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Abstract: With the emergence of the Internet of Things (IoT), there has been a proliferation of urban studies using big data. Yet, anoth-
er type of urban research innovations that involve interdisciplinary thinking and methods remains underdeveloped. This paper repres-
ents an attempt to adopt a Hidden Markov Model (HMM) toolbox developed in Computer Science for the analysis of eye movement pat-
terns in Psychology to answer urban mobility questions in Geography. The main idea is that both people’s eye movements and travel be-
havior follow the stop-travel-stop pattern, which can be summarized using HMM. Methodological challenges were addressed by adjust-
ing the HMM to analyze territory-wide travel survey data in Hong Kong, China. By using the adjusted toolbox to identify the activity-
travel patterns of working adults in Hong Kong, two distinctive groups of balanced (38.4%) and work-oriented (61.6%) lifestyles were
identified. With some notable exceptions, working adults living in the urban core were having a more work-oriented lifestyle. Those
with a balanced lifestyle were having a relatively compact zone of non-work activities around their homes but a relatively long commut-
ing distance. Furthermore, working females tend to spend more time at home than their counterparts, regardless of their marital status
and lifestyle. Overall, this interdisciplinary research demonstrates an attempt to integrate spatial, temporal, and sequential information
for understanding people’s behavior in urban mobility research.
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1 Introduction

The 21st Century has witnessed a proliferation of urban
study innovations based on geospatial data, which are
becoming both more accurate and more readily avail-
able. The fact that daily activities in an ‘e-society’ are
captured by the Internet of Things (IoT), ranging from
transit smart cards, location-based sensors to smart-
phones, suggest that ‘digital traces’ of the urban popula-
tion are generated continuously (Loo and Tang, 2018).

The use of cloud computing, together with the rapidly
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declining cost of computer storage and capabilities,
means that these ‘digital traces’ are stored rather than
discarded shortly due to capacity and cost concerns.
Companies, such as public transport companies,
Amazon.com, Google and Netflix, and governments are
realizing that IoT data are very valuable for commercial,
policy and planning purposes. The demand for open
data in different parts of the world has further triggered
enormous opportunities for researchers to examine big
data at the disaggregate level. This group of research in-

novations are primarily driven by new types and huge
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volumes of IoT data. In relation, they are strongly tied
to the collection and availability of big data, which are
highly uneven across the world and among different cit-
ies within the same country (e.g.Becker et al., 2011;
Long et al., 2012; Ferreira et al., 2013; Loo and Wang,
2017; Zhang et al., 2017; Zhou et al., 2018; Xu et al.,
2019; Zhao and Hu, 2019; Li et al., 2020; Xu et al.,
2020).

However, another group of urban study innovations
in the 21st Century remains underdeveloped. They re-
late not so much to new types and huge volumes of loT
data, but to innovative ideas and methods, often from
other academic disciplines, to take a fresh look at exist-
ing urban problems that are becoming more acute in
modern society. While the value of interdisciplinary re-
search has been increasingly recognized (Lawrence,
2004; Sallis et al., 2004; Pugh et al., 2012; European
Commission, 2019; Australian Research Council, 2020;
National Science Foundation, 2020), it requires much
intellectual effort to ensure that the creativity is indeed
meaningful and appropriate. Despite the difficulties, the
promise of major breakthroughs can be huge, especially
for relatively mature fields or disciplines where method-
ological advancements along the traditional pathways
are getting more difficult in nature, and fewer in num-
ber. In this study, we chose Hong Kong, China as a case
study as detailed household travel survey data are avail-
able and have been analyzed using different convention-
al methods (e.g., Lam et al., 2013; Loo and Lam, 2013).
By investigating the urban mobility pattern from a new
perspective, meaningful lessons about the urban spatial
structure and travel behavior can be gained. The meth-
od can be applied to any city with disaggregate travel
survey data. This paper aims to encourage more open
interdisciplinary thinking in addressing topics which
have be examined for a long time using conventional
methods. Through sharing this process, other interdis-
ciplinary teams may learn about the advantages and ex-
pected challenges.

2 Urban Mobility Research

In urban mobility research, a fundamental question is
how people allocate their daily activities across space
and time. As the urban population continues to grow, it
is crucial for local governments and transport service
providers to understand the dynamics behind in order to

better manage and accommodate people’s travel de-
mand. Moreover, different data sources and data analyt-
ics methods have been used to analyze key aspects of
transport inequity, such as gender, age and low-income
families (Hanson and Hanson, 1980; Offer and
Schneider, 2011; Loo and Lam, 2013). In particular,
there is a vast literature about travel behavior research
following the conceptual framework of Hagerstrand’s
time geography (Hagerstrand, 1970; Hanson and Han-
son, 1980; Miller, 1991; Kwan, 1998; Buliung and
Kanaroglou, 2006; Buliung and Remmel, 2008; Shaw et
al., 2008; Wilson, 2008; Lam et al., 2013; Choi et al.,
2014; Babb et al., 2017; Fransen et al., 2018). Research-
ers have used tools such as the activity space and space-
time prisms (Buliung and Kanaroglou, 2006) to visual-
ize mobility patterns. More complex mathematical func-
tions have also been developed. Gonzalez et al. (2008)
analyzed the trajectories of 100 000 mobile phone users,
and came up with a truncated power-law function that
approximates the movement pattern of all mobile phone
users. They identified a high degree of spatial and tem-
poral regularities in the activity-travel patterns, mean-
ing that people tend to visit a certain set of locations re-
peatedly. Their research, however, did not attempt to
categorize the stop locations into different types of
places (such as home, work, etc.).

Besides, some researchers have clustered individual
activity-travel patterns into groups, and then compared
the differences among them. Based on the trajectory
data of 100 mobile phone users, Eagle and Pentland
(2009) applied a method named ‘Eigen behaviors’ to
model the rhyme of people’s daily routine. They-
labeled the users’ location status as ‘home’, ‘work’,
‘elsewhere’, ‘no signal’ or ‘off’. The study greatly sim-
plified the spatial information by displaying labels
without actual spatial locations. Similarly, Jiang et al.
(2012) used principle component analysis and eigen de-
com position to identify and depict mobility patterns of
individual citizens, which are then clustered into differ-
ent groups by the K-means clustering algorithms. Their
research also highlights the temporal regularities of
daily activities. A major breakthrough is that it applied
powerful data mining and statistical learning methods to
traditional travel surveys, making it possible to link
group travel patterns with the underlying socio-econom-
ic information. Taking a further step, some researchers
utilized the sequence alignment methods (SAM) to
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cluster people’s activity-travel pattern (Wilson, 1998;
Joh et al., 2002; Kwan et al., 2014; Liu et al., 2015; Cho
et al., 2019). Their methods are more comprehensive by
focusing on the sequential order of activities and trips,
but they also tend to simplify the spatial information.
For instance, Liu et al. (2015) simplified the location in-
formation to a series of location identifiers (IDs) and did
not consider the spatial relationship (such as distance)
between locations when generating the clusters. Cho et al.
(2019) only considered movement direction of trips. To
sum up, the existing clustering methods tend to either
overlook or greatly simplify the spatial dimension of
urban mobility, which limited the potential value of un-
derstanding the spatiality in urban mobility research.

3 The Interdisciplinary Idea and Research
Hypotheses

In many ways, activity-travel patterns of individual cit-
izens are similar to our eye fixation and movement pat-
tern when we try to recognize other people’s faces. Our
eyes usually scan through different parts of a person’s
face (Chuk et al., 2014), just like citizens traveling in a
city. Specifically, individual citizen’s activities and
travel behavior resemble the eye fixation and move-
ment pattern on a face in that it follows a stop-travel-
stop pattern. In both cases, the subject will spend some
time staying at each ‘stop’ and then move to the next
‘stop’, and the prediction of the next ‘stop’ depends on
the current ‘stop’, making it applicable to use the Hid-
den Markov Model (HMM) to estimate the patterns.
Many studies have already used HMMs to summarize
people’s activity-travel pattern (Eagle and Pentland,
2006; Alvarez-Garcia et al., 2010; Lv et al., 2014, 2017,
Han and Sohn, 2016; Zhu et al., 2018; Shi et al., 2019).
However, most of them have only applied the method to
GPS dataset or cellular network dataset where socio-
demographic information is typically missing. Our study
differs from previous ones in that we apply HMM to
city-scale travel survey data, making it possible to gen-
erate more insights by comparing the model results
between people with different socio-demographic char-
acteristics, as well as using the trip purpose information
to enrich the results.

In the applications of face recognition, a MATLAB
toolbox was developed using HMM to estimate and

compare the participants’ eye movement patterns,

namely the Eye Movement analysis with HMMs (EM-
HMM) (Chuk et al., 2014). In Psychology, the original
applications were to examine the relationship between
eye movement patterns and cognitive functions in dif-
ferent age groups or populations (Chuk et al., 2014,
2017; Chan et al., 2018; Zhang et al., 2019). In this re-
search, we aim to adopt and further develop the EM-
HMM toolbox in psychological experiments to answer
research questions about real-life urban mobility. A key
step in all interdisciplinary research is the formulation
of meaningful research questions relevant to the subject
field and arguably better analyzed by the new methodo-
logical tool. In other words, there should be additional
insights to be gained from the application of the new
methodological tools from another discipline (in this
case, the EMHMM toolbox), not readily gained using
the more conventional methods of the field (such as the
mapping of space-time trajectories). In relation, the fol-
lowing research questions are asked.

3.1 Research Question 1 (RQ1): Can the applica-
tion of HMM reveal new insights about people’s
activity-travel pattern?

How do the activity space, the sequence of activities, the
direction and duration of trips vary in different parts of a
city? Instead of using all stop locations to depict the
daily activity space or identify the primary region of in-
terest (ROI) (as in Gonzalez et al., 2008), the HMM
method allows us to discover ROIs and transition prob-
abilities among the ROIs in a data-driven fashion ac-
cording to the visiting frequency and sequence of stop
locations. With the discovered ROIs based on the under-
lying data nature rather than pre-identified trip purposes,
we are able to examine the relationship between activity-
travel pattern and trip purposes. In other words, this
method does not require trip purpose information to
define ROIs. It also allows us to compare activity-travel
patterns more systematically, despite people’s different
home locations.

3.2 Research Question 2 (RQ2): Can we generalize
about the spatial patterns of urban mobility based on
the nature of stop-travel-stop patterns of people in a
day?

Based on the results above, it is believed that there are
underlying common patterns among individual activity-
travel patterns that will make a typology of urban mobil-
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ity possible. Through the clustering algorithm of the
EMHMM method (Coviello et al., 2014), new insights
about people’s urban mobility patterns can be gained.
While space-time trajectories can present the activity-
travel pattern of an individual or small groups like a
family well, the diagram can become very ‘messy’ and
extremely crowded when the sample size is large (say,
more than 100). Moreover, it is difficult to group these
activity-travel patterns analytically because the home
locations vary among the surveyed subjects.

3.3 Research Question 3 (RQ3): To what extent do
people of different lifestyles living near urban core
(CBD) spend more time at home, when compared to
those who live farther away from the CBD?

Making use of HMM, we can integrate both spatial and
temporal information by mapping out the ROIs, while at
the same time showing the time spent by the subject at
each ROI, as well as the probability of the subject mov-
ing from one region to another region. Hence, it is pos-
sible for us to focus more on the time dimension and ex-
amine whether the argument that people living in suburbs
have less time to spend at home due to their longer comm-
utes. Conversely, would living closer to the CBD mean
longer time spent at home as well as for other activities?

3.4 Research Question 4 (RQ4): Is there any gender
difference in terms of time spent at home for work-
ing adults living together?

Finally, the EMHMM toolbox allows us to consider sub-
groups with the urban population and gain insights into
transport equity and other issues. Based on previous re-
search (Hanson and Hanson, 1980; Buliung and Kanaro-
glou, 2006; Loo and Lam, 2013), the use of the EM-
HMM method is used to test whether women tend to
spend more time at home than men, even if both of them
are working. Moreover, we want to examine whether the
gender difference varies across different parts of the city.

4 Methodology

4.1 Data and analytical framework

The major data source is the Travel Characteristic Sur-
vey (TCS 2011) in Hong Kong, China. Specifically, this
study only uses data from the Household Interview Sur-
vey (HIS), the main part of the TCS 2011, conducted
between September 2011 and January 2012. Data from

35 401 households were collected. Specifically, the HIS
comprises of the household member (HM) database and
mechanized trip (TP) database. It is important to note
that the location information in these databases are
provided in the form of street blocks or village clusters
(SBVC), a geographical unit used by the Planning De-
partment in Hong Kong. Therefore, the geographic co-
ordinates of the centroids of the SBVCs are taken as ori-
gins and destinations of trips. For the purpose of this
study, the HM and TP databases were integrated using
Python in order to link individual attributes with the trip
information. Household member expansion factors in
the HM database are used at a later stage to estimate
the number of surveyed people in each group, as well as
the (weighted) average time spent at home and its im-
mediate neighborhood in each administrative district.
Moreover, TCS 2011 does not provide direct informa-
tion about the marital status of survey participants. We
can only identify working men and women living under
the same roof. From the subset, we then find out the
marital status by the reported ‘relationship of household
members’ with the ‘head of household’. If one person
was reported as the household head and another person
was reported to be his/her spouse, they are considered
married working couples. Otherwise, we consider the
relationship of the surveyed subjects (of different
genders) living under the same roof as ‘uncertain’. For
instance, this may be the case for brother-and-sister or
mother-and-son living together. Fig. 1 summarizes the
relationship of the four research questions and the flow
of data analysis.

4.2 Methodological challenges and advancements
Since the EMHMM toolbox was originally designed for
estimating the pattern of eye movement, several concep-
tual and methodological challenges need to be over-
come before it can be used for analyzing individual
activity-travel patterns. These methodological challenges
are listed below and discussed in relation to the re-
search questions.

4.2.1 From Repeated Experiments of Each Subject
in a Laboratory Setting to Single-day Travel Records
of Individuals in the Real World

In the original eye movement analysis of face recogni-
tion, each participant undergone multiple experiments to
provide sufficient data to generate an HMM. In TCS
2011, since each surveyed subject only provided trip in-
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One-day activity and travel information of employed adults
from the Travel Characteristic Survey (TCS 2011) in Hong Kong

Consider the spatial & sequential information of
stop locations

Generate individual HMMs for people living in
different parts of the city and compare their
activity travel patterns

Take time (activity duration) information
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Enrich individual Hidden Markov Model (HMM:s)
by including activity duration as an input
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Fig. 1

formation on one day, it is insufficient to generate a reli-
able HMM. We were able to solve this problem by pre-
processing the data to group them according to geo-
graphical units, in this case SBVC in Hong Kong, and
then consider each geographical unit as one subject. Us-
ing this method, each subject will have multiple ‘trials’
that make it possible to generate a reliable HMM. In
other words, the unit of analysis is spatial with one SB-
VC being considered as one subject. Only SBVCs hav-
ing at least one working adult subject were selected. An
SBVC containing only one surveyed subject was
merged with the nearest SBVC. Also, the TCS 2011
database does not provide specific spatial coordinate in-
formation. Instead, the IDs of the SBVC of stop loca-
tions were provided. After grouping the data, the co-
ordinate information of the home location was appen-
ded to the table by linking the IDs of the SBVC and the
centroid coordinates of the SBVC derived from the SB-
VC boundary Shapefiles.

4.2.2 From the face to the city

In the original eye movement of face recognition re-
search, the first eye fixation location of a participant
may start at any point on the human face. In reality,
most individuals would actually start their day at the
home locations, which are fixed for the individuals but
spatially scattered at the city level. This issue is ad-
dressed by pre-processing data in a way that always
place the home location of each individual at the center
of the canvas. In the eye movement analysis, the loca-
tion of spatial features (such as eye, nose and mouth) are
also relatively fixed on a human face. Different from
that, destinations are much more variable across a city;
and it is hard to judge the nature of place or activity type

An analytical framework showing the steps of data analysis and their relationships with the underlying research questions

by spatial locations only. Therefore, a function was ad-
ded to the EMHMM toolbox to illustrate the proportion
of different place types (home, work, and others) at each
ROI. Furthermore, the TCS 2011 database only provides
trip information, while the modified EMHMM toolbox
needs stop locations as its input. Therefore, Python
scripts were developed to transform the original trip
database into a stop location database, in which the
activity duration, i.e. the time spent at each stop loca-
tion, is calculated based on the arrival and departure
time. After deriving the stop location database, we use
the actual geographical coordinates of stop locations to
compare with the home coordinates of each individual
subject. In this way, we get the spatial deviation (both
direction and distance) from the home location and use
that information as the X, Y coordinates for the toolbox
Input.

5 Results

5.1 Home as the anchor (RQ1)

Using home locations as the ‘anchor points’ to visualize
the activity-travel pattern of individual citizens makes
the urban mobility pattern between individual citizens
more comparable. Different from previous methods,
here we recognize the importance of the place of resid-
ence (home location) by considering it as the center of a
person’s daily activities. After merging, there are 1494
SBVCs that have more than one working adult who par-
ticipated in TCS 2011. Fig. 2 shows a sample individu-
al HMM for one SBVC located relatively far away from
the Central Business District (CBD) of Hong Kong,
China. The idea of home location being an anchor point
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Fig. 2 A sample of an individual Hidden Markov Model (HMM) for one Street Block & Village Cluster (SBVC) far away from Cent-
ral Business District (CBD) in Hong Kong, China. ROI stands for Region of Interest

of activities is clearly illustrated by Fig. 2a. Moreover,
as is shown in Fig. 2b, the toolbox identified three re-
gions of interest (ROIs) for the subject, which are depic-
ted as ellipses colored in red, green, and blue. The ROIs
are automatically ranked in a way that they represent the
most likely travel path of individuals. Fig. 2c shows the
stop location counts in each of the three ROIs, with the
red ROI being the most frequently visited region, while
the green ROI is the second frequently visited one and
SO on.

Fig. 3 shows the home and stop locations, as well as
the activity space, in the form of one standard deviation

Legend
[ Activity space
Stop locations

© Home locatiol
Land area

>z

Hong Kong

0 5 10km

Fig. 3 Home location, stop locations, and activity space (in the
form of standard deviation ellipse) for one Street Block & Vil-
lage Cluster (SBVC) far away from Central Business District
(CBD) in Hong Kong, China

ellipse for the street block far away from the CBD. In
comparison, it is clear that the three ROIs in Fig. 2
provide a much better coverage of the stop locations
than the activity space (In Fig. 3, a large number of stop
locations are not covered by the standard deviation el-
lipse). Moreover, the HMM method provides more in-
formation about the most likely travel path of the sub-
jects in the form of a transition matrix. The transition
matrix in Fig. 2d shows the probability of a subject
moving from one ROI to another. In this example, if the
subject is currently in the red ROI, it has a 58% chance
of traveling to the green ROI and 42% of chance travel-
ing to the blue ROI. Fig. 2e shows the probability of the
location of the subject at the start of the survey day. It
can be observed that our method can provide more in-
formation (such as the most likely travel path) about the
activity-travel pattern than the activity space.

5.2 Spatial typology of urban mobility types (RQ2)

Next, we use the EMHMM toolbox to identify common
activity-travel patterns. After many trials, four clusters,
as shown in Fig. 4, having the most distinctive patterns
and highest value of interpretation are found. Groups 1
and 4 are visually different from Groups 2 and 3 in
terms of the relative spatial distribution of the green and
blue ROIs. The major difference between Group 1 and
Group 4 is that the latter has a smaller blue ROI. On the
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Fig. 4 Clustering results of all individual Hidden Markov Models (HMMs) in Hong Kong, China. ROI stands for Region of Interest.
The first rows of the transition matrixes refer to the probabilities of the individual having his/her first stop location in each ROI

other hand, the major difference between Group 2 and
Group 3 is that the latter has a smaller green ROI and a
larger blue ROI than the former. From Fig. 4, there are
also clear differences in the mostly likely travel paths
(the values in the row named ‘prior’ shows the likeli-
hood of starting at a certain ROI, and the value in mat-
rix shows the probability of traveling from one ROI to
another ROI). After starting their day at the red ROI,
subjects in Group 1 and Group 4 have more than 90% of
chance to travel to the green ROI, with almost 0% of
chance of traveling to the blue ROI. On the contrary,
after starting their day at the red ROI, Group 2 and
Group 3 are having about 64% of chance to travel to the
green ROIL, and about 26% of chance to travel to blue
ROI. Moreover, Group 4 has about 52% of chance to
start their day at the red ROI, and 45% at the blue ROI,
while the other three groups have more than 90% of
chance to start their day at the red ROI.

Till now, no trip purpose information from the TCS
2011 dataset was incorporated. To get a better under-
standing of the new insights obtained, Table 1 shows the
percentage of the types of places in each ROI of each
group, using the trip purpose information available in
TCS 2011 dataset. A few technical points are worth
mentioning. First, the three ROIs have been generated
independently for each group. Second, the three ROIs

are generated solely based on the HMM model of stop-
travel-stop pattern, that is, without defining the nature of
the stop (e.g. home, work or others) a priori. Despite the
above, there are noticeable similarities, especially in re-
lation to the red ROIs. Specifically, more than 99% of
stop locations in the red ROIs are labeled as ‘home’ for

Table 1 The nature of stops within each Region of Interest
(ROD) /%

Nature of Place

Group ROI
Home Work Others
1 Red 99.7 0.1 0.2
Green 0 82.9 17.1
Blue 0 44.6 55.4
2 Red 99.5 0.1 0.4
Green 0 84.7 153
Blue 0 85.8 14.2
3 Red 99.5 0.1 0.4
Green 0 80.8 19.2
Blue 0 82.1 17.9
4 Red 99.6 0.1 0.3
Green 0 84.8 15.2
Blue 0 24.4 75.6

Notes: ROI stands for Region of Interest. Percentages in table represent the
shares of certain types of stop locations in the corresponding Region of
Interests (ROIs)
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all four groups. This means that the red ROI typically
refers to the home location. While about 99% of the red
ROIs represent home locations across the four groups,
the nature of the green and blue ROIs is much more
variable. For the green ROlIs, 80.8% (Group 3) to 84.8%
(Group 4) (Table 1) were work locations. In other
words, the green ROIs generally represent work loca-
tions but there are variations across groups. These
shares can be considered as probabilities of the ROIs be-
ing associated with certain activities (such as work or
leisure). For the blue ROIs, the situation is even more
contrasting across groups with 14.2% (Group 2) to
75.6% (Group 4) being locations other than home and
work place. For Groups 2 and 3, blue ROIs actually also
refer predominantly to work-related locations (85.8%
and 82.1% respectively). In other words, people in
Groups 2 and 3 have their daily mobility primarily de-
termined by various work activities. Inspired by the well-
known term work-life balance, which differentiates
work activities and other non-work activities such as
leisure or family activities (Gregory and Milner, 2009;
Lin et al., 2009; Jones et al., 2012), Group 2 and Group
3 are therefore labelled as having a ‘work-oriented life-
style’ with both the green and blue ROIs primarily work-
related. In contrast, working adults in Group 4 have a
much more balanced daily routine represented by the
home, work and other locations. This applies also but to
a smaller extent to Group 1. Hence, these two groups
are labelled as having a ‘balanced lifestyle’. Spatially,
the results suggest that, with home at the center, people
with a balanced lifestyle (Groups 1 and 4) were having a
relatively compact zone of other (non-work) activities
around their homes but a relatively long commuting dis-
tance (as shown by the large extent of green ROIs
around the center). This is particularly clear in the case
of Group 4 with a very compact blue ROI. For the
cluster of work-oriented lifestyle, these people were
having the second highest frequent work stops near their
homes, as shown by the more compact green ROIs

around 10 km of their homes. Yet, they made work-re-
lated stops far away from home, as shown by the blue
ROI being scattered and covering a bigger spatial ex-
tent of up to 40 km in different directions. Most stops in
their daily life (including both the green and blue ROIs)
were related to work.

Table 2 summarizes the number of SBVCs and the
number of unweighted and weighted sample size in each
group. When the weighted sample size is considered,
Groups 2 and 3 together represented about 61.6% of the
surveyed working adults. In other words, more than half
of Hong Kong’s working adults tend to have a work-ori-
ented lifestyle, with their daily mobility pattern largely
determined by work and work-related activities. In con-
trast, about 38.4% of the surveyed working adults be-
longed to Groups 1 and 4, suggesting that they are hav-
ing a relatively more balanced lifestyle with a more or
less non-work related ROI near their home locations.

Fig. 5 maps the geographical locations of the SBVCs
belonging to each group. The dispersed patterns suggest
that the methodology is powerful in differentiating dif-
ferent neighborhoods beyond the simple district divi-
sions in Hong Kong. Spatially, the general pattern is for
the street blocks closer to the urban core, that is, Hong
Kong Island and Kowloon peninsula, to be in the work-
oriented lifestyle of Groups 2 and 3. Some clear excep-
tions are found in the Stanley, the Mid-levels, and Chai
Wan on Hong Kong Island, and Kowloon Tong, Hung
Hom and Tai Kok Tsui on the Kowloon peninsula.
Quite on the contrary, people living further away from
the urban core tend to be in the balanced lifestyle cluster
of Groups 1 and 4. Some clear exceptions are found
around Kwun Tong, Shatin and Tsuen Wan.

5.3 The gender-cum-spatial dimension of activity-
travel patterns (RQ3 and RQ4)

To answer RQ3 regarding the difference in the duration
of time spent at home between working adults of differ-
ent lifestyles who live near or far away from CBD, we

Table 2 Relative importance of the four activity-travel groups across Hong Kong, China

Type of data statistics Group 1 Group 2 Group 3 Group 4 Total
Number of SBVCs 606 375 357 156 1494
Unweighted sample size 10402 (26.4%) 20712 (52.6%) 3676 (9.3%) 4571 (11.6%) 39361 (100%)

Weighted sample size 707977 (26.7%)

1377322 (52.0%)

254654 (9.6%) 308740 (11.7%) 2648693 (100%)

Notes: SBVCs stand for Street Blocks and Village Clusters; values in parenthesis are the proportion of the group in total samples
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District Abbreviation
N: North

TP: Tai Po

YL: Yuen Long

SK: Sai Kung

ST: Sha Tin

TM: Tuen Mun

TW: Tsuen Wan

KTS: Kwai Tsing
WTS: Wong Tai Sin
KC: Kowloon City
SSPO: Sham Shui Po
KT: Kwun Tong

YTM: Yau Tsim Mong
I: Islands

E: Eastern

CW: Central & Western
WCH: Wan Chai
S: Southern

Legend

I Group 1

I Group 2

[ Group 3
Group 4

Foms )
SK
Hong Kong
0 5 10 km
| I |

I District boundary
Land area (No working adults surveyed)

Fig. 5 Geographical distribution of activity-travel groups in Hong Kong, China

incorporate the time information (time spent at each
stop location) in the analysis. To get a broader under-
standing of the time usage difference, Table 3 lists the
means and standard deviations (s.d.) of the duration
spent at each ROI by district. The top three values for
each ROI are marked with asterisks. Focusing on the red
ROI (notably homes), all top values were found in urb-
an core areas, with individual workers spending an aver-
age of 6.89 h at home in Wan Chai. The figure was the
lowest (6.13 h) for working adults living on Islands.
Furthermore, Fig. 6 presents a scatterplot of average
time spent at the red ROI by district. There is a negative
relationship between the distance of home location to
the urban core and time spent at home. The correlation
coefficient (—0.85) is negative, strong and statistically
significant at 0.05 level. In other words, people living
near urban core tend to spend more time at the home
location and its immediate neighborhood than those who
live in peripheral areas. Time spent with family mem-
bers at home has proven to be important for the quality
of life for married couples (Greenhaus et al., 2003; Of-
fer and Schneider, 2011). With more time to spend loc-
ally, people can also have a higher chance to interact
with their neighbors, which can in turn cultivate social
capital and contribute to the wellbeing of people (Loo et

al., 2017), as well as the long-term success of com-
munities (Putnam, 1993).

Fig. 7 illustrates the gender difference in time spent at
the red ROI (RQ4). The districts are ordered by dis-
tance from the CBD of the city. Generally, employed
women do spend more time at home compared to em-
ployed men regardless of where they live. The time-
spent-at-home gap between different genders are bigger
in districts located closer to the urban core, while the
difference is smaller in districts located relatively far
from the CBD, such as Tuen Mun, Yuen Long, and the
North. To check if there is any statistically significant
difference between the time spent at the red ROI by
males and females at the SBVC level in Hong Kong, a #-
test was conducted. The resulting P-value < 0.01 sug-
gests that the difference is statistically significant. The
gender gap of time spent at home identified can be ex-
plained by the gender difference in household respons-
ibilities. Women are still generally expected to take
more domestic responsibilities than men even when
both of them are working (Hanson and Hanson, 1980;
Coltrane, 2000; Offer and Schneider, 2011). The differ-
ence further widens when they have children (Loo and
Lam, 2013; Jolly et al.,, 2014). Table 4 shows the
weighted average time spent of married couples at the
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Table 3 Time spent at each Region of Interest (ROI) in differ-

ent districts of Hong Kong, China /h

Type of districts Districts

Red ROI Green ROI Blue ROI

Urban Core Districts ~ Territory-wide

Mean

s.d.

Central & Western Mean

Wan Chai

Yau Tsim Mong

Kowloon City

Sham Shui Po

Eastern

Southern

Wong Tai Sin

Kwun Tong

Kwai Tsing

Other Districts Sha Tin

Tsuen Wan

Sai Kung

Islands

Tai Po

Tuen Mun

Yuen Long

North

s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.

Mean

s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean
s.d.
Mean

s.d.

6.49
0.56

6.74

0.72

6.89"

1.00

6.69

0.79

6.45
0.45

6.37
0.43
6.13
0.69
6.43
0.57
6.29
0.43
6.25
0.56
6.30
0.51

8.96
1.57
8.99
2.03
8.36
2.59

8.85
2.12

9.37

1.92

9.38"

0.98
9.10
1.13
8.68
1.48

9.26"

1.19

9.44°

1.86
8.90
1.24

6.70
4.56
521
513
531
4.96
5.49
491
5.09
473
631
4.88
7.08
461
7.48
429
5.93
437
6.24
3.78
6.78
445
731
4.52

7.92°

4.34

7.75"

3.97
8.07
3.57
6.29
5.08
7.13
3.71
7.19
4.73
5.97
5.21

Notes: * Top three ranks (There are ties at the third rank. Hence, four values

are marked); s.d., standard deviations

7.00 R?=0.7262

6.90
6.80

red ROI/h
AN A AN
mhwhrbal
cS58558835

T

.

o

Average time spent in the

6.00 . . . . ,
0.00 5.00 10.00 15.00 20.00 25.00

Distance to urban core / km

Fig. 6 Relationship of the average distance from home to urban
core and the average time spent in the red Region of Interest
(ROI) in 18 districts of Hong Kong, China
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Fig. 7 Average time spent in the Red Region of Interest (ROI)

for subjects across 18 districts in Hong Kong, China /min

Table 4 Weighted average time spent at home by married
couples with different lifestyles /h

Districts Work-oriented lifestyle Balanced lifestyle
Female Male Female Male

Territory-wide 6.58 6.39 6.63 6.40
Central & Western# 6.77 6.60 6.66 6.73
Wan Chai# 7.37 6.72 7.06 6.54
Yau Tsim Mong# 7.12 6.63 6.90 6.41
Kowloon City# 6.63 6.52 7.00 6.47
Sham Shui Po# 6.80 6.59 7.01 6.55
Eastern# 6.75 6.53 6.86 6.52
Southern# 6.57 6.30 6.39 6.39
Wong Tai Sin# 6.63 6.39 6.77 6.56
Kwun Tong# 6.65 6.49 6.69 6.47
Kwai Tsing# 6.58 6.45 6.69 6.17
Sha Tin 6.53 6.35 6.62 6.49
Tsuen Wan 6.51 6.24 6.68 6.44
Sai Kung 6.44 6.33 6.42 6.22
Islands 6.57 6.21 4.92 5.21

Tai Po 6.72 6.32 6.46 6.38
Tuen Mun 6.36 6.28 6.34 6.19
Yuen Long 6.28 6.19 6.23 6.31
North 6.22 6.29 6.31 6.28

Notes: # urban core districts
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red ROI by lifestyle cluster. Moreover, the gender dif-
ference within the same lifestyle group is also statistic-
ally significant (P < 0.01, df'= 390 840 for the balanced
lifestyle; P < 0.01, df = 574 892 for the work-oriented
lifestyle). In other words, married women tend to spend
more time at home than their counterparts regardless of
their lifestyle.

6 Conclusions

This study represents an interdisciplinary attempt to ad-
opt an HMM toolbox developed in Computer Science
for the analysis of eye movement patterns in Psycho-
logy to answer urban mobility questions in Geography.
With regard to RQ1, this application shows that HMM
can reveal new insights about people’s activity-travel
pattern. The conceptual and technical difficulties of
transferring eye fixation on a face to locations of activit-
ies people engaged in a city can be overcome. Further-
more, the application demonstrates that we can general-
ize about the spatial patterns of urban mobility based on
the nature of stop-travel-stop patterns of people in a day
(RQ2). By using the adjusted toolbox to identify the
activity-travel patterns of working adults in Hong Kong,
two distinctive groups of balanced (38.4%) and work-
oriented (61.6%) lifestyles were identified. As a step
further, the spatial dimension was explored (RQ3). With
some notable exceptions, working adults living the urb-
an core were having a more work-oriented lifestyle.
Those with a balanced lifestyle were having a relatively
compact zone of non-work activities around their homes
but a relatively long commuting distance. Last but not
least, there was clear gender difference in terms of time
spent at home for working adults living together (RQ4).
Working females tend to spend more time at home than
their counterparts, regardless of their marital status and
lifestyle.

Overall, this interdisciplinary research demonstrates
an innovative attempt to integrate spatial, temporal, and
sequential information for understanding people’s beha-
vior in urban mobility research. It has a number of ad-
vantages over traditional approaches. First and fore-
most, this interdisciplinary approach can take the spa-
tial, sequential, and temporal information of the data in-
to consideration, while traditional methods tend to fo-
cus only on either the spatial or the temporal dimension
when depicting individual travel patterns. The current

study made use of TCS 2011 dataset. Nonetheless, the
analysis can be repeated for any other city or place
where disaggregate mobility survey data and location
information are available. By taking the sequence of
stop locations as an input, this method identifies not
only the major ROIs that the subject has visited but also
the most likely travel paths between ROIs. By consider-
ing the home location as the anchor point, geo-visualiza-
tion of people’s travel direction and distance becomes
easier. Moreover, this approach can depict ROIs that in-
dicate the nature of stop locations according to the visit-
ing frequency and sequence of stop locations (even
without trip purpose/place nature) information, making
it a promising method to analyze data without trip pur-
pose information (such as GPS data or mobile phone
data). In an era where more digital traces are available
without detailed trip purpose information, the method
presented in this paper may serve as a powerful tool to
conduct big data analysis about people’s activity-travel
pattern. This method can also cluster individual travel
patterns into groups, which provide meaningful implica-
tions about the travel direction, distance and most likely
travel sequence among different ROIs. It highlights the
spatial and sequential dimensions when compared to
other clustering methods. With this approach, both the
direction of movement and the actual X, Y coordinates
in relation to home location are considered. One weak-
ness of the method is that the patterns of different
groups after clustering are sometimes not very distinct-
ive, possibly because the method considers multiple di-
mensions at the same time. More in-depth studies about
the relationships of ROIs and activity types are needed.
Another limitation of this study is that only one day of
activity-travel diary is available. In the future, if mul-
tiple-day activity-travel dairy is available, a more de-
tailed analysis can be conducted. Nonetheless, it is
hoped that this research has demonstrated the potential
value and challenges of innovative and interdisciplinary
thinking in making theoretical and methodological con-
tributions to urban mobility research.
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