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Abstract In this study, we developed an advanced agent-based simulator which allows an agent-based mesoscopic
traffic simulator to cooperate with a dynamic vehicle allocation system. this simulator can reproduce a dynamic vehicle
allocation service in real world through its Web API (Application Programming Interface). We implemented this
simulator to evaluate ride-sharing taxi services in Kumamoto City compared with the conventional taxi service (without
sharing). From simulation results, the ride-sharing taxi service is more effective. The average time from booking a ride
to arriving at the intended destination was significantly reduced as the number of vehicles increased. However, the
average occupancy rate of vehicles decreased.

Keywords Ride-sharing taxi service, Mesoscopic traffic-simulation model, Dynamic on-demand vehicle allocation

system, Web API interaction.

1 Introduction

The over-reliance on private vehicles could cause some
issues such as air pollution, traffic congestion, and road
accidents in cities. To achieve sustainable urban mobility,
classical public transportation systems (services with
fixed timetable and route) have been considered as an
important means [1]. However, the operation conditions
for classical public transportation systems, especially bus,
have exasperated over the past years. Classical public
transportation services should not be the only option
because in some cities there are no services in the areas of
low density or low transport demand [2], [3]. Moreover,
public transportation operators face a shortage of drivers
due to a reducing workforce in Japan [4]. Therefore, to
resolve the problems above, Demand Responsive
Transport (DRT) services, which operate according to the
demand of users, have caused widespread concern in the
last years [5].

One example of DRT is the paratransit, also called
community transport, for transporting elderly people and
disabled people [6]. It is a service that does not follow
fixed timetable and fixed-route which could contribute to
mobility support in areas where public transportation is
inconvenient. However, there are also some customer
service problems. Toland [7] indicated that paratransit
services charge higher fares than classical public
transportation. Furthermore, most of the services are not
real-time as customers need to make an advance
reservation for more than 24 hours [8]. The main function

of this service could be emphasized as a social service
rather than an option to make sustainable mobility [9].

One interesting option of DRT is carsharing, which
typically can be often rented by hours among different
customers [10]. Carsharing services could be regarded as
an important tool to achieve sustainable urban mobility by
decreasing the requirement for private vehicles [11].
However, the carsharing systems still have uncertainty
problems, such as vehicle availability problems and
available parking space problems. [12].

Ride sharing services are another type of DRT, which
includes carpooling and taxi sharing [5]. By allowing
more people to use one vehicle, ride sharing could
increase occupancy rate and reduce total travel distance,
traffic congestion, and carbon emissions [13]. However,
unregulated carpooling for transporting paying customers
is illegal in Japan now, unless there is a green plate on the
vehicle and an appropriate driver license. The taxi sharing
services (pick up customers not traveling together) in
Japan were also illegal till the transportation ministry
approved taxi sharing services nationwide in 2021 [14].
After this introduction, it could allow strangers with
similar destinations to ride in the same vehicle to offer
greater convenience for customers. Enhancing taxi
sharing services is also one way to address the increase in
elderly population, especially those who are unable to
drive [15]. There, each customer of taxi sharing services
could pay a lower fare compared with a regular taxi [16].
For all these benefits, demonstrations of taxi sharing
systems have been conducted across Japan. Two separate



verification tests were conducted in Arao City,
Kumamoto Prefecture [17], and a full-scale introduction
is planned.

This paper focuses on the effect of introducing taxi
sharing service on the current demand for taxis. Using a
shared taxi such as this, users can set the boarding points
and destinations with a smartphone or other device. And
users who want to travel in the same direction can use the
same taxi, which could enhance mobility and efficient of
taxi service and reduce the need for private vehicles [18].
When introducing new shared services, it is important to
evaluate the efficiency and level of the service in advance.
The stated preference experiment has been used to
investigate the potential acceptability of introducing new
shared services [19]-[21]. However, the implementation
scale is not large enough because of the lack of budget and
labour. Recently, the simulation models have been
proposed to analyse the new shared services [22]-[24].
Simulations models are useful to better comprehend the
impact of new shared services in future scenarios [25]. In
these simulation models, agent-based model (ABM) is
very suitable for testing different mobility services [26].

Inturri et al. [5] used ABM to evaluate different system
configurations for new shared services in Italy. They
explored scheduling strategies and found suitable
variables to improve the level of service. Oh et al. [27]
studied the impact of Automated Mobility-on-Demand in
Singapore through ABM and high-fidelity activity. They
indicated that the introduction of automated mobility may
increase congestion. ABM also has been used to test car
sharing services. Martinez et al. [12] developed a detailed
ABM to simulate car sharing services in Lisbon, Portugal.
Their simulation incorporated a car-sharing demand
model with discrete spatiotemporal alternatives to analyse
the superiority of car sharing services for other traffic
modes. Their results showed that car sharing performs
better than public transportation in travel time. Combined
with the analysis on behaviours of taxi drivers using GPS
data, Cheng and Nguyen [28] developed an agent-based
simulation platform, TaxiSim, that allows researchers to
assess interactions between taxis.

Several agent-based simulators also have been
developed by researchers, such as MATSim and SUMO,
have been proven sufficient for transport simulation [29].
Ciari et al. [30] analysed the effects of various policies on
one-way car-sharing services in Zurich, Switzerland,
using MATSim. Consequently, it was clarified that the
number of usage increases with the number of vehicles,
and the occupancy rate of parking spaces varies with the
price. However, MATSim and SUMO are insufficient for
a wider variety of DRT systems [31]. In addition, it is not
possible to directly visualize the traffic conditions and the
behaviour of agents during the simulation process without
a separately developed visualizing system. Even though it
is open source, the structure of the model is quite
complicated; hence, it is difficult to master it.

Therefore, the authors developed a new agent-based
traffic simulator, Kumamoto Multi-Agent-based Traffic

Simulator (K-MATSim), which is mesoscopic in an
attempt to describe the behaviour of each traveller. We
linked K-MATSim with an on-demand ride sharing taxi-
allocation system, Smart Access Vehicle System (SAVS),
described in Nakashima et al. [32], to evaluate the effect
of introducing a ride sharing taxi service on the current
demand for taxis in the central part of Kumamoto City. In
this research, the authors investigated a taxi sharing
service, which is a dynamic on-demand sharing service up
to the taxi capacity. The main innovation of our model is
that: (1) K-MATSim has all the standard features that a
meso-scale traffic simulation model should have, (2) can
explicitly model daily demand-supply interaction in mode
and route chosen by individuals, and (3) the simulator is
interfaced with a real-world real-time on-demand vehicle
allocation system (SAVS) by Web-API which is a novel
aspect compared with other studies.

This paper consists of four sections. The second section
describes the verification method, the third section
describes the simulation analysis, and the fourth section
draws conclusions from the present study and discusses
possible future research directions.

2 Materials and Methods

When introducing a new mobility service, deciding on
the extent of the service and its area of operation is
necessary. However, in the case of a new type of service,
such as a ride-sharing taxi service, the effects of
introducing the service cannot be predicted. From January
22 to March 11, 2018, a social experiment involving ride-
sharing taxis and based on vehicle allocation software was
conducted in cooperation with two major taxi companies
in 23 Tokyo wards and two neighboring cities. Thus, there
was some testing of the system in the real world before its
introduction. However, the scope of this test was limited
because of the small number of registered participants and
the cost and effort involved. Thus, using social
experiments such as this to fully examine the effect of
introducing mobility services is not easy.

An analytical tool that could simulate the process of
reserving ride-sharing taxis by wusers and vehicle
allocation by operators under actual traffic conditions in
place of experiments in the real world would enable
demand forecasting and impact assessments to be made
under different conditions in an area where the
introduction of such a service was planned. We, therefore,
developed a computer-simulation system that linked the
on-demand optimal taxi-allocation system, SAVS, with
the mesoscopic traffic flow simulation model, K-
MATSim. Using this system, we analyzed the impact of a
ride-sharing taxi service from the perspectives of both
users and operators. The area used for this simulation was
limited to the center of Kumamoto City but could be
expanded to the entire Kumamoto metropolitan area. The
details of K-MATSim and SAVS and how they were
linked together is explained below.



2.1 Overview of K-MATSim

K-MATSIim is an agent-based mesoscale traffic flow
simulator originally developed by Kumamoto University.
K-MATSIim generates the traffic environment in the
target area based on input data, as shown in Fig. 1, and
simulates the travel behavior of individual users and the
dynamic traffic flow that results from the combined
behavior of all users. The parameters of the system can be
adjusted, and the impact of different transportation
policies can be evaluated from an analysis of the results
of the simulation.

In the simulator, an individual who departs from a
certain point at a given time becomes an agent moving
toward a chosen destination. Each agent decides on their
own travel mode and route on the basis of discrete modal-
choice and route choice models, respectively, both of
which are built into K-MATSim. The travel mode with
the greatest utility is selected from among multiple
alternatives, including walking, bicycle, motorcycle,
automobile, bus, train, and taxi. The route with the lowest
cost is selected from the available alternatives
corresponding to the selected transport mode. The route
cost is the sum of the expected times for the different links
that constitute the route. The concept of the expected time
is discussed further on.

The traffic flow simulation model expresses the traffic
flow as an aggregation of the behaviors of all the agents
in the transportation network. This type of model
constitutes a mesoscopic traffic flow simulation model.
The movement of each vehicle on the road is determined
by the Fundamental Diagram, which shows the
relationships among the traffic density, traffic volume,
and mean speed. Traffic congestion is described by the
Physical Queue model, which allows for an increase or
reduction in traffic congestion on a particular link.
Information regarding the transportation network, such as
link travel time, which is based on previous agent
experience, is used to determine subsequent expected
travel time. Thus, the model has a loop structure that
includes agent-based simulation and mesoscopic
transport-flow simulation. As these processes are repeated
day by day, the different travel behaviors of all agents and
the traffic conditions on the network change
simultaneously. However, these changes gradually
converge after a certain number of iterations, until, finally,
the behaviors of the agents and traffic conditions become
stable. K-MATSim has been verified to meet the
performance standards of the standard verification
process for traffic flow simulation contained in the
verification manual formulated by the Japan Society for
Traffic Engineering [33].

2.2 Abbreviation and acronyms
SAVS is a real-time on-demand taxi-allocation system
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Science and Technology, and Mirai Share Co., Ltd. A
ride-sharing taxi is a service that combines the advantages
of a taxi—that is, on-demand and responsive— and a bus
route—that is, ride-sharing—without fixing the route
between departure point and destination in advance. This
way, SAVS can be characterized as a door-to-door DRT
optimum-allocation platform that can provide mobility
services in real time to users who need it [34], [35].

Unlike conventional demand-based transportation
systems, SAVS does not require reservations made
several hours in advance. There is, thus, no need to
coordinate the activity schedule with the plan of operation,
which is highly convenient for users. In addition, because
it is possible for one user to begin and complete a journey
while another user is being transported, it is expected that
SAVS can help to compensate for taxi driver shortages
and improve the occupancy rate of vehicles.

SAVS users access the system from a device, such as a
smartphone, and select the number of passengers, their
current location, and their destination using a map. If the
reservation is successful, the number of allocated taxis,
estimated journey time, estimated arrival time at the
destination, and number of passengers will be displayed
on the terminal screen. SAVS vehicles are equipped with
a tablet terminal that communicates with the SAVS cloud
system. On the tablet, the route that the driver should take
is displayed on a map. As instructed by SAVS, the driver



arrives at the correct location to pick up the user and
drives the user to the destination.

2.3 Coordination between K-MATSIM and SAVS

In this research study, demand forecasting and impact
assessment for a ride-sharing taxi service were conducted
for the Kumamoto metropolitan area. We developed a
combined system that linked K-MATSim and SAVS on a
computer in which the traffic flow based on the behavior
of different agents was reproduced in K-MATSim. At the
same time, optimal allocation of taxis was carried out by
the SAVS algorithm. In this study, SAVS incorporated a
cloud system that worked exactly as it does in actual
operation. In this combined system, SAVS replaced the
communication between real ride-sharing taxi users and
taxis with the communication between the user agents and
taxis in K-MATSim. As a result, as shown in Fig. 2,
SAVS performed the same processes as those done for
real situations.

K-MATSim and SAVS were linked using a web
Application Programming Interface (API). In SAVS,
communication between the user’s smartphone, PC,
vehicle-mounted device, and cloud system is carried out
by the web API. A Web API is an interface between
applications that is called over the network using the
HTTP protocol, which is a communication protocol used
by web browsers to access websites. A web API is, thus,
a standard communication method that can be used on
web browsers, and it is highly compatible with
applications run on web browsers. Using the agents in K-
MATSIim to simulate the communication by a web API
on a user’s smartphone, PC, or in-vehicle device, the
accessing of SAVS by humans or in-vehicle devices can
be simulated. This system makes it possible to conduct
verification in situations involving tens of thousands of
users and hundreds of vehicles, which is difficult to do in
real-world experiments.

2.4 Simulation model combing K-MATSIM and SAVS

K-MATSim can generate trips by itself, including
choosing the travel mode and the route based on the
characteristics of the individual agent, level of service
required, and expected travel time. However, in the case
of this simulation, no suitable model for choosing the
mode of travel was available, so it was impossible to
predict trips for which there would be a change from the
currently used travel mode to a ride-sharing taxi.
Therefore, it was assumed that for all trips undertaken
using conventional taxis that were recorded in the
Kumamoto metropolitan area household travel survey
conducted in 2012, the user would use a ride-sharing taxi.
The locations of the departure and arrival points of all taxi
trips were coded as zones rather than as points in this
survey. Therefore, in the simulation, we set the locations
of the departure points and destinations to correspond to
randomly-distributed points within the appropriate zones.

It was assumed that each agent would choose the route
with the minimum expected travel time from the departure
point to the arrival point. Seven modes of travel those are
walking, bicycle, scooter, motorcycle, light car,
automobile, and taxi- were used in the initial input to K-
MATSim.

SAVS can only operate optimally under certain
conditions: if the taxi is unable to reach the user 120
minutes before the desired departure time or if the
distance between the boarding and alighting locations is
less than 100 meters, a reservation will not be made. The
taxis that are used are sedans and have a passenger
capacity of four. Further details of the models used for
taxis and users in the simulation are given below.

2.4.1 taxi behavior model. The flowchart of the taxi is
described in Fig. 3 (left). The rules of behavior used for
taxis are:

(2) Initial position: At the beginning of the simulation, all
taxis are randomly placed on main roads within the target
area.

(2) Send current position: The locations of taxis could be
sent to SAVS every 10 seconds.

(3) Acquisition of route information: Each time the
optimal route is updated by SAVS, the taxi obtains the
latest route information.

(4) Action without reservation: If there are no current
reservations, the taxis continue cruising.

(5) Action at the time of reservation acceptance: A taxi
will move to the boarding point specified by SAVS. After
the user boards, the taxi will move to the destination
specified by SAVS, and the user will be dropped off there.

2.4.2 Taxi-user behavior model. The flowchart of the
taxi-user is described in Fig. 3 (right). The rules of
behavior used for taxi-users are:

(1) Initial position: Users are randomly placed on roads
within their departure zones as recorded in the household
travel survey.

(2) Time of reservation: Users make a reservation by
specifying their departure point and destination. The point
at which they leave the taxi corresponds to a node
arbitrarily selected from the nodes within the destination
zone.

3 Analysis of the simulation

The analytical system linking K-MATSim and SAVS
with the web API developed in this study was just the
prototype of a full-scale application that could be applied
to an entire metropolitan area. The first aim of the analysis
of the simulation was to verify the applicability of this
system and the overall effect of introducing ride-sharing
taxi services. Therefore, the conditions under which the
simulation was run represented a considerable
simplification: for example, the possibility that a user
would change from another mode of transport to a ride-
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Table 1. Simulation scenario

Scenario Num_ber of Evaluation indices
vehicles
5 Number of reservations
Conventional 10 Average waiting time
taxi 20 Average distance traveled
30 Average journey time
5 Average total travel time
Ride-sharing 10 Number of rideshares
taxi 20 Number of failed reservations
30 Average occupancy rate
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Figure 4. Simulation target area
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Figure 5. Transportation modal shares for trips in the target area

sharing taxi was not considered, and the target trips were
limited to trips within the test area. However, these
conditions can all be made broader within K-MATSim.
Here, we analyze how the introduction of a ride-sharing
taxi service would affect businesses and users.

3.1 Comparison scenarios

The introduction of ride-sharing taxis is expected to
compensate for the shortage of drivers, improve profits
for businesses, and improve convenience for users. To test
our model, we aimed to analyze the impact on businesses
and users when a shared taxi service is introduced.
Simulations were performed to study the effect of sharing
service with different numbers of vehicles. To this end,
we increased the number of vehicles one step at a time and
analyzed the changes in demand and other effects.

The simulations were performed for twelve different
scenarios shown in Table 1. The effects between different
scenarios are evaluated, including the number of
reservations, average waiting time, average distance,
average on-board time, average total travel time, number
of rideshares, number of failed reservations, and average
occupancy rate. It was assumed that the conventional taxi
service and the ride-sharing taxi service could not operate
at the same time. Under each of the different scenarios, 5,
10, 15, 20, 25, and 30 vehicles were provided by each
service. In addition, in both cases, the conventional taxi
service and the ride-sharing service, optimal vehicle
allocation was carried out using the SAVS vehicle
allocation algorithm.

3.1.1 Target area and road network. To verify the
performance of the prototype analysis model and to
reduce the computational cost, we decided to limit the
study area to the central part of Kumamoto City, as shown
in Fig. 4. The road network data in the target area was
obtained from "Open Street Map," which allows free
access.



3.1.2. Target trips. The agents used in the simulation of
the ride-sharing taxi service consisted of current taxi users
inside the target area as extracted from data contained in
the 4th Kumamoto Metropolitan Area Household Travel
Survey conducted in 2012. As shown in Fig. 5, the total
number of trips in the study area was 132,353, with
current taxi trips accounting for 3,432 of them, or a share
of 2.6%. In addition, background car trips on the road
network were limited to trips within the study area.

3.1.3 Simulation parameters. The values of the various
parameters required to execute the simulation were set as
follows.

(1) Number of trials: K-MATSim includes a mechanism
by which the expected cost, which is determined by
repeating the daily behavior of each agent, affects the
choice of the travel mode as well as the route. However,
in this study, only the choice of route changed on
different days. The simulation was run for 50 days, and
the results were then evaluated.

(2) Target time of day: The scan time used in the
simulation was 1 second, and the simulation was run for
24 hours from 0:00:00 to 24:00:00. Because taxi trips that
ran into the next day were not included in the simulation,
the number of trips available for a ride-sharing taxi may
have differed from the number of reservations described
below, depending on the scenario.

3.1.4. Evaluation indices. The evaluation indices shown
in Tables 1 and Table 2 are described below.

(1) Number of reservations: This is the total number of
times that users tried to make a reservation. All trips made
using a taxi had been reserved; however, trips that ran past
24:00 were excluded from the evaluation of the simulation.
(2) Average waiting time: This is the average time from
the completion of a reservation to boarding for users who
have completed a reservation.

(3) Average distance: This is the average distance traveled
from boarding to leaving the taxi for users who have a
completed reservation.

(4) Average on-board time: This is the average time from
boarding to leaving the taxi for users who have taken a
ride-sharing taxi.

(5) Average total travel time: This is the average length
of time from the completion of the reservation to leaving
the taxi for all ride-sharing users. It is equal to the sum of
the average waiting time and average on-board time.

(6) Number of rideshares: This is the number of trips that
resulted in ride-sharing. If there is more than one person
in the vehicle at the time of boarding, this is counted as
one rideshare.

(7) Number of failed reservations: This is the total number
of times users’ reservations failed. A reservation is not
made if SAVS determines that it is impossible to board
the taxi within 120 and 60 minutes of the desired boarding
time at the time of reservation or if the distance between
the point of boarding and the destination is less than 100
meters.

(8) Average occupancy rate: This is the average value of
the ratio of the total travel time to the time that the vehicle
is in operation. It is assumed that taxis cruise randomly
except when picking up or transporting passengers.

(9) Average occupancy rate (Only while riding): This is
the average value of the ratio of on-board time to the time
that the vehicle is in operation.

3.2 Comparative analysis

The results of the evaluation indices obtained for each
scenario are shown in Table 2. The main results are
analyzed below.

3.2.1 The average of distance and on-board time. For
the conventional taxi services, was low, ranging from
1.9km to 2.3km. The average on-board time was also low,
ranging from 2.8min to 3.5min. This is because the target
area was limited to the central area of Kumamoto City,
which is a small area of approximately 5.2 km x 6.2 km,
and only trips completed within the target area were
analyzed. The situations are similar for the ride-sharing
taxis, the average distance and the average on-board time
are both low. However, the average distance and average
on-board time are considerable increases over the results
for conventional taxis. The average distance was ranging
from 3.4 kmto 3.8 km, and the average on-board time was

Table 2. Results of simulation analysis
. Number of Average Number of Average
Reservation Number Number of ) Average Average R Average total . Average )
L . . reservation . N " boardlng . ride- . operation rate
limit time taxi type of reservations failed waiting time distance Al travel time sharing operation rate [%]
[min] vehicles | [times] [times] [min] tmi [min] tmin] [times] (] @ty il At
5 | 3400 |2eed S Lo .| o 867% 43.9%
10 3,374  [E426 DS 2.1 .1 [ 0 81.3% 42.3%
Conventional | 15 3,369 [ 755 SR 2.2 [ 3.3 0 75.4% 40.3%
taxi 20 3415 [0 336 A 5 23000 3.4 (7 0 67.4% 36.7%
25 3,425 | 72 8.3 PEINEE RS 0 58.4% 32.6%
120 30 3,426 sl 5.5 2335l 9.05 0 48.0% 27.9%
SEEEECE 5 35 5o MMMESEE| | 52|  s55%|  e25%
THEEECE T8 3.8 s IS 55/ 75.4% 54.7%
Ride-sharing | 15 3420 [0 412 EE © 3.5 s s 7 63.8% 45.4%
taxi 20 3,420 | o1 [l 16.5 34k e 1 s 85 52.5% 36.7%
25 3,422 s 3.5 S R 38.7% 29.0%
30 3,422 5 2.6 S5SY 8262238 30.5% 23.8%
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from 5.4 min to 5.9 min. This is because the ride-sharing
taxis have to take a detour to pick up different passengers.

3.2.2 The average total travel time. The average total
travel time varies considerably depending on whether the
taxi service is acting in a "sharing" mode. However,
regardless of whether the service was provided by ride-
sharing taxis or a conventional one, the average total
travel time decreased as the number of allocated vehicles
increased.

3.2.3 The average waiting time and the number of
failed reservations. For the ride-sharing taxi service, the
reduction in average travel time with the increasing
number of vehicles was very large. That is because the
average waiting time greatly decreased when the number

of allocated vehicles increased. In all of the tested
scenarios, the waiting times for 60%-70% of users were
10 minutes or less.

3.24 The average occupancy rate. The average
occupancy rate decreases as the number of wvehicles
increases, regardless of the service type. Besides, the
occupancy rate of ride-sharing taxis decreased more
significantly. To find the reason for this, we calculated the
total number of reservations, the number of successful or
failed reservations, and the number of passengers under
each scenario. The results are shown in Fig. 6. For the
scenario with five conventional taxis, there were very few
successful reservations even when the total number of
reservations was very small, such as between 0:00 and
3:00 (Fig. 6 (a) left). However, when the number of



200
150
100
50
0
5 10 15 20 25 30
==@==conventional taxi ride-sharing taxi
Figure 7. The maximum-number of passengers in each scenario

vehicles increased to more than 10, almost all reservations
made at these times (0:00~3:00) were successful (Fig. 6
(b)~(d) left).

In the period from 10:00 to 14:00, when reservations
were made, many reservations were unsuccessful in most
of the scenarios (Fig. 6 (a), (b)). However, in the scenario
with 20 ride-sharing taxis, the number of unsuccessful
reservations was small (Fig. 6 (c) right). Moreover, in the
scenario with 30 ride-sharing taxis, there were no
unsuccessful reservations (Fig. 6 (d) right). These
findings indicate that there is an upper limit on the
transportation capacity for each scenario, and if the
number of reservations exceeds that capacity, many
reservations will not be successful

If the number of ride-sharing taxis is increased, the
transportation capacity improves and the service can cope
with more demand. However, the occupancy rate then
falls. As shown in Fig. 7, since the transportation capacity
of a ride-sharing taxi service increases with the number of
vehicles, excesses of capacity occurred in the off-peak
period (see 3.2.5). A decrease in the occupancy rate leads
to lower business profits. To reduce this surplus capacity
and improve occupancy rate, it will be necessary for
operators to predict demand within each period in advance
and adjust the number of allocated vehicles appropriately.

3.2.5 The average occupancy rate (only while riding).
The average vehicle occupancy rates throughout a day for
conventional taxis and ride-sharing taxis are shown in Fig.
8. The average occupancy rate (Only while riding) refers to
the ratio of on-board time to the time that the vehicle is in
operation. In the scenario with 10 vehicles, the largest
occupancy rate of conventional taxis is 57.3%, while the
largest occupancy rate of ride-sharing taxis is 81.1%, 1.5
times that of conventional taxis. This is because the ride-
sharing taxi is shared by multiple passengers in the same
taxi route to reduce the waiting time. In both scenarios, the
vehicle occupancy rate peaks for conventional taxis and
shared taxis are around 55% and 80%, respectively.

3.2.6 The seat occupancy rate

The average seat occupancy rates throughout a day for
conventional taxis and ride-sharing taxis are shown in Fig.
9. Seat occupancy rate refers to the ratio of the number of
passengers to the maximum number of passengers (four
passengers) per vehicle. In the scenario with 10 vehicles,

the largest occupancy rate of conventional taxis is 14.3%.
The largest occupancy rate of ride-sharing taxis is 36.9%,
about 2.5 times that of conventional taxis, which indicates
that sharing mode is used more effectively. In terms of
ride-sharing taxis, when the number of dispatch vehicles
is 25, the vehicle occupancy rate and seat occupancy rate
are both high during off-peak (0:00 to 5:00) and peak
(8:00 to 18:00) periods. This finding indicates that ride-
sharing taxis could operate efficiently in the study area.

3.2.7 The maximum number of passengers

According to the number of applications and the ratio of
successful reservations, 30 conventional taxis or 25 ride-
sharing taxis could accept almost all reservations in the
study area. As described above, there is an upper limit on
the transportation capacity for each scenario. Fig. 10
shows the maximum number of passengers (upper limit)
in each scenario (different vehicle number) per unit time.
The maximum number of passengers increases linearly by
increasing the number of dispatch taxis in both the
conventional taxi and the ride-sharing taxi. In addition,
since conventional taxis and ride-sharing taxis are
growing in tandem, the difference in transportation
efficiency between the conventional taxi and the ride-
sharing taxi becomes smaller as the number of dispatch
vehicles increases.

4 Conclusions

The results obtained from this research, together with
topics for possible future investigation, are briefly
described below.

(1) A simulated environment was constructed wherein
K-MATSIim and SAVS were linked together by a web
API. K-MATSim describes user behavior and vehicle
movements; SAVS allocates ride-sharing taxis using an
optimal vehicle allocation algorithm.

(2) Six scenarios consisting of three scenarios with
different numbers of both conventional and ride-sharing
taxis were established. For both the traditional and ride-
sharing taxis, the average total travel time, which was
taken to be the sum of the average waiting time and the
average journey time, decreased as the number of
allocated vehicles increased. In particular, in the case of
the ride-sharing taxi service, the greater the number of
vehicles the shorter the waiting time from the completion
of reservation to boarding. Similarly, for both the
conventional and ride-sharing taxis, the number of
reservations that failed decreased as the number of
allocated vehicles increased. The reduction in the number
of failed reservations was greater in the case of the ride-
sharing taxis than that for the conventional taxi service.

(3) For both service types, the average occupancy rate
decreased as the number of allocated vehicles increased.
This decrease was particularly large in the case of the ride-
sharing taxi service. This was because as the number of
allocated vehicles and the transportation capacity
increased, a surplus in transportation capacity was



produced at times when the demand was less than the
capacity. Operators should predict the demand within
each time period in advance and adjust the number of
allocated vehicles accordingly so as not to produce such a
surplus.

These findings related to both user convenience and
businesses profitability are useful benchmarks for
designing the areas of operation and the number of
vehicles to be allocated to ride-sharing services. However,
this case study omitted some important factors that should
be considered. For example, in this study, existing taxi
usage was simply replaced by journeys using ride-sharing
taxis without considering the choices that might be made
by users. Possible future areas for study are listed below.

(1) Incorporating a modal-choice model in K-MATSim

A mode-conversion model that converts from current
use to ride-sharing taxi use or one of the other available
modes should be included in K-MATSim. Data are
needed to make estimates of the choices that might be
made by users or to construct conversion models.
However, as previously explained, at present, there are no
ride-sharing taxi services actually operating in Japan,
which means that obtaining data that include ride-sharing
taxis as possible alternative modes of travel is difficult.
These data may, therefore, have to be obtained by drawing
up suitable questionnaires and conducting surveys.

(2) Expanding the target area

The target area in this case study consisted only of the
central area of Kumamoto City. In addition, as was the
case with taxis, car trips in K-MATSim were also limited
to car trips inside the area of interest. However, the effect
on traffic congestion in the target area due to traffic
originating outside the area should also be considered. In
addition, improving the computability so that this
simulated system can be made applicable to larger urban
areas is necessary.

(3) Application to areas with different travel patterns
and demand characteristics

In this study, the focus was on the center of Kumamoto
City, which is an urban area, where high demand can be
expected. Ride-sharing taxi services are expected to be a
useful mobility service for vulnerable people who live in
less densely populated areas, where the demand for
movement is low, and where there is a shortage of drivers.
Subsequent case studies should be conducted in various
different areas that have different demand patterns and
socioeconomic characteristics.

References

1. G. Ambrosino, J. D. Nelson, M. Boero, and I. Pettinelli,
“Enabling  intermodal  urban  transport  through
complementary services: From Flexible Mobility Services
to the Shared Use Mobility Agency: Workshop 4.
Developing inter-modal transport systems,” Res. Transp.
Econ., vol. 59, pp. 179-184, 2016, doi: 10.1016/j.retrec.
2016.07.015.

2. N. R. Velaga, J. D. Nelson, S. D. Wright, and J. H.
Farrington, “The potential role of Flexible Transport

10.

11.

12.

13.

14.

15.

16.

Services in enhancing rural public transport provision,” J.
Public Transp., vol. 15, no. 1, pp. 111-131, 2012, doi:
10.5038/2375-0901.15.1.7.

C.-W. Kuo and M.-L. Tang, “An agent-based simulation
model to assess the impacts of introducing a shared-taxi
system: an application to Lisbon (Portugal),” J. Adv. Transp.,
vol. 47, no. June 2010, pp. 512-525, 2011, doi: 10.1002/atr.
MLIT, “Committee of the future image regarding
revitalization and regeneration of local public
transportation,” Ministry of Land, Infrastructure, Transport
and Tourism, 2017. https://www.mlit.go.jp/sogoseisaku/
transport/sosei_transport_tk_000062.html (accessed Dec.
27,2021).

G. Inturri et al., “Multi-agent simulation for planning and
designing new shared mobility services,” Res. Transp. Econ.,
vol. 73, no. October 2018, pp. 34-44, 2019, doi:
10.1016/j.retrec.2018.11.009.

P. Nguyen-Hoang and R. Yeung, “What is paratransit
worth?” Transp. Res. Part A Policy Pract., vol. 44, no. 10,
pp. 841-853, Dec. 2010, doi: 10.1016/J.TRA.2010.08.006.
C. Toland, “Public Transportation Providers’ Obligations
Under the Americans with Disabilities Act (ADA),” Library
of Congress. Congressional Research Service, 2008.
https://www.everycrsreport.com/reports/RS22676.html
(accessed Jan. 02, 2022).

Y. Edwin, “Audit of the City’s Paratransit Service,” Hawai,
2016.

J. L. Kent and R. Dowling, “The future of paratransit and
DRT: Introducing cars on demand,” Transp. Sustain., vol. 8,
pp. 391-412, 2016, doi: 10.1108/S2044-
994120160000008019/FULL/XML.

M. Barth and S. A. Shaheen, “Shared-Use Vehicle Systems:
Framework for Classifying Carsharing, Station Cars, and
Combined Approaches:,” https:/doi.org/10.3141/1791-186,
no. 1791, pp. 105-112, Jan. 2002, doi: 10.3141/1791-16.

S. A. Shaheen and A. P. Cohen, “Growth in Worldwide
Carsharing: An International Comparison,” https://doi.org
/10.3141/1992-10, no. 1992, pp. 81-89, Jan. 2007, doi:
10.3141/1992-10.

L. M. Martinez, G. H. de A. Correia, F. Moura, and M.
Mendes Lopes, “Insights into carsharing demand dynamics:
Outputs of an agent-based model application to Lisbon,
Portugal,”
http://dx.doi.org/10.1080/15568318.2016.1226997, vol. 11,
no. 2, pp. 148-159, Feb. 2016, doi: 10.1080/15568318.2016.
1226997.

M. Lokhandwala and H. Cai, “Dynamic ride sharing using
traditional taxis and shared autonomous taxis: A case study
of NYC,” Transp. Res. Part C Emerg. Technol., vol. 97, pp.
45-60, Dec. 2018, doi: 10.1016/J.TRC.2018.10.007.
[MLIT, “Implementing a new taxi sharing services system,”
Ministry of Land, Infrastructure, Transport and Tourism,
2021. https://www.mlit.go.jp/report/press/jidosha03_ hh_
000338.html (accessed Jan. 04, 2022).

R. Abe, “Introducing autonomous buses and taxis:
Quantifying the potential benefits in Japanese transportation
systems,” Transp. Res. Part A Policy Pract., vol. 126, pp.
94-113, Aug. 2019, doi: 10.1016/J.TRA.2019.06.003.

[. E. Feibel, “PARATRANSIT AND URBAN PUBLIC
TRANSPORT POLICY IN LOW- AND MEDIUM-
INCOME COUNTRIES: A CASE STUDY OF ISTANBUL,
TURKEY,” 1987.



17.

18.

19.

20.

21.

22

23.

24.

25.

26.

27.

28.

29.

30.

Arao City, “Special Report on Arao Rid-sharing Taxi
Demonstration Experiment,” 2020. https://www.city.arao.
lg.jp/g/aview/221/9413.html (accessed Feb. 20, 2020).

Y. Wang, B. Zheng, and E. P. Lim, “Understanding the
effects of taxi ride-sharing — A case study of Singapore,”
Comput. Environ. Urban Syst., vol. 69, pp. 124-132, May
2018, doi: 10.1016/J.COMPENVURBSYS.2018.01.006.

R. Krueger, T. H. Rashidi, and J. M. Rose, “Preferences for
shared autonomous vehicles,” Transp. Res. Part C Emerg.
Technol., vol. 69, pp. 343-355, Aug. 2016, doi: 10.1016/
J.TRC.2016.06.015.

J. Kim, S. Rasouli, and H. J. P. Timmermans, “Investigating
heterogeneity in social influence by social distance in car-
sharing decisions under uncertainty: A regret-minimizing
hybrid choice model framework based on sequential stated
adaptation experiments,” Transp. Res. Part C Emerg.
Technol., vol. 85, pp. 47-63, Dec. 2017, doi: 10.1016/
J.TRC.2017.09.001.

T. Yoon, C. R. Cherry, and L. R. Jones, “One-way and
round-trip carsharing: A stated preference experiment in
Beijing,” Transp. Res. Part D Transp. Environ., vol. 53, pp.
102-114, Jun. 2017, doi: 10.1016/J.TRD.2017.04.009.

. J. Bischoff, M. Maciejewsk, and K. Nagel, “City-wide

shared taxis: A simulation study in Berlin,” IEEE Conf.
Intell. Transp. Syst. Proceedings, ITSC, vol. 2018-March,
pp. 275-280, Mar. 2018, doi: 10.1109/ITSC.2017.8317926.
P. Carotenuto, D. Monacelli, G. Raponi, and M. Turco, “A
Dynamic Simulation Model of a Flexible Transport Services
for People in Congested Area,” Procedia - Soc. Behav. Sci.,
vol. 54, pp. 357-364, Oct. 2012, doi: 10.1016/J.SBSPRO.
2012.09.755.

M. E. T. Horn, “Multi-modal and demand-responsive
passenger transport systems: a modelling framework with
embedded control systems,” Transp. Res. Part A Policy
Pract., vol. 36, no. 2, pp. 167-188, Feb. 2002, doi: 10.1016/
S0965-8564(00)00043-4.

S. Horl, C. Ruch, F. Becker, E. Frazzoli, and K. W.
Axhausen, “Fleet operational policies for automated
mobility: A simulation assessment for Zurich,” Transp. Res.
Part C Emerg. Technol., vol. 102, pp. 20-31, May 2019, doi:
10.1016/J.TRC.2019.02.020.

G. Cich, L. Knapen, M. Maciejewski, A. U. H. Yasar, T.
Bellemans, and D. Janssens, “Modeling Demand
Responsive Transport using SARL and MATSim,” Procedia
Comput. Sci., vol. 109, pp. 1074-1079, Jan. 2017, doi:
10.1016/J.PROCS.2017.05.387.

S. Oh, R. Seshadri, C. L. Azevedo, N. Kumar, K. Basak, and
M. Ben-Akiva, “Assessing the impacts of automated
mobility-on-demand through agent-based simulation: A
study of Singapore,” Transp. Res. Part A Policy Pract., vol.
138, pp. 367-388, Aug. 2020, doi:
10.1016/J.TRA.2020.06.004.

S. F. Cheng and T. D. Nguyen, “TaxiSim: A multiagent
simulation platform for evaluating taxi fleet operations,”
Proc. - 2011 IEEE/WIC/ACM Int. Conf. Intell. Agent
Technol. IAT 2011, vol. 2, pp. 14-21, 2011, doi:
10.1109/WI-1AT.2011.138.

M. Balmer, K. ; Meister, M. ; Rieser, K. ; Nagel, and K. W.
Axhausen, “Agent-based simulation of travel demand,”
Arbeitsberichte Verkehrs- und Raumplan., vol. 504, 2008,
doi: 10.3929/ETHZ-A-005626451.

F. Ciari, N. Schuessler, and K. W. Axhausen, “Estimation of
Carsharing Demand  Using an  Activity-Based
Microsimulation Approach: Model Discussion and Some

Results,”  https://doi.org/10.1080/15568318.2012.660113,
vol. 7, no. 1, pp. 70-84, Jun. 2012, doi: 10.1080/15568318.
2012.660113.

31. M. Certicky, M. Jakob, R. Pibil, and Z. Moler, “Agent-based
Simulation Testbed for On-demand Mobility Services,”
Procedia Comput. Sci., vol. 32, pp. 808-815, Jan. 2014, doi:
10.1016/J.PROCS.2014.05.495.

32. H. Nakashima et al., “Concept and implementation of a new
transportation system that unifies the bus and taxi services,”
J. Japan Soc. Civ. Eng., vol. 71, no. 5, p. |_875-1_888, 2015,
doi: 10.2208/JSCEJIPM.71. 1_875.

33. Japan Society of Traffic Engineers (JSTR), “Standard
verification process for traffic flow simulation - Verification
Manual.”  http://www jste.or.jp/sim/manuals/VVfyMan.pdf
(accessed Jun. 10, 2020).

34. H. Nakashima et al., “Smart Access Vehicle Service for
Future Regional Mobility,” The 32nd Annual Conference of
the Japanese Society for Artificial Intelligence, 2018.

35. J. Ochiai, R. Kanamori, K. Hirata, and I. Noda, “Usability
Evaluation of Smart Access Vehicle Service Using
Dispatched Taxi Data in Nagoya City,” 2018.

Toshikatsu MORI received master’s degree
in Knowledge Information Engineering from
Toyohashi University of Technology in 2005
/ and is currently a PhD student in Civil
— Engineering at the Kumamoto University in
‘VA Japan. His research interests include the use
of agent-based computer simulations in

various transportation issues.

Shoshi MIZOKAMI received the D.E.
degree from Nagoya University, Japan in
1986. From 1998 to 2021, he was a professor
with Kumamoto University. After retirement,
he became a professor at Kumamoto Gakuen
University. His research interests include
some new on-demand mobility services
combining sharing and autonomous driving.

Ryo KANAMORI received the D.E. degree
from Nagoya University, Japan, in 2007,
where he was a Research Associate Professor.
His research interests include the evaluation
of transport policies with travel demand
‘ forecasting models and travel behavior

analysis. He is currently evaluating the impact
of mobility services such as ride-sharing systems.

Qiang LIU received Ph.D. degrees in
Graduate School of Science and Technology
from the Kumamoto University in 2020. He is
currently a postdoctoral researcher with
Institute of Policy Research in Kumamoto
city, Japan. His research interests include
sustainable urban development, travel
behavior, big data, and spatial analysis.



