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Abstract

To solve various social problems, such as the declining birthrate, aging population, and
depopulation of rural areas, autonomous mobile service robots are expected to assist
or replace tasks such as transportation, security, agriculture, and nursing care. The im-
plementation of an autonomous mobile robot requires an appropriate combination of
hardware and software, and in particular, it is essential to incorporate three elements:
localization, environmental perception, and path planning. In addition, for realizing an
advanced service robot, the communication environment for sending commands to the
robot from a remote location and for processing and utilizing the information obtained
from the sensors mounted on it is a necessary element. Furthermore, service robots
are expected to play active roles in environments where people typically live, and
they need to operate safely and efficiently in a crowded environment. In the research
presented in this dissertation, I focus mainly on the localization and communication
environment of robot implementation and develop a system using the Quasi-Zenith
Satellite System (QZSS) and the 5th-generation mobile communication system (5G).
For navigation, I propose a method to generate optimal actions for a robot by learning
changes in pedestrian behavior. Specifically, I propose the following: (1) a tour guide
robot using the QZSS and a co-experiencing robot using 5G in a theme park and (2) a
navigation method for a mobile robot in a dynamic environment using deep reinforce-
ment learning based on predictive state representation (PSR). The details are described
below.

(1) The QZSS is the latest global navigation satellite system (GNSS) operated by
Japan, which enables centimeter-level positioning with only a single module using an
original error correction method called CLAS. In this study, I compare the accuracy of
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the QZSS with an existing high-precision GNSS, implement the QZSS on a guidance
robot, and conduct experiments in a real theme park environment. In contrast, 5G is
a recently developed communication system, which enables higher capacity wireless
communication than conventional systems. Using 5G, I develop a system that trans-
mits a 360-degree 4K video as a robot experience to a remote location with high speed
and low latency, and allows users to co-experience it using the head-mounted display.
I also describe experiments of this co-experiencing robot system in a real environment.

(2) The behavior of pedestrians may change under various influences, and there-
fore, the behavior of their robots may also be affected. The method proposed in this
study is based on predictive state representation (PSR). It can predict the changes in
an environment after the action of an agent in a time series, to deal with the changes in
the behavior of pedestrians due to the influence of the action of the robot. In addition, I
propose a new PSR model using a graph convolution structure to deal with the change
in the pedestrian behavior caused by the influence of other pedestrians, which cannot
be considered in the conventional PSR model. Moreover, I show by experiments that
the proposed model is more effective than the conventional model. In addition, I pro-
pose two methods for integrating PSR states to manage the case in which the number
of pedestrians differs between training and testing, and compare the performance of
both methods by experiments.
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1
Introduction

1.1 Background

Even though the society is growing, various social problems have become increasingly
severe in recent years. For example, a shortage of labor is being caused by the declin-
ing birthrate, aging population, and depopulation of rural areas. Various entities have
developed countermeasures, and machines and information technology have increased
task efficiency. However, to solve this problem more effectively, it is necessary to
“substitute” the tasks. Autonomous robots can realize this substitution. Autonomous
robots are already active as the foundation of modern society in environments with
limited conditions, such as factory automation. However, despite their high demand
in traffic, security, agriculture, and nursing care, they are not as active in many human
living and working environments as in industrial fields. The general rule for many
such tasks is that they require locomotion. Consequently, to substitute these tasks,
robots that move autonomously to perform tasks, or “autonomous mobile robots,” are

1



1.1 Background 2

Figure 1.1: Examples of autonomous mobile service robots. Left figure shows
SPENCER (Source: http://www.spencer.eu/press.html, 2021). Right
figure shows SYMPARTNER (Source: http://www.sympartner.de/fotos,
2021).

needed instead of industrial robots that work at fixed points. Examples of research on
service robots using autonomous mobile robots include SPENCER [2] and SYMPA-
RTNER [3].

SPENCER is a robot that provides guidance at airports. This robot does not remain
fixed and shows a user the route and the destination; it moves by itself to help a traveler
make connections. With the development of society, the volume of air transportation
is increasing, and in turn, airport schedules are becoming more complex, and the prob-
ability of the changes and delays is rising. At hub airports, in particular, there are a lot
of people who are flying for the first time or who do not know the local language very
well, and for them, making connections can be a challenging task. SPENCER robot
can guide them from the arrival gate to passport control conveniently and efficiently.

SYMPERTNER is a robotic companion that lives with elderly, assisting them in
their daily life and communicating with them. This robot is intended to provide sup-
port according to specific scenarios, such as morning and evening routines. Such a
companion robot must interact with a user and actively approach the user to provide

 http://www.spencer.eu/press.html
http://www.sympartner.de/fotos


1.1 Background 3

support, enjoyment, and cognitive and motor stimulation to enrich the daily life of the
user. Therefore, it is necessary for robots to autonomously move to an appropriate
position when performing services in a home environment.

In addition to the above two robots, an autonomous personal mobility scooter [4]
to assist the mobility of people and an autonomous surveillance robot [5] to monitor
indoor areas have been proposed. When such robots are fully introduced into the real
world, the changes that will be caused in our lives are impactful.

As an example, let us consider a trip abroad. When we travel to an unfamiliar
location, the first difficulty we face is commuting from the airport. When visiting an
airport for the first time, there are many things that may be confusing, such as the
nearest exit to the destination and deciding to choose a train or a bus. In such a case,
a guide robot can help us move smoothly. In addition, there is a possibility that the
location we want to visit may be inaccessible by public transportation. However, if
we walk around in an unfamiliar location, we may become lost. In such cases, an
autonomous personal mobility system can help us reach our destination without any
concerns. When traveling abroad, security is a significant concern. Depending on
the location, we may encounter factors that threaten our safety, such as theft or street
thugs. A much safer trip can be achieved if surveillance robots patrol areas to prevent
crimes, and if a crime does occur, they can rapidly contact the police. In addition, such
robots will bring us food, talk to us, and provide entertainment to make our trip more
interesting in restaurants and hotels.

These are only a few examples of how our lives will be enriched with the introduc-
tion of autonomous mobile service robots. Autonomous mobile service robots have the
potential to realize such wonderful evolution of society without increasing the number
of personnel.

1.1.1 Components of autonomous mobile robot

Although the above four robots are developed to perform completely different tasks at
sites of completely different scales, they are similar in that they are equipped with var-
ious sensors to achieve their objectives and a software system configured to appropri-
ately utilize the sensor suite. In particular, “localization,” “environmental perception,”
and “path planning” are implemented as the basis for system realization, although their
detailed implementation differs. These three elements are essential for implementing
an autonomous mobile robot and also present very significant challenges.



1.1 Background 4

Software

Hardware

Real world

Localization

Environmantal
Perception

Path planning

Path execution

ActuatorSensors

Obstacles data
Obstacles data

Position data

Path information

Commands

Sensor data Actuator commands

Figure 1.2: Framework of autonomous mobile robots.

The framework of autonomous mobile robots is shown in Figure 1.2. Such a robot
observes the surrounding environment using sensors and obtains information. Envi-
ronmental perception is achieved from the sensor information, and obstacles are rec-
ognized. The position of the robot itself is obtained using the sensor data. A path
planner generates the path to achieve an objective from the obtained obstacle informa-
tion and the position information of the robot and sends a command to the actuator to
follow this path, finally the robots move.
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Localization is a fundamental function of a robot to recognize its position. How-
ever, the degree of difficulty significantly varies depending on the environment and the
task. It is difficult to obtain position information in daily life environments in which
many people enter and exit.

Environmental perception is essential to recognize obstacles; however, our living
environment contains static and dynamic obstacles. Without understanding the types
of objects and deciding which obstacles to focus on, a robot may stay in a location
based on prioritization to avoid collisions.

Path planning is a relatively simple function if only a path to a destination needs to
be planned. However, when there are multiple pedestrians, a robot needs to consider
the changes in the environment to plan a path, and planning a safe and efficient path is
a difficult task.

These elements are the basis for realizing an autonomous mobile robot; however,
the problem becomes more complex when considering the actual execution of the ser-
vice. When performing advanced processing, the processing load may be extremely
large for a robot to manage alone. Even if a robot can process such tasks indepen-
dently, there are problems such as the decreased operating time due to the increased
power consumption.

To solve this problem, it is necessary to support the processing of a robot with a
remote server instead of the processing on the robot itself. However, this requires the
communication environment to exchange information in real time. The communica-
tion environment is also vital for sending commands to the service robot and using the
data acquired by the robot for service.

To realize these elements, system integration of a robot is crucial. Hardware, such
as various sensors, and software to use them, must be combined appropriately to re-
alize the required elements. In the next section, I will describe the components of an
autonomous mobile robot in detail. I will also present some of the basic methods used
in the proposed system.

1.1.2 Localization

It is necessary for a robot to automatically move to the position required to complete
its tasks. To move to a target position, it is necessary to accurately know the differ-
ence between the target position and the position of the robot itself, and therefore,
“localization” in which the robot recognizes its own position is important.
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Satellite

Origin of the grid map
(lattitude and longitude are known)

Origin of the grid map
(lattitude and longitude are known)

Robot position

Figure 1.3: Conceptual diagram of localization using GNSS on grid map. Green cir-
cle indicates origin of the map where latitude and longitude are known, and yellow
circle indicates position of robot. Yellow circle shows position of robot. Orange line
represents difference between two points, and by determining this from difference in
latitude and longitude, position of robot in form of grid map can be obtained.

The localization problem can be classified into two types: global and local. A local
method is intended to compensate the travel distance errors during robot navigation.
The initial position of a robot must be known, and if the robot loses its position, it is
typically not recoverable. In a global method, the position of a robot can be identified
without prior knowledge of its location. Specifically, the global method can deal with
the problem of a kidnapped robot, where a robot is transported to an unknown position,
and it can be recoverable with a large error that occurs unexpectedly. Initially, global
localization appears to be a universal method; however, it is not perfect owing to the
problems faced by sensors.

Typical sensors used in global methods include cameras, laser range finders, and
a GNSS. The performance of cameras and laser range finders can be degraded by the
occlusions caused by obstacles that are not assumed beforehand, and a GNSS can be
degraded by the occlusions caused by obstacles and multipath. In practice, a combina-
tion of these two methods provides more robust localization.

In my implementation, I mainly use a GNSS for localization. However, to combine
the system with the route generation method described below, it is necessary to convert
the positioning information into the location information on a grid map instead of using
it directly. Therefore, the latitude and longitude of the origin of the map are obtained
in advance, and the position information on the map is calculated by computing the
difference from it.
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1.1.3 Environmental perception

Figure 1.4: Conceptual diagram of object detection using range sensor (left side) and
reflection to grid map (right side). Gray colored cell describes occupied cell by de-
tected obstacle.

The environment is not typically configured for a robot, and various dangers can
occur if a robot does not proactively understand its surroundings. In particular, object
detection is necessary to avoid collisions between the robot and its surrounding ob-
jects. Because service robots moving in the daily life environment may collide with
surrounding humans, the ability to avoid collisions is essential. The most basic object
detection method is to use a range sensor. This method is simple; however, if a robot
knows the distance to the object, it can plan its actions within a range where it will not
collide with the object. Moreover, in a stationary environment, simply using a range
sensor is frequently sufficient. One of the simplest methods for a robot to recognize
the obstacles detected by the range sensors is to treat them as occupancy information
in a grid map. Although it is important how obstacle information is reflected in the
path planning, it is relatively easy to realize path planning that reflects the obstacle
information by reflecting it in the map information, which is the basis for generating
the path.

1.1.4 Path planning

Path planning is the final step for a robot to start moving autonomously and is an
essential element. The generated path determines how a robot can move to a target
position efficiently and safely. Compared to industrial manipulators, path planning
for mobile robots is generally less complex. When considering the path planning for
mobile robots, the degree of freedom is less than that for an industrial manipulator,
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Figure 1.5: Example of cost map in 2D map. The lower left figure shows an example
of a cost generated on a map. The white area is the data measured by the distance
sensor, and the cost is generated on the map based on this data. The cost varies with
the distance from the obstacle, as shown in the lower right graph in the figure.

and in many cases, two dimensions are sufficient. In addition to simply generating
paths, obstacle avoidance is important in path planning. In static environments, it is
possible to deal with the existence of obstacles on a map by introducing a penalty.
This is called a cost map and is commonly used in navigation using ROS and ROS2.
Figure 1.5 shows an example of a cost map. However, in dynamic environments, it is
not possible to deal with path planning simply by considering a simple cost map, and
it is essential to predict the movement of dynamic objects and avoid them.

Robot

Figure 1.6: Examples of global and local path planning. The global path is generated
first, and then the local path is generated with respect to it.
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(a) (b)

(c) (d)

Figure 1.7: (a)–(c) Process of calculating cost of Dijkstra’s algorithm. Shaded areas
are not actually explored in (c). (d) Generated path using Dijkstra’s algorithm (orange
line).

In real-world scenarios, I use a combination of methods that can generate fast,
long-distance paths but do not consider robot speed constraints and other factors. Path
generation methods are computationally expensive but consider the robot speed con-
straints, current speed, and risk of collision. They can be global and local path plan-
ning. Dijkstra’s algorithm is frequently used as a global method, and the dynamic
window approach (DWA) [6] is typically used as a local method. Figure 1.6 show ex-
amples of global and local path planning. Dijkstra’s algorithm is a method for finding
the shortest paths between nodes in a graph. Because the shortest path can be calcu-
lated in a linear time, it is possible to generate long-distance paths relatively rapidly.
Using this method in a grid map, the shortest path from the current position of the
robot to the target position can be generated. Figure 1.7 shows an example of path
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Figure 1.8: Conceptual diagram of robot moving in environment flanked by walls
(upper side) and relation between velocity space and DWA for that scenario (lower
side).

generation using the Dijkstra’s algorithm. A DWA searches in the velocity space, with
translational velocity v and rotational velocity ω as the axes, and calculates the speed
at which it can reach the target position while avoiding possible collision areas. Figure
1.8 shows the relation between the velocity space of DWA for a scenario of a moving
robot. In this figure, Vs is the maximum speed that the robot can take, Va is the speed
at which the robot does not collide with obstacles, and Vd is the dynamic window. Va
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and Vd are represented by equations (1.1) and (1.2), respectively.

Va = {v, ω| v ≤
√

2 · dist(v, ω)v̇b ∧ ω ≤
√

2 · dist(v, ω)ω̇b} (1.1)

Vd = {v, ω| v ∈ [va − v̇t, va + v̇t] ∧ ω ∈ [ωa − ω̇t, ωa + ω̇t]} (1.2)

where dist(v, ω) is the distance to the nearest obstacle, v̇b, ω̇b is the acceleration that
causes the collision, and va and ωa are the actual velocities. Based on the above, the
velocity space to be searched Vr is,

Vr = Vs ∩ Va ∩ Vd (1.3)

Among the trajectories obtained from this search space, the one that minimizes the
objective function, G, is selected. In combination with global planning, the objective
function is as follows.

G = α · distpath + β · distgoal + γ · cost (1.4)

where distpath is the distance from the endpoint of the trajectory to the global path,
distgoal is the distance from the endpoint of the trajectory to the goal, and cost is the
value of the largest cost along the trajectory. α, β, and γ are parameters to be set in
advance.

1.1.5 Network environment

If autonomous mobile robots are to be operated as service systems, sending commands
and monitoring them from remote locations for service management and operation are
necessary, as shown in Figure 1.9. These requires communication, and it is essen-
tial to provide a wireless communication environment to prevent impeding of the free
movement of the autonomous mobile robot. The most common wireless communica-
tion methods are the fourth-generation mobile communication system (4G) and Wi-Fi.
4G is mainly used for smartphones, and its well-developed infrastructure allows it to
communicate over a wide area; however, it is frequently inferior to Wi-Fi in terms of
the communication speed. On the other hand, Wi-Fi is faster than 4G, and if the com-
municating modules are connected to the same router, they can communicate with a
low latency without using the Internet. However, owing to its limited communication
range, the range of action of an autonomous mobile robot becomes narrower.
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Robot

4G or Wi-Fi

Camera

Server

Commands

Sensor information

Figure 1.9: Conceptual diagram of communication for autonomous mobile service
robots. Robot receives commands from server managing service and server receives
image data for monitoring, and manager confirms scenario. The person on the right
side is watching the image acquired by the robot through a VR head-mounted display
as an example.

In this way, each method has its advantages and disadvantages, so it is necessary to
build an appropriate network environment according to the services to be realized and
the size of the data to be handled.

1.1.6 System integration for autonomous mobile robot

To realize an autonomous mobile robot that operates in the real world, the hardware
for robot and system integration is essential. In particular, sensors for realizing the
above three elements mentioned above, particularly object detection/tracking and lo-
calization, are essential. For object detection and tracking, it is crucial to measure the
distance. Therefore, sensors such as two-dimensional (2D)/three-dimensional (3D)-
LiDARs, depth cameras, and ultrasonic sensors are used. Concurrently, it is vital to
measure the position and pose information of the robot for localization. For this pur-
pose, optical trackers, beacons, inertial measurement units (IMUs), wheel encoders,
and a GNSS are used. Figure 1.10 shows an example of the implementation of an
autonomous mobile robot. In this example, the robot that uses a GNSS to estimate its
position and a 2D-LiDAR to detect obstacles. The robot is also equipped with a Wi-Fi
router to send commands from a distance and to monitor its status, and it communi-
cates with a computer at a remote location.

Probabilistic filters are also essential elements for integrating sensors into robots.
Because it is difficult for a single sensor to acquire all information, installing sensors
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Figure 1.10: Example of implemented system for autonomous mobile robot.

that can acquire different information or sensors that can acquire the same information
but have different characteristics is necessary for sensors to compensate for their short-
comings. Probabilistic filters are used for sensor fusion, which integrates information
from multiple sensors. In particular, an extended Kalman filter (EKF) is frequently
used to integrate multiple sensor information in localization. An ordinary Kalman fil-
ter deals only with linear systems, whereas an EKF can be applied to nonlinear systems
because it uses a Taylor expansion for linear approximation. The position and velocity
of a mobile robot over time can be described as a nonlinear dynamical system.

xk = f(xk−1) + wk−1 (1.5)

where xk represents the state of the system at time k and f is the nonlinear state
transition function. In addition, wk−1 is the system noise, which follows a normal
distribution. The state vector, x, considers the system in a 2D space and has eight
dimensions: position (x, y), attitude (yaw), velocity (ẋ, ẏ), angular velocity ( ˙yaw),
and acceleration (ẋ, ẏ). Furthermore, the measurement equation can be expressed as
follows:

zk = h(xk) + vk (1.6)



1.1 Background 14

zk is the measured value at time k and h is the nonlinear sensor model. vk is the
measurement noise following a normal distribution. Herein, I describe the processing
flow of an EKF, which is divided into prediction and filtering steps. In the prediction
step, the prior estimate, x̂k−1, and the prior error covariance matrix, P̂k, are obtained
from the state estimate, xk−1, of the previous time. In the filtering step, the state
estimate, xk, and the posterior error covariance matrix, Pk, are obtained using the
prior estimate and the measured values. The time update equation for the prediction
step is expressed below.

x̂k = f(xk−1) (1.7)

Fk−1 =
∂f(x)

∂x

∣∣∣∣
x=xk−1

(1.8)

Hk =
∂h(x)

∂x

∣∣∣∣
x=x̂k

(1.9)

P̂k = Fk−1Pk−1F
T
k−1 + Q (1.10)

where Fk−1 and Hk are linear approximations of the nonlinear state transition function
and the nonlinear sensor model, respectively. Q is the covariance matrix of the system
noise. The time update equation for the filtering step is expressed below.

K = P̂kH
T(HP̂kH

T + R)−1 (1.11)

xk = x̂k + K(z−Hx̂k) (1.12)

Pk = (I−KH)P̂k (1.13)

Here, K is the Kalman gain and R is the measured covariance matrix. These two
steps are repeated to integrate the data and estimate the state. As an example, when
using a GNSS, an IMU, and wheel encoders to integrate information in an EKF for

Table 1.1: Example of configuration of sensors for localization using EKF (“X” im-
plies True and “-” denotes False).

Sensors
Configuration

x y yaw ẋ ẏ ˙yaw
GNSS X X - - - -
IMU - - X - - X
Wheel encoder - - - X X X
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Figure 1.11: Conceptual diagram of multiple sensor data fusion. Bold line in right
figure shows data after fusion.

localization, the configuration of the information that can be obtained from each sensor
is summarized in Table 1.1. When the same information can be obtained from multiple
sensors, it is synthesized according to the product of the normal distribution, as shown
in Figure 1.11.

1.2 Research Aim

Implementation of an autonomous mobile robot is significant for it to act freely in
the real world. In Sections 1.1.1–1.1.6, I described the elements required for an au-
tonomous mobile robot. The overall implementation of the hardware configuration,
software, and algorithms is an important issue in real-world robotics. My first aim is
to implement actual service robots, a tour guide robot and a co-experience robot, using
the components mentioned above of an autonomous mobile robot as well as advanced
hardware and information technology. Tour guide robots are designed to replace hu-
man guides in theme parks, and their practical application is expected to solve labor
shortage. Co-experiencing robots aim to provide people with mobility difficulties with
an experience as if they were moving freely by sharing the information experienced
by the robot on behalf of the human operator. I also conduct experiments in a target
environment in which the robots perform the service.

For autonomous mobile service robots to perform tasks in human living environ-
ments, it is important that they can move smoothly and safely in the presence of people.
The second aim is to address this issue using machine learning methods. In particular,
by applying deep reinforcement learning, I propose a new method for mobile robot
navigation in a dynamic environment by pedestrians. In such a problem, it is essential
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to predict how a person will move; however, the behavior of a person is influenced by
the surrounding pedestrians and, of course, robots. I focus on the fact that the behavior
of pedestrians is affected by the action of a robot.

1.3 Contributions and Outline

The studies in this dissertation focus on the implementation and navigation of an au-
tonomous mobile service robot. In terms of implementation, a tour guide robot and a
co-experience robot in a theme park are proposed using the latest hardware and infor-
mation technology. For navigation, a navigation method based on deep reinforcement
learning is proposed, considering that the behavior of a robot influences the behavior of
pedestrians in a dynamic environment. The remainder of this dissertation is structured
into two main parts.

Chapter 2 describes the development of the tour guide robot using the QZSS and
a co-experience robot using the 5G in a theme park. The QZSS is the most advanced
GNSS operated by Japan, and it enables centimeter-level positioning with only one set
of modules using a unique error correction method called CLAS. In the study, compare
the accuracies of the QZSS and existing high-precision GNSSs and show the imple-
mentation of the guide robot by experiments in an actual theme park environment.
Concurrently, 5G is a mobile communication system developed worldwide in recent
years, and it enables a higher capacity wireless communication than the conventional
communication environment. Using 5G, I develop a system to share 360-degree 4K
images as a robot experience to remote locations with high speed and low latency. I
also show the experimental results of this co-experience robot system in a theme park
environment.

In Chapter 3, a method for navigating mobile robots in dynamic environments
using deep subject learning is proposed. The proposed method is based on predictive
state representation (PSR), which can predict the changes in an environment after the
action of an agent in a time series. In addition, a new PSR model is proposed to better
deal with the dynamic environment caused by pedestrians. The effectiveness of this
new model compared with that of the previous model is shown by experiments. In
addition, two methods of integrating PSR states are proposed to deal with the case in
which the number of pedestrians differs between training and testing. The performance
of the two methods is compared by experiments.
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Finally, Chapter 4 presents the conclusions and future challenges and prospects of
the method proposed in this dissertation.



2
Development of Tour Guide and
Co-experience Robot System

The service robot is an effective solution for various social problems, such as the prob-
lems of a super-aged society, labor shortages caused by depopulation in the country-
side. Tasks that are expected to be replaced by service robots include surveillance,
cleaning, and guiding. Recently, new and advanced technologies, which are impor-
tant factors in realizing intelligent service robots, are being actively developed. The
Quasi-Zenith Satellite System (QZSS) [7] and the 5th-generation mobile communica-
tion system (5G) are among these technologies. I intend to use these technologies and
develop two types of service robot system, namely, a tour guide robot system and a
co-experience robot system. Figures 2.1 and 2.2 show conceptual diagrams of these
systems.

18
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Position info.
Tour guide status

Quasi-zenith satellite

Tour guide robot

Monitoring server Tour guide system

GNSS antenna

Figure 2.1: Conceptual diagrams of the tour guide system. The robot conducts a tour
using the QZSS, and some information obtained from the robot is monitored from
the server. The blue area on the right side shows a QZSS-equipped tour guide robot
performing tour guide tasks, and the green area on the left side shows the robot’s
location and guiding status being monitored from a remote location.

5G

Co-experience robot 360-degree
4K camera

I'll take a stroll with
my grandchild!!

User Co-experience system

Figure 2.2: Conceptual diagrams of the co-experience system. The user can share an
experience (360-degree 4K video) of the robot remotely through the 5G network. The
blue area on the right shows a co-experiencing robot equipped with a 360-degree 4K
camera moving around the theme park, and the green area on the left shows a person
viewing the video acquired by the robot from a remote location via a 5G network.

2.1 Introduction

Localization is one of the most important and fundamental functions for an au-
tonomous service robot like the tour guide robot. In an outdoor environment, a
global navigation satellite system (GNSS), in particular, the Global Positioning System
(GPS), is the most popular technique. However, the accuracy of a GNSS is approxi-
mately 10 meters, which is inadequate for navigation of an autonomous service robot.
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Therefore, the real-time kinematic GNSS (RTK-GNSS) or a virtual reference station
(VRS) that provides centimeter-class positioning is used for accurate navigation of an
autonomous service robot, such as a personal mobility vehicle or a delivery robot.

A number of autonomous robot systems using the RTK-GNSS have been proposed
[8, 9, 10, 11, 12].

In [8], the authors proposed a robust and precise localization system that achieves
centimeter-level accuracy in diverse city scenes. In this system, the measurement of the
RTK-GNSS, LiDAR, and IMU are synthesized in the sensor fusion framework using
an error-state Kalman filter. In [9], the authors proposed a high-precision localization
method by treating the global pose estimation problem as a pose graph optimization
problem. Both the RTK-GNSS and wheel odometry are used as constraints of the
pose graph. In [10], the authors proposed a sensor fusion method for 3D mapping and
localization using multiple heterogeneous and asynchronous sensors. In this system,
the authors first create an accurate prior map by ORB-SLAM [13] and LOAM [14]
using a vehicle that has an RTK-GNSS sensor unit. After creating the prior map, the
map is used for localization in the GPS frame of reference without the use of GPS, and
thus localization in GPS-denied environments, such as tunnels or parking garages, is
also performed. In [11], an integrated framework for underground 3D mapping using
a mobile rover is proposed. This framework conducts 3D underground mapping based
on ground penetrating radar (GPR) data. In this system, the RTK-GNSS is used for
accurate geo-reference. In [12], the underwater localization system for an underwater
mining vehicle (MV) and a surface launch and recovery vessel (LARV) was proposed.
The LARV is used for supporting the MV. In this system, the RTK-GNSS is used for
the localization of the LARV using RTKLIB [15].

The QZSS began operating on November 2018 in and around Japan. The QZSS
provides high-accuracy position information and a localization error of less than
10 centimeters by using electronic reference points and four quasi-zenith satellites
(QZSs). These satellites transmit signals not only for localization but also for error
correction using the electronic reference points. Therefore, we do not need the base
station for the RTK-GNSS, and thus the QZSS is easy to use for centimeter-class po-
sitioning, as compared with the RTK-GNSS. Accordingly, the QZSS is suitable for
mobile robots that move over a wide area, such as the tour guide robot system pro-
posed herein. Since the QZSS can be used without the communication between the
two stations required for the RTK-GNSS, the QZSS is suitable for mobile robots that
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move over a wide area, such as the same proposed system.
In particular, due to the rapid development of communication technology, vari-

ous systems for conducting service tasks using robots over networks have been con-
structed [16, 17, 5]. Regarding communication technology, 5G is being developed and
introduced as a next-generation wireless communication technology that enables large-
capacity data to be handled by wireless communication. Wireless communication is
an indispensable technology for autonomous mobile service robots, and, by using 5G,
more advanced services are possible. In the present study, I develop a co-experience
system that allows us to experience the surrounding image and sound around the robot
using a VR head-mounted display from a remote location by transferring the 360-
degree 4K video taken by the robot using 5G. By using this system, for example, older
people with lower-limb disabilities can enjoy experiences from a remote place like
taking a stroll with a grandchild, using a robot, and due to the high-capacity commu-
nication of 5G, high immersion is realized.

The key elements, the QZSS, 5G, 360-degree 4K camera, and VR head-mounted
display, have been developed individually. The main contribution of this study is the
integration of these systems into a mobile service robot system that operates in the
real world. I assume the following requirement specifications for target systems and
construct systems to achieve them. TG1 to TG3 are the requirement specifications for
the tour guide system, and CE1 and CE2 are the requirement specifications for the
co-experience system.

Tour guide system

TG1. Guiding the way while moving autonomously

The target system in this study assumes a theme park. This environment
consists of various features, such as a place surrounded by buildings and
an open flower garden, this study is especially targeted at the open envi-
ronment. In particular, localization has difficulty in such environments.
Localization using cameras and LiDARs are not working well in open en-
vironments because of the difficulty in acquiring features. On the other
hand, the GNSS has an advantage in open environments. However, the ex-
isting high-precision GNSS, RTK-GNSS, has a limitation for positioning,
the communication range between base stations and mobile stations. Since
theme parks are vast environments, robots need to be able to move over
a larger area to provide tour guide services. It can be expected that situa-
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tions where the park is crowded with pedestrians in the environments. The
communication between base stations and mobile stations will be more re-
strained in such cases, and the limitations will be more severe. In order
to solve this problem, I adopt the QZSS, which does not have such con-
straints.

TG2. Explanation and announcement

Explaining the facilities and attractions is an essential part of the guide ser-
vice at theme parks. Since tour guides involve movement, it is necessary
to make appropriate explanation according to where the robot is currently
and where it will move. It is also necessary for the user to be able to know
the current situation, such as whether the robot is stand-by or not. Further-
more, in situations where the environment is crowded with pedestrians, it
may be necessary to encourage the surrounding pedestrians to give way.
To achieve these, I implement a tour guide application that can manage
the robot’s current location, destination and state, and provide appropriate
voice explanations and announcements.

TG3. Interface to respond to user requests

It is also important to provide services in response to user requests. Espe-
cially for tour guides at theme parks, it is crucial to take requests without
directly operating the terminal so that they can concentrate on sightseeing.
I develop a system for accepting user requests through voice recognition to
achieve a system that allows user to send requests to the robot in a casual
manner while enjoying sightseeing.

Co-experience system

CE1. Transmission of high resolutional video

The target system in this study present the video acquired from the camera
mounted on the robot to the user as the robot’s experience. In order to
share a higher quality experience, it is important to transmit the video with
higher resolution. The mainstream wireless communication methods are
the 4G and the Wi-Fi. However, The 4G is not suitable for large-volume
communication, and the Wi-Fi has a large limitation in communication
range. In order to cope with these limitations, I use 5G in this study.
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CE2. Presenting the transferred video to the user in an immersive way

In order to create an immersive experience, we need a system that allows
the user to recognize the video sent from the robot as if it were their own
point of view. Merely displaying data acquired from an ordinary camera
on an ordinary display does not provide a high level of immersion. In this
study, I use the 360-degree 4K camera and the VR head-mounted display
to achieve a high level of immersion.

In the rest of this section, I compare the positioning performance of the RTK-
GNSS and the QZSS and verify the stability and accuracy of the QZSS in an outdoor
environment. This is to show that the new module QZSS and its centimeter positioning
with only a single module can be used for autonomous mobile robots. In addition, I
introduce the configuration of a tour guide robot system using the QZSS and a co-
experience system using the 5G network. Finally, I present an experiment for the tour
guide system and co-experience system in a theme park.

2.2 Centimeter-class positioning by GNSS

For high-accuracy measurement using a GNSS, error correction is very important.
Errors include the clock error of the satellite, the clock error of the receiver, the position
error of the satellite, ionospheric delay, tropospheric delay, the effect of multiple paths,
and the noise of the receiver [18] [19]. In this section, I explain the measurement
procedure and the error correction system for the RTK-GNSS and the QZSS.

2.2.1 Real-time kinematic GNSS

The RTK-GNSS uses two modules: a base station and a rover station. Using these
modules, the RTK-GNSS calculates the double difference of the carrier phase and
achieves high-accuracy measurement. The double difference of the carrier phase is
calculated using the carrier phase from two satellites to base and rover stations. Here,
the carrier phase data arriving at the base station from satellite A and satellite B are
denoted as (φA

r and φB
r ), respectively. The double difference of the carrier phaseDφAB

br

is calculated as DφAB
br = (φA

r − φA
b )− (φB

r − φB
b ). This calculation removes the clock

errors of the satellites and the receiver. In addition, if the distance between the base and
rover stations is less than a certain value, then the ionospheric delay and tropospheric
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delay can be removed. Furthermore, by using information on pseudo-ranges between
multiple satellites and receivers, we can determine the integer ambiguities remaining
as errors and thereby realize centimeter-class positioning. In the present study, I use
MJ-2001-GL1 (Magellan Systems Japan Inc.; Figure 2.3) as an RTK-GNSS module in
the experiment.

30

Base Rover

Figure 2.3: Real-time kinematic GPS module (MJ-2001-GL1, Magellan Systems
Japan Inc.).

2.2.2 Quasi-Zenith Satellite System

The QZSS uses four quasi-zenith satellites, referred to as the “Michibiki” constel-
lation, and began operating in November 2018 in Japan. Whereas the RTK-GNSS
uses two sets of modules, the QZSS provides highly accurate positioning with only
one module, consisting of an antenna and a receiver. As explained above, the RTK-
GNSS uses the correction signal measured by the base station. On the other hand, the
QZSS generates an error correction signal using observation data at electronic refer-
ence points placed very densely in Japan, and the correction is performed by trans-
mission to the user terminal via the satellites. This correction method is referred to
as centimeter-level augmentation [20] [21], and centimeter-class positioning has been
realized in and around Japan. The quasi-zenith orbit is shown in Figure 2.4. This or-
bit is an asymmetrical trajectory, and each quasi-zenith satellite follows this trajectory
in the course of one day. By constructing this quasi-zenith orbit with four satellites,
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Japan

Figure 2.4: Quasi-zenith orbit. The red-colored trajectory is the quasi-zenith orbit [1].
The trajectory covers Japan and Australia.

and shifting their positions in time, a high elevation angle to at least one quasi-zenith
satellite can always be obtained in and around Japan. In the present study, I used the
QZSS module called AQLOC-V (Mitsubishi Electric Inc.; Figure 2.5) and MJ-3021-
GM4-QZS-EVK (Magellan Systems Japan, Inc.; Figure 2.6). The AQLOC-V is used
for experiment compareing performance of the RTK-GNSS and the QZSS and the first
version of the developed robot system. The MJ-3021-GM4-QZS-EVK is used for the
second version of the developed robot system because the compactness of the module
is necessary. The robot systems are described in detail in the section describing the
configuration of the developed robot system.

2.2.2.1 Centimeter-level augmentation service

The centimeter-level augmentation service (CLAS) is a unique function of the QZSS.
The “Michibiki” constellation adopts a state space representation (SSR) method [22]
for the CLAS and realizes centimeter-class positioning using the L6 signal, which is an
auxiliary signal of quasi-zenith satellites. In the centimeter-class augmentation infor-
mation generated at the control segment, a dynamic error model called the state space
model (SSM) is used based on observation data of the electronic reference point net-
work. Each error amount, such as the clock error, the satellite orbit error, ionospheric
delay, tropospheric delay, and signal bias, is generated as an SSR.

The flow of the centimeter-level augmentation is shown in Figure 2.7. Based on
the positioning information at the electronic reference point for which the latitude
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Figure 2.5: Quasi-Zenith Satellite System module AQLOC-V (Mitsubishi Electric
Inc.). This module was used for the first version of the developed system.

Figure 2.6: Quasi-Zenith Satellite System module MJ-3021-GM4-QZS-EVK (Magel-
lan Systems Japan, Inc.). This module was used for the second version of the devel-
oped system. This module is more compact than the AQLOC-V.

and longitude are known, the correction information for removing the error is cre-
ated at a facility called the monitoring station and transmits the information to the
quasi-zenith satellites via the antenna of the tracking station. Then, by receiving the
correction information simultaneously with the positioning signal on the user terminal
side, centimeter-class positioning is realized.

2.3 Accuracy measurement experiments

In order to verify the measurement accuracy of the QZSS, I compared the positioning
performance the RTK-GNSS and the QZSS in the stand-still state and in motion in
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Figure 2.7: Flow of centimeter-level augmentation. The solid line represents the signal
used by the user. The dashed line shows the flow of correction signals to the quasi-
zenith satellites, and the numbers indicate the order of the signals.

an open-sky environment and in a partially obscured environment in which buildings
block portions of the sky.

2.3.1 Measurement accuracy in the stand-still state in an open-sky
environment

In this experiment, the precision of the RTK-GNSS and the QZSS were compared
by the variance of positioning data from the average value in the stand-still state. I
performed measurements for each module at the same location and compared about
3,000 data acquired during a 5 minute measurement for each module.

The results are shown in Figure 2.8. Based on these results, the RTK-GNSS can
perform positioning more stably than the QZSS in the stand-still state. One reason
for this is the difference in the mechanism of position information correction, i.e., that
the base station is placed close to the rover station in the RTK-GNSS. However, the
errors of the QZSS are less than approximately ±4 cm and satisfy most applications
of autonomous service robots. A more detailed discussion will be presented in the
following section for performance comparison of the RTK-GNSS and the QZSS.
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Figure 2.8: Distribution of positioning data of the RTK-GNSS (upper graph) and the
QZSS (lower graph). The right-hand side panels and the lower panels of each graph
show the histograms for each of the corresponding axes.
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2.3.2 Measurement accuracy in motion in an open-sky environ-
ment

In-motion experiments were conducted by the RTK-GNSS and the QZSS equipped in
mobile robots. I compare the values measured by the RTK-GNSS and the QZSS and
the true values measured by a robotic total station (GPT-9005A, TOPCON, Inc.). The
measurement accuracy and frequency of the robotic total station are approximately±7
mm and 1.7 Hz, respectively. The latitude, longitude, and orientation of the robotic
total station were measured using prism poles and the QZSS (Figure 2.10).

Figure 2.9 shows the experimental environment, which is a square space of 18
m × 18 m, and the orange, green, and blue circles in Figure 2.9 indicate the initial
position of the mobile robot, the position of the robotic total station, and the position
of the prism pole, respectively. In this experiment, the maximum linear velocity of
the robot was set to 0.1 m/s for stable measurement using the total station. In order to
track the position of the mobile robot in motion by the robotic total station, a prism is
mounted between the GNSS antenna and the mobile robot, as shown in Figure 2.11.
The movement speed of the mobile robot was set to 0.1 m/s in the experiment.

18m

1

2
3

Figure 2.9: Experimental conditions. Figure 2.10: Prism pole (left window)
and robotic total station (right win-
dow).
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Figure 2.11: Setup of the GNSS antenna and prism for the comparing experiment.
The left-hand side describes the configuration for the QZSS, and the right-hand side
describes the configuration for the RTK-GNSS.

Figure 2.12: Measured trajectories. Green lines indicate the trajectories obtained using
the robotic total station, and blue lines indicate the trajectories obtained using the RTK-
GNSS (left figure) and the QZSS (right figure).
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The trajectories measured by the RTK-GNSS, the QZSS, and the robotic total sta-
tion are shown in Figures 2.12. In these figures, the green lines indicate the trajectories
obtained using the robotic total station, and blue lines indicate the trajectory obtained
using the RTK-GNSS or the QZSS.

The maximum value (MAX), root mean square (RMS), and standard division (SD)
of the differences between the positions measured by the GNSS and the robotic total
station are shown in Table 2.1.

Table 2.1: Differences between the positions measured by each GNSS module and the
robotic total station (in meters).

RTK-GNSS QZSS
MAX 0.085 0.115
RMS 0.032 0.043
SD 0.014 0.018

Based on this results, the accuracy of the RTK-GNSS is slightly higher than that of
the QZSS. A more detailed discussion is presented in Section 2.3.4.

2.3.3 Experiment in a partially obscured environment

In this experiment, I run the robot along a route that is close to higher-rise buildings
and compare the positioning accuracy and stability of the RTK-GNSS and the QZSS.
The results are shown in Figure 2.13. The fixed solution is a good result and the inde-
pendent solution is a bad result. The fixed solution provides positioning results with
high reliability and accuracy, and the independent solution yields positioning results
with low reliability and accuracy.

Based on these results, the QZSS maintains a fixed solution along most of the route
and performs stable measurements, even when the robot passes near high-rise build-
ings. On the other hand, the RTK-GNSS becomes unstable in some cases. One reason
for this is that the QZSS uses the quasi-zenith satellites placed at the quasi-zenith or-
bit and observed with a high elevation angle from the GNSS antenna. I repeated the

Table 2.2: Fixed, float, and unstable rates for each GNSS module (in percentage).

RTK-GNSS QZSS
Fixed 34.0 92.2
Float 50.4 7.35
Unstable 15.6 0.50
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Figure 2.13: Measured trajectory by the RTK-GNSS (upper side) and the QZSS (lower
side) are described by markers. The blue and green markers indicate the fixed and float
solutions, respectively, and the orange markers indicate independent solutions.

experiment 10 times in the environment. Table 2.2 shows the fixed rate, float rate, and
unstable rate for the RTK-GNSS and the QZSS by percentage of the total measurement
data (about 10k data for each module). . These measurement types are discriminated
by the module.

2.3.4 Performance comparison of the RTK-GNSS and the QZSS

The performances of the RTK-GNSS and the QZSS are shown in Table 2.3. As a
result of the experiments, it can be seen that the RTK-GNSS is more accurate than
the QZSS. The reason for this is thought to be the difference of the mechanism of
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position information correction. Correction information in the RTK-GNSS is created
using the observation data at the base and the rover stations that are on line. On the
other hand, as mentioned above, the QZSS uses the PPP-RTK (precise point position-
ing RTK) method, which is a model-based technique called a SSR. In the PPP-RTK
method, the error is decomposed into the error in satellite clocks, a small variation in
the orbit, tropospheric delay, ionospheric delay, etc., and these factors are estimated
at the electronic reference points in the CLAS of the QZSS. However, the PPP-RTK
method cannot take into account the real-time state change of errors and therefore
cannot handle, for example, a sudden change in ionospheric conditions.

As demonstrated by the results of the experiment described in performance com-
parison section, the positioning accuracy does not differ greatly between the RTK-
GNSS and the QZSS, and both techniques satisfy most requirements for applications
of autonomous service robots. Although the RTK-GNSS is slightly more accurate than
the QZSS, the RTK-GNSS requires two modules, and accurate positioning requires ac-
quisition of the correct position of the base station. If the latitude and longitude of the
base station are not accurately known, it takes a long time to obtain the accurate lati-
tude and longitude by the GNSS. I have to place the base station for a certain period of
time and collect data repeatedly. In addition, since communication between the base
station and the rover station is required, the GNSS can only be used within the range
in which such communication is possible.

On the other hand, since the QZSS can perform centimeter-class positioning with
a single device, we do not need to consider an initialization procedure or the available
range. Moreover, the QZSS can perform more stable positioning, even near buildings,
because the QZSS uses satellites placed in a quasi-zenith orbit that are observed with

Table 2.3: Statistics of the RTK-GNSS and the QZSS.

RTK-GNSS QZSS
Accuracy (stopping) Very good (fixed) Good

Accuracy (moving) Very good (fixed) Good

Stability Not good Very good

Number of modules 2 1

Initialization Measurement of
base position None

Measurement range In communication range
between modules

Not limited
(around Japan)
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a high elevation angle from the GNSS antenna. At any time, at least one quasi-zenith
satellite can always be observed in and around Japan. Consequently, I conclude that
the QZSS is more suitable for a centimeter-class positioning system for autonomous
service robots. With respect to the overall accuracy, the RTK-GNSS has a higher
performance, but the difference is approximately several centimeters, which is not a
large difference when considering the position identification of the robot. On the other
hand, the QZSS is superior with respect to the stability of measurement, the number
of required modules and preparations, the limits of the measurement range, and con-
venience. Overall, I conclude that the QZSS is better for robot position identification.

2.4 5G network

In this study, I’m using a 5G environment provided by NTT DOCOMO, Inc., in the
Huis Ten Bosch theme park. However, there are difficulties in using the network sys-
tem for the proposed robot system. The components of the network system and how
to solve these problems in the proposed system are introduced hereinafter. The con-
figuration of the network system is described in Figure 2.14. Preliminary experiments
revealed that wireless communication at approximately 20–40 Mbps was possible with
this configuration. Note that the upper limit of the communication speed was set at 40
Mbps because of the limitation of CPU power of the onboard computer. Theoretically,
the 5G network is capable of communication speeds of 20 Gbps. On the other hand,
the average speed of the LTE (4G) network, which is the current standard for outdoor
wireless communication, was 16 Mbps (Aterm MR05LN, NEC, Corp.) by actual mea-
surement. Since the 360-degree camera in the system requires a maximum of about
56 Mbps to transmit 4K images, the 5G network system is suitable for the proposed
application. The details of the application will be described later.

2.4.1 Components of the network system

The network system has a control PC, a system server, the docomo Open Innovation
Cloud (dOIC), and 5G routers. The control PC is used to control the robot. The ROS-
based controlling system and 360-degree 4K camera system are implemented in the
PC. (These systems are described in detail in the section on the configuration of the
developed robot system.) The system server is used for monitoring the information
of the robot. In addition, we can control the robot remotely from the system server.
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Figure 2.14: Configuration of the 5G network. The control PC and the server PC are
connected to a 5G router. Each router is communicating through a VPN network. The
reverse tethering system is adopted between the control and the control PC.

The dOIC is a cloud service provided by NTT DOCOMO, Inc. with multi-access edge
computing (MEC) features, such as low latency and high security, which are required
in the 5G era. This is achieved by building a cloud platform on the facilities within the
DOCOMO network. We can use virtual machine instances and virtual networks. In
addition, we can use some assets developed by NTT DOCOMO, Inc., such as an image
processing API, in the future. The 5G router was also provided by NTT DOCOMO,
Inc. The router has a LAN port and Wi-Fi system for connecting to the router. More-
over, 5G routers can communicate wirelessly with other routers by 5G radio waves
through the base station for 5G.

2.4.2 Solutions for the problems in the network system

There are two problems related to using the network system for the robot system. The
first problem is related to the 5G router, and the second problem is related to an android
device mounted in the robot. The details of these problems are as follows:

1. The modules connected to 5G routers cannot communicate directly with other
modules connected to other routers on the network, because of the functional
limitation of the 5G router.

2. The interface for controlling the base robot in the proposed system is an android
device mounted in the robot. Therefore, the android device also needs to connect
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to the 5G network system. Therefore, the android device also needs to connect
to the 5G network system. However, the current android device cannot connect
to the 5G network directly and needs to be connected to the 5G network via a
5G router. Besides, the wired connection of the Android device is functionally
disabled.

In order to solve the first problem, I adopt a virtual private network (VPN) com-
munication system. The VPN communication system realizes the situation that private
networks are virtually connected. Using this system, the modules connected to the
5G routers can communicate with other modules connected to other router networks.
The VPN server is implemented in dOIC, and the VPN client is implemented in each
control PC and server PC using SoftEther VPN [23].

On the other hand, I used the reverse tethering (RT) system for solving the second
problem. The basic tethering system is used for the PC connected to the network to
which mobile devices, such as an Android system, are connected. Reverse tethering
simply realizes the reverse version of tethering, which means that mobile devices can
connect to the network to which the PC is connected. By using RT, I connected the
robot Android device to the 5G network to which the control PC was connected. The
server and client systems for RT are implemented using SimpleRT [24]. The RT server
was running on the control PC, and the RT client was running on the Android device.

2.5 Configuration of the developed robot system

As mentioned above, I confirmed that the QZSS can perform centimeter-class position-
ing with a simple and easy-to-use system consisting of a single module. In addition,
I verified the 5G network system has a high communication speed. In this section, I
present two types of service robot systems using the QZSS and the 5G network. One is
a tour guide robot system that mainly uses the advantages of the QZSS, and the other
is a co-experience system that uses the advantages of the 5G network. The QZSS is
suitable for outdoor mobile robots in wide area because it does not require multiple
modules and communication between base and rover stations, which are required for
the RTK-GNSS. In addition, the co-experience system can share experiences using
360-degree video, and the high communication speed using the 5G network is suitable
for the transmission of 4K high resolution images. Figures 2.15 and 2.16 show the
developed robot systems.
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Figure 2.15: Qurin: the first version of the robot system. This robot uses a standard
Wi-Fi network.

Figure 2.16: Quriana: the second version of the robot system. This robot uses a 5G
network.
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2.5.1 Tour guide robot system

The tour guide robot system aims to perform guiding at theme parks. It moves auto-
matically and guides the guests to the requested goal with voice announcements.

2.5.1.1 Hardware configuration of the tour guide robot system

As a mobile platform, I used Loomo (Segway, Inc.), which is an inverted two-wheeled
robot, controlled from an Android terminal. I equipped Loomo with 2D LiDAR (LDS-
01, ROBOTIS, Inc. for Qurin and TiM581, SICK, Inc. for Quriana) and the QZSS
external sensors. The 2D LiDARs are used to detect obstacles. In addition, a battery,
an external PC (Intel NUC), a Wi-Fi router for communication between Loomo and a
PC were mounted on Qurin. Instead of a Wi-Fi router, Quriana has a 5G router and
was mounted with a 360-degree camera, a speaker, and a microphone.

2.5.1.2 Navigation system

As software, a navigation system and the tour guide application were installed. The
navigation system is based on the ROS Navigation Stack. Each component of the
navigation system, localization, collision avoidance, and path planning is explained
below.

• Localization: Position information obtained by the QZSS and the velocity infor-
mation measured by the wheel encoder are integrated by the extended Kalman
filter (EKF) in the robot localization package [25]. The QZSS alone is not
enough to estimate the robot’s orientation, so it is needed to combine it with
information from the wheel encoders. The EKF estimates the pose (position and
yaw angle) and the velocity (linear and angular) of the robot.

• Collision avoidance: Using the data measured by 2D-LiDAR, the robot stops
when a pedestrian is detected within a certain range.

• Path planning: The shortest path (global path) to the destination is planned us-
ing the Dijkstra method, and an optimal route (local path) to avoid obstacles is
generated by the dynamic window approach along the global path.
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Figure 2.17: Tour guide application.

2.5.1.3 Tour guide application

As shown in Figure 2.17, the tour guide application is implemented on the Android
terminal. This application sends the goal information to the navigation system in re-
sponse to a request from the user and receives the current status of the robot. The status
includes information such as whether the robot has reached the goal or an obstacle has
been detected, and guide information for an attraction is provided by voice according
to the location of the robot.

2.5.1.4 Voice recognition system

Request

Response

Voice
recognition

Selecting a scenario
AI agent

Scenario database

Scenario A
Scenario B
Scenario C…

Hello!

Hello!
Iʼm a tour guide robot.

Figure 2.18: Conceptual diagram of the voice recognition system. The system re-
sponses with selecting scenario according to voice recognition results.
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The speech recognition system is implemented using the DOCOMO AI Agent API
[26]. As shown in Figure 2.18, it is possible to have a conversation according to
a predetermined scenario. The tour guide robot system uses the speech recognition
system to accept user requests and answer questions.

2.5.2 Co-experience system

The co-experience system is a system in which users share experiences with robots
through a network. This system allows us to present a 360-degree 4K video to the user
in an immersive manner, as if the situation around the robot were the situation around
the user. In a theme park environment in particular, using this system makes it possible
to visit a theme park from a remote location via the proposed robot system.

2.5.2.1 Hardware configuration of the co-experience system

In the co-experience system, a 360-degree camera is used to capture the field of view
of the robot. The 360-degree camera used is the Theta V (Ricoh Co., Ltd.) shown in
Figure 2.19, and it is possible to acquire 360-degree video with 4K quality. The view
of the robot is presented to the user using a VR head-mounted display. By viewing
the video captured by the 360-degree camera on the VR head-mounted display, the
user can observe the surroundings of the robot as if the field of view was his/her own.
The VR head-mounted display used in this system is the Oculus Rift (Oculus VR Inc.)
shown in Figure 2.20.

Figure 2.19: Theta V.

Figure 2.20: Oculus Rift.
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2.5.2.2 Software configuration of the co-experience system

System serverControl PC

5G
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Oculus Rift

Co-experience app.

Signaling server
Wveb server

• WebRTC app.
• WebVR app.

Web
browserWebRTC

Figure 2.21: Software configuration of the co-experience system.

Figure 2.21 shows the software configuration of the co-experience system. This
system uses WebRTC [27] to communicate in real-time between the robot and the user.
The WebRTC system is implemented as an application that runs on a Web browser
using the JavaScript API, and by accessing the Web server, the application can be
accessed via the network. In addition, A-Frame [28] is adopted to realize a VR ap-
plication using Oculus Rift. Note that VR applications can be implemented on a Web
browser using A-Frame. This VR application is also incorporated into the application
on the Web server.

2.6 Experiment for tour guide robot system

2.6.1 Collision-avoidance experiment

I conducted a collision-avoidance experiment to confirm whether the collision avoid-
ance system and the voice announcement of the tour guide application work well. Fig-
ure 2.22 describes the results of the experiment. Figure 2.22(i) shows a scene in which
pedestrians approach from the direction of movement of the robot. Figure 2.22(ii)
shows a scene in which the robot stops in front of a pedestrian and is providing an
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Figure 2.22: Collision-avoidance experiment.

announcement by voice. Figure 2.22(iii) shows a scene in which the pedestrian moves
out of the way according to the voice. Figure 2.22(iv) shows a scene in which the robot
restarts because the path has been cleared.

I confirmed that the collision avoidance system works well based on the results of
the experiment.

2.6.2 Guided tour experiment

I conducted a guided tour experiment to confirm the performance of the developed
system at the Huis Ten Bosch theme park in Japan. The environment and the procedure
of the experiment are shown in Figure 2.23. The robot moves from point 1© to point
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Figure 2.23: Environment for the guided tour experiment. The blue circles describe the
target points of the guided tour, and the flowchart describes the flow of the experiment
and each attraction.
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Figure 2.24: Guided tour experiment.

5© and explains the attraction at each point by voice. The total distance traveled by the
robot is approximately 130 meters, and the robot returns to the initial point, i.e., point

1©, after arriving at point 5© automatically, as shown in Figure 2.24.
Figure 2.24(i) shows the robot start the tour at the start position. In Figure 2.24(ii),

the robot arrives at the cheese shop, which is the first target point, and gives a descrip-
tion of the shop. Figure 2.24(iii) shows the robot arriving at the windmill, which is the
second target position. The robot provides a description of the windmill and the history
of the Netherlands. In Figure 2.24(iv), the robot arrives at the third target point, the
flower garden, and provides a description of the types of flowers. In Figure 2.24(v), the
robot arrives at the end point and announces the end of the tour. Figure 2.24(vi) shows
the robot returning to the start position after the tour is over. Guided tour experiments
were conducted seven times in total, and six of the tours were successfully performed
as planned. The reason for the failure is that the measurement of the QZSS became
unstable in the area where buildings and trees were closely placed around the robot.
However, this does not occur often, and, thus, if we plan the tour route carefully, then
the developed system is quite practical as a tour guide system for an outdoor theme
park.
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2.6.3 Experiment using the voice recognition system

i ii

iii iv
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Here is the
flower garden!

Here is the
umbrella-street!

Thank you for
your tour!

Hello!! I’m a tour
guide robot.

I’ll go to charging
station!!

Figure 2.25: Experiment with the voice recognition system.

I conducted the tour guide demonstration with the voice recognition system. The
system used in this experiment consists of the proposed tour guide robot system, and
the AI-based voice interaction system. The voice commands are transferred to the
cloud-based AI system in real time. As shown in Figure 2.25, the robot properly
guided the guests to several sights by voice command.

Figure 2.25(i) shows a greeting scene. Figure 2.25(ii) shows a scene in which
the robot explains the first attraction. Figure 2.25(iii) shows a scene in which the
robot explains the second attraction. Figure 2.25(iv) shows a scene in which the robot
answers a question from a user.

Based on the experiment, I confirmed that the system can conduct tour guide tasks
corresponding voice requests.

2.7 Experiment using the 5G network

I conducted two types of experiments with the 5G network system: a tour guide ex-
periment and a co-experience experiment. The environment of these experiments is
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Figure 2.26: Environment for experiments with the 5G network system. The blue area
describes the 5G area, and the window at top left shows one of the base stations of 5G.

shown in Figure 2.26. In the environment, the 5G usable area is configured by two
base stations.

2.7.1 Guided tour experiment

I conducted a guided tour experiment to confirm the performance of the developed
system. This experiment is also conducted at the Huis Ten Bosch theme park. The

Hello!
I’m a tour guide robot at Huise Ten Bosch!

This is the Burunkasu!
The name means handmade cheese!!

Huis Ten Bosch is a theme park that reproduces
the cityscape of the Netherlands!

My tour is over.
How was it?

I’m a tour guide robot.
I'm taking a break now.

Please look at these!
The flowers are so beautiful!!

i ii

iii iv

v vi

Figure 2.27: Guided tour experiment using the 5G network.
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environment and the procedure of the experiment are shown in Figure 2.27.
Figure 2.27(i) shows the robot start the tour at the start position. In Figure 2.27(ii),

the robot arrives at the cheese shop, which is the first target point, and gives a descrip-
tion of the shop. Figure 2.27(iii) shows the robot is introducing the theme park and
navigating to the next point. In Figure 2.27(iv), the robot arrives at the second target
point, the flower garden, and provides a description of the types of flowers. In Figure
2.27(v), the robot arrives at the end point and announces the end of the tour. Figure
2.27(vi) shows the robot returning to the start position after the tour is over.

2.7.2 Co-experience experiment

Using the developed system, I confirmed the operation of the co-experience system in
the 5G network area at Huis Ten Bosch. The maximum communication distance in
this experiment was about 190 meters. The user wears a VR head-mounted display, as
shown in Figure 2.28, and could experience the visual field of the robot and could see
the image shown in Figure 2.29. I confirmed that the robot experience could be shared
from a remote location using the system developed by this experiment.

VRHMD

Joy stick

Figure 2.28: User of the co-experience system. The user is viewing 360-degree 4K
video sent via the 5G network using VR head-mounted display (VRHMD).
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Figure 2.29: View presented by the co-experience system.

2.8 Conclusion

In the present study, I developed a tour guide robot system and a co-experience system
using new technologies: the QZSS and 5G. The elemental technologies and devices
used to realize the systems in this study have been developed individually. I con-
structed a service robot that can operate in the real world by integrating them.

In order to confirm the effectiveness of using the QZSS for the tour guide robot, the
performance of the QZSS was examined, and its accuracy and stability were verified
by a centimeter-class positioning system for autonomous service robots. I compared
the accuracy of the QZSS and the RTK-GNSS, and I think that the positioning accuracy
of both systems is sufficient for the tour guide application if a stable GNSS signal is
obtained. Experiments conducted at the theme park show that the tour guide robot
successfully traveled 130 meters repeatedly and acted as a guide to the attractions
using the QZSS. The centimeter-class positioning service was started November 2018
and, to the best of my knowledge, this study is the first to use the CLAS of the QZSS
for autonomous service robots. The QZSS can perform centimeter class positioning
by only one module, so the developed robot system is more useful than common RTK-
GNSS-based mobile robot systems.

I also developed a co-experience robot system that allows us share the experience
of the robot. The proposed system uses a 5G network system for transporting a 4K
video stream of the experience of the robot. As mentioned in section “5G network”, the
communication speed of outdoor wireless network by LTE is not suitable for the pro-



2.8 Conclusion 48

posed application, and I believe that 40 Mbps or more is necessary for co-experience
application using 360-degree 4K video.

The implementation and results of this study for the requirement specification are
summarized below. As described above, I achieved the required specifications pre-
sented at the beginning of this chapter.

TG1. Guiding the way while moving autonomously

I developed an autonomous mobile robot system based on Navigation Stack,
one of the ROS packages. In particular, by using the QZSS and combining it
with a wheel encoder to estimate position and orientation, I was able to achieve
autonomous mobile robot in an open environment. Since this system uses the
QZSS, there are no limitations on high-precision positioning such as the commu-
nication range between base stations and mobile stations in conventional GNSS.
This is a huge advantage for tour guides in vast and potentially crowded envi-
ronments such as the theme park. I conducted experiments using the developed
system in the theme park environment, which is the target of this study, and
confirmed that the system can move autonomously.

TG2. Explanation and announcement

I implemented a tour guide application that can manage the robot’s current lo-
cation, destination and state, and provide appropriate voice explanations and
announcements. It makes voice explanations when it arrives at a facility or at-
traction in the theme park and voice announcements according to state of the
robot. This application uses the status information of the robot obtained from
the navigation system. This status includes information on whether the robot
has arrived at the goal or detected obstacles. Through experiments in collision
avoidance and guided tours, I confirmed that the application is capable of provid-
ing appropriate explanations and announcements based on the robot’s position
and state.

TG3. Interface to respond to user requests

A voice recognition system has been implemented to respond to user requests.
This system is developed using a DOCOMO AI Agent API, which can respond
to user requests according to predetermined scenarios. The system can start tour
guide by requesting the destination location of the guidance through a voice
request. This realized a system that allows user to send requests to the robot in
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a casual manner while enjoying sightseeing. I confirmed its operation by our
guide demonstration with voice requests.

CE1. Transmission of high resolutional video

By using 5G and dOIC, a high-capacity and low-latency communication envi-
ronment has been established, and a system that can distribute 360-degree 4K
camera video to remote locations has been implemented. We confirmed the
operation of the system by conducting an experiment in which 360-degree 4K
video was transmitted over a distance of up to 190 meters, which is impossible
with conventional wireless communication systems.

CE2. Presenting the transferred video to the user in an immersive way

I developed an immersive system that allows users to perceive the robot’s point
of view as if it were their own, by presenting 360-degree 4K video acquired via
the 5G network to the user using an HMD. The system is implemented as an
application that runs on a web browser using A-Frame.

In the future, I intend to improve the stability of the developed tour guide robot
system by combining sensors including not only on-board sensors, such as 2D LiDAR
and cameras, but also ambient sensors embedded based on the concept of the informa-
tionally structured environment [17]. In addition, pedestrian detection and tracking are
also important functions for a safe and efficient autonomous robot system, and I intend
to implement these functions and develop a practical tour guide robot system. Alter-
natively, with respect to the co-experience system, usability is an important factor. I’m
planning to develop a hybrid system of automatic and manual control that will real-
ize comfortable remote control by supporting manual commands with an autonomous
system.

Moreover, I also need to work on improving our path planning methods. Since
an environment such as the theme park is crowded with many people, path planning
methods are very important for robots to move safely in such a dynamic environment.
I’ll discuss this topic in the next chapter.



3
Learning-Based Navigation with
Predictive State Representation

3.1 Introduction

Mobile robot navigation in dynamic environments is an important element for ser-
vice robots that provide services in spaces inhabited by humans. Handling this task
requires the robots to understand the behavior of pedestrians. However, pedestrian
behavior may change depending on their intentions and other factors that depend on
particular environments. Thus, it cannot be easily modeled in advance with sufficient
accuracy, particularly if the road shape and attractions in the environment (e.g., stores
or scenery) are considered. Furthermore, the behavior of the robot may affect the
pedestrian behavior.

To address these issues, I propose a learning-based method based on predictive
state representation (PSR) that considers the changes in pedestrian behavior caused by

50
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robot actions. In addition, to make PSR more adaptable to the dynamic environment
caused by pedestrians, I propose a new PSR model that can consider the effect of
pedestrians on each other. By using it, the proposed method can learn the behavior of
pedestrians by observing their interactions with the environment and the changes in
their behavior due to the robot’s actions. Mobile robot navigation methods based on
deep reinforcement learning (RL) have been actively studied in recent years [29, 30,
31, 32, 33]. However, the methods proposed so far mainly use predesigned models or
do not specifically consider the changes in pedestrian behavior caused by robot actions.
The difference between my method and existing methods is that my method consider
both the effects of pedestrians on each other and the effects of the robot’s behavior on
the pedestrians’ behavior in single model.

In this study, I apply a deep RL method based on the new PSR model to mobile
robot navigation for considering the changes in pedestrian behavior caused by robot
actions and other pedestrians. In addition, I consider the situation where the number of
pedestrians changes between training and testing. The main contributions of this study
are as follows:

• The application of a deep RL method using PSR for mobile robot navigation
and the verification of the effects of the structure based on PSR for mobile robot
navigation tasks;

• Proposing a new PSR architecture for mobile robot navigation in a dynamic en-
vironment with pedestrians considering the interactions among pedestrians and
the verification of the effectiveness of the architecture;

• Proposing methods for integrating the states of the PSRs corresponding to each
pedestrian for handling the change in the number of pedestrians between training
and testing, and comparing these integrating methods.

3.2 Related works

Various methods based on deep RL techniques have been proposed. Everett et al. [29]
proposed a method based on policy-based RL and long short-term memory. Chen et

al. [30] proposed a pooling module for learning the relationships between the attention
mechanism, changes in human behavior, and surrounding pedestrians; they also pro-
posed a method to learn robot behavior, including human–robot and human–human
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Figure 3.1: PSR modeling for mobile robot navigation in a dynamic environment with
pedestrians.

interactions. Chen et al. [31] proposed an excellent navigation method that uses a
graph convolutional network and attention mechanism based on human gaze. Chen
et al. [32] used model-based deep RL methods and a graph convolutional network
to achieve efficient navigation by encoding the interactions among agents. Liu [33]
proposed a deep RL method that focuses on robot navigation in crowded real-world
environments.

PSR [34] is used for modeling dynamics by considering partial observability. Var-
ious methods for utilizing PSR have been proposed. Boots et al. [35] proposed an
extended PSR model based on the Hilbert space embeddings of distributions to man-
age infinite sets of continuous observations and actions. Hefny et al. [36] proposed
a supervised learning method based on the kernel version of instrumental variable re-
gression for PSR models. They also proposed an efficient PSR model for learning con-
trolled dynamical systems using random Fourier features with a kernel function [37].
In addition, methods utilizing PSR for deep learning have been proposed recently.
Venkatraman et al. [38] studied the use of PSR for representing the latent states of
recurrent neural networks (RNNs). They observed that the proposed method could im-
prove the performance and compensate for the disadvantages of RNN in probabilistic
filtering, imitation learning, and RL. Hefny et al. [39] proposed a fundamental deep
RL method, called the recurrent predictive state policy network, to utilize PSR.

In robotics, PSR has been applied in human–robot communication by utilizing its
ability to model the results after performing actions [40]. It has also been applied in
in-hand manipulation, which includes interactions with the environment [41]. This
method extends PSR to address partial observability using a new kernel-based feature
that integrates actions and observations. However, PSR has not yet been applied to
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mobile robot navigation in dynamic environments. In order to apply PSR to a dynamic
environment with pedestrians, it is necessary to consider the effects of pedestrians on
each other, but this can’t be taken into account because PSR models basically focus
only on the correspondence between the agent’s actions and the changes in the envi-
ronment. In this study, I propose a new PSR model to solve this problem.

3.3 Preliminaries

3.3.1 Predictive state representation

In PSR [34], the dynamics are modeled considering the interactions between an agent
and the environment. The characteristic of PSR is that the state is expressed in a way
that facilitates the prediction of the future. The state is represented by observations
and actions. Therefore, values other than the fully observable elements do not need to
be defined. In this section, I describe PSR in detail.

3.3.1.1 Original PSR

The basic concept of PSR is that, if the expected results of all possible tests are known,
the dynamical system becomes completely understood. By expressing the state using
observable information, partially observable dynamic systems can be modeled without
prior knowledge. Consider a discrete system with a finite set of observations, O =

{o1, o2, . . . , ok}, and actions, A = {a1, a2, . . . , ak}. The state representation of the
system at time t is a vector composed of the probability of occurrence of a test based
on the latest history. Each test is a sequence of actions and observations starting at
time t + 1; the history at time t is a sequence of actions and observations up to and
including time t. The probability of success of a test, τ , of length m for history h, i.e.,
the probability of obtaining an observation sequence in τ when taking the sequence of
actions in τ , is represented by p(τ | h) = p(h, τ)/p(h) =

∏m
i=1 Pr (oi | h, ai).

Knowing the success probabilities of some tests may help us understand those of
other tests. Given a test set T = {τ1, τ2, . . . , τk}, if there exists a function ft whose
prediction vector p(T | h) = [p (τ1 | h) p (τ2 | h) . . . p (τk | h)] satisfies p(τl | h) =

ft(p(T | h)) for any test τl, then T is called the core test and the prediction vector,
p(T | h), represents the state of PSR.
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3.3.1.2 Recurrent PSR

The original PSR model can only be applied to systems consisting of discrete obser-
vations and actions. Methods to make PSR compatible with continuous systems have
been proposed [35, 37]. Herein, these methods are collectively referred to as recurrent
PSR (RPSR). In RPSR, the state qt is represented as a conditional distribution of fu-
ture observations, ot:t+k−1, conditioned by future actions, at:t+k−1. The state update of
RPSR is performed in two steps.

• Extension: The linear map Wext is applied to the state qt to obtain the extended
state, et. The extended state, et, is a conditional distribution of the extended
observations, ot:t+k, conditioned by the extended action, at:t+k:

et = Wextqt. (3.1)

• Conditioning: For the action at and the observation ot at time t, the known
conditioning function, fcnd, updates the state as follows:

qt+1 = fcnd (et, at, ot) . (3.2)

In discrete systems, qt and et are represented by conditional establishment tables, and
a Bayesian rule is applied by fcond. To apply these to a continuous system, the Hilbert
space embeddings of the distributions [35] and the kernel Bayes’ rule [42] are used.

3.4 Approach

3.4.1 Application of PSR to mobile robot navigation in a dynamic
environment with pedestrians

In this study, I applied a PSR-based deep RL method to mobile robot navigation in a
dynamic environment with multiple pedestrians. The elements of mobile robot navi-
gation and PSR can be associated as follows:

• Observations: The position and velocity data of N pedestrians and the robot
are treated as observations. The observation data for each pedestrian and robot
include vector (pix, p

i
y, v

i
x, v

i
y), where (pix, p

i
y) represents the position and (vix, v

i
y)

represents the velocity of the ith pedestrian or robot.
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Figure 3.2: Architecture of the proposed method.

• Actions: In this study, I assumed a holonomic omnidirectional mobile robot and
used a two-dimensional vector (vx, vy) consisting of the input velocity vx in the
x-axis direction and the input velocity vy in the y-axis direction of the robot in a
two-dimensional space.

The PSR used in this study becomes a model that can predict the position of the pedes-
trian and the velocity in the next step by inputting the command velocity of the robot.
The conceptual diagram of the PSR model is shown in Figure 3.1.

3.4.2 Architecture of proposed method

The architecture of the proposed method is shown in Figure 3.2. The proposed method
consists of a PSR consisting of a feature extractor, state updater, and observation pre-
dictor, as well as state integrator and value estimator.

• Feature extractor: Extracts features from each input datum using a nonstationary
spectral kernel (NSK) function.

• State updater: Updates states via the state updater using the features extracted
from the observation and action.

• Observation predictor: Predicts the next observations using the states features
extracted from action.

• State integrator: Integrates the states of the PSR corresponding to each pedes-
trian and provides the integrated state to the value estimator.

• Value estimator: Estimates the value from the integrated state and robot feature.
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3.4.3 Feature extraction using nonstationary spectral kernel

In the original RPSR model, kernel functions are used for feature extraction. In partic-
ular, RFF-PSR uses a stationary spectral kernel. The function is defined as

φ(x) =

√
2

D
cos
(
ΩTx + b

)
, (3.3)

where Ω = {ω1, ω2, · · · , ωD} is the frequency matrix and b = {b1, b2, · · · , bD} is the
phase vector sampled uniformly from [0, 2π]D.

It should be noted that the stationary kernel is no longer applicable to complex tasks
because of its locality. To solve this problem, NSK was proposed [43, 44, 45, 46]. NSK
have been reported to be able to learn both local and global correlations between input
spaces, and to be more capable of covering non-trivial input domains.

Stationary kernel, which is the source of the stationary spectral kernel function, is
described as

κ (x,x′) =

∫
RD

eiω
T (x−x′)s(ω)dω, (3.4)

where s(ω) is a non-negative probability density. On the other hand, non-stationary
kernel κ (x,x′) is described as Eq. 3.5 [43, 44].

κ (x,x′) =

∫
RD×RD

Eω,ω′ (x,x
′)µ (dω, dω′) , (3.5)

where

Eω,ω′ (x,x
′) =

1

4

[
ei(ω

Tx−ω′Tx′) + ei(ω
′Tx−ωTx′)

+eiω
T (x−x′) + eiω

′T (x−x′)
]
,

(3.6)

and µ (dω, dω′) is a Lebesgue-Stieltjes measure associated to some positive semi-
definite spectral density function s(ω) with bounded variations. Using the Monte
Carlo method for it, we obtain the NSK function as shown in Eq. 3.7.

φ(x) =
1√
2D

[
cos
(
ΩTx + b

)
+ cos

(
Ω′Tx + b′

)]
. (3.7)

I adopted NSK for feature extraction in each element of the PSR model.
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3.4.4 Graph convolutional RPSR

Current step Next step

Graph

convolution

State A

State B

State C

Robot feature

State A

State B

State C

Robot feature

Figure 3.3: Procedure of GC-RPSR.

The basic RPSR model can consider the effect of the action of the agent on the
environment. Through this feature, the effects of robot actions on each pedestrian
can be considered. However, the RPSR cannot consider the effects of the interactions
among pedestrians. For handling this problem, I propose graph convolutional RPSR
(GC-RPSR).

This architecture has a graph convolution part in the state update phase in the
RPSR for describing the relation effects among pedestrians. The state update pro-
cess is shown in Figure 3.3. The kernel function for the adjacency matrix At is based
on the inverse of the L2 norm of the difference of each position [47]. This function is
expressed in Eq. (3.8).

aijt =

{
1/
∥∥pit − pjt∥∥2

if
∥∥pit − pjt∥∥2

6= 0

0 Otherwise
(3.8)

Finally, I use the normalized adjacency matrix. The normalization process is expressed
in Eq. (3.9).

Ãt = Λ
− 1

2
t ÂtΛ

− 1
2

t , (3.9)
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where Ât = At + I and Λt is the diagonal node degree matrix of At.
By using the graph convolution and Eqs. (3.1) and (3.2), the state update process

of GC-RPSR is expressed as follows:

q̃t = fgc

(
qt, Ãt

)
(3.10)

et = Wextq̃t (3.11)

qt+1 = fcnd (et, at, ot) , (3.12)

where fgc represents the function for graph convolution.

3.4.5 State integrator

An integration process is needed to construct input data for the value estimator from
the state data corresponding to each pedestrian. I propose two methods for the integra-
tion. The first method uses graph convolution and the second method is based on an
occupancy map.

3.4.5.1 Integration using graph convolution

This method uses graph convolution for integrating the states of the PSRs correspond-
ing to each pedestrian. The value estimator only receives the robot feature to which
graph convolution is applied. The kernel function to be used for the adjacency matrix
is the same as the state update of the GC-RPSR expressed in Eq. (3.8). The conceptual
diagram of this method is shown in Figure 3.4.

State C

Graph

convolution

State B
State A

State D State C

State B
State A

State D

Robot feature Robot feature

Figure 3.4: State integration using graph convolution.
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3.4.5.2 Integration using occupancy map

This method uses an occupancy map for integrating the states of the PSRs correspond-
ing to each pedestrian. The states of the pedestrians are stored in the corresponding
cell depending on the position of each pedestrian. If multiple states are required to
be stored in the same cell, an average value is stored. The conceptual diagram of this
method is shown in Figure 3.5.

State C

State B

Input states to
the occupancy map

Value
estimator

State A

Integrate states
for each cell

Figure 3.5: State integration using an occupancy map.

3.4.6 Action generation

The action is generated using the value estimator fv, state updater f q
p , and observation

predictor f o
p from the PSR model fp by selecting an action obtaining the maximum

reward from the action space A. The formulation is shown in Eq. (3.13), where γ is
the discount factor, st is the integrated state at time t, pt is the robot position at time t,
and ôt = f o

p (qt, at).

at ← argmaxat∈AR (ôt) + γ∆tfv (st, pt) (3.13)

In addition, R(ot) is a reward function at time t. This function is expressed in
Eq. (3.14), where dst is the minimum separation distance between the robot and the
pedestrians (distance between the centers minus each radius) and pg is the goal position
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of the navigation task.

R(ot) =


−0.25 if dst < 0

−0.1 + dt/2 else if dst < 0.2

1 else if pt = pg

0 otherwise

(3.14)

Accordingly, I use d-step planning [48] that considers a d-step future. By rollout
using the PSR and value estimator d-step, the action is selected with the maximum
return along the d-step prediction using Eq. (3.15).

fd
v (st, pt) =

fv (st, pt) if d = 1
1
d
f 1
v (st, pt) + d−1

d
maxat(

R (ôt+1) + γfd−1
v (ŝt+1, p̂t+1)

)
otherwise

(3.15)

where ôt+1 = f o
p (qt+1, at+1), and q̂t+1 = f q

p (qt, at, ot).

3.4.7 Training process

Training is performed in two steps. The first step is an initialization of the PSR model
and the imitation learning of the value estimator. Subsequently, I train the value esti-
mator using RL and the PSR model using supervised learning.

3.4.7.1 Preliminary learning step

In the first step, the initial values of the PSR parameters are determined. This initial-
ization is performed through two-stage regression [36] after collecting data using an
exploration policy that follows ORCA [49] for initialization. Subsequently, the value
estimator is trained in imitation learning using the collected data.

3.4.7.2 RL and supervised learning step

In the second step, I train the entire model with Algorithm 1, where E is the number
of episodes for training and d is the target update frequency. The value estimator is
trained with the RL procedure based on the bootstrapped DQN [50].
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Algorithm 1: Optimization of the proposed method.
Initialize the PSR fp and the value estimator fv with two-stage regression and
imitation learning

Initialize the target value estimator f̂v
for i = 1 to E do

Select at following the exploration policy and obtain the reward rt,
observation ot, and robot position pt

After finishing an episode, store the trajectory of (ot, at, rt, pt) to buffer B

Sample from the buffer B and obtain M set of trajectories
for j = 1 to M do

Obtain the trajectories below,
observation oj =

{
oj1, o

j
2, . . . , o

j
T

}
,

robot position pj =
{
pj1, p

j
2, . . . , p

j
T

}
,

action aj =
{
aj1, a

j
2, . . . , a

j
T

}
Calculate the trajectories below,

state qj =
{
qj1, q

j
2, . . . , q

j
T

}
,

target value yj =
{
yj1, y

j
2, . . . , y

j
T

}
,

integrated state sj =
{
sj1, s

j
2, . . . , s

j
T

}
end

Update fp by minimizing Lpred = MSE(f o
p (q, a),o)

Update fv by minimizing Lvalue = MSE(fv(s,p),y)

if i mod d then
Update f̂v by f̂v ← fv

end
end
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3.5 Experiments for RPSR using NSK

In this experiment, I confirm that the NSK is beneficial for RPSR. I evaluated the
performance in 1-step online prediction with benchmark on a synthetic nonlinear dy-
namical system used in related studies [35, 37] as follows:

ẋ1(t) =x2(t)− 0.1 cos (x1(t))
(
5x1(t)− 4x3

1(t) + x5
1(t)
)
− 0.5 cos (x1(t)) a(t)

ẋ2(t) =− 65x1(t) + 50x3
1(t)− 15x5

1(t)− x2(t)− 100a(t)

o(t) =x1(t)

(3.16)

The input, a, is generated as white noise uniformly distributed between −0.5 and 0.5,
and the target data for the prediction is output o(t). I trained with 10 trajectories of
100 outputs and inputs, and tested with 5 trajectories. The trajectories for the training
and testing data are shown in Figures 3.6 and 3.7, respectively. The models were
trained with a future length of 10 and a past length of 20. In addition, 10000 random
Fourier features were used and principal component analysis was conducted to project
the features to 20 dimensions.

The prediction results of each case are shown in Figures 3.8 and 3.9. From these
figures, it can be seen that the results with NSK are smoother and closer to the test
data than those with the stationary case. In addition, Table 3.1 provides a numerical
comparison of the prediction accuracies of all cases based on the mean square error
(MSE). From this table, It can be seen that when NSK is used the accuracy is higher
than when the stationary one is used. These facts can be attributed to the use of NSK,
which allowed smoother estimation by learning global correlations and improved ac-
curacy by covering non-trivial input regions. I confirmed the effectiveness of using
NSK for RPSR from these results.

Table 3.1: Comparison of stationary and nonstationary spectral kernels. Each value is
MSE between test data and prediction.

Trajectory No. Stationary Nonstationary
1 0.058 0.035
2 0.041 0.011
3 0.081 0.012
4 0.034 0.012
5 0.072 0.068

Avg. of 1 ∼ 5 0.057 ± 0.018 0.028 ± 0.022
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Figure 3.6: Trajectories for training.
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Figure 3.7: Trajectories for testing.
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Figure 3.8: Prediction results using stationary spectral kernel.
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Figure 3.9: Prediction results using NSK.
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3.6 Experiments for GC-RPSR

3.6.1 Implementation details

The structure of the value estimator is a multilayer perceptron with a hidden size of
{500, 300}. In the RPSR structure, the feature extractor uses 500 random Fourier fea-
tures and sets the PCA dimensionality reduction to 40 dimensions. The parameters are
trained using AdaBelief [51] in the imitation, supervised, and reinforcement learning
phases, and the learning rate is 10−4. I trained my models in 10k episodes by setting
the batch size of the trajectory to 5 and the target update frequency to 1k. During train-
ing, models were saved for every 100 episodes, and I used the best-performing model
for comparison. The discount factor γ is set to be 0.9. The ε-greedy policy is used for
the exploration with decays from 0.5 to 0.1 linearly in the first 4k episodes. The action
spaceA consists of 80 discrete actions, consisting of 5 velocities exponentially spaced
between (0, 1] and 16 headings evenly spaced between [0, 2π). Regarding action gen-
eration, I set the depth and width of d-step planning to 2. For the state integration of
the second model, I use an occupancy map with a radius of 3 m, a distance resolution
of 0.3 m, and an angular resolution of 30◦.

3.6.2 Experimental environment

I use the circle crossing scenarios in the CrowdNav environment used in some related
works [30, 32]. In this environment, pedestrians are controlled by ORCA [49]. The
pedestrians are randomly positioned on a circle of radius 4 m with random perturbation
added to their position (x, y). The robot and pedestrians are influenced by each other,
and their behavior changes with position and velocity. The evaluation is conducted
with 500 random test cases.

In the training phases of all the experiments and the testing phases of the first and
second experiments, I set the number of pedestrians N to 5.

3.6.3 Comparison of GC-RPSR and RPSR

Here, I confirm the effectiveness of GC-RPSR by comparing it with the basic RPSR.
I compare the success rate, collision rate, execution time, and average return. I use a
simple concatenate for the state integrator. The result is shown in Table 3.2.
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Table 3.2: Numerical comparison of RPSR and GC-RPSR.

Method Success [%] Collision [%] Exec. time [s] Avg. return
RPSR 57.8 33.8 8.84 ± 1.32 0.258
GC-RPSR 64.0 11.0 8.73 ± 1.31 0.356

From this table, it can be seen that GC-RPSR outperforms RPSR in terms of all the
evaluation items. Accordingly, the proposed PSR model enhances the performance of
the mobile robot navigation task compared with basic RPSR.

3.6.4 Comparison models with baseline

Figure 3.10: Sample trajectories of the results of the GGC-RPSR. The black trajecto-
ries describe the robot, and the colored trajectories describe pedestrians.

Here, I compare the proposed models with a method proposed in a related study
[32], which is considered as the baseline. The evaluation items are the same as earlier.
Figure 3.10 shows samples of the result trajectory of the proposed model with state in-
tegration using graph convolution (GGC-RPSR) and Figure 3.11 shows samples of the
result trajectory of the proposed model with state integration using an occupancy map
(OGC-RPSR). In each figure, the black trajectory represents the robot, the colored tra-
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Figure 3.11: Sample trajectories of the results of OGC-RPSR. The black trajectories
describe the robot, and the colored trajectories describe pedestrians.

jectories represent pedestrians, and the numbers indicate time steps. Both methods can
navigate the robot to the goal while avoiding pedestrians. However, GGC-RPSR has a
higher efficiency because it can generate shorter paths. The numerical comparison of
the two proposed methods and the baseline method is shown in Table 3.3.

The GGC-RPSR outperforms the other methods in terms of all the evaluation
items. This result demonstrates the effectiveness of the proposed method using GC-
RPSR and state integration using graph convolution. I speculate that the reason why
the OGC-RPSR outperformed the baseline is that the structure of the PSR was effec-
tive in achieving a more optimal path planning. In addition, since the optimization
performance of the state integration method using graph convolution is higher, I be-

Table 3.3: Numerical comparison of the proposed methods and the baseline method.

Method Success [%] Collision [%] Exec. time [s] Avg. return
RGL [32] 92.0 7.0 9.09 ± 1.31 0.560
GGC-RPSR 94.6 5.4 7.79 ± 0.10 0.587
OGC-RPSR 91.4 6.8 11.54 ± 1.03 0.512



3.6 Experiments for GC-RPSR 70

lieve that the GGC-RPSR performed better than the OGC-RPSR in this experiment
where the number of pedestrians during training and testing is the same.

3.6.5 Comparison of the models in the situation where the number
of pedestrians differs between training and testing

Here, I compared the two proposed methods in the situation where the number of
pedestrians differs between training and testing. Both the models were trained using an
environment in which the number of pedestrians was 5 and were tested in environments
in which the number of pedestrians was 1 to 10.

Figure 3.12 and Figure 3.13 show the success case of result trajectories of GGC-
RPSR. In addition, Figure 3.14 and Figure 3.15 show the success case of result result
trajectories of OGC-RPSR. From these trajectories, it can be seen that GGC-RPSR can
generate efficient trajectories to reach to goal quickly.

1© 2©

3© 4©

Figure 3.12: Sample result trajectories of GGC-RPSR in environments in which num-
ber of pedestrians is 1–4. Black trajectories represent robot, colored trajectories denote
pedestrians, and circled numbers in upper left corner represent pedestrians in environ-
ment.
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5© 6©

7© 8©

9© 10©

Figure 3.13: Sample result trajectories of GGC-RPSR in environments in which num-
ber of pedestrians is 5–10. Black trajectories represent robot, colored trajectories de-
note pedestrians, and circled numbers in upper left corner represent pedestrians in
environment.
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1© 2©

3© 4©

Figure 3.14: Sample result trajectories of OGC-RPSR in environments in which num-
ber of pedestrians is 1–4. Black trajectories represent robot, colored trajectories denote
pedestrians, and circled numbers in upper left corner represent pedestrians in environ-
ment.
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5© 6©

7© 8©

9© 10©

Figure 3.15: Sample result trajectories of OGC-RPSR in environments in which num-
ber of pedestrians is 5–10. Black trajectories represent robot, colored trajectories de-
note pedestrians, and circled numbers in upper left corner represent pedestrians in
environment.
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Table 3.4: Success rate of GGC-RPSR and OGC-RPSR while changing the number of
pedestrians N (in percentage).

Method N = 1 N = 2 N = 3 N = 4 N = 5 N = 6 N = 7 N = 8 N = 9 N = 10
GGC-RPSR 63.6 68.2 65.8 91.0 94.6 76.2 93.6 89.0 51.2 89.0
OGC-RPSR 98.2 95.0 94.4 92.0 91.4 88.0 91.2 91.2 84.0 85.8
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Figure 3.16: Difference in success rate from the result in the situation with 5 pedestri-
ans.

The success rate of the two models are shown in Table 3.4. In addition, Figure 3.16
shows the difference in success rate from the result in the situation with 5 pedestrians
of each model. The maximum decline of the success rate of GGC-RPSR is 43.4%; in
contrast, the corresponding result for OGC-RPSR is 7.4%. From the results, it can be
seen that although GGC-RPSR can generate efficient paths and appears to have high
performance, OGC-RPSR is more stable when the number of pedestrians is varied
between training and testing.

Comparing the two methods, GGC-RPSR integrates the states corresponding to
each pedestrian into a single feature, regardless of the number of pedestrians. There-
fore, it can be inferred that it may not work well with the number of untrained pedestri-
ans. On the other hand, OGC-RPSR integrates the states corresponding to the pedes-
trians in each cell. That fact may often result in only a certain number of states being
integrated into each cell, regardless of the number of pedestrians. Therefore, it is
speculated that OGC-RPSR performed more stable. However, since I have not been
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able to verify the results sufficiently, I need to conduct more detailed discussions and
experiments in the future to determine the cause of the results.

3.7 Conclusion

This study used a deep reinforcement learning method based on PSR in mobile robot
navigation tasks in a dynamic environment with pedestrians. I proposed a new PSR
architecture for mobile robot navigation in a dynamic environment with pedestrians,
considering the interactions among pedestrians. In addition, I proposed methods for
integrating the state of the PSR corresponding to each pedestrian for dealing with the
change in the number of pedestrians between training and testing.

The conducted experiments showed the effectiveness of the proposed model. In
addition, I confirmed that OGC-RPSR, which uses an occupancy map-based state in-
tegration, is more stable in the scenario in which the number of pedestrians differs
between training and testing.

The two types of state integration methods proposed in this study have not yet been
fully discussed; in future studies, further experiments are needed to clarify in detail the
causes of the differences between the two methods. For the occupancy map-based
method, more experiments are needed to clarify the relationships among parameters
such as the number of grids and the performance change. In addition, in the future,
I will consider the more effective model and the learning process in a real-world sce-
nario. The learning costs and the exploration processes are critical problems in real-
world deep reinforcement learning tasks. If a robot can learn in the real world directly,
the trained system can perform better in actual environments than in simulated envi-
ronments. However, the robot would be required to repeat its interactions with the
environment and learn from numerous success and failure patterns, which is difficult
to achieve practically. Thus, a more efficient learning process is required to overcome
these problems.



4
Conclusion and Outlook

In this chapter, I summarize the contributions of the studies presented in this disserta-
tion and further discuss the remaining challenges for the two targets. Finally, I discuss
the future directions in terms of autonomous mobile service robot systems that con-
sider more real-world scenarios and learning-based mobile robot navigation that is
more flexible and fully usable in real-world environments.

4.1 Summary

The contributions can be summarized under two topics: development of tour guide
and co-experience robots and learning-based navigation method based on PSR.

Development of tour guide and co-experience robots: In Chapter 2, I com-
pared the performance of the QZSS, a Japanese GNSS that can perform positional
positioning with a single module, with that of an existing high-precision GNSS. A
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simple module implies an advantage for the operation of an autonomous mobile
robot; therefore, I believe that the QZSS has a major benefit. In addition, my main
contributions are the development of a tour guide robot system using the QZSS and
the development and field experiments of a co-experience robot system using the latest
high-capacity communication system, 5G. The experiments confirmed that the desired
tasks can be performed by the mobile robots. The challenges include developing a
method to understand whether a user is following the robot when providing a tour
guide and transferring more information about the experience of the robot to the user
side than simply videos in the co-experience system. In addition, it is necessary to
devise evaluation criteria for each system as a service and conduct experiments to
clarify them.

Learning-based navigation method based on PSR: In Chapter 3, I considered
the navigation of a mobile robot in a dynamic environment by a pedestrian and
proposed a learning-based navigation method that considers the fact that the behavior
of a pedestrian changes with the behavior of the robot using PSR. In addition, I
proposed a more effective PSR model to model the pedestrian behavior and two state
integration methods to work even when the number of pedestrians is different from
the learning time. By experiments I demonstrated the effectiveness of the proposed
methods based on the new PSR model and compared the state integration methods.
The remaining task is to implement the proposed method on a real robot and conduct
experiments in the real world. In addition, a method that enables learning in a real
environment is required to fully utilize the fact that the method is learning-based.

4.2 Outlook

Expectations for service robot systems such as the ones proposed in this study will
continue to rise to address various social problems. For robots to operate in a real
environment, it is important to find a suitable method to implement them, and this is the
foundation for any robot to perform services. The development of such robots requires
various technologies, and I believe that it is important to actively incorporate evolving
technologies such as the QZSS and 5G, as discussed in this study. In addition, from
the perspective of providing services, it is important for a robot to be user-friendly.
The tour guide robot proposed in this study can receive voice requests, travel to a
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destination, and explain sightseeing points. However, it does not have a function to
determine whether the user is following it closely during the guidance. To achieve
this, a system that can accurately identify the user from among the various pedestrians
that pass through the theme park environment is needed. In addition, the system needs
to be able to pause or adjust its speed if a pedestrian is not following. Accordingly, I
believe that future progress in this study will be achieved by considering mechanisms
for improving the quality of services and policies for evaluating robots, instead of
simply focusing on constructing robots. In addition, using 5G, it is possible to send
and receive large amounts of data with low latency. Although the implementation
of the tour guide robot in this study did not utilize these features, I believe that it is
possible to improve the system using the data acquired from the robot for obstacle
detection and location estimation using methods such as deep learning.

In contrast, for the co-experience system, the most important point is that the user
can feel the experience of the robot as if it was a real experience. In this study, I
developed a system to share the vision experienced by the robot by transmitting 360-
degree 4k images using 5G high-capacity communication. However, because humans
have other important senses besides vision, I believe that it will be possible to obtain
and share more information to achieve a more immersive experience. The senses of
hearing, smell, taste, and touch can be considered. In the case of hearing, it is relatively
easy to share sounds using a microphone and earphones or speakers. For the senses
of smell and taste, by installing sensors on the robot, it is possible to transfer the data
of the experience of the robot; however, finding a method to feed it back to the user is
a major challenge. Regarding the sense of touch, both methods for sensing and feed
back to the user are significant challenges. In my future work, I believe that I can raise
the level of immersion of the shared experience by exploring these points.

For an autonomous mobile service robot to perform its task smoothly, it must be
able to move autonomously even in an environment crowded with pedestrians. How-
ever, the behavior of pedestrians may be affected by environmental factors, such as the
surrounding pedestrians and the shape of the road, and may also change depending on
their intentions at the time. It is difficult to model this behavior explicitly; therefore, it
is desirable to develop a learning-based method based on collected data.

The method proposed in this study considers the fact that the behavior of a pedes-
trian changes depending on the behavior of the robot. In a real environment, more fac-
tors associated with each environment need to be considered. One of the approaches to
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solve this problem is to learn by collecting data in a real operating environment. Con-
sidering the fact that the behavior of a robot affects people, it may be impossible to
deal with the problem by simply acquiring data in advance. Moreover, because a robot
may be unable to sense all information, it will be necessary to learn directly in each
environment to consider that the intentions of pedestrians may change depending on
the road shape, stores, and other structures that attract their attention. For this purpose,
an online learning method is needed while collecting data in real environments.

The reinforcement learning method used in this study can also be viewed as a
method that learns sequentially while collecting data; however, the fact that data are
collected randomly during data collection is a problem in a real environment. When
an autonomous mobile robot behaves randomly in a real environment, there is a risk of
collisions with objects and pedestrians. In addition, if a robot is designed to perform
a service, it will be necessary to collect data while performing the service; therefore,
it will be problematic if the robot behaves in a way that it cannot achieve the service.
Considering the above, I believe that I need a system in which a robot that initially
operates with a simple model-based approach gradually transforms into a smart system
as it collects data and learns. Studying such intelligent robot systems that can learn in
the field is a future prospect.
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A
Supplementary Explanation

A.1 Differential wheeled mobile robot

Figure A.1: Fundamental differential wheeled mobile robot in 2D space and its sim-
plified symbol.

In the research in this dissertation, I deal with differential wheeled-type mobile
robots. A differential wheeled mobile robot is equipped with two wheels, and by
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controlling the rotation of these wheels, the robot can move straight or turn. A robot
with this structure can easily perform a spin turn; therefore, it can move flexibly. Figure
A.1 shows a differential wheeled mobile robot in 2D space and its simplified symbol.
In 2D space, the factors to consider for controlling differential wheeled mobile robots
are position and orientation (x, y, θ) and velocity (v, ω) as the state of the robots. In
addition, velocity is considered as the input command for controlling such robots.
Figure A.2 shows the relations among the input command and position, orientation,
and velocity information in the global coordinate system.

(a) (b)

Figure A.2: (a) Command for controlling robot (velocity), (b) position, orientation,
and velocity information in global coordinate system.

Velocity in the 2D global coordinate system is described by decomposing v into x
and y components, as expressed in Eq. A.1.(

ẋ

ẏ

)
=

(
v cos(θ)

v sin(θ)

)
(A.1)

In addition, the angular velocity is expressed below.

θ̇ = ω (A.2)

The robot’s position can be estimated in a discrete system by summing the incremental
distance traveled. The transition of the robot while time t and t + 1 is described
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below [52].

xt+1 = xt + v∆t cos (θt + ω∆t/2) (A.3)

yt+1 = yt + v∆t sin (θt + ω∆t/2) (A.4)

θt+1 = θt + ω∆t (A.5)

where ∆t is time difference between t and t+ 1.

A.2 Reinforcement Learning for Autonomous Mobile
Robot Navigation

In recent years, machine learning methods have been rapidly developing, and deep
learning, in particular, has produced good results in various fields and has also been
applied in robotics. Various methods using machine learning have been proposed for
the abovementioned elements: object detection and tracking, localization, and path
planning [53, 54, 55, 56, 32, 33]. Supervised learning methods are used for object
detection, tracking, and location estimation, whereas reinforcement learning and imi-
tation learning are frequently used for path planning. In the study in this dissertation,
I specifically focus on path planning using reinforcement learning. Reinforcement
learning is a subfield of machine learning, which trains an agent how to act in environ-
ments. The procedure of reinforcement learning is interacting with an environment, to
learn the good actions to be taken to maximize rewards. Figure A.3 shows a concep-

Figure A.3: Conceptual diagram of reinforcement learning.

tual diagram of reinforcement learning. Reinforcement learning methods are classified
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into two types: off-policy and on-policy methods. In on-policy reinforcement learn-
ing, the policy, πk, is updated with the data collected by itself. It optimizes the current
policy and uses it to collect data. Specifically, it improves the same policy that the
agent is already using for exploration. In off-policy learning, old samples can be used
for computation. For updating a policy, experiences are sampled from a buffer col-
lected from its former policy. This improves the efficiency of the sample as it does not
need to be re-collected each time the policy is changed. Sample efficiency is an impor-
tant element when reinforcement learning methods are used in difficult data collection
problems, such as mobile robot navigation in the real world. Another major focus in
reinforcement learning is on whether to learn a strategy. The actor–critic method is an
off-policy method that learns a policy. It is a combination of policy learning and value
learning, where the critic is learned to estimate the value of the action and the actor is
learned to generate the action with the maximum value obtained by the critic.

With the development of deep learning, deep neural networks (DNNs) have begun
to be used in reinforcement learning in recent years. A DNN can approximate arbitrary
functions and is commonly used, particularly when dealing with values and behaviors
with continuous values. The simplest one-layer neural network is represented by the
equation, y = ax + b. This is called the fully connected layer in the DNN model
structure and is used as the basic structure. Adjusting the parameters, a and b, in this
equation implies training this network. This parameter adjustment is determined by
calculating the gradient by partial differentiation concerning a and b. By combining
this simple structure with an activation function to represent the nonlinearity, multilay-
ered DNN models can be constructed.

The action space of mobile robot navigation consists of a combination of transla-
tional velocity v and rotational velocity ω or a combination of x-direction velocity vx
and y-direction velocity vy in 2D space. This action space is not complex, and owing
to hardware and other constraints, it is not typically possible for a real robot to per-
form strictly continuous-valued actions. Therefore, deep reinforcement learning-based
mobile robot navigation can be realized in many cases using a value estimator based
on DNN models to evaluate the values sampled from the action space and select the
optimal action. Figure A.4 shows a process for training of value learning using a DNN.
A simple explanation of this training is as follows:

1. The agent acts and obtains the state and reward after the action.

2. The action, state, and reward are stored as a single combination in a buffer.
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Figure A.4: Process for training of value learning using DNN.

3. The trainer reads data randomly from the buffer and trains the DNN model to
perform value estimation.

4. The course of action of the agent is updated to the learned value estimation
model.

It is crucial to explore action generation to obtain samples that have not been experi-
enced before when collecting data. In the case of value learning, the ε-greedy method
is generally used, which acts randomly with a certain probability based on a threshold
value ε.
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