based on data on urban freight
deliveries (Mrazovic et al. 2017). Allen et al. (2018) investigated last mile delivery
practices in parcel operations by collecting GPS tracking data from 83 parcel carrier
vehicles in London. The results indicated that the characteristics of these operations
directly conflicted with urban infrastructure. Boarnet et al. (2017) depicted urban
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freight activities in Los Angeles based on freight transportation data and visualized
the daily freight flows of all truck types using a heat map. Employment was discov-
ered to be an important driver of freight activity. Although these studies appeared to
promise the use of GPS data to explore goods movement patterns, they usually
concentrated on a single aspect of goods movement patterns, such as spatio-tem-
poral patterns or interaction flow. Specifically, a city is a complex system, and
complex network science should be an effective tool for analyzing urban goods
movement patterns. However, research on exploring goods movement patterns
from the perspective of network science is still scarce at present. Thus, this work
aimed to develop a framework for systematically and comprehensively studying
urban goods movement patterns based on the integration of spatial analysis, com-
plex network science and spatial analysis using urban logistics big data.

Human mobility analysis

As an emergent field, human mobility is dedicated to uncovering patterns that govern
human movements. In recent years, a surge in urban big data supported by a variety of
geospatial technologies has triggered an explosion of studies on human mobility
analysis (Kwan and Neutens 2014). Human-tracking data include GPS travel survey
data (Cetateanu et al. 2016, Siła-Nowicka et al. 2016), taxi trajectory data (Liu and Ban
2013, Zhao et al. 2017b), smart card data (Kim et al. 2014, Zhong et al. 2014), mobile
phone data (Ahas et al. 2015, Xu et al. 2016) and social media data (Liu et al. 2014, Yuan
and Medel 2016). The unprecedented wealth of urban big data has propelled human
mobility analysis to the forefront of GIScience research.

Human mobility patterns can be categorized based on the activity space of moving
objects, such as international migration across countries, inter-urban mobility across
regions within a country and intra-urban movement within a city. This study focuses on
the third category. As pioneering researchers in this field, Brockmann et al. (2006) and
Gonzalez et al. (2008) have established firm foundations for conducting related research.
The former emphasized the scaling characteristics of human movement. Specifically,
human travel behavior can be described mathematically using a random walk model on
various spatio-temporal scales. The latter proves that human mobility follows a high
degree of spatial and temporal regularity. In particular, the distribution of trip displace-
ments is well approximated by a truncated power law at an aggregate level. Song et al.
(2010) further examined the scaling properties of human mobility using mobile phone
data. An identified reproducible scaling pattern indicated that people intend to return to
a few most frequently visited locations. Accordingly, consequent research has uncovered
scaling properties of human mobility based on various data sources in succession. For
instance, Noulas et al. (2012) depicted the probability density function of human
displacements in cities based on social media data (i.e. Foursquare). The results sug-
gested that the distribution of intra-city displacements cannot be fully fitted by a power
law. Based on taxi data, traveling displacements in urban areas tend to follow an
exponential distribution rather than a power law (Liang et al. 2013, Zhao et al. 2017a).
Yan et al. (2013) presented results that suggested that the aggregated displacement
distribution followed a power law with an exponential cut-off based on travel diary data.
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These studies have all demonstrated the scaling properties of human mobility in urban
areas.

Another research stream focuses on the spatial interaction characteristics of human
mobility. If distribution is a description of heterogeneity in human mobility at the
aggregate level, then spatial interaction is another distinct depiction of it. Spatial
interaction refers to the flow process of human beings or goods from one location to
another. A very large number of studies has confirmed that the spatial interaction
characteristics of human mobility can be expressed using the gravity model (Hawelka
et al. 2014, Liu et al. 2014, Palchykov et al. 2014, Yuan and Medel 2016, Belyi et al. 2017).
For example, Palchykov et al. (2014) utilized the improved gravity model to predict the
mobility intensities between two locations based on mobile phone data. Recently, the
radiation model, which is parameter free, has been proposed to predict mobility flows
with improved accuracy (Simini et al. 2012). However, this model requires population
size in geospatial region as an input. To date, several of models have been developed to
predict human movement flows between regions based on the radiation model (Yan
et al. 2014, Kang et al. 2015).

In this study, we aimed to explore the characteristics of mobility using urban logistics
big data. The results allow us to better understand intra-urban goods movement
patterns and their differences from human mobility patterns.

Research design

Study area and data source

The study area for this research was the city of Hong Kong, a highly prosperous
international metropolis. The city, one of the world’s most significant financial centers,
is located in the south of China. Surrounded by the South China Sea on the east, south
and west, the total land area of the city is approximately 1104 km2 and the population is
roughly 7.26 million, according to the 2014 Hong Kong Census. The city comprises 18
administrative districts. According to Google Maps API, each district can be further
divided into several subdistricts. Eventually, in this study, 173 subdistricts were obtained,
as shown in Figure 1.

The logistics big data for this study were provided by the largest online logistics
company in Hong Kong, GoGoVan, which is the largest Uber-like online logistics com-
pany in Hong Kong, with more than 20,000 registered vehicles and market share of 80%.
This dataset contains approximately 10 million logistics orders from January 2014 to
December 2016. For users’ privacy, some technologies were adopted to process the raw
data. For instance, the orders and drivers were represented by unique order IDs and
driver IDs, respectively. The accurate addresses of each order (i.e. origin and destination)
were allocated to the corresponding geographic unit in Figure 1 (e.g. from Tsing Yi to
Shuen Wan). In addition, GoGoVan provided three vehicle types in Hong Kong, including
vans, 5.5-ton trucks and 9-ton trucks. We calculated the number of orders for 5.5-ton
trucks and 9-ton trucks, which accounted for a very tiny proportion of the whole dataset.

The data descriptions are presented in Table 1. Order ID stands for the ID of each
order, Name is the name of origin and destination of each order, Arrangement is used to
differentiate origin and destination (i.e. 0 stands for origin, and 1 for destination), Unit ID
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represents the ID of the geographic unit in Figure 1 where the origin or destination is
located, Driver ID is the anonymous ID of the driver and Time provides the time
information for when the order was created.

Methodology

In this study, we proposed an analytical framework for exploring patterns of intra-urban
freight movement that integrated spatial analysis, network analysis and spatial interac-
tion analysis. This framework includes three stages, as shown in Figure 2. These three
aspects are loosely connected but intrinsically linked. The spatial analysis focused on the
overall pattern of spatial units for a static perspective, which was characterized as the
first order of geographic phenomenon. The network analysis and the spatial interaction
analysis focused on overall patterns of spatial units from the complex network and the
interaction of spatial units, which was treated as the second order of geographic

Figure 1. The study area in Hong Kong.

Table 1. Description of logistics data in Hong Kong.
Order ID Name Arrangement Unit ID Driver ID Time

103,815 Ma On Shan 0 109 406 2014-01-01 00:03:18
103,815 Jordan 1 44 406 2014-01-01 00:03:18
. . . . . . . . . . . . . . . . . .
15,214,771 Nam Cheong 0 139 12,657 2016-08-20 01:45:44
15,214,771 Tsim Sha Tsui 1 167 12,657 2016-08-20 01:45:44
. . . . . . . . . . . . . . . . . .
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phenomenon. Thus, these three analyses provide the basis for our empirical study on
movement patterns.

The workflow began with logistics big data, administrative division data and census data
as input data. First, two measurements were selected to delineate the statistical character-
istics of freight movement, namely, displacement and direction. In particular, we empha-
sized the investigation of distance distribution, which plays an important role in
characterizing the structure and dynamics of a city. Second, we constructed a spatially
embedded network and conducted network analysis, which helped us to understand the
pattern of intra-urban freight movement from the perspective of complex networks.
Specifically, the network analysis mainly focused on calculating the basic graph statistics,
which provided an overall view of freight movement in the city. For instance, the relation-
ship between intra-urban goods movement volume and connectivity of subdistricts could
be discovered. Lastly, this research quantitatively estimated the spatial interaction char-
acteristics of intra-urban freight movement by fitting the gravity model. Furthermore, the
gravity model was used to estimate goods movement volumes between districts, which
were compared with observed goods movement volumes. This helped us to predict goods
movement volumes between subdistricts based on their spatial interaction characteristics.

Measurement of spatial characteristics
In urban environments, the origin and destination of each logistics order directly reflects the
goods movement in space. Uncovering the spatial characteristics of origins and destinations
makes it easier to understand goods movement patterns in urban spaces. Distance and
direction are two important measurements of spatial characteristics in urban mobility, which
were selected to delineate the spatial characteristics of freight movement in this research.
Specifically, as an important statistical property for capturing human mobility behavior,
travel distance distribution appears frequently in human mobility studies (Brockmann et al.
2006, Gonzalez et al. 2008, Roth et al. 2011, Yan et al. 2014, Lera et al. 2017).

Figure 2. Workflow of the empirical analysis.
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Displacement
Displacement is widely used to estimate the distance between origin and destination as
an alternative method in mobility studies (Kang et al. 2012, Liu et al. 2014, Wang et al.
2015, Jiang et al. 2017). Compared to the actual distance between the origin and
destination, displacement is not influenced by details of the route and artificial infer-
ence. In this study, displacement was adopted to characterize the distance of freight
movement in urban areas.

In previous related studies, several commonly used functions have been adopted to
fit the distribution of displacement, including exponential, power law, power law with
exponential cut-off and Weibull distribution functions, which are defined as follows. The
power law distribution with exponent α is denoted as

PðxÞ,x�α (1)

The exponential distribution with rate parameter β is expressed as:

P xð Þ,e�βx (2)

The power law with an exponential cut-off is expressed as:

P xð Þ,x�αe�βx (3)

The Weibull distribution is defined as:

P xð Þ, k
λ

x
λ

� �k�1
e�

x
λð Þk x � 0ð Þ (4)

where k > 0 is the shape parameter, and λ > 0 represents the scale parameter of the
distribution.

Specifically, the Weibull distribution is commonly used to model the life span of an
industrial or natural system. Yuan and Raubal (2016) extended the Weibull distribution
to the human mobility field to analyze activity space distributions, and the present study
applied it when measuring the displacement distribution of freight movement. The
parameters of the Weibull distribution provide a feasible method for depicting the
variation characteristics of freight displacement at an aggregated level. Generally, the
parameterk controls the distribution of values. As shown in Figure 3(a), given a λ value, a
smaller k corresponds to a short-fat-shaped distribution. The parameter λ reflects the
magnitude of the central tendency. For a fixed k value, the distribution stretches to the
right side with an increment of parameter λ in Figure 3(b). In summary, the decline of
peak height contributes to an increase in the proportion of large variable values,
because the areas should be constant under the curves (Figure 3).

The bimodal Weibull distribution can be defined further as:

P xð Þ,α
k1
λ1

x
λ1

� �k1�1
e
� x

λ1

� �k1

þ ð1� αÞ k2
λ2

x
λ2

� �k2�1
e
� x

λ2

� �k2

x � 0ð Þ (5)

where 0 � α � 1 is a weight parameter that represents the proportion of component
distributions being mixed. k1 and k2 represent the shape parameter, and λ1 and λ2
represent the scale parameter.
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Direction. Direction is also a commonly used measurement in mobility studies (Liu
et al. 2012). In this study, to measure the direction of freight movement, a freight
movement with origin O xO; yOð Þ and destination D xD; yDð Þ was abstracted as a vectorOD

�!
.

Accordingly, the geographical space could be regarded as a planar coordination system
in which east corresponded to the positive direction of the x-axis, and north corre-
sponded to the positive direction of the y-axis (Zhao et al. 2015b). Thus, the direction of

the freight movementOD
�!

was defined as its direction valueθ. Angle θ had a range
between 0

�
and between 360

�
, and is denoted as:

θ ¼ arctan
yD � yO
xD � xO

� �
(6)

Spatially embedded network construction and network analysis
The logistics data recorded the origin and destination of each freight movement,
and the interaction flows between geographic units could be represented as an
origin–destination matrix (OD matrix). In order to further explore the network
characteristics of freight movement from the perspective of complex networks,
we constructed a spatially embedded directed network based on the OD matrix.
First, each of the 173 geographic units was abstracted as a node Ni , and the
coordinate xi; yið Þ of its centroid was regarded as the spatial location of the node.
Second, we assigned a directed edge Eij to a pair of nodes Ni;Nj

� �
depending on

whether there was freight movement between them. Third, the weight Wij of each
link Eij was measured by the number of freight movements departing from node Ni

and arriving at node Nj . Eventually, a directed weighted graph G ¼ N; E;Wð Þ was
obtained. In the following part of this subsection, we reveal the network analysis

(a) (b)

Figure 3. Weibull distributions based on different parameters: (a) distributions with the sameλand
differentkvalues; (b) distributions with the samek and differentλ values.
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for exploring freight movement patterns from the perspective of network
properties.

Network properties
In this study, we examined the following indicators to unravel the network properties,
which helped us to further understand the dynamic characteristics of freight movement
networks.

(1) The degree of a node refers to the number of edges connected to it. The degree
distribution p(d) is the proportion of nodes with d degree in the network. In this
study, degree was further divided as out-degree and in-degree according to the
freight movement direction between each pair of nodes.

(2) The strength of a node refers to the sum of the weights of all edges connected to
it. The strength distribution P sð Þ is the proportion of nodes with strength s .
Similarly, the strength of each node included out-strength and in-strength.

(3) Average degree refers to the average value of degree of all nodes in the graph,
reflecting the connectivity of the whole graph.

(4) Average strength is the average value of strength of all nodes in the graph.
(5) Graph density measures the sparseness and denseness of edges in a graph. Given

a directed graph G ¼ N; E;Wð Þ , the graph density is:

DG ¼ Ej j
Nj j Nj j � 1ð Þ (7)

(6) Average path length is the average value of all shortest path lengths for every
possible pair of nodes in the network, which could be used to measure the
transmission efficiency of information or transport in the network. Given a direc-
ted graph G ¼ N; E; Vð Þ , the average path length is:

L ¼ 1
n

X
i�j

d Ni;Nj
� �

(8)

where d Ni;Nj
� �

is the shortest distance between nodes Ni and Nj . If node Nj cannot be
reached from node Ni , then d Ni;Nj

� � ¼ 0 . n stands for the number of reachable paths
for all pairs of nodes in the graph.

By comparing these properties, we can further detect several implicit intra-urban
freight movement patterns, including whether the freight movement in urban space
becomes more active and the proportion of active regions to which freight moves
frequently.

Spatial interaction analysis
The constructed spatially embedded network could also be used to estimate the freight
demand between origins and destinations, which has great significance in transporta-
tion management and urban planning. Spatial interaction analysis can be used to
estimate and predict the freight flows between subdistricts. Spatial interaction refers
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to a flow process of objects that are physical (e.g. people and freight) or intangible (e.g.
information) from one location to another. In recent years, this has become a continued
topic of focus in the research field of human mobility (Flowerdew and Lovett 1988, Liu
et al. 2014, Kang et al. 2015, Yuan and Medel 2016, Barbosa-Filho et al. 2017). A series of
spatial interaction models are employed to predict and depict human interactions
between geographic units, such as the gravity model, the intervening opportunities
model and the radiation model. However, research on spatial interactions based on
freight movement has received little attention compared to that of human mobility.
Spatial interaction reflects a relationship between supply of and demand for freight from
the perspective of freight movement. Analyzing the spatial interactions of freight can
help us to plan an efficient spatial configuration.

Among all the spatial interaction models, the gravity model is still the most com-
monly used, owing to the simplicity of its equation and the effectiveness of the
predictability degree of interactions (Hardy et al. 2012, Yin et al. 2017). In this study,
we fitted this model to examine the spatial interaction characteristics of intra-urban
freight movement. Derived from Newton’s law of universal gravitation, the gravity
model can generally be denoted as Equation (9). Specifically, power law
functionf dij

� � ¼ dij
�β is widely used to measure the impact of the distance decay effect

on spatial interaction in studies. Hence, the gravity model can also be expressed as
Equation (10):

Iij ¼ kPiPjf dij
� �

(9)

Iij ¼ k
PiPj
dij

β
(10)

Because parameter k is a scaling constant and is defined in advance, the gravity
model fitting mainly focused on estimating the parameters Pi , Pj and β . In this research,
the primary purpose for fitting the gravity model was not to derive the best parameters
but to estimate the potential interaction strength between geographic units and to
further understand the spatial interaction characteristics of intra-urban freight
movement.

Experimental results of intra-urban goods movement patterns

This study was conducted using available logistics big data from 2014 to 2016. We
could further explore the evolution of intra-urban goods movement patterns in Hong
Kong using the datasets of different years. In our work, we chose the timescale of
1 year for two reasons: first, the logistics data were available for three consecutive
years; and second, we aimed to understand the overall patterns of goods movement in
space and time. Thus, three consecutive patterns would be helpful and serve as proof
of concept.
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Spatial characteristics of goods movement

Displacement
To explore the spatial characteristics of freight movement, we measured the probability
pðΔxÞ and Δx cumulative probability pðX � ΔxÞ distribution of the displacement for
different years, as shown in Figure 4. From Figure 4(a), we observe that the probability
distributions for datasets of different years displayed similar trends and could be well
fitted by a bimodal Weibull distribution. Specifically, two maximum points exist, namely,
6 km and 22 km. This means that the count of goods movement did not decrease
monotonously with distance between origin and destination. Interesting to note is that
the intra-urban freight movement displacement distributions failed to follow an expo-
nential or power law distribution, which is different from the research findings of human
mobility studies (Gonzalez et al. 2008, Liu et al. 2012, Noulas et al. 2012, Liang et al. 2013,
Zhao et al. 2015a). According to the characteristics of logistics big data, the inconsis-
tency probably can be attributed to two factors. First, compared to human movements
at the inter-urban level or even larger scales, freight movements in intra-urban areas are
generally accompanied by small displacements. The extent of the influence of distance
on movements will decrease. Second, we speculated that two distinct characteristics of
freight movement could also be used to explain this inconsistency. On the one hand,
goods movement normally belongs to rigid demand when contrasted with several types
of human mobility, such as entertainment and out-dining. The former might not con-
sider the influence of distance too much. On the other hand, for freight movement,
people are usually not required to travel with freight to the destination. Thus, freight
fees are almost the only cost involved in long-distance freight movement. However,
long-distance human mobility incurs other costs besides fees, such as time and comfor-
tableness. Thus, distance has a greater impact on human mobility than on freight
movement for the equivalent distance. Moreover, the cumulative probability

(a) (b)

Figure 4. Displacement distributions in different years: (a) probability distributions for the datasets;
(b) cumulative probability distributions for the datasets.
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distributions of displacement followed the exponential function in Figure 4(b), which
also indicates that the cumulative distribution function of the Weibull distribution was
an exponential function.

Table 2 displays the respective parameters. The goodness-of-fit R2 values all reached
above 0.95 for the distributions in different years. The bimodal Weibull function per-
formed better when describing displacement distribution than the conventional Weibull
function. If the conventional Weibull function had been applied, the probability of
displacement between 20 and 30 km would have been underestimated. The parame-
terαindicated that the first component still accounted for a high percentage. In other
words, the intra-urban goods movement of medium and short distances was still in the
majority. However, the proportion of long-distance freight gradually increased. We
further compared the parameters of probability distribution over the 3 years. We
found that the λ1 and λ2 values increased with each passing year. According to the
depiction in subsection on the measurement of spatial characteristics, we can conclude
that average freight distance gradually increased. We can also conjecture that increas-
ingly improved transportation networks provided greater convenience for freight, espe-
cially long-distance freight.

In addition, note that two peaks can be found in the displacement distributions
that corresponded to both short-distance and long-distance goods movements.
This did not contradict the fact that most of the freight movements involved
short distances, although it differs from the conclusions for human mobility. Thus,
we further analyzed long-distance goods movements (between 20 and 30 km) by
filtering them from all the goods movements over the 3 years. The numbers of
long-distance goods movements over the 3 years were 195,111, 487,630 and
619,287, respectively, accounting for 12.0%, 13.3% and 13.4% of all goods move-
ments, respectively. The share of long-distance goods movements was observed to
have increased continuously. Furthermore, we found that long-distance goods
movements were closely associated with a few suburban districts, namely Tuen
Mun, Yuen Long, Tin Shui Wai, Chek Lap Kok, Sheung Shui and Fanling. The long-
distance goods movements related to these suburban districts accounted for about
77.1%, 76.0% and 74.4% of all long-distance goods movements in the years 2014,
2015 and 2016, respectively. We conclude that more and more suburban districts
became involved in long-distance goods movements over the 3 years. In addition,
we analyzed the characteristics of these six suburban districts: (1) Tuen Mun, Yuen
Long and Tin Shui Wai have large populations; (2) Chek Lap Kok is the location of
the Hong Kong airport; and (3) Sheung Shui and Fanling are adjacent to a metro-
polis, Shenzhen City, in China. Thus, we could probably attribute this phenomenon
to multiple factors, including population distribution and Hong Kong’s geography.

Table 2. Parameters of probability and cumulative probability distribution.
Probability Cumulative probability

Year α k1 λ1 k2 λ2 R2 β R2

2014 0.76 1.84 7.35 3.99 22.6 0.98 0.108 0.99
2015 0.73 1.81 7.42 3.88 22.7 0.97 0.102 0.99
2016 0.73 1.78 7.49 3.89 22.8 0.98 0.101 0.99
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Direction
To examine the distributions and dynamics of freight movement, we calculated the
movement direction of each freight item in different years using Equation (6). As
displayed in Figure 5, the direction distributions showed similar characteristics over
the 3 years. We further quantified their similarity by calculating the Hellinger coefficient
(Vegelius et al. 1986). The correlation coefficients all reached above 0.98, indicating high
similarities between the directions of distributions of 2 years. In addition, the direction
distributions were approximately centrosymmetric and mainly focused on the north-
west–southeast direction. We conclude that the goods movements were almost
balanced in two symmetrical directions over a long period (e.g. 1 year), helping us to
understand the intra-urban goods movement direction at an aggregate level.

Network construction and network characteristics

As depicted in the subsection 3.2.2 on spatially embedded network construction and
network analysis, an origin–destination movement flow matrix could be constructed
from the logistics big data. Here, we selected the total movement flows between the
units over the 3 years as an example for constructing the spatially embedded network,
as shown in Figure 6. As the figure shows, each node in this graph corresponds to a
geographic unit. The red points represent units with higher interaction flow, and the red
lines indicate a higher flow between units. We observe that slight amounts of units
displayed higher movement flows, including Kwai Chung, Kwun Tong, Tsuen Wan, Mong
Kok and Tuen Mun. These units represent the hubs of the whole network.

To further detect the evolution of networks, we constructed the networks over the
3 years. Table 3 displays the network properties for the years 2014, 2015 and 2016.
Comparing the logistics data of different years helped us to understand the evolution
characteristics of urban logistics networks. From the table, several evolution character-
istics can be recognized. For instance, the continuous increment of the number of edges
indicates that more subdistricts in Hong Kong have been connected through intra-urban
freight movement. The causes of this increase are probably increasingly improved
transportation facilities and urban development, among other factors. In other words,
Hong Kong has become increasingly connected from the perspective of logistics.

(a) (b) (c)

Figure 5. Direction distributions over 3 years.

14 P. ZHAO ET AL.



Average degree also increased continuously, meaning that more connections have
appeared between the geographic units from another perspective. Average strength
in terms of freight volume increased on average, indicating that freight demand has
been increasing. The continuous increase of graph density demonstrates that the edges
in the network have become denser. It is clearly evident that the number of nodes is
unchanged, whereas the graph density values have become larger, according to
Equation (7). The average path length values over the 3 years have decreased margin-
ally, proving closer connections among areas. The relatively small average path length in
the network also reflects the characteristics of a small world. Several findings coincide
with the results of other works, such as Zhong et al. (2014).

Furthermore, we examined the statistical characteristics of degree and strength to
explore goods movement patterns. As Figure 7(a) shows, the cumulative probability
curves decayed very quickly at the beginning. This is because Hong Kong has many
isolated islands that have no goods movement by vehicles with other subdistricts
influenced by transportation convenience. In addition, we found that the nodes with
high degree (d � 200) accounted for a large proportion, that is, 53%, 68% and 70% for
the years 2014, 2015 and 2016, respectively, indicating that the majority of subdistricts

Table 3. Statistical indicators of network analysis with data from 2014, 2015 and 2016.
2014 2015 2016

Number of nodes 173 173 173
Number of edges 13,480 15,373 16,027
Average degree 155.8 177.7 185.3
Average strength 18,861.0 42,487.5 53,444.2
Graph density 0.453 0.517 0.539
Average path length 1.397 1.243 1.146

Figure 6. Network construction based on the freight movement flows.
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had goods movement with other subdistricts, and the goods movement between
subdistricts continuously improved over the years. However, Figure 7(b) shows that
the nodes with high strength (s � 100000) accounted for a tiny percentage of all the
network nodes over the 3 years. The proportions are 3.5%, 13.9% and 17.9% for the
years 2014, 2015 and 2016, respectively, which means that the minority of subdistricts in
Hong Kong had large and frequent freight flows with the other subdistricts. In other
words, a few busy subdistricts at the top dominated intra-urban logistics with a very
large number of goods movements. By comparing the distribution of degrees and
strengths in 2014, 2015 and 2016, we found that the ‘elbow point’ of degree and
strength distribution moved slightly to the right over time. The results also demon-
strated that average degree and average strength gradually increased over time.

We further compared the trends of degree and strength distribution over time and
found some differences. For example, the curves of degree distribution in the middle

(a) (b)

(c) (d)

Figure 7. Cumulative probability distributions and correlations of degree and strength.
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had a flat tendency, and a dramatic declination appeared, which means that the degrees
of nodes with greater degree had no significant increase over time. The curves of
strength distribution were exactly the opposite. We conclude that several nodes’
degrees were almost close to the maximum considering that the number of subdistricts
in Hong Kong was constant. Conversely, the strengths of nodes with larger strength
increased enormously over time, which determined by the freight demand of corre-
sponding subdistricts.

As the constructed network was directed, degree and strength could be further
divided based on two category types, that is, out-degree/in-degree and out-strength/
in-strength. We calculated the correlations of out-degree and in-degree and out-
strength and in-strength for different years. As shown in Figure 7(c) and 7(d), we
observed that in-degree was highly linearly correlated with out-degree, irrespective of
the year, and the same was true for in-strength and out-strength. All the points were
distributed on both sides of the line y ¼ x , and the goodness of fit all reached above
0.93. This finding indicated that freight movement was mutual among subdistricts.
Given two subdistricts, the freight movement between them had no significant gap in
terms of quantity for two reverse directions in most cases. This conclusion corroborated
the results in Figure 5.

We further examined the relationships of degree and strength for the years 2014,
2015 and 2016, as shown in Figure 8. Specifically, we classified the goods movement
into two categories according to the distance when referring to strength, namely, short-
distance and long-distance goods movement. As mentioned in the results subsection on
displacement, two maximum points in the goods movement displacement distributions
were found, namely, 6 and 22 km. Hence, we examined the relationships between
strength and connections of districts based on short-distance and long-distance goods
movement, respectively. Here, 20 km was selected as the threshold value. If the distance
of goods movement was no more than 20 km, it was regarded as short-distance goods

(a) (b)

Figure 8. The relationships of degree and strength for the years 2014, 2015 and 2016 based on (a)
short-distance goods movement and (b) long-distance goods movement.
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movement; otherwise, it belonged to long-distance goods movement. From Figure 8(a),
we found that the relationship based on short distance over the 3 years could be fitted
in an exponential function. We observed that the indicator of degree was highly
correlated with strength over the 3 years, respectively, and the goodness of fit R2 values
all reached above 0.72. In other words, the short-distance goods movement volume of
one subdistrict in a city increased exponentially with its degree. Thus, the short-distance
freight flows between subdistricts could be estimated using the connectivity of subdis-
tricts at the aggregate level. Figure 8(b) shows the relationships between degree and
strength based on long-distance goods movement for the years 2014, 2015 and 2016.
The exponential fit results display that the goodness-of-fitR2are less than 0.33. Unlike
short-distance goods movement, the relationships between degree and strength based
on long-distance goods movement displayed no exponential characteristics. The results
also indicated that the high strengths of long-distance goods movement were mainly
focused on a few subdistricts with high degree.

In order to understand the spatial distribution of degree and strength more intui-
tively, we mapped the degree and strength of each node with the corresponding
geographic unit. As shown in Figure 9, the dataset in 2016 was taken as an example
to display the spatial distribution of degree and strength. The spatial distribution of
degree in Figure 9(a) indicates that the active units were mainly concentrated in central
areas. These regions have freight flows with most of the other units. This may be
attributed to the high population density in central areas. Figure 9(b) illustrates the
spatial distribution of strength, in which only a minority of units have very large freight
flows, including Kwun Tong, Kwai Chung, Mong Kok, Tsuen Wan, Tuen Mun, Yuen Long
and Sha Tin.

Spatial interaction characteristics

To quantify the spatial interaction of intra-urban freight movement and uncover how
the interaction flows were related to both the population (or total trips) of origin and
destination and the distance between subdistricts, we constructed gravity models based
on the datasets for the years 2014, 2015 and 2016. On the one hand, we examined how
the interaction flow scaled the population of origin and destination. Figure 10 displays
the interaction flow as a function of PiPj based on the datasets over the 3 years and
indicates the dependence of interaction flow on the population of subdistricts. Pi and Pj
represented the population of subdistricts i and j , respectively. The figures reveal that
interaction flow Fi !j is proportional to PiPj , and the goodness-of-fit R2 values all
reached above 0.9. The linear relationships between Fi !j and PiPj coincided with the
general form of the gravity model in Equation (9). The result is consistent with the
existing conclusions in the research (Levy 2010).

On the other hand, we investigated the impact of distance decay effect on spatial
interaction of freight movement. First, we introduced the method that we used to
determine the optimal parameter value of the gravity model. Since k as a scaling
constant is usually predefined, this study concentrated on the determination of para-
meter β . We utilized the Pearson correlation coefficient between estimated interaction
flow and observed interaction flow to measure the goodness of fit. By fitting the gravity
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model with an incremental exponent β ¼ ½0 : 0:01 : 2� to the freight movement data,
the β value that yielded the best goodness of fit (i.e. the maximum correlation coeffi-
cient) was selected as the optimal parameter. In Figure 11 (a)–(c), the varying curves of
the Pearson correlation coefficients following theβchanges are presented based on the
dataset for the years 2014, 2015 and 2016, respectively. The insets in Figure 11 (a)–(c)
display the local variations of the curves over the three respective years. Hence, the

(a)

(b)

Figure 9. The spatial distribution of degree and strength based on the 2016 dataset.
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curves all increase in the beginning, reach the peak, and then decrease. Eventually, the
optimal β values were determined as 0.11, 0.13 and 0.14 for the datasets over the three
respective years, and the corresponding correlation coefficients were 0.967, 0.965 and
0.963. As the β value reflected the distance decay effect, we could conclude that spatial
interaction of freight movement was not substantially influenced by the distance
between origin and destination. In other words, the total freight interaction flows of
two subdistricts did not rapidly reduce with the increase of distance under the pre-
requisite that other variables (e.g. population) were relatively stable. For the movement
of the individual on the city scale, the distance attenuation coefficient was usually
between 0.8 and 2.0 (Liu et al. 2012, 2014, Masucci et al. 2013, Yin et al. 2017).
Compared to the general conclusion that people tend to travel to close-by destinations,
our study revealed a novel pattern from the perspective of freight movement.

(a) (b)

(c)

Figure 10. Dependence of interaction flow on population.
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Next, the gravity model was used to estimate the interaction flows using the obtained
optimal β values. We compared the estimated interaction flows with corresponding
observed interaction flows based on the datasets for the years 2014, 2015 and 2016, as
shown in Figure 12 (a)–(c), respectively. A large number of paired values were distrib-
uted on both sides near the 45° line, indicating a good fit of the gravity model.
Specifically, we found a strong linear correlation between the estimated interaction
flows and observed interaction flows with high R2 (i.e. 0.936, 0.932 and 0.928). Thus,
we can say that the interaction flows estimated by the gravity model highly coincided
with the real interaction flows for the datasets over the 3 years, demonstrating reason-
able agreement with real observations. This confirmed that the spatial interactions of
freight movement were governed by the gravity model with weak distance decay effect.

(a) (b)

(c)

Figure 11. Parameterβestimation for the gravity model based on the dataset for the years 2014,
2015 and 2016.
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(a) (b)

(c) (d)

(e) (f)

Figure 12. Comparison of estimated interaction flows with the observed interaction flow based on
the datasets for the years 2014, 2015 and 2016.
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To further verify the effectiveness of the fitting in Figure 12(a)–(c), we examined the
error distribution using a residual plot for the three linear fit models, as shown in Figure 12
(d)–(f), respectively. In the residual plots, the residuals of each estimated value were plotted
in a plane coordinate system. The circles represent the residual values, and each vertical
line stands for the confidence interval of the corresponding residual. If the confidence
interval contains 0, the residual is marked as green; otherwise, it is marked as red. The
residuals can be observed as being randomly scattered up and down in a horizontal line
(y ¼ 0), meaning that the errors had no interpretable and predictable information. Thus,
the estimated interaction flows all had significant linear correlation with observed interac-
tion flows for the datasets in the years 2014, 2015 and 2016.

To further validate the gravity model, we compared the freight movement distance
distribution between the results estimated by the model and the real data. As shown in
Figure 12 (g)–(i), we found that the distance distributions predicted by the gravity model
were in good accordance with the real distance distributions for the datasets in the

(g) (h)

(i)

Figure 12. Continued
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years 2014, 2015 and 2016. Both the predicted distance distribution and the real
distance distribution displayed the Weibull distribution over the 3 years. The success
of predicting freight movement distance distributions provided strong evidence for the
validity of the gravity model.

Conclusion

Urban freight activity is becoming more important in terms of its role in urban econo-
mies and its adverse impacts on urban amenity. Exploring intra-urban goods movement
patterns can make a significant contribution to understanding the pattern of urban
freight activity and can provide decision-making support when addressing various urban
issues. In the era of big data, the availability of urban logistics big data offers new
opportunities to explore intra-urban goods movement patterns. In this study, we pro-
posed a framework combining spatial analysis, network analysis and spatial interaction
analysis to investigate intra-urban goods movement patterns using logistics big data in
Hong Kong. Compared to previous studies on goods movement patterns, this study
employed a massive volume dataset to study urban goods movement patterns system-
atically and comprehensively. This framework integrated the methods used in studies on
human mobility into a framework to uncover new information about goods movement
patterns, which could benefit related research in the context of urban mobility. The
major contributions of this study are as follows.

First, we applied two measurements of displacement and direction to explore spatial
characteristics of urban goods movement. The results indicated that the distribution of
displacements based on the datasets over the 3 years displayed similar trends and could
be well fitted by a bimodal Weibull distribution rather than a power law or exponential
distribution, which is significantly different from the results for human mobility patterns.
In addition, the display properties of the direction distributions were approximately
centrosymmetric and focused on the northwest–southeast direction.

Second, we constructed a spatially embedded network based on origin–destination
flow between units and conducted network analysis. By comparing the network proper-
ties for the networks in the years 2014, 2015 and 2016, we observed that Hong Kong
became increasingly connected from the perspective of logistics. Furthermore, we
investigated the distributions of degree and strength of nodes and examined the
correlation between them. We found that their relationships could be well fitted by
exponential functions, and all values of goodness-of-fit R2 reached 0.72 or higher. In
other words, the freight flows between subdistricts could be estimated by the connec-
tivity of subdistricts at the aggregate level.

Third, we explored the spatial interaction characteristics of intra-urban freight move-
ment and how the interaction flows were related both to the population (or total trips) of
the origin and destination and to the distance between subdistricts by fitting the gravity
model. The significant linear relationships between interaction flowFi !jand the product
of the subdistrict populationsPiPjwere observed by fitting the general form of the gravity
model in Equation (9). In addition, we found that gravity was suitable for predicting goods
movement flows by comparing the estimated interaction flows and observed interaction
flows. However, the distance decay parameterβ was significantly smaller than that of
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human mobility patterns. We concluded that the spatial interaction of goods movement
was not substantially influenced by the distance between origin and destination.

The limitations of our research mainly include the following three aspects. First, there
is still much potential to extend this research further to focus on the evolution of urban
goods movement over long periods of time. Unfortunately, we were limited by the
availability of data and could collect only 3 years’ worth of data. If long-term data were
available, we could better understand the evolution patterns of urban freight activity in
Hong Kong. We could study, for instance, whether the average freight distance would
increase continuously and when it would be steady. Second, owing to consumers’
privacy, the research unit was confined to subdistricts. If we were able to obtain logistics
data with higher spatial resolution, the analysis results could certainly have been more
accurate. Finally, this study neglected the direction of interaction when estimating
interaction flows using the gravity model. Actually, goods movement is bidirectional in
logistics big data. Thus, it is more applicable to estimate interaction flows while taking
into account the movement direction. Accordingly, developing models for predicting
intra-urban goods movement patterns is one area for future work.
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