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Abstract: In this era of population aging, it is essential to understand the spatial distribution patterns
of the elderly. Based on the smart card data of the elderly, this study aims to detect the home location
and examine the spatial distribution patterns of the elderly cardholders in Beijing. A framework
is proposed that includes three methods. First, a rule-based approach is proposed to identify the
home location of the elderly cardholders based on individual travel pattern. The result has strong
correlation with the real elderly population. Second, the clustering method is adopted to group
bus stops based on the elderly travel flow. The center points of clusters are utilized to construct a
Voronoi diagram. Third, a quasi-gravity model is proposed to reveal the elderly mobility between
regions, using the public facilities index. The model measures the elderly travel number between
regions, according to public facilities index on the basis of the total number of point of interest
(POI) data. Beijing is used as an example to demonstrate the applicability of the proposed methods,
and the methods can be widely used for urban planning, design and management regarding the
aging population.

Keywords: the elderly; spatial distribution pattern; connectivity; smart card data; data-driven method

1. Introduction

Population aging is a global trend, and it has become a challenge for many countries.
According to the World Population Prospects 2019 [1], the world’s population will increase
to 9.7 billion by 2050, with one out of six people aged 65 or over. In some European
countries and North America, up to one out of four people will be aged 65 or over. With
the continued improvements in quality of life and subsequent rise in life expectancy,
most countries are paying strong attention to reduce the corresponding negative effects.
Several solutions have been proposed, such as gradual or delayed retirement schemes [2,3],
extension of working hours and encouragement for the elderly to form organizations with
younger people to learn from each other and share their experiences. Urbanization should
create many new job opportunities that attract the elderly working in cities. As indicated
above, the study of the elderly distribution patterns has become a research topic of great
interest to urban planners and policy makers [4].

Two main data sources are commonly used to explore human spatial patterns. The
traditional survey questionnaire [5] is the most common method of collecting travel infor-
mation. The interviewees answer several questions concerning movement behavior, such
as travel mode, travel time and personal information. This information could contribute to
the understanding of spatial and travel patterns. However, it is impossible to collect large
data samples because of labor and time [6], and the location information accuracy cannot
be guaranteed. With technological developments, big data has brought new innovations
and insights. For example, positioning equipment can easily track location information in
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real time and provide greater accuracy in mobility pattern analysis. Smart card data record
detailed stop locations and the times of card holders taking public transport. Not only is a
huge volume of spatial information provided, but these data include high-quality location
information. However, these data have a number of limitations. First, travel purpose is not
very clear. Second, no socioeconomic data are included [7]. In this study, the smart card
data of the elderly are collected as the dataset to detect spatial patterns. Beijing is one of
the most highly developed cities, where 24.5% of the population is elderly [8]. Beijing is,
thus, an ideal city for analyzing elderly mobility behavior.

The study systemically presents elderly cardholders’ spatial distribution patterns
using smart card data. First, the home location distribution of the elderly cardholders in the
city is analyzed and presented in a Voronoi diagram, which provides more detailed regions
of the elderly cardholders’ distribution. The city is divided into a more detailed Voronoi
diagram. The Voronoi diagram is a method to partition a plane into multiple polygons [9].
The basic idea is to link the perpendicular bisector of two adjacent seeds to have polygons.
In this study, the seeds are the centers of clusters. To find these centers, the clustering
method is used based on the number of the elderly boarding and alighting at bus stops.
Second, the spatial mobility between regions is calculated based on the public facilities
index of each polygon of the Voronoi diagram. The public facilities index is considered
by five kinds of POI data: shops, parks, restaurants, hospitals and stops. A quasi-gravity
model is developed to calculate the connectivity of these regions.

The rest of paper is organized as follows. Relative studies are reviewed and analyzed
in the Section 2. Section 3 describes the study area and data sources. Section 4 provides
the methodologies that we used for this study. Section 5 demonstrates the analysis results
by using smart card data. Section 6 draws a summary of this study and proposes the
future directions.

2. Literature Review

Many research topics are related with spatial distribution. The connectivity between
places can be detected from human travel by means of different modes. Human trajectories
have a high degree of regularity in certain spaces and times [10]. Many data sources can be
used, such as smart card and mobile phone data [11–15]. They are valuable information
that can help to understand human mobility patterns in a city [13,16,17]. The diversities of
geography, population and culture affect the elderly population distribution and mobility
behavior. For instance, in Europe, America and Australia, the private car is the main
transportation tool [5,18,19]. These countries are sparsely populated areas, which is suited
to develop highway transportation. This leads to elderly living dispersedly without high
density as well as public facilities distribution. Mostly, their travels rely on private cars,
and thus, they can have longer connectivity of distance of different regions.

With economic development and population growth, private cars are not the only
major transportation tool used by the elderly. Walking, bicycles and public transport
are population travel modes in China [20–23]. The connectivity of distance of different
places is obviously shorter than many developed countries or regions. For example, Hong
Kong has a highly developed and efficiently developed public transportation system [24]
together with complete social welfare to encourage elderly in social activities. Public
transportation facilities in most areas of Hong Kong have proved satisfactory in that quality
service is provided [25]. The connectivity of short distance is more than that of long
distance. In summary, elderly population distribution and connectivity of different places
is influenced by urban structure and public services facilities distribution [26], such as
public transportation.

Elderly population distribution and spatial connectivity are not only related to travel
modes, but also related to activity areas and service facilities [27]. Many service facilities
such as shops, hospitals and bus stops are influential lifestyle factors [28,29]; such factors
can affect the connectivity of various regions. For example, the elderly like to take activities
in local areas if there is a lack of public transport services [30–33]. If there is a strong
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connectivity between two places, the value of the total number and frequency is large, as
the elderly are more easily enabled to take round trips between them [34]. The study results
show that public service facilities have a strong impact on connectivity between different
places. Statistics and analysis results show there are mainly 6 kinds of travel behaviors of
the elderly, which include visiting and shopping [35].

Azevedo et al. [36] studied the impact of rainfall on the elderly and disabled people
using public transportation. To improve the mobility of the elderly, many smart appli-
cations have been developed [37]. De Paiva et al. [38] investigated the impact factors of
reduced mobility, such as sociodemographic characteristics and health conditions. Individ-
ual characters and the environment impact the mobility of the elderly [39]. For example,
the elderly who live in rural areas far from larger cities have lower mobility than younger
people [40,41].

A framework is built, and corresponding series of methods are proposed to explore
the spatial distribution patterns of the elderly cardholders by using smart card data and
POI distribution data in the city of interest. The results could provide assistance to urban
planners making more relevant policies.

3. Study Area and Data Sources

In this study, Beijing is identified as the study area to demonstrate the applicability of
the proposed method for elderly spatial distribution studies.

3.1. Statistical Distribution of the Elderly Population in Beijing

Beijing is the capital of China, which is located in the north of the country and covers
a land area of 16,410.54 km2. With rapid economic growth, urbanization development and
increased resident population, Beijing has become one of the most densely populated cities
on the planet. By the end of 2017, the registered resident population of Beijing reached
13.59 million [8]. At the same time, the increasing elderly population caused a considerable
problem for making suitable urban planning policies for city development. According to
statistics data, the resident population of the elderly, aged 60 and above, was 3.33 million,
which accounted for 24.5% of the total population.

3.2. Smart Card Data

In this study, one-week smart card data of the elderly cardholders from the Beijing
Municipal Commission of Transport are used as the data source. The total number of
records is around 3.3 million from 10 April 2017 to 16 April 2017. Since over 98 percent of
the smart card data of elderly is generated by bus, this study focuses on the bus travel of
the elderly cardholders. Eight kinds of attributes are used in this study; they are card ID,
trip ID, departure stop name, departure stop longitude and latitude information, departure
time, arrival stop name, arrival stop longitude and latitude information, and arrival time.
Each smart card has a unique card ID for identification, and each ID stands for one elderly
person. We assume each elderly person has only one smart card. The smart card ID is an
important attribute in the following analysis. Each trip ID means that the elderly person
finishes a process, from onboarding to offboarding. One elderly person could have many
trips in one day or several days. Each card ID could contain more than one trip ID. To pay
the reasonable fare, the elderly person must swipe their card twice: when getting on and
getting off. The data include the time of swiping the card and the location information of
stops. The location information of stops comprise the longitude and latitude of a stop.

3.3. Point of Interest Data

In this study, point of interest (POI) data are used to represent the distribution of
public facilities and calculate the public facilities index of each polygon region. We collected
more than 46.3 thousand data from the website of Beijing city, including five categories of
POI data, namely, shops, parks, restaurant, hospitals and stops.
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4. Methodologies

Figure 1 shows the analytics framework of the spatial distribution patterns of the el-
derly cardholders. Two data sources are mainly used in the data-driven methods: (a) smart
card data, and (b) POI data. Three methods are proposed, which are home location identi-
fication of the elderly cardholders, city partition by a Voronoi diagram and the mobility
model of the elderly cardholders. Two problems are solved using the above methods.
First, the home location distribution of the elderly cardholders is represented by a Voronoi
diagram. More detailed information of the spatial distribution pattern can be visualized.
Second, elderly mobility in a city is modeled in terms of POI data. The model can measure
the elderly mobility between regions.

Figure 1. Analytics framework of the spatial distribution patterns of the elderly cardholders.

4.1. Home Location Identification of the Elderly Cardholders

In this study, a rule-based method is proposed, using smart card data to identify the
home location of elderly cardholders based on the locations of the stops they use frequently.
We make the following four assumptions.

Assumption (a): The home location is close to the most-used stop.
It is possible to estimate the home locations of the elderly cardholders by using the

locations of the most frequently used stop. Normally, for a commuter, home and work are
the two most frequent places in the daily itinerary of trips. Even though the elderly do not
have a regular workplace, the home location is a high travel frequency origination and
destination. It is highly likely that the home location of an elderly person is close to their
most frequently used stop. More than 50% of people will return to a stop which is located
within 1 km of their departure stop of the day (Chakirov and Erath, 2012). Normally, the
walking distance of the elderly is about 400 m (Zhou, Shen, and Jiang, 2016). In general,
the stop should be within walking distance from the home.

Some exceptions could exist in practice, although the percentage of such cases is not
likely to be very high. For example, one may use different transportation modes, such as
the subway, to finish the rest of trip. This is most likely when the stop is not near the home
location of the traveler. However, the rate of interchange and changing from another public
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transport mode is very low. For example, in Beijing, only 0.3% interchanged and changed
their transport mode, according to 502,165 records of smart card data from 12 April 2017.

Assumption (b): The stop of earliest departure or latest arrival during an elderly per-
son’s daily trip has a very high chance of being the home location. Barry et al. [42] proposed
similar assumptions for estimating original-destination trips, such as home–office trip.

Assumption (c): The stop of earliest departure for all the recorded days has the highest
probability of being the home location. Based on Assumptions (b) and (c), frequency and
time of day are the two main factors used for identifying stops as the home location.

Assumption (d): One elderly person uses one smart card mainly for his/her trip.
Figure 2 shows the flowchart of the elderly cardholders’ home location detection

algorithm. The steps are as follows:

Figure 2. The flowchart of the home location detection algorithm.

First, we filtered the dataset, listed all smart card IDs and confirmed that each corre-
sponded to a different elderly person.

Second, we counted the total number of times that a stop was the first departure or
last arrival stop each day. A minimum threshold α was set to four to filter the stops because
most elderly are unable to take public transportation with a high frequency.

Third, if the total number of instances of any such stop was higher than the thresh-
old, the home location of the smart card ID could be detected; otherwise, it could not
be detected.

Fourth, if only one stop had a total number of instances larger than the threshold, the
stop was identified as the home location of the smart card ID. If two or more stops met
this criterion, the time of day was considered the deciding factor in the second step. We
sorted the stops by the time of day, and the stop used at the earliest time was considered
the home location.

The advantages of this home location identification method are that the home location
detected reflects the latest and regular home location of an elderly person if his/her
registered home location is not updated, or if he/she has more than one. The accuracy of
the detected home location of the elderly would be much higher if accumulated smart card
data are available for a longer period, such as several months.
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Based on the above assumptions of the proposed method for home location identi-
fication, the home locations of most of the elderly cardholders were identified, using the
smart card data. However, a minority could not be identified. In most of these cases, the
total number of times that the elderly traveled from any stop was very low, or even zero,
according to the smart card data. This is one limitation of the proposed method for elderly
home location identification, due to the data quality of the smart card data. Fortunately,
this small number of missing locations had no substantial effect on the overall spatial
distribution analysis of the elderly population of the city and can, thus, be ignored.

According to our assumptions, the stop should be within walking distance of home.
Some exceptions could exist in practice, although the percentage of such cases is not likely
to be very high. For example, one may use other transportation modes from home, such as
the subway, and then change to a bus for a subsequent trip. This is most likely when the
stop is not near the home location of the traveler. However, in general, it is reasonable to
assume that the departure stop is close to the home location of an elderly person because
the rate of changing from another public transportation mode is very low, as indicated by
the Beijing data.

4.2. Voronoi Diagram Construction by Clustering Method

To describe the spatial distribution of the elderly cardholders, we require a method
to properly partition a city into multiple regions. Traditionally, administrative regions,
such as the districts of a city, are used as the basic geographic unit for censuses. However,
the area of each administrative region is too large to describe the detailed information
of the population distribution. Therefore, a detailed city partitioning method for elderly
residential regions must be developed. Here, we propose a clustering method for grouping
bus stops to construct a Voronoi diagram as an alternative solution. The logic flow of the
clustering method includes three steps as follows.

First, we count the elderly passenger flow, which comprise the total number of on-
boarding and offboarding at each stop. Then, we sort all stops SN = {S1, S2, . . . Sn} in
descending order based on the number.

Second, the clustering method is used for clustering stops. A distance threshold value
is set in advanced. In this study, we set 3500 as the distance threshold. According to the
sorted result in the first step, for each stop Si, the stop Sj is identified, where stop Sj has
the shortest distance with stop Si among all the stops. If the distance is shorter than the
threshold, then Si and Sj belong to the same cluster, while if it is larger than the threshold,
the stop Si is regarded as a new cluster center. We continue this process until all the stops
are clustered.

Third, after all the stops are clustered into different clusters, the center point of each
cluster is computed, and the arithmetic mean is used for computing the coordinates of each
center. The pseudo code is given in Algorithm 1.

The center points of each cluster are regarded as the seed point, linking the perpendic-
ular bisector of two adjacent seed points; the polygons of the Voronoi diagram are thus
generated. We chose ArcGIS 10.2 [43] to generate the Voronoi diagram by importing the
result of center points.

The smart car data from the Beijing are used as the data source to detect the clusters.
Figure 3 shows the clustering of spatial distribution of the stops, and the center points are
used to construct the Voronoi diagram.
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Algorithm 1. Clustering method based on high frequency and distance

Data: Smart card data S
Input: Distance threshold r

Cluster indicator c = 0
Output: Cluster number

Set of cluster Cn
Count passage flow of each stop and sort these by descent based on the number
S = {S0, S1, S2 . . . Sn}
For i to S.length

If i = 0 then
Stop Si is new cluster core, insert c into Cn
c ++

Else
Let d[ ] is new array
For j in i− 1 do

d
[
dji

]
← distance

(
Sj, Si

)
Sort d

[(
dji

)
0
,
(

dji

)
1
, . . .

]
by ascending

If
(

dji

)
0
< r

Stop Si and Sj are in the same cluster, insert Cj into Cn
Else

Stop Si is new cluster core, insert c into Cn
c ++

4.3. The Elderly Mobility Model Based on Gravity Model

A gravity model is commonly used to quantify the relationship between different
objects. The gravity model can be expressed as Equation (1):

Iij = G
mimj

dγ
(1)

where G is a constant parameter that can be determined according to the problem con-
cerned, mi and mj are the mass of object i and object j, respectively, d is the distance
between i and j, and γ is the order of distance. Many types of distance can be chosen,
such as the Euclidean distance or Chebyshev distance; an appropriate type should be
determined for the particular application concerned.

In this study, we discovered that the relationship between the public facilities index
and the number follows a quasi-gravity model, represented in Formula (2). Here, the
public facilities index is quantified by POI within the Voronoi diagram, and the connectivity
strength is quantified by that of the edge connecting the two regions.

Sij = G
L_Indexi L_Indexj

Dγ
(i 6= j, i = 0, 1, 2, . . . , j = 0, 1, 2, . . .) (2)

where Sij is the strength between region i and j, G is a constant parameter, L_Indexi and
L_Indexj are the public facilities indices of regions i and j, D is the Euclidean distance
between the centroids of regions i and j, and γ is the order of distance. This quasi-gravity
model was verified based on the smart card datasets of the study area.

The public facilities index model derives from the POI data. POI data are widely
used to identify the functional zone [44,45]. In this study, the public facilities index is an
indicator of whether a region is convenient for the elderly to live according to POI data.
The higher the index value, the more convenient the region is. In this study, the model of
the elderly public facilities index is designed to be computable based on POI data, which is
open and widely available on the internet.

Through the above correlation coefficients of the elderly population distribution and
POI, the following five kinds of POI were identified for computing the public facilities
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index: shops, parks, restaurants, hospitals and stops. The index is quantified by this set of
factors with an emphasis on public facilities, which are important for the elderly in daily
life, and these facilities are indicated by the spatial distribution of corresponding POI. The
model of the public facilities index is thus formulated as follows:

L_Indexi = psi + ppi + p f i + phi + pti (i = 1, 2, 3, . . .) (3)

where L_Indexi is the public facilities index; psi, p f i and pti are the total number of the
three kinds of POI in each region; ppi is the total area of parks in each region; phi is not only
the number of hospitals in each region, but also considers the levels of hospitals; and i is
the ID of each region.

Figure 3. Process of the clustering method to construct Voronoi diagram (a) shows the bus stops’
distribution of Beijing, (b) shows the cluster results of bus stops, (c) shows the center points of each
cluster by red points, (d) shows the Voronoi diagrams that are constructed by using the center points
of clusters as the seed points.

5. Application Study and Results Analyses
5.1. Spatial Distribution of the Elderly Cardholders
5.1.1. Home Location Spatial Distribution of the Elderly Cardholders

The insufficiency of smart card data is that they only contain travel information with
the stop level. There is not any detailed travel information, such as origin and destination
location. In this study, we made several assumptions to deduce the home location of the
elderly cardholders. Government statistics data are used to evaluate the detection result.
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Firstly, the spatial distribution of the elderly is displayed, using administrative regions
and government statistics data. Figure 4 shows the distribution of the elderly population
distribution of 16 administrative regions by means of various colors. The population of the
elderly is in accordance with the government statistics data [8]. The black circular lines
indicate the Second to the Sixth Ring Road. From Figure 4, it can be seen that five districts at
the center are much more significantly populated than the others. Chaoyang and Haidian
rank first and second highest in terms of elderly population, respectively. Xicheng, Fengtai
and Dongcheng rank after them. In the following sections, the elderly distribution, with
respect to the administrative regions, are taken as the benchmark to compare with the
spatial distributions of the elderly population derived from the proposed method.

Figure 4. Spatial population distribution of the elderly in Beijing from statistical data [8].

Secondly, the proposed rule-based method is applied to identify the home location of
the elderly cardholders. Figure 5 presents the identification result, using 16 administrative
regions. The density level of the elderly population distribution in the different regions is
indicated in different colors; the black lines are Ring Roads. The color scale indicates the
population density of the elderly. It can clearly be seen that the color is darker in the center
than in remote regions. The spatial distribution is highly similar with the statistical data
distribution result.

To evaluate the quality of the spatial distribution of the elderly population described
by the proposed method, the Pearson correlation coefficient and the p value are used to
calculate the correlation of the two spatial representations. The correlation coefficient value
is equal to 0.85, and the p value is 0.0002. Suppose that we set the significance level at 1%;
as the p value is smaller than 0.01, the correlation of the two spatial distributions shows
a significantly positive correlation. It indicates that the proposed method can be used to
roughly describe the elderly spatial distribution of administrative regions. Even though
the proposed method cannot accurately predict the real population of the elderly, it helps
to understand the density level of the elderly population distribution. In the following
content, the proposed method is used to detect the elderly spatial distribution in multi-scale
spatial representation.

5.1.2. Spatial Distribution of the Elderly Cardholders Constructed by Voronoi Diagram

Administrative regions are among the commonly used geospatial units. However,
the area of each administrative region is too large for the elderly spatial distribution to be
illustrated in detail. Shao et al. [20] adopted an aggregated method to group bus stations
into small cells for constructing a Voronoi diagram. The Voronoi diagram partitions a
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plane into regions close to the given sets of seed points [46]. In our study, the Voronoi
diagram is still utilized to construct a new geographic unit. Bus stops are clustered by
the clustering method to calculate the seed points for constructing the Voronoi diagram.
The plane refers to the whole area of a city, and the Voronoi diagram is the partition of
a city, where each polygon represents a cluster result of the bus stop [20]. This method
considers not only the spatial locations of the stops in a city, but also the number of the
elderly who use the stops. Compared with the partitioning of a city by administrative
regions, the advantage of the proposed method is that the area of each region is smaller
than the traditional administrative region and thus, can provide a detailed distribution.
The data-driven method based on the usage of stops reflects the real/frequent living place.
The proposed method in this study, which is based on these data, is therefore more reliable.
Figure 6 presents the Voronoi diagram with the regions as grey polygons, and the blue lines
show the Ring Road of Beijing. Because of the limitations of the dataset, in remote areas
with a low density of stops or none at all, the corresponding polygons are much larger
than those of areas with a high density of stops. In Figure 6, for example, there are large
polygons in the northern part of the city, and most of the small-polygon regions are located
in the center of the city. As a comparison, 328 administrative counties are used to represent
the analysis results.

Figure 5. Home location detection distribution of the elderly cardholders.

Figure 6. Space partitioning by Voronoi diagram.
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Figure 7 shows the spatial distribution of the elderly in the 147-polygon Voronoi
diagram and 328 counties, using the home location detection method; the black lines
indicate Ring Road. From the distribution of the colored regions in Figure 7a, we can see
that the regions with high population density are concentrated in the center of the city.
Remote regions have lower population densities. The area of each region in the Voronoi
diagram is smaller than the administrative region, and thus, the elderly spatial distribution
is illustrated in greater detail. Figure 7b shows the elderly cardholders distribution using
328 counties’ administrative regions. It contains more polygons than the former result
in a smaller area of each polygon. As the areas of polygons in the center are smaller
than the others, the population is lower than the others. Around center areas, the elderly
cardholders’ distribution is similar with Figure 7a.

Figure 7. Home location detection distribution of the elderly cardholders in (a) 147-polygon Voronoi
diagram and (b) 328 counties.

5.2. Mobility Model of the Elderly Cardholders in Beijing
5.2.1. Spatial Distribution Public Facilities Index

The proposed public facilities index model is used to analyze the mobility of the
elderly cardholders. Mobility may be related to many factors, including social, economic,
security and environmental factors, in addition to public facilities. In this study, we focus
on public facilities because elderly mobility is strongly relevant with them.

In the proposed public facilities index, we identified five kinds of POI on public
facilities: shops, parks, restaurants, hospitals and stops. The POI distribution has a clearly
clustered pattern in which some regions have more POIs than others, and most are lo-
cated in the center of the city. The Pearson correlation coefficients between the elderly
cardholders’ distribution and each category of POI were calculated in a Voronoi diagram
and 328 counties as shown in Table 1. Most of the coefficient values are very large and the
p values are small. We calculated the total area of parks as the indicator when processing
the POI data, instead of calculating the number of parks, as regions with large areas of
parkland necessarily have smaller residential areas, which in turn leads to a low coefficient
value. The result shows that the POI distribution is highly correlated with the elderly
cardholders’ population distribution.
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Table 1. Pearson correlation coefficient and p value between POI and the elderly cardholders in
Voronoi diagram and 328 counties.

Shop Park Restaurant Hospital Stop

Voronoi
diagram

r 0.924 0.686 0.941 0.921 0.996

p value 0.000 0.000 0.000 0.000 0.000

328
counties

r 0.677 0.349 0.708 0.605 0.899

p value 0.000 0.000 0.000 0.000 0.000

The rationale for the selected five factors for the public facilities index in terms of POI
is verified by calculating the correlation of the elderly cardholders’ distribution and POI
in the region. The public facilities index of each region is then calculated, according to
Equation (3).

Figure 8 shows the spatial distribution of the public facilities index in the Voronoi
diagram and 328 counties. From the figure, we can see that higher values of the index are
mainly concentrated in the north center of the city from the 4th ring road to 5th ring road,
and lower values are in the remote regions. The reason is that we are using park areas as
one of POI factors to calculate the public facilities index, and the large parks are located in
those regions. This reflects the fact that the public facilities development is unbalanced. At
the center, the density of public facilities is higher than in the remote regions. This explains
that most of the home locations of elderly cardholders are located with comprehensive
public facilities. In a future study, we will consider more rational calculation methods of
the public facilities index.

Figure 8. Public facilities index distribution in (a) 147-polygon Voronoi diagram, (b) 328 counties.

This spatial distribution public facilities index can help the government planning
department to make the urban development policy. As the distribution of public facilities
is unbalanced, the elderly living in remote places without sufficient facilities must travel
long distances to obtain what they need. The planning department should, therefore, plan
more public facilities to meet the needs of the elderly. The spatial distribution clearly
shows the regions in need of development. Even though the center regions have sufficient
facilities, their elderly population is large. It is better to enable the elderly to move to
remote regions by developing public facilities there. If it is difficult for the elderly to move
to other places because of poor physical health, more care centers, such as nursing homes,
should be established.

5.2.2. Mobility Model of the Elderly Cardholders

To study the mobility model, a network was constructed based on the centroids of
the 147-polygon regions in the Voronoi diagram and in 328 counties. The connectivity
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between the regions with respect to the activities of elderly was conducted accordingly.
The coordinates of the centroids for each polygon were regarded as network nodes. The
locations of stops within each region were aggregated to the centroids. If any elderly citizen
took a public transport from one region to another, the linkage between the two centroids
was regarded as a network edge. Table 2 illustrates the overall properties of the Voronoi
diagram and 328 counties.

Table 2. Overall network properties of Voronoi diagram and 328 counties.

147 Voronoi Diagrams 328 Counties

Nodes 147 328

Edges 972 5260

Average degree 25 74

Average strength 20,633 17,913

Graph density 0.09 0.15

The whole city is divided into 147 regions, the same as the number of nodes. In the
network, only 972 edges are detected, which is lower than the total possible connectivity.
There are three reasons for this. The first is that not all pairs of regions are directly connected
by public transport. The second is that some remote regions can be accessed by other public
transportation modes that are not recorded in our smart card data source. Third, the terrain
could be an influential factor, as some features, such as mountains and rivers, form natural
obstacles to setting up public transport. It is similar to the 328 counties distribution.

Two kinds of connection patterns are important for understanding the elderly connec-
tivity: connections within each region and the connections between regions. In this network
analysis, the total number of connections between each pair of regions is taken to represent
the strength of the connectivity between regions, while loops represent the total number of
connections within each region. The connectivity of the Voronoi diagram is unbalanced.
Compared with the spatial distribution of administrative counties, detailed information
is displayed with an increased number of regions. Beijing is an ancient city with a long
history; with the ongoing development of urbanization, public facilities and commercial
centers are blossoming in the Forbidden City at the heart of Beijing and are gradually
spreading outward. This will lead to unbalanced urban development with respect to the
areas where the elderly take part in activities.

Figure 9 is the visualization result of connecting the pair of regions with the strength
value. The black circular lines indicate the Second to Sixth Ring Road. The color variations
from blue to red indicate the strength level, from low to high. The grey lines stand for the
number of the elderly travels between the two regions. We divide them into high level
and low level. The grey straight lines mean there is a large number of the elderly traveling
between two regions; the grey broken lines show the opposite. We can see that regions with
high strength have high connectivity with each other. Similar to the elderly cardholders’
distribution, high-strength regions and connectivity are located at the center of the city,
which shows clearly a cluster pattern and unbalanced distribution.

Figure 10 shows the connectivity and strength distributions in 328 administrative
counties. To better present the detailed information, the distributions are shown separately.
The left figure is the strength distribution and the right one is another. For the perspective
of the elderly travel number from the left figure, most regions with a large elderly travel
number are located in the west and north of the center areas. The right of the figure shows
the OD pair numbers of the elderly traveling between regions. Within the 6th ring road,
in the north and west, the travel pairs are larger than in the south and east regions. The
two figures represent a similar travel pattern of the elderly cardholders.



ISPRS Int. J. Geo-Inf. 2021, 10, 728 14 of 17

Figure 9. Connectivity and strength in Voronoi diagram.

Figure 10. Strength (a) and connectivity (b) distributions in 328 counties.

The connectivity between the elderly’s living regions describes their travel frequency
between regions. Many means of public transport, such as subways and buses, have priority
seating for people with special needs. However, the traffic flow is so huge in this large
city that it may be not enough for the elderly. Considering their physical health and their
low travel frequency, customized shuttle buses would be a good solution for the elderly.
The transportation department should, thus, develop a special public transportation line
and schedule that are in line with the connectivity results to make the elderly’s travel
more convenient.

In this study, we proposed a quasi-gravity model, which was used to quantify the
relationship between regions using the public facilities index. Three factors were imported
into the model, as shown in Equation (3). The strength of the network was regarded as an
indicator of mobility. The public facilities index corresponded to the POI indicator. The
Euclidean distance was used to calculate the distance between two nodes, but the square
of the distance may not be the optimal order for selection. We calculated the model in
accordance with the Voronoi diagram.
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To find the optimal parameters of this model, using estimated values of γ ranging from
2.6 to 3.0 as given in Table 3, the corresponding values of G were computed. According to
the table, with increasing γ, the goodness-of-fit R2 first reaches a peak value of 0.3706, then
decreases. We selected the fitness value of γ as 2.8 and the value of G as equal to 970.

Table 3. Parameter results of developed model.

G γ R2

(a) 156 2.6 0.3694

(b) 389.4 2.7 0.3703

(c) 970 2.8 0.3706

(d) 2412 2.9 0.3702

(e) 5988 3.0 0.3692

Finally, we selected the optimal model, which is represented as Equation (4):

Sij = 970 ∗
L_Indexi L_Indexj

D2.8 (i 6= j, i = 0, 1, 2 . . . , j = 0, 1, 2, . . .) (4)

In summary, the mobility of the elderly cardholders in Beijing can be quantified
with the quasi-gravity model above based on POI data and the distance between regions
in the Voronoi diagram. We can conclude from the model that distance is not a major
factor affecting the purposes of travel for elderly. Thus, if one region has a large public
facilities index value while another has a small value, the strength between the two regions
is unlikely to be affected, even if the distance between them is large. This motivates
these elderly people to travel great distances to access high-quality public facility services,
including shops for necessities.

6. Conclusions and Future Works

This paper presented a framework for studying the spatial distribution pattern
of elderly cardholders to help address the issue of the population ageing, now and
in the future. To detect the spatial distribution of the elderly cardholders, we took
two steps: (a) a rule-based method for identifying the home locations of the elderly card-
holders, and (b) a clustering method to construct the Voronoi diagram for city partition. To
model the elderly mobility between regions in a city, a public facilities index model and
a quasi-gravity model were proposed to measure the mobility of the elderly cardholders
between regions. Five kinds of POI data, including restaurants, parks, hospitals, shops and
stops, were identified as the key factors for the public facility index model. The connectivity
model built a relationship between the public facility index and network strength for any
two regions in terms of the constructed network.

Three findings arose from this study: (a) the spatial distribution of the elderly card-
holders shows clear clustering characteristics; (b) the spatial distribution of the elderly
has a strong relationship with that of public service facilities, such as restaurants and
hospitals; and (c) the connectivity of each pair of regions is related to the distribution of
public facilities in the connected regions. These findings are essential for urban planning,
management and services, given the aging population trend worldwide.

A number of areas of this study can be further extended. First, the clustering method
has to set the distance threshold manually and it does not consider the density of stops.
Two drawbacks have to be improved in future work. Second, because of the limitations
of smart card data, we only considered the public transport mode of bus in studying the
spatial distribution of the elderly. Other transport modes, such as walking, bicycles and
private cars, can be studied when all these datasets are available. Third, when multiple
data sources are available, we can cross-check and validate the reliability of the identified
spatial distribution pattern of the elderly population.
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