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Te transportation-disadvantaged population is rapidly increasing through aging; moreover, the mobility of the elderly has
increased due to life expectancy improvements and lifestyle changes. To respond to these changes, a customized mobility service
specifcally tailored to the travel patterns of the elderly was developed in this study. In particular, an autonomous shuttle service
that can improve the operational efciency and the accessibility of existing transportation methods was proposed by considering
the travel characteristics of elderly people, who mainly travel short distances. To this end, a study was conducted in Seongnam
City, Republic of Korea, where mobility support services for the elderly are insufcient. Using smart card data, the elderly were
classifed according to their travel patterns, with autonomous shuttle routes suggested for each travel purpose. We derived four
clusters via the Gaussian mixture model clustering, with travel purposes classifed according to the spatiotemporal travel patterns.
Finally, the major routes for each travel purpose were selected, and feasible road paths for autonomous shuttle operation were
suggested using the concept of ODD (operational design domain). Tis holistic methodology is expected to contribute to the
development of autonomous mobility services for the elderly and for the establishment of welfare policies based on the smart
card data.

1. Introduction

According to the Act on Promotion of the Transportation
Convenience of Mobility Disadvantaged Persons, a trans-
portation disadvantaged is a person who has difculty in
moving in daily life. Such individuals include the elderly,
disabled, pregnant women, people with infants, and chil-
dren. In 2020, the number of people with transportation
difculties in Korea was 15.4 million, corresponding to
29.7% of the total population and an increase of ∼182,000
compared to the 2019 statistics [1]. Approximately, 8.5
million people (or 55.2%) of those with transportation
disabilities are elderly, and their population is steadily
increasing every year. According to this trend, by 2025, the
elderly population in South Korea will account for 20.3% of
the total population, and Korean society is expected to
become “super-aged.” In addition, the mobility of the el-
derly is gradually being improved by changes in life ex-
pectancy and lifestyle [2]. Te number of elderly drivers’

license holders has increased by ∼700,000, with an average
of 11.2% per year [3]. To ensure the safety of pedestrians
and vehicles, local governments are encouraging elderly
drivers to return their licenses voluntarily. Accordingly,
various measures to promote the use of public trans-
portation among the elderly are being implemented, but
these measures are not sustainable. Currently, mobility
services for the elderly are classifed into methods that
utilize existing public transportation modes and special
transportation services. In the case of existing public
transportation, low-foor buses and subway free rides are
being adopted to support the elderly. However, low-foor
buses are difcult to supply owing to replacement costs,
and free rides are a major factor in the defcit of subway
systems [4]. Moreover, as special transportation services
require qualifcations such as disability level, it is difcult to
use it easily. Terefore, additional measures are required to
support the mobility and to provide long-term stable
services for the elderly.
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Such mobility support services must focus on improving
the accessibility of transportation. Accessibility is primarily
lacking in the frst mile (i.e., the access trip from origin to
public transit service) and the last mile (i.e., the egress trip to
the destination after using public transportation), thus the
frst and the last miles are major causes of difculty when
elderly use public transportation. Recently, autonomous
mobility services which could serve as feeders are being
proposed to solve such accessibility problems [5, 6]. In
particular, when providing mobility services using auton-
omous driving, the labor costs can be signifcantly reduced,
thereby reducing operating losses and the burden on public
fnances. As driver costs account for more than 60% of the
total public transportation operating costs in Gyeonggi-do,
this aspect should be considered a top priority when pro-
viding mobility services [7]. Tus, autonomous driving can
ofer higher-frequency andmore accessible services, which is
expected to improve the convenience of the elderly.

In this paper, we introduce a data-driven approach to
plan an autonomous customized shuttle for the elderly to
sustainably enhance their mobility. Customized mobility
services aim to provide efcient mobility support to groups
of passengers with similar travel patterns [8, 9]. Since it is
essential to identify groups with similar travel patterns and
demands for a sustainable customized service operation, we
applied a clustering methodology that is widely used for
classifying travel patterns. In particular, considering the
travel characteristics of the elderly, who mainly travel short
distances, we planned a local circulation shuttle service, and
classifed the elderly according to their boarding and
alighting patterns. As a result, by designing an autonomous
shuttle that refects the travel patterns of the elderly who get
on and of in similar areas, it is expected that the elderly will
be able to move efciently and conveniently by using the
shuttle within their main activity space.

Te remainder of this paper is organized as follows:
Section 2 describes the previous research studies on travel
pattern analysis and autonomousmobility services. Section 3
discusses a methodology of clustering travel patterns and
planning routes for each travel type. Section 4 presents the
case study of Seongnam and analysis results derived under
the research methodology. Finally, Section 5 presents the
conclusions and limitations of this study, as well as topics for
future research studies.

2. Literature Review

2.1. Travel Pattern Analysis Using Smart Card Data.
Smart card data include information, such as card ID,
boarding time, boarding point, and user type, thus allowing
spatiotemporal travel histories of passengers to be extracted
[10, 11]. As the development of public transportation sys-
tems facilitates large-scale smart card data collection and
loading, various studies using these data are being con-
ducted. In particular, the smart card makes continuous
tracking possible even at the level of individual users, and
studies to evaluate the adequacy of public transportation
services [12, 13] and to analyze and estimate travel patterns
[14, 15] are underway.

El Mahrsi et al. [16] used the unigram model to classify
users according to boarding times. To this end, a dataset was
constructed by counting the number of trips by day and time
of the week for each individual user, with stops clustered
according to the travel time using a Poisson mixed model.
Devillaine et al. [17] used smart card data from Santiago and
Gatineau to classify travel purposes according to the travel
date/time and boarding/alighting locations and compared
the analysis results for each city. In their study, the purpose
of travel was classifed under “work,” “school,” “home,” and
“other,” and the standards for defning the purpose of each
travel were presented (e.g., for “school”: bus card type is
“student” or “minor,” and “bus stop is in an education
area”). Ma et al. [18] analyzed the travel patterns and the
regularity of transit riders. Te DBSCAN algorithm was
employed to integrate multiple travel routes for individual
users into one common route, and the k-means++ algorithm
was employed to cluster the users according to the number
of travel days, ride times, routes, and stops. Te users were
classifed into fve types according to the degree of regularity;
and it was confrmed that the higher the regularity, the
greater the number of trips and travel time. Lee and Lee [19]
proposed a method of detecting travel patterns that were
recognized as diferent journeys as a single fow travel
pattern, using smart card data. After measuring the prox-
imity between the boarding and alighting points of each
travel using the agglomerative fow clustering algorithm, the
single fow cluster grouping process was repeated to cate-
gorize similar travel patterns. Existing smart card-based
travel pattern analysis studies have primarily been con-
ducted for general users, but with the aging trend, research
studies are also underway to identify the travel patterns
targeting the elderly. Liu et al. [20] classifed elderly people
with similar travel patterns according to the seasonal vari-
ability. Te dataset included the ratio of the number of trips
per month and the average of the number of trips for elderly
people who frequently use public transportation. Te k-
means++ algorithm was used for classifcation, and the
variability of types with similar monthly travel patterns was
analyzed. Shao et al. [21] compared the weekday and
weekend spatiotemporal travel patterns of the elderly and
general users by utilizing the travel distance, frequency, and
ride time. Clustering was performed for spatially adjacent
stops, and the travel network was analyzed using the number
of travels between the boarding and alighting clusters.

Until now, studies regarding the analysis and clustering
of travel patterns using smart card data have been contin-
ually conducted for general users and the elderly. However,
previous studies have been limited to travel pattern analysis,
and detailed studies implementing the analysis results have
been lacking. Hence, this study analyzes the travel patterns
of the elderly and presents a corresponding methodology for
implementing new mobility services.

2.2. Implementation of Autonomous Mobility Service.
Alongside research studies into autonomous driving
technology, research studies on autonomous mobility
combining public and shared transportation is also being
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conducted in various ways. Yoon et al. [22] defned several
autonomous public transport service types that could be
introduced in Korea depending on the vehicle specifca-
tions and operating conditions such as autonomous driving
shuttles, trunk lines/bus rapid transit, demand responsive
transit (DRT), and branch lines. In this study, when in-
troducing autonomous public transportation, improved
trafc safety, urban space efciency, labor cost, and service
quality were presented as expected efects. Lim et al. [23]
analyzed the impacts of introducing autonomous shared
transportation services into the market according to the
city’s modal share in Korea through simulation. When
autonomous shared transportation services are provided,
the share of cars will be reduced and the efect of reducing
trafc congestion will be large, which means that a shared
autonomous driving system can positively impact the city
trafc operation.

Recently, research studies on the design and demon-
stration of autonomous driving public transport and
shared transport services has also been conducted.
Gurumurthy and Kockelman [24] designed an autonomous
DRT shuttle in Orlando using cell phone data. Matching
between individual trips was performed using the origin,
destination, and the departure time of the mobile phone-
based travel data. In travel matching, the service was
planned by adopting the approach that overlapping routes
exist between the boarding and alighting points, even if the
departure and arrival locations difer. Dandl et al. [25]
proposed an autonomous driving shuttle for work and
identifed areas not well connected to the public trans-
portation to replace private commutes. Tus, the operation
area was defned as an area in which the travel time of
public transportation exceeded the driving time of a pas-
senger car at peak times, and the usage rate of public
transportation was below 30%. Shuttle stops were set
around residential areas or nearby arterial roads, and the
shuttle was planned to assign all requested stops to the
quickest route using the Dijkstra algorithm. Rehrl and
Zankl [26] introduced and demonstrated the frst- and last-
mile autonomous driving shuttles in suburban areas of
Koppl. Te test route was designed as a round-trip route of
approximately 2.8 km, including four bus stops. Lin et al.
[27] also conducted a demonstration of an autonomous
shuttle service within a campus. To implement the shuttle
service, the demonstration area was selected based on the
student travel and proximity to major facilities; and can-
didate routes were proposed by considering the route
length, V2I communication availability, and speed limit.
Te fnal route was determined as a route ofering high
safety and frequent contact with passengers and pedes-
trians, making it easy to evaluate the performance of the
autonomous shuttle.

Various studies have been conducted regarding the
design and demonstration of autonomous mobility services;
however, studies that systematically refect the characteris-
tics of autonomous driving in the design stage are in-
sufcient. Terefore, it is necessary to deduce factors to be
considered when utilizing autonomous driving as well as to
perform research studies that fully refect these factors.

2.3. Implications. In smart card data-based studies, the
analysis and classifcation of travel patterns have been
performed for general users and the elderly, and the k-means
clustering algorithm has been primarily applied to classify
according to the temporal travel patterns by counting the
number of rides per unit of time. Previous studies have
focused on the analysis stages, and insufcient attention has
been paid to improving existing public transportation ser-
vices or designing new service plans. By reviewing the lit-
erature regarding the introduction of autonomous mobility
services, it was confrmed that the studies focusing on the
elderly are insufcient, and it is necessary to consider the
users’ travel patterns and autonomous driving characteris-
tics in an integrated manner. Moreover, several studies
related to the travel behaviors and demand of the elderly
have suggested that they should be divided into heteroge-
neous subgroups and should be analyzed for improving the
public transportation systems and for implementing cus-
tomized mobility services [28–30].

Tus, this study aims to propose a comprehensive
framework for introducing a customized autonomous
shuttle for the elderly. To this end, we classify elderly people
with similar travel patterns and designed possible routes
based on the spatiotemporal travel patterns of each group.
Afterwards, by analyzing the feasibility of autonomous
driving according to the operational design domain (ODD)
factors, major routes that autonomous shuttles can operate
were presented. Te contribution of this study is summa-
rized as follows.

(1) To provide customized shuttles for the elderly with
similar travel patterns, we constructed a 20-day trip-
chain data of individual elderly and proposed
a methodology by applying GMM to cluster the
passengers according to their boarding and alighting
patterns.

(2) In addition, to explore the specifc travel networks
for each type, origin-destination pairs and boarding
time patterns were analyzed. Unlike the frequency
analysis for each origin and destination point, this
approach analyzes the pair in which the origin and
destination are linked and makes us plan routes that
refect the actual travel fow of the elderly.

(3) By conducting a case study of Seongnam and pro-
viding the real road paths for autonomous driving,
a series of steps for introducing a customized au-
tonomous shuttle from travel pattern clustering-
route planning-ODD analysis were proposed. Tis
framework can contribute to laying the foundation
for the government and policymakers to better
understand and introduce the customized autono-
mous shuttle services.

3. Methodology

3.1. Data Preprocessing and Dataset Construction. Te smart
card data contained 44 columns, of which the 16 columns
(including anonymized card ID, user type code, boarding
area code, and boarding time) required for the analysis were
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extracted. A card ID is a unique ID possessed by an indi-
vidual smart card user, allowing users to be identifed; and
the user type code can identify the specifc user types (e.g.,
disabled and student). Descriptions of the other items used
in this study can be found in Table 1. Te user type and the
mode of transportation codes were used to extract the elderly
people’s bus travels. In addition, to extract only normal
travel records, abnormal travel records related to boarding
and alighting were examined. Abnormal travel records can
be largely divided into two types [31]. (1)Te frst is a case in
which columns to be used for analysis contain missing
values, and (2) the second is a case in which when two or
more columns are logically inconsistent. Since this study
uses both boarding and alighting records, the frst case where
the time and area code of the alighting are missing was
considered an abnormal travel record. Te second case
corresponds to the case where the alighting time is earlier
than the boarding time and where the boarding and
alighting stops are the same. Since the fnal destination
cannot be confrmed, it cannot be used for travel pattern
analysis when the boarding and alighting stops are the same.
Terefore, all rows with missing values related to alighting
were dropped, those in which the alighting time was earlier
than the boarding time, and those where the boarding and
alighting stops were the same were dropped sequentially.

A customized mobility service aims to provide mobility
support to a group of passengers with similar travel patterns.
Tus, we developed a methodology for identifying the
similar spatial travel pattern of the elderly by counting the
number of boardings and alightings for each dong
(neighborhood unit). To estimate the original travel patterns
and purposes, we only retained the boarding area of the frst
trip and the alighting area of the last trip among the single-
purpose trips linked by the transfers. According to the in-
tegrated transfer fare system for the metropolitan area,
transfer travel was applicable only to those who boarded
within 1 h in the period 21 : 00–07 : 00 and within 30min
otherwise.

Te dataset was constructed with high dimensionality,
owing to the number of dongs. Dimensionality reduction
was applied to solve these problems as high-dimensional
datasets can reduce the computational efciency and per-
formance of the classifcation models.

Te representative dimensionality reduction algorithms
include principal component analysis (PCA) and t-
distributed stochastic neighbor embedding (t-SNE). PCA
performs dimensionality reduction via linear trans-
formations; and in the case of nonlinear datasets, this can
reduce the model performance [32]. In contrast, t-SNE can
be applied to both linear and nonlinear data, and it difers
from existing dimension-reduction techniques by solving
the crowding problem (i.e., points far enough away in a high
dimension cannot be implemented in a low dimension
owing to the limited space). Previous studies that compared
the clustering results after applying several dimensionality
reduction algorithms have confrmed that t-SNE yields
superior clustering results compared to others [32, 33].
Terefore, in this study, t-SNE was used for dimensionality
reduction before clustering.

t-SNE compares the similarity between high- and low-
dimensional data and calculates this similarity using the
Euclidean distance. Te similarity pij of the high-
dimensional data xi, xj is calculated as follows:

pij �
pj|i + pi|j

2n
where pj|i �

exp − xi − xj
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where pj|i is the conditional probability that xi will select
xj as a neighbor and σi denotes the variance of the normal
distribution in which xi is centered. Moreover, in t-SNE,
pi|i � 0 and pij � pji are defned.

Te similarity qij of the low-dimensional data yi, yj for
comparison is expressed as follows:

qij �
1 + yi − yj
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−1 where qi|i ≜ 0, (2)

t-SNE can signifcantly classify qij with respect to the
distance between data by adopting a t-distribution with one
degree of freedom instead of a normal distribution.

We quantifed the mapping to a low-dimensional data
via the similarity of P andQ calculated from high- and low-
dimensional joint probability distributions and utilized the
Kullback–Leibler divergence. Te corresponding cost
function is as follows:

C � KL(P‖Q) � 
i


j

pijlog
pij

qij
. (3)

When C is minimized, it means that the two distribu-
tions are similar.

To increase the similarity between the low- and high-
dimensional data, learning was performed using a gradient
descent. When Y(t) is the t-th low-dimensional dataset, η is
the learning rate, and α(t) is the t-th momentum, then the
process of updating the low-dimensional data using the
gradient descent is as follows:

Y
(t)

� Y
(t−1)

+ η
δC
δY

+ α(t) Y
(t−1)

− Y
(t−2)

 . (4)

3.2. Travel Pattern Clustering. Te clustering algorithms are
the unsupervised learning methods that defne the similarity
between the data and accordingly cluster them into the most
similar groups. Tese algorithms can be largely divided into
hierarchical, density-based, and partitioning methods
[34, 35]. Hierarchical clustering is a method of grouping the
most similar clusters according to the distance between all
clusters. As the number of data increases, the computational
burden rapidly increases, so large datasets cannot be ef-
fectively processed in this manner [36]. Density-based
clustering methods such as DBSCAN perform clustering
on densely distributed data. Terefore, DBSCAN has a fast
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processing speed but is unsuitable for datasets with large
density variations [37]. Partitioning clustering improves the
partition by splitting data according to a predefned number
of clusters (k) and repeatedly relocating data points. As the
partitioning clustering algorithm has a linear time com-
plexity with respect to the data size, it can efciently process
large datasets [38]. Consequently, it has been applied to
various research felds and is widely used in studies involving
large smart-card datasets [39, 40]. Te most typical parti-
tioning clustering algorithm, the k-means algorithm, rapidly
determines cluster membership by minimizing the distance
between the central point and the other data points in the
cluster. However, the k-means algorithm is sensitive to
outliers, and it struggles to identify clusters that are non-
spherical or that exhibit diferent sizes and densities [41, 42].
In contrast, the Gaussian mixture model (GMM) can
identify clusters with diferent sizes or densities and more
general shapes; thus, it is more fexible than that of the k-
means clustering [43, 44]. In many cases, the GMM algo-
rithm shows a higher classifcation accuracy than that of the
k-means clustering [42, 45] and model-based clustering
methods are suitable for modeling similar travel patterns
[36, 40].

We explored the characteristics of each algorithm and
compared them to the dataset used in this study. First of all,
the hierarchical method is inefcient for large datasets in this
study because of its high computational complexity. As
shown in Figure 1, the density of the data is not uniform, and
the data are distributed in clusters of various shapes. In the
case of the density-based DBSCAN, relatively low-density
parts can be treated as noise. In addition, the k-means al-
gorithm tends to create spherical clusters of equal volume;
thus, it may be too restrictive for pattern analysis and for
performing clustering fexibly [46]. On the contrary, GMM
is suitable for large sizes of data because of its low com-
putational complexity and enables the formation of clusters
of various sizes and shapes, making it an algorithm suitable
for the dataset in this study. Furthermore, it is a method that
is often used in recent travel pattern clustering studies
[47–49].

GMM clusters data assuming that the data are combined
with several Gaussian distributions. Te parameters con-
stituting the GMM include the number of normal distri-
butions K, the mean μ, and the covariance Σ for each normal
distribution, and the mixing coefcient w, which indicates
the probability that the distribution is selected. GMM es-
timates parameters through the expectation-maximization
(EM) algorithm. Te expectation step calculates the prob-
ability that the data were generated from a random distri-
bution to derive the probability c and that the data belonged
to the cluster. Te maximization step improves the distri-
bution by updating parameters μ, Σ, and w using c. GMM
repeats the expectation and maximization steps a given
number of times or until the log-likelihood (used for pa-
rameter evaluation) is maximized, and this process can be
confrmed in Algorithm 1. After learning the parameters of
each normal distribution, the kth normal distribution with
the highest c(znk) is defned as the probability distribution
generating xn, and in terms of clustering, it is classifed as the
kth cluster.

Te Akaike information criterion (AIC) and Bayesian
information criterion (BIC) are the most popular criteria for
evaluating GMM [50, 51]. Both the AIC and BIC evaluate the
criteria that can explain the distribution of data well, and
they calculate the score by imposing a penalty on the
complexity of the model (i.e., the number of normal dis-
tributions). In particular, the BIC imposes a higher penalty
on the model complexity than on AIC and is widely adopted
because it can select the most efective model at a low
computational cost [52]. Terefore, in this study, the
number of normal distributions in GMM, that is, the op-
timal number of clusters was derived by using BIC.

BIC � −2 logL + K log n. (5)

Where

Lmaximized value of the likelihood function
K: number of parameters to be estimated
n: number of observations

Table 1: Summary of selected columns in smart card data.

Column Description
City, county, and district code City, county, and district codes governing the transportation
Transportation classifcation code Codes assigned to bus types and subways
Card ID Anonymized card ID
Boarding time User’s ride time
Departure time User’s drop-of time
Last departure time User’s last drop-of time
Diference time Time taken between previous and current transactions
Number of transfers Number of rides within the transfer time after alighting
Transaction ID Travel record ID
User type code User type code for children and general public.
Distance Distance traveled by public transport
Travel time Time taken in transit
Boarding stop ID Stop ID where user boards
Alighting stop ID Stop ID where user alights
Boarding area code Area code where user boards
Alighting area code Area code where user alights
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3.3. Travel Pattern Analysis. After applying GMM, we an-
alyzed the spatiotemporal travel characteristics for each
cluster and defned the trip purpose accordingly. Te spatial
distribution of travel was analyzed by using the combination
of boarding and alighting stops (i.e., the O-D pair) to refect
the real travel fow of the elderly. By deriving the top ten O-D
pairs in terms of the travel volume, each O-D pair was
visualized in the target area, with the travels assigned to
a 500m grid to identify the infuence zone of the boarding
and alighting stops [53].

Ten, to verify the temporal distribution of O-D pairs for
each cluster, the number of travels in each time interval for
each O-D pair was aggregated from 05 : 00 to 24 : 00 (the
operating times of public transportation services). In many
studies, the temporal dimension is used to estimate the travel
purpose of public transportation users, and it was found that
the boarding time refects the travel purpose well [54, 55].
According to a household travel survey in the metropolitan
area, shopping and leisure trips for the elderly primarily
occur between 09 : 00 and 12 : 00, and most return trips
between 12 : 00 and 18 : 00, suggesting that the boarding time
varies depending on the purpose of the trip. Terefore, in
this study, the travel purpose of the cluster was estimated
using the hourly travel volume of the O-D pair, as calculated
using the boarding time, and the general travel character-
istics of the elderly population. In addition, we utilized the
distribution of the major facilities that the elderly make trips
to within a 1 km radius of the top ten O-D pairs [2].

3.4.Autonomous Shuttle ServiceRoutesBasedonTripPurpose.
Te autonomous shuttle service supports the frst- and the
last-mile connections to improve the accessibility of the
existing public transportation using a low-speed autono-
mous vehicle [22]. As discussed earlier, autonomous shuttles
are attracting attention as an option for the frst- and last-
mile services for the elderly [56]. In particular, because
personal mobility such as electric kickboards or bicycles,

currently popular as the last-mile transportation, are not
appropriate for users with limited physical abilities, thus,
autonomous shuttles are more suitable modes for the el-
derly. In addition, autonomous shuttles ofer excellent op-
erational efciency and economic feasibility through the
frequent operation of short-distance routes [57, 58].
Terefore, it is expected that the last mile problems can be
efectively solved if autonomous shuttle services are operated
on round trips from the public transportation nodes to the
destinations frequently used by the elderly.

In this study, to consider the travel characteristics of the
elderly who mainly board near the subway stations and to
increase the connectivity with existing the public trans-
portation services, the bus stops near the stations were se-
lected as the starting points of the shuttle route. Moreover, to
provide the frst- and last-mile services, a circular route was
constructed using the destinations of the top ten O-D pairs
as stops and endpoints.

Routes were planned based on actual roads, and we used
components of the autonomous driving ODD to verify
whether autonomous shuttles could be operated. ODD
provides information for defning autonomous driving
system functions; this includes road types, geographic
conditions, speed ranges, and other domain constraints
[59, 60]. We used conditions based on the ODD components
defned in the previous studies, but certain components were
revised to incorporate the travel characteristics of the elderly
and the collected data. Te ODD components are largely
divided into geometric, operational, and environmental
factors and we collected the corresponding data for each
major route. Te detailed criteria for determining autono-
mous driving is shown in Table 2.

4. Applications and Result Analysis

4.1. Study Site. As shown in Figure 2Seongnam-si is one of
the 31 local governments in Gyeonggi-do, South Korea,
which has an area of 141.7 km2, and contains three districts
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Figure 1: Two-dimensional representation of data using t-SNE.
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(gu) and 44 legal-status neighborhoods (dong). Its pop-
ulation is approximately 920,000 as of 2022, with the elderly
population accounting for 15.3% of the total population. In
addition, Jungwon-gu and Sujeong-gu in Seongnam rank
within the top fve major travel districts for the elderly in
Gyeonggi-do (Korea Transportation Institute View-T 3.0).
However, Seongnam currently lacks mobility support ser-
vices for the elderly, with no plans in place to introduce such
services other than special transportation by 2024 [61]. In
addition, Pangyo Techno Valley, Seongnam, has been se-
lected as an autonomous driving testbed and is currently
piloting an autonomous shuttle service. Terefore, we se-
lected Seongnam as the mobility services for the elderly are
insufcient and an autonomous shuttle can be easily
introduced.

4.2. Data Preprocessing and Results of GMM Application.
In this study, 1,168,307 trip records of the elderly in
Seongnam during the 20 weekdays from June 10, 2019–July
5, 2019, were used. First, to flter the trip data, we obtained
the card IDs of the elderly using the senior and national
merit codes in the user type code. Ten, only the travel
records in which both the boarding and alighting area codes
matched the codes of the 44 dongs in Seongnam were
extracted; and there were 1,103,306 trips within Seongnam,
suggesting that most trips occurred within the city. Next, to
obtain the travel patterns, only the travel records of the
elderly who traveled more than three days (10% of the
analysis period) were extracted [39]. Finally, abnormal re-
cords with missing values or errors were eliminated. A total
of 897,049 travel data went through the preprocessing stage
and were used to construct a dataset for clustering.

Te dataset was constructed by counting the number of
boardings and alightings with respect to the dong of each
user. Table 3 shows a part of the fnal dataset, where Card ID
indicates the anonymized card id of the elderly, and the fve
left-hand columns denote the number of boardings at Imae,
Gumi, Yatap, Seohyeon, and Sunae-dong, while the next fve
columns show that of alights at Seongnam, Gumi, Seohyeon,
Imae, and Yatap-dong. For instance, the Card ID 3 boarded
34 times and alighted 18 times at Yatap-dong over 20
weekdays. Table 3 includes only the number of boardings
and alightings for six dongs; however, the actual dataset
included all 42 dongs, with a total number of 84 columns.

Te t-SNE method was applied for dimension reduction
before GMM clustering as the dataset exhibited a high di-
mensionality. As t-SNE can perfectly preserve the relative
relation of data in high dimensional space, after di-
mensionality reduction, we can identify the patterns in low-
dimensional space that exist in high-dimensional datasets
[62]. Te results after dimensionality reduction using t-SNE
were visualized using a 2D scatter plot, and the distribution
of the data can be seen in Figure 1.

Ten, we applied GMM and the optimal number of
clusters was derived through a sensitivity analysis based on
the BIC. Figure 3 shows the results of BIC after applying
GMM clustering by setting the number of clusters from 2 to 8.
Te smaller the BIC score, the better the model performance.
Terefore, the optimal number of clusters was defned as 4,
which yielded the smallest score. Figure 4 shows the results of
the clustering, which categorized the elderly according to the
numbers of boarding and alighting times into four clusters.
Each cluster result shows which dong experienced the most
boardings and alights, and Figure 3 shows that the four
clusters are well classifed according to the spatial travel

Input: X � x1, . . . , xN where xi ∈ RD

Output: w � w1, . . . , wK wherewi ∈ R
μ � μ1, . . . , μK where μi ∈ RD

Σ � Σ1, . . . ,ΣK whereΣi ∈ RK×K

(1) Randomly initialize μ,Σ, w

(2) for t � 1: T

(3) for n � 1: N (E-Step)
(4) for k � 1: K

(5) c(znk) � (wjN(xn|μj,Σj)/
K
j�1wjN(xn|μj,Σj))

(6) end
(7) end
(8) for k � 1: K (M-Step)
(9) μk � (

K
i�1c(znk)xn/

K
i�1c(znk))

(10) Σk � (
K
i�1c(znk)(xn − μk)(xn − μk)T/K

i�1c(znk))

(11) πk � 1/N
K
i�1c(znk)

(12) end
(13) end

X: dataset; xi: ith data point; N: size of dataset
wi: Probability that the ith distribution will be selected
μi: Mean of the ith distribution
Σi: Covariance matrix of the ith distribution
c(znk): Probability that a data point xn belongs to the kth distribution

ALGORITHM 1:Expectation-maximization (EM) algorithm for GMM.
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patterns of the elderly. In the cases of clusters 1, 2, 3, and 4,
considerable boarding and alighting occurred in Gumi-dong,
Yatap-dong, Jeongja-dong and its vicinity, and Seongnam-
dong and Sinheung-dong, respectively.

4.3. Travel Pattern Analysis of Clusters. In the previous
section, dongs with a large number of elderly boardings and
alightings were identifed for each cluster; then, we analyzed
the spatiotemporal travel patterns for the origins and des-
tinations with many elderly travels in each cluster.
Figures 5–8 visualize the analysis results for the top ten O-D
pairs according to the number of travels, and the major trip
networks for each cluster was confrmed. Te thickness of
the link connecting each O and D denotes the number of
travels, where the larger the number of journeys, the bolder
the line. Figures 9–12 show the travel ratios for the top ten O-
D pairs with respect to time. Based on these results, the main
travel purpose for each cluster was classifed.

For cluster 1, most boardings and alightings occurred in
Gumi-dong, with numerous travels (55%) made between
Migeum Station and Bundang Seoul National University
Hospital and between Migeum Station and Bobath Hospital.
In addition, travels took place between Seohyeon and Yatap
Stations and the residential complex. In cluster 1, the main
destination for the elderly was the hospital, with a boarding
time between 09 : 00 to 15 : 00, similar to the hospital
business hours; hence, the purpose of the cluster was defned
as “hospital.”

Te travels in cluster 2 were concentrated in Yatap-dong,
more specifcally, numerous travels (75%) were made be-
tween Yatap Station and the Dochon apartment complex. In
addition, travels occurred between Pangyo and Moran
Stations and apartment complexes, indicating that all
journeys were directed to the residential areas. In addition,
the travels occurred mainly in the period 16 : 00–19 : 00,

marking these as return trips according to the general
analysis given above. Terefore, the purpose of travel for the
cluster was defned as “residence.”

For cluster 3, a large number of travels (68%) occurred
between Jeongja Station and Jeongden village apartment
complex, and other travels between Pangyo and Seohyeon
Stations and residential complexes. In cluster 3, as in
cluster 2, all travels were returning home, and the peak time
was after 15 : 00, indicating “residence” as the purpose of
travel.

In contrast to other clusters, various travel purposes were
mixed in cluster 4. Travels were made between Dandae
Station and Sangdaewon Market, Namhansanseong Station
and Eunhaeng Market, Namhansanseong Station and the
park, and Moran and Gachon University Station and the
residential complex. Furthermore, the trips were concen-
trated in the morning and afternoon, and it appears that
market visits, merchants’ commutes to and from work, park
use, and return trips were combined. Te trip purpose was
defned as “market” along with the market travels (35%),
which accounted for the largest proportion.

4.4. Implementation of Autonomous Shuttle Service. More
than 94% of the travels occurred inside Seongnam, sug-
gesting that the activity space of the elderly was within
Seongnam. In addition, the average distances over which the
elderly used subways and buses were 10 km and 2.6 km,
respectively. Hence, in this study, a short-distance frst- and
last-mile autonomous shuttle route was planned. Te bus
and the subway travel distance distributions are shown in
Figures 13 and 14, respectively.

Where multiple alighting stops were connected to one
boarding stop in the O-D pair analysis, a single line was
planned considering the feasibility of the short-distance
operation andthe shuttle service time. Te shuttle

Seongnam-si, Gyeonggi-do
Located in the central part of Gyeonggi-do, South Korea

GYEONGGI

Subdivisions : 3 gu, 44 dong
Area : 141.7 km2

Population : 926,645 (June 2022)

(i)
(ii)

(iii)

Figure 2: Seongnam description.
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operation time for each route was presented using the time
section in which travels were concentrated by analyzing the
travel rate between O-D pairs with respect to the time. As
a large deviation arose in the travel volume between the peak
and nonpeak times, time sections with a travel rate greater
than or equal to the 75th percentile value were proposed.
Public transportation currently operates on the proposed
routes; however, if the autonomous shuttle service is in-
troduced, this shuttle may replace or supplement several
operations, depending on the service level currently pro-
vided. If the number of buses operating on the proposed
route and the interval between dispatches is appropriate,
some autonomous shuttles can serve as replacements to
increase the operational efciency; and if insufcient, they
can supplement existing services to improve service
frequency.

In addition, to demonstrate the autonomous shuttle, one
major route for each travel purpose was tested according to
the criteria defned in Table 2, with the major route selected

to include the OD pairs with the most travel. Figures 15–18
show the travel rate with respect to time for all routes of each
cluster. Figures 19–22 show the roads on which autonomous
shuttles can be operated/disabled for major routes for each
travel purpose.

For cluster 1, route 1 (Migeum Station-SNU Hospital),
route 2 (Migeum Station-Bobath Hospital), route 3 (Seo-
hyeon Station- Hyundai APT-Woosung Mall-Welfare
Center-Miraetown APT-Beomhan Plaza), and route 4
(Yatap Station-Elementary School) can be planned. Both
routes 1 and 2 start at Migeum Station; however, diferent
routes were planned because of the diference in boarding
time pattern for each line. Figure 15 shows the travel rate
with respect to time for each route, and the section that
exceeded the 75th percentile baseline was suggested as the
shuttle service time. For example, for route 1, the shuttle
service time was selected for the period 09 : 00–15 : 00, which
accounts for more than 9% of the travel rate. Route 3
connects the destinations starting from Seohyeon Station,

141600

141800

142000

142200

142400

142600

142800
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e

5 64 72 3 8
Number of clusters

Figure 3: BIC scores for GMM results.
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Figure 4: Results of GMM clustering.
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Figure 5: Top ten OD pairs of cluster 1.
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Figure 6: Top ten OD pairs of cluster 2.

12 Journal of Advanced Transportation



Kunyoung APT

Beolmal
Pedestrian Overpass

Woosung APT

Beomhan
Plaza

Lotte Mall

E‐Mart

Dolgorae Mall

Jeongja

Seohyeon
Baekhyun

Pangyo
Station

Seohyeon
Station

Jeongja
Station

5.00.0 10.0 15.0 20.0 25.0
(%)

Travel Rate

Origin
Destination

Figure 7: Top ten OD pairs of cluster 3.
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Figure 9: Hourly travel rate of cluster 1.
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Figure 10: Hourly travel rate of cluster 2.
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Figure 11: Hourly travel rate of cluster 3.
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Figure 14: Subway travel distance distribution.
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and the shuttle service time proposed was14 : 00–19 : 00. Te
operating time of route 4 was suggested as 14 : 00–21 : 00;
and for routes 3 and 4, it appears that the characteristics of
the return trips are refected because the routes pass through
a residential area. In addition, for route 2, it was judged
appropriate to supplement the existing service because few
bus lines are in operation. In contrast, for routes 1, 3, and 4,
four or fve bus lines are in operation, and the interval
between dispatches is not large, so replacing certain oper-
ations with autonomous shuttles can be considered.

Figure 19 shows the results of determining whether
autonomous driving is feasible using ODD components for
route 1, that is, the main route for <hospital>. Ten links were
classifed as restricted for autonomous driving. Most of the
links with school zones were excluded, and autonomous
shuttles could be operated through nodes 2, 4, 6, 8, 9, and11.

For cluster 2, route 1 (Yatap Station-1,2, Danji-2 Danji-
Community Center-7,8 Danji-9 Danji), route 2 (Pangyo
Station-Daewoo/Keonyeong APT), and route 3 (Moran
Station-Danji 9) can be planned. Route 1 connects the
apartment Danjis (“apartment complexes” in Korean) in
Dochon with Yatap Station and was planned as one route
because most of the route travels were concentrated in the
period 15 : 00–20 : 00. All three routes were for residential
areas, and travels were concentrated during the afternoon
owing to the nature of the return trips. For route 3, as the
current service is insufcient, the autonomous shuttle is
expected to complement this service.

Figure 20 shows the possible links on route 1, which
passes through a residential area, with numerous one-way
roads, and many sections operated as school zones.
Terefore, it is necessary to switch to manual operation
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on links where autonomous shuttle operation is not
possible.

For cluster 3, route 1 (Jeongja Station-Shinhwa APT-4
Danji-6 Danji-Bundang Jungang High School-E Mart),
route 2 (Pangyo Station-Beolmal Overpass-Geonyeong
APT), and route 3 (Seohyeon Station-Beomhan Plaza) can
be suggested. As in cluster 2, all routes head toward the
residential area. As shown in Figure 17, the peak hours for all
routes were 14 : 00–19 : 00, suggesting this time as the op-
erating times of the abovementioned three routes.

Furthermore, routes 1 and 2 have only two bus lines in
operation. Terefore, if autonomous shuttles with high
operational efciencies are introduced on the routes, better
service can be expected.

Route 1, passing the residential complexes from Jeongja
Station, where the trips are most concentrated, was selected
as the major route. Most links can be operated by auton-
omous driving; however, in the case of the link between
nodes 11 and 12, it is necessary to switch to manual op-
eration because of the school zone.
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Figure 19: Result of autonomous shuttle operation feasibility analysis based on ODD for <hospital> major route.
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For cluster 4, the major route is route 1 (Dandae Station-
Sangdaewon Market). Te shuttle service time of route 1 is
suggested as 16 : 00–20 : 00. Meanwhile, in addition to the
major route, route 2 (Namhansanseong Station-Eunhang
Market-Eulji University-Public Parking Lot), route 3
(Moran Station-Ateunvill APT), route 4 (Gacheon Uni-
versity Station-Taepyeong Elementary School-Welfare
Center), and route 5 (Namhansanseong Station-Park) can
be planned. For routes 3 and 4, which travel to the residential
complex, the shuttle service times were suggested as 15 :
00–18 : 00 and 15 : 00–19 : 00, respectively. Route 5 is the

only route to the park, and travels are concentrated in the
morning and evening; hence, operating hours of 07 : 00–09 :
00 and 17 : 00–19 : 00 were suggested. Most of the suggested
routes provide sufcient public transportation services.
However, for route 4, supplementation is necessary because
of the large dispatch interval.

Te result of determining whether autonomous driving
is possible on route 1 is shown in Figure 22. Links included
in the senior and school zones and links with one-way lanes
(links 8-9 and 11-9) were excluded, making autonomous
shuttle operation impossible.
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Figure 21: Result of autonomous shuttle operation feasibility analysis based on ODD for <residence-II> major route.
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5. Conclusions

Te transportation-disadvantaged population is rapidly
increasing because of aging, and the mobility of the elderly is
being enhanced by life expectancy improvements and life-
style changes. To respond to these demands, in this paper, we
proposed a comprehensive framework to introduce au-
tonomous customized shuttles for the elderly based on their
travel pattern. In particular, the frst- and the last-mile
shuttle service was proposed to incorporate the demands
of the elderly who mainly travel short distances and to
increase the accessibility of the existing transportation
methods. We conducted a case study on Seongnam, where
the mobility services for the elderly are insufcient. Using
the smart card data, the elderly were clustered according to
their travel patterns, and autonomous shuttle routes and
service times were suggested for each travel purpose.

Te dataset consisting of the boarding and alighting
patterns of the elderly was clustered using GMM and we
derived four travel types through a sensitivity analysis based
on the BIC. By analyzing the spatiotemporal travel patterns
of the O-D pairs for each cluster, the travel purposes were
classifed as hospital, residence-I, residence-II, and tradi-
tional market. In the case of <hospital>, many travels (55%)
between Migeum Station and the hospital occurred, and the
travel rate was high during hospital business hours. In
<residence-I>, most of the travels (75%) occurred between

Yatap Station and Dochon APT Danjis in the late afternoon.
For <residence-II>, all travels, including those between the
residential complexes and Jeongja Station (68%), corre-
sponded to the return trips. In the <traditional market>,
travels from the station to the traditional market were
predominant (35%), and the travels were concentrated in the
early morning and late afternoon.

O-D pair analysis revealed that most boarding stops were
near the subway station. Tus, we planned the routes by
connecting the boarding stop near the subway station to the
alighting stops. Te possible routes were presented for each
cluster, and for each major route, we analyzed the road links
where autonomous shuttles can be operated using ODD. It
was deemed necessary to switch to manual operations for
some routes passing through residential areas because of the
one-way lanes passing through school and senior zones.

We believe that this study provides useful insights for
introducing autonomous customized mobility services for
the travel patterns of the elderly. Moreover, it is expected
that the methodology can be applied to other areas in
Gyeonggi-do, where the mobility support services for the
elderly are vulnerable, by comparing the results to provide
shuttle services.

However, owing to the characteristics of the smart card
data, the travel records of elderly people only taking the bus
or using cash only were not identifed, so the proposed
routes may be limited. Currently, the cash usage rate of city
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Figure 22: Result of autonomous shuttle operation feasibility analysis based on ODD for <traditional market> major route.
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buses in the metropolitan area, including Seoul, is low at
about 1% and the smart card data can be considered to
represent almost the entire passengers. But still, there are
some elderly people who use cash only and their travel
behaviors cannot be refected. Terefore, we plan to utilize
additional travel records that can be collected regardless of
the payment method or transport modes such as household
travel surveys and foating population data. Furthermore, in
future research studies, we intend to optimize our meth-
odology for designing routes suitable for actual operation by
minimizing the user and operator costs based on the genetic
algorithms.
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