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Abstract This study details the construction of an environmental map as well as road surface identification based on a coaxial twowheel robot. Two-wheeled robots are faced with the challenge of oscillatory motion making it hard to get accurate sensor data
which is needed in mapping and localization. The proposed system utilizes Robot Operating System (ROS) for data fusion and a
modified Simultaneous Localization and Mapping (SLAM) algorithm to reduce oscillatory motions as well as generate
environmental map in real-time. Deep learning was used to perform image segmentation to classify road surface. From the results,
posture control was verified as well as generation of indoor/outdoor environment maps from sensor data and image processing.
The study reported a reduction of oscillatory motion from 40 to 10 degrees. Image segmentation reported a prediction confidence
of 80% or more which was adequate for map generation.
Keywords Coaxial Two-Wheeled Robots, Environment Maps, SLAM, Deep Learning.

1. Introduction
In recent past, robots have been integrated in service
industries such as cleaning, security, and others. The
design of mobile robots follows the application areas
which is informed by the dynamic environmental
constraints like the walkable area, power requirements,
size and others.
Traditionally, robots are human operated using inputs
as is the case with motor vehicles. With the diversification
of usage, human operation is being replaced with semi
(preprogrammed actions) or full autonomy. Programmed
usage require perfect knowledge of the working space
with slight or no change in the environment or robot
dynamics. This is challenging if any of the integral system
is updated. The most feasible solution to the dynamics of

environment is to construct an autonomous robot: a robot
that gets sensor data and decides on a probable action
without referring to a programmed input [1]. This is
achieved by integrating sensor data to an artificial
intelligence model e.g. in object detection or
classification. This way robot deployment can be
generalized to any dynamic environment.
Mobility in robots is an important design
consideration with either wheels or legs. The advantages
of using driven wheels over legs are described in literature
[2]. In wheeled robots, the number of wheels impacts
motion stability, form-factor, energy efficiency, degrees
of freedom and other parameters. In literature, varying
number of wheel designs have been discussed ranging
from one-wheel (Ball-shaped robots) [3], two-wheeled
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robots [1], four-wheeled robots, six-wheeled robots [4].
The advantage with three or more-wheel robot is the
static stability even in high speeds. The challenge with
this configuration is the over-constrained system,
requiring suspensions particularly in non-flat terrain.
Analogous to a motor vehicle (4-wheeled robot), static
stability leads to constrained maneuverability
(forward/backward, turning motion) and form factor. The
robot design with three or more wheels therefore have
limited application in constrained spaces like indoor
environment and uneven ground plane.
This paper considers the use of two-wheeled robot as
applied in constrained spaces and indoor environment.
The design of two-wheeled robot typically involves
mounting two coaxial wheels on either side of the robot
body. For this reason, the robot must actively stabilize
themselves to avoid tipping.
Two-wheeled robot overcomes the problems of a
typical four-wheeled robot by the ability to turn on-thespot. This enables them to maneuver through corridors
and tight corners with ease. Additionally, depending on
the design, the robots can swing forward and backward to
establish stability in slopes and inclined areas [2].
The swinging motion of the two-wheeled robot is
advantageous in that it enables the robot to move in
uneven ground planes. This however poses a challenge in
stable sensor readings as the body moves back and forth.
To overcome the highlighted challenges of a twowheeled robot, this paper utilized a posture controller for
horizontal swings and a localization and mapping
algorithm for robot position estimation. Further, deep
learning algorithm is applied to detect and classify road
surface.
A key consideration for any mobile robot is path
planning and navigation [5]. In this case, path planning
has to do with the initial and target positions as well as the
route taken. Navigation in this context will be
identification of objects and obstacles and recomputing
the best route to avoid them. A combination of systems is
necessary to inform the robot of its position relative to an
obstacle.
Researchers approach path planning and navigation in
various ways. A paper [2] identifies two robot navigation
categories as either global or local navigation. Global
navigation is viewed as position of all the present
elements in the environment with respect to reference
axis. In this category, prior information is required. In
local navigation, the robot identifies the dynamic and
positional relationship among the present elements. In
other words, no prior information is required. Full review
of two-wheel robot navigation is available in the referred

review paper [6]. This paper utilized Simultaneous
Localization and Mapping (SLAM) algorithm as provided
in Robot Operation System. Further details of the
algorithm are described in section three.
2. Proposed system
As shown in Fig. 1, the proposed system consists of
two-wheel servo motors, two horizontal angle control
servo motors, notebook PC, inertial measurement unit
(IMU) sensors, and image acquisition system (USB
Camera). Table 1 shows the integration of all the sensing
and controller components used in the proposed system.
From the table, four tasks listed as posture control,
localization and Mapping, surface identification and
classification are mapped to the analysis tool employed
and the output dependence. Posture control takes in IMU
data (gyroscope and acceleration data) to control the
horizontal position servo motors. Road surface
identification task utilizes the same sensor data as posture
control.
Localized mapping is performed using ROS software
[7] from area sensor data (Laser rangefinder). Processed
information informs the robot of its position to perform
navigation. ROS software controls the movement (wheel
servo motors) of the robot after integrating all the sensor
and detection units. This is explained further in the next
section. Fig. 2 shows Laser rangefinder (UTM-30LX)
from Hokuyo® and its specifications.
In road surface identification, the surface angle of the
road is determined using Madgwick filter attitude values.
The filtered output is fed into the ROS for further analysis.
Road type is classified based on trained Deep Learning
algorithm [8]. The output of the surface classification is
fed to ROS for accurate construction of the environmental
map.

Fig. 1. A Two-wheeled robot
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Table 1: Proposed architectural dependence
Task
Sensors
Analysis
Output
Horizontal
IMU Sensor Microchip
Horizontal
Posture
(MPU-9250) computer
Servo
(Madgwick
control
Motors
Filter)
Localization
Area Sensor ROS
Wheel
and Mapping
(Laser
SLAM
Servo
Rangefinder) Algorithm
Motor
Road surface
IMU Sensor Microchip
ROS
discrimination (MPU-9250) computer
Software
(Madgwick
Filter)
Road surface
USB
Matlab Deep ROS
classification
Camera
Learning
Software

Voltage
Range
Precision
Resolution

DC12V
0.1～30[m]
270[deg]
0.1～10[m] : ∓30[mm]
10～30[m] : ∓50[mm]
0.25[deg]

Fig. 2. Area sensor (Laser rangefinder) with specifications

Environmental Map Construction by ROS
3.1. Self-position estimation using SLAM and RBPF
For the robot to perform the mapping, it is necessary to
perform self-location estimation. This way, the robot is
aware of its own position relative to walls and other
objects and performs map construction from sensor
information at the same time. This approach is referred to
as SLAM (Simultaneous Localization and Mapping), it is
a subject that is actively studied to this day [9] [10]. In
general, encoder and GPS are used for self-position
estimation, and range sensors, cameras, etc. are used for
wall surface estimation. Mathematical approaches are
also applied separately or in conjunction with sensor
estimations. Various methods are studied in the selfposition estimation problem, one of which is the use of
particle filter.
Particle filter approach assumes multiple positions
(particles) of the robot on the map and estimates selfposition based on the distribution of the assumed
positions. Since this method expresses the probability
distribution based on a plurality of sampling points and
their weights, high estimation accuracy can be maintained
even when applied to a map with a complicated form like
in outdoor environment.
A challenge with this approach is that, when the
dimension of the state vector increases, the number of
3.

necessary particles increases thereby increasing the
computational cost. As such, it is difficult to apply the
particle filter as is and hence the paper adopted a modified
particle filter called Rao-Blackwellized Particle Filter
(RBPF) available in ROS wrapper of GMapping library
as published in [11]. In GMapping, Rao-Blackwell
method is used as a countermeasure to increased
computational cost [9], [10]. The method reduces the
dimension by limiting the particle distribution to the locus
of the robot and distributing the landmark position
analytically for each particle. Particle filter with RaoBlackwell leads to RBPF [12]. The mathematical
concepts of RBPF is as shown below. In the RaoBlackwell method, the state vector x is first divided into
two elements.
(1)
𝐱𝐱 = {𝐳𝐳, 𝛉𝛉]
The distribution p (x) of the state quantity is
expressed in the following form.
(2)
𝐩𝐩(𝐱𝐱) = 𝐩𝐩(𝛉𝛉)𝐩𝐩(𝐳𝐳|𝛉𝛉)
In this case, if the distribution of the second term on the
right side can be obtained analytically from θ as shown in
(3), the dimension of the state space handled can be
reduced by estimating particle filter for the first term
shown in (4). This is the basic idea of the Rao-Blackwell
method.
𝒛𝒛 = 𝑭𝑭(𝜽𝜽𝒌𝒌 )𝒛𝒛𝒌𝒌−𝟏𝟏 + 𝑮𝑮(𝜽𝜽𝒌𝒌 )𝒗𝒗𝒌𝒌 , 𝒗𝒗𝒌𝒌 ~𝑵𝑵(𝟎𝟎, 𝑸𝑸𝒌𝒌 )
(3)
� 𝒌𝒌
𝒚𝒚𝒌𝒌 = 𝑯𝑯(𝜽𝜽𝒌𝒌 )𝒛𝒛𝒌𝒌 + 𝒘𝒘𝒌𝒌 , 𝒘𝒘𝒌𝒌 ~𝑵𝑵(𝟎𝟎, 𝑹𝑹𝒌𝒌 )
(4)
𝜽𝜽𝒌𝒌 ~𝒇𝒇𝜽𝜽 (𝜽𝜽𝒌𝒌 |𝜽𝜽𝒌𝒌−𝟏𝟏 )
The algorithm is as listed below.
1. Weighted particle group at time k-1 is given.
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(𝒊𝒊)

(𝒊𝒊)

(𝒊𝒊)

(𝒊𝒊)

{�𝜽𝜽𝒌𝒌−𝟏𝟏 , 𝒛𝒛�𝒌𝒌−𝟏𝟏|𝒌𝒌−𝟏𝟏 , 𝑽𝑽𝒌𝒌−𝟏𝟏|𝒌𝒌−𝟏𝟏 , 𝒘𝒘𝒌𝒌−𝟏𝟏 �}𝑴𝑴
𝒊𝒊=𝟏𝟏

In this case,
(𝑖𝑖)
𝑧𝑧̅𝑘𝑘−1|𝑘𝑘−1

(𝑖𝑖)
𝑉𝑉𝑘𝑘−1|𝑘𝑘−1

(5)

is the covariance matrix,

is the median estimated by the Kalman
filter.
2. Sampling particles according to proposed
distribution
� (𝒊𝒊) ~𝒒𝒒𝜽𝜽 �𝜽𝜽
� (𝒊𝒊) �𝜽𝜽(𝒊𝒊) , 𝒚𝒚𝒌𝒌 � , 𝒊𝒊
𝜽𝜽
𝒌𝒌
𝒌𝒌−𝟏𝟏
𝒌𝒌
(6)
= 𝟏𝟏, 𝟐𝟐, … , 𝑴𝑴
3. The Kalman filter is applied to each particle of
̅ (𝑖𝑖)
the particle series 𝜃𝜃1:𝑘𝑘
[3-1]. Find the mean and variance of the first-term
̅ (𝑖𝑖)
prediction p(𝑧𝑧𝑘𝑘 |𝑦𝑦1:𝑘𝑘−1 , 𝜃𝜃1:𝑘𝑘
(𝒊𝒊)
� (𝒊𝒊) � 𝒛𝒛�(𝒊𝒊)
𝒛𝒛�𝒌𝒌|𝒌𝒌−𝟏𝟏 = 𝑭𝑭 �𝜽𝜽
⎧
𝒌𝒌
𝒌𝒌−𝟏𝟏|𝒌𝒌−𝟏𝟏
⎪ (𝒊𝒊)
(𝒊𝒊)
(𝒊𝒊)
′ � (𝒊𝒊)
� � 𝑽𝑽
𝑽𝑽𝒌𝒌|𝒌𝒌−𝟏𝟏 = 𝑭𝑭 �𝜽𝜽
𝒌𝒌
𝒌𝒌−𝟏𝟏|𝒌𝒌−𝟏𝟏 𝑭𝑭 �𝜽𝜽𝒌𝒌 � +
⎨
⎪
� (𝒊𝒊) �
� (𝒊𝒊) � 𝑸𝑸𝒌𝒌 𝑮𝑮′ �𝜽𝜽
𝑮𝑮 �𝜽𝜽
𝒌𝒌
𝒌𝒌
⎩
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(7)
[3-2]. Find the mean and variance of the
̅ (𝑖𝑖)
likelihood p(𝑦𝑦𝑘𝑘 |𝑦𝑦1:𝑘𝑘−1 , 𝜃𝜃1:𝑘𝑘
(𝒊𝒊)
� (𝒊𝒊) � 𝒛𝒛�(𝒊𝒊)
�𝒌𝒌|𝒌𝒌−𝟏𝟏 = 𝑯𝑯 �𝜽𝜽
𝒚𝒚
𝒌𝒌
𝒌𝒌|𝒌𝒌−𝟏𝟏
⎧
(𝒊𝒊)
(𝒊𝒊)
(𝒊𝒊)
′ � (𝒊𝒊)
�
⎨𝜮𝜮𝒌𝒌|𝒌𝒌−𝟏𝟏 = 𝑯𝑯 �𝜽𝜽𝒌𝒌 � 𝑽𝑽𝒌𝒌|𝒌𝒌−𝟏𝟏 𝑯𝑯 �𝜽𝜽𝒌𝒌 � +
(8)
𝑹𝑹𝒌𝒌
⎩
[3-3]. Find the mean and variance of the filter
̅ (𝑖𝑖)
distribution p(𝑧𝑧𝑘𝑘 |𝑦𝑦1:𝑘𝑘 , 𝜃𝜃1:𝑘𝑘
(𝒊𝒊)

(𝒊𝒊)

(𝒊𝒊)

(𝒊𝒊)

�𝒌𝒌|𝒌𝒌−𝟏𝟏 ]
𝒛𝒛�𝒌𝒌|𝒌𝒌 = 𝒛𝒛�𝒌𝒌|𝒌𝒌−𝟏𝟏 + 𝑲𝑲𝒌𝒌 [𝒚𝒚𝒌𝒌 − 𝒚𝒚
� (𝒊𝒊)
(𝒊𝒊)
(𝒊𝒊)
� 𝒌𝒌|𝒌𝒌 = [𝑰𝑰 − 𝑲𝑲(𝒊𝒊)
𝑽𝑽
𝒌𝒌 𝑯𝑯 �𝜽𝜽𝒌𝒌 �]𝑽𝑽

(9)

𝒌𝒌|𝒌𝒌−𝟏𝟏

(𝑖𝑖)

In this case, 𝐾𝐾𝑘𝑘 is the Kalman gain of the ith
particle.
(𝒊𝒊)
� (𝒊𝒊) � [𝜮𝜮(𝒊𝒊) ]−𝟏𝟏
� (𝒊𝒊) 𝑯𝑯′ �𝜽𝜽
𝑲𝑲𝒌𝒌 = 𝑽𝑽
𝒌𝒌|𝒌𝒌−𝟏𝟏
𝒌𝒌
𝒌𝒌|𝒌𝒌−𝟏𝟏

(10)
[3-4]. Update weights based on observed values
(𝒊𝒊)
� 𝒌𝒌
𝒘𝒘

∝

(𝒊𝒊)
(𝒊𝒊)
�(𝒊𝒊) (𝒊𝒊)
�𝒌𝒌|𝒌𝒌−𝟏𝟏 ,𝜮𝜮𝒌𝒌|𝒌𝒌−𝟏𝟏 )
(𝒊𝒊) 𝒇𝒇𝜽𝜽 (𝜽𝜽𝒌𝒌 |𝜽𝜽𝒌𝒌−𝟏𝟏 )𝑵𝑵(𝒚𝒚𝒌𝒌 ;𝒚𝒚
𝒘𝒘𝒌𝒌−𝟏𝟏
� (𝒊𝒊) �𝜽𝜽(𝒊𝒊) , 𝒚𝒚𝒌𝒌 �
𝒒𝒒𝜽𝜽 �𝜽𝜽
𝒌𝒌
𝒌𝒌−𝟏𝟏

(11)
Here, 𝑁𝑁(𝑦𝑦𝑘𝑘 ; 𝑦𝑦� , 𝛴𝛴 ) is the normal vector of the
(𝑖𝑖)

(𝑖𝑖)

(𝑖𝑖)

mean vector �𝑦𝑦 , the variance covariance matrix
(𝑖𝑖)

𝛴𝛴 , and y is substituted for the probability
density function.
4. Resampling
(𝑖𝑖)
When resampling, the particle 𝜃𝜃�𝑘𝑘 is summarized,
(𝑖𝑖)

the mean vector 𝑧𝑧̿𝑘𝑘|𝑘𝑘 , the variance covariance
(𝑖𝑖)

matrix 𝑉𝑉�𝑘𝑘|𝑘𝑘 , and extracts the M recovery source
(𝑖𝑖)

with a probability proportional to the weight 𝑤𝑤
�𝑘𝑘 .
(𝑖𝑖)

3.2. Road surface detection by 6-axis motion sensor
In this research, posture controller was introduced to
reduce noise in sensor measurements due to oscillations
during robot motions. In order to perform attitude control,
it is necessary to design a system that measures and
corrects the current posture. Although it is common to use
a motion sensor to determine the posture, it is difficult to
use the obtained values because drift error increase with
increase in measurement time. It is necessary to correct
this error using a filter or other methods like precomputed
error compensation method. In this system, Madgwick
Filter is used as a drift error correction method.
Madgwick Filter was proposed by Madgwick as
reported in [14]. By making the algorithm quaternion
base, precision equivalent to the Kalman filter is obtained
with reduced processing time. The expression of
quaternion is as follows.
Quaternion expresses the rotation of threedimensional space with four components of vector 𝒒𝒒𝟏𝟏 and
scalar (𝒒𝒒𝟐𝟐 , 𝒒𝒒𝟑𝟑 , 𝒒𝒒𝟒𝟒). At this point, the direction of the frame
B with respect to the frame A is
𝑨𝑨
� = [𝒒𝒒𝟏𝟏 , 𝒒𝒒𝟐𝟐 , 𝒒𝒒𝟑𝟑 , 𝒒𝒒𝟒𝟒 ]
𝑩𝑩𝒒𝒒
𝜽𝜽
𝜽𝜽
𝜽𝜽
𝜽𝜽
= [𝐜𝐜𝐜𝐜𝐜𝐜 , −𝒓𝒓𝒙𝒙 𝐬𝐬𝐬𝐬𝐬𝐬 , −𝒓𝒓𝒚𝒚 𝐬𝐬𝐬𝐬𝐬𝐬 , −𝒓𝒓𝒛𝒛 𝐬𝐬𝐬𝐬𝐬𝐬 ]
𝟐𝟐
𝟐𝟐
𝟐𝟐
𝟐𝟐
(13)
And a conjugate quaternion obtained by inverting the sign
of the vector part
𝑨𝑨 ∗
(14)
� = 𝑩𝑩𝑨𝑨𝒒𝒒
� = [𝒒𝒒𝟏𝟏 , −𝒒𝒒𝟐𝟐 , −𝒒𝒒𝟑𝟑 , −𝒒𝒒𝟒𝟒 ]
𝑩𝑩𝒒𝒒

The direction from frame A to frame C is
𝑨𝑨
(15)
� = 𝑩𝑩𝑪𝑪𝒒𝒒
� ⊗ 𝑩𝑩𝑨𝑨𝒒𝒒
�
𝑪𝑪𝒒𝒒
Quaternion estimation algorithm in Madgwick filter is
described below. Fig. 3 is a block diagram of the
algorithm.

The particle extracted by resampling is 𝜃𝜃𝑘𝑘 , the
(𝑖𝑖)

average vector is 𝑧𝑧̅𝑘𝑘|𝑘𝑘 , the variance covariance
(𝑖𝑖)

(𝑖𝑖)

matrix is 𝑉𝑉�𝑘𝑘|𝑘𝑘 . The weights are equalized 𝑤𝑤𝑘𝑘 =
1
. does not change if not complete.
𝑀𝑀
(𝒊𝒊)
� (𝒊𝒊) , 𝒛𝒛�(𝒊𝒊) ≔ 𝒛𝒛�(𝒊𝒊) , 𝑽𝑽
� (𝒊𝒊) ≔
𝜽𝜽𝒌𝒌 ≔ 𝜽𝜽
𝒌𝒌
𝒌𝒌|𝒌𝒌
𝒌𝒌|𝒌𝒌
𝒌𝒌|𝒌𝒌
(𝒊𝒊)
(𝒊𝒊)
� 𝒌𝒌 , 𝒊𝒊 = 𝟏𝟏, 𝟐𝟐, … , 𝑴𝑴 …
𝒘𝒘𝒌𝒌 ≔ 𝒘𝒘

� (𝒊𝒊) ,
𝑽𝑽
𝒌𝒌|𝒌𝒌

(12)

By the above operation, a weighted particle group
of filter distribution at time k is obtained. Estimation is
performed by repeating steps 1 to 4 above. Parameter
initialization was performed as per the GMapping
algorithm described in [11] and [13]. In this paper, 50
particles were found to yield optimal performance.

Fig. 3. Block diagram of Madgwick filter
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First, using the quaternion for the angular velocity of the
sensor frame is described as
𝑺𝑺
(16)
𝝎𝝎 = �𝟎𝟎, 𝝎𝝎𝒙𝒙 , 𝝎𝝎𝒚𝒚 , 𝝎𝝎𝒛𝒛 �[𝒓𝒓𝒓𝒓𝒓𝒓/𝒔𝒔]
The time differentiation of the rotation due to the
quaternion from the ground frame to the sensor frame is
as follows.
𝟏𝟏 𝑺𝑺
𝑺𝑺
(17)
� ⊗ 𝑺𝑺𝝎𝝎
𝑬𝑬𝒒𝒒̇ = 𝑬𝑬𝒒𝒒
𝟐𝟐
𝑆𝑆
Where 𝐸𝐸𝒒𝒒̇ 𝝎𝝎,𝒕𝒕 is the pose at time t in discrete time,
𝑆𝑆 �
𝒆𝒆𝒆𝒆𝒆𝒆,,𝒕𝒕−𝟏𝟏 the estimated value of the pose at time t - 1,
𝐸𝐸 𝒒𝒒
𝟏𝟏 𝑺𝑺
𝑺𝑺
�𝒆𝒆𝒆𝒆𝒆𝒆,𝒕𝒕−𝟏𝟏 ⊗ 𝑺𝑺𝝎𝝎𝒕𝒕
𝑬𝑬𝒒𝒒̇ 𝝎𝝎,𝒕𝒕 = 𝑬𝑬𝒒𝒒
𝟐𝟐
(18)
�
𝟏𝟏 𝑺𝑺
𝑺𝑺
𝑺𝑺
�
𝒒𝒒
=
𝒒𝒒
+
𝒒𝒒̇
∆𝒕𝒕
𝑬𝑬 𝝎𝝎,𝒕𝒕
𝟐𝟐 𝑬𝑬 𝝎𝝎,𝒕𝒕 𝑬𝑬 𝝎𝝎,𝒕𝒕
Although the value of the acceleration sensor is
originally the combination of the gravitational
acceleration and the acceleration generated by the motion,
Madgwick filter considers gravitational acceleration only
since motion acceleration is what is being recovered.
At this point, if the true value is known in the base
frame, the value measured by the sensor frame can be
inferred from the quaternion, and the difference between
the two vectors can be obtained. The posture quaternion
𝑆𝑆 �
whose difference is smallest is the most appropriate
𝐸𝐸 𝒒𝒒
posture.
� , 𝑺𝑺𝒔𝒔�)
� ∈ 𝑹𝑹𝟒𝟒 �𝒇𝒇( 𝑬𝑬𝑺𝑺𝒒𝒒
�, 𝑬𝑬𝒅𝒅
𝐦𝐦𝐦𝐦𝐦𝐦� 𝑬𝑬𝑺𝑺𝒒𝒒
(19)

� , 𝑺𝑺𝒔𝒔�� = 𝑬𝑬𝑺𝑺𝒒𝒒
� ⊗ 𝑬𝑬𝑺𝑺𝒒𝒒
�, 𝑬𝑬𝒅𝒅
�∗ ⊗ 𝑬𝑬𝒅𝒅
� (20)
𝒇𝒇� 𝑬𝑬𝑺𝑺𝒒𝒒
𝑺𝑺
− 𝒔𝒔�
𝑺𝑺
(21)
�
𝒒𝒒
=
[𝒒𝒒
𝟏𝟏 , 𝒒𝒒𝟐𝟐 , 𝒒𝒒𝟑𝟑 , 𝒒𝒒𝟒𝟒 ]
𝑬𝑬
𝑬𝑬 �
(22)
𝒅𝒅 = [𝟎𝟎, 𝒅𝒅𝒙𝒙 , 𝒅𝒅𝒚𝒚 , 𝒅𝒅𝒛𝒛 ]
𝑺𝑺
(23)
𝒔𝒔� = [𝟎𝟎, 𝒔𝒔𝒙𝒙 , 𝒔𝒔𝒚𝒚 , 𝒔𝒔𝒛𝒛 ]
Normally, the optimum value is obtained by Hessian
matrix, but because the calculation load increases,
steepest descent method was used.
� , 𝑺𝑺𝒔𝒔��
�, 𝑬𝑬𝒅𝒅
𝛁𝛁𝒇𝒇� 𝑬𝑬𝑺𝑺𝒒𝒒
𝑺𝑺
𝑺𝑺
�
𝒒𝒒
=
𝒒𝒒
−
𝝁𝝁
,
𝒌𝒌+𝟏𝟏
𝒌𝒌
𝑬𝑬
𝑬𝑬
� , 𝑺𝑺𝒔𝒔����
(24)
�, 𝑬𝑬𝒅𝒅
��𝛁𝛁𝒇𝒇� 𝑬𝑬𝑺𝑺𝒒𝒒
𝒌𝒌 = 𝟎𝟎, 𝟏𝟏, 𝟐𝟐, … , 𝒏𝒏

� , 𝑺𝑺𝒔𝒔��
�, 𝑬𝑬𝒅𝒅
𝛁𝛁𝒇𝒇� 𝑬𝑬𝑺𝑺𝒒𝒒
� )𝒇𝒇( 𝑬𝑬𝑺𝑺𝒒𝒒
� , 𝑺𝑺𝒔𝒔�)
�, 𝑬𝑬𝒅𝒅
�, 𝑬𝑬𝒅𝒅
= 𝑱𝑱𝑻𝑻 ( 𝑬𝑬𝑺𝑺𝒒𝒒

(25)

� , 𝑺𝑺𝒔𝒔� �=
�, 𝑬𝑬𝒅𝒅
𝒇𝒇� 𝑬𝑬𝑺𝑺𝒒𝒒
𝟏𝟏
⎡𝟐𝟐𝒅𝒅𝒙𝒙 � − 𝒒𝒒𝟐𝟐𝟑𝟑 − 𝒒𝒒𝟐𝟐𝟒𝟒 � + 𝟐𝟐𝒅𝒅𝒚𝒚 (𝒒𝒒𝟏𝟏 𝒒𝒒𝟒𝟒 + 𝒒𝒒𝟐𝟐 𝒒𝒒𝟑𝟑 ) + ⋯
𝟐𝟐
⎢
𝟏𝟏
⎢𝟐𝟐𝒅𝒅𝒙𝒙 (𝒒𝒒𝟐𝟐 𝒒𝒒𝟑𝟑 − 𝒒𝒒𝟏𝟏 𝒒𝒒𝟒𝟒 ) + 𝟐𝟐𝒅𝒅𝒚𝒚 � − 𝒒𝒒𝟐𝟐𝟐𝟐 − 𝒒𝒒𝟐𝟐𝟒𝟒 � + ⋯
𝟐𝟐
⎢
⎣𝟐𝟐𝒅𝒅𝒙𝒙 (𝒒𝒒𝟏𝟏 𝒒𝒒𝟑𝟑 + 𝒒𝒒𝟐𝟐 𝒒𝒒𝟒𝟒 ) + 𝟐𝟐𝒅𝒅𝒚𝒚 (𝒒𝒒𝟑𝟑 𝒒𝒒𝟒𝟒 − 𝒒𝒒𝟏𝟏 𝒒𝒒𝟐𝟐 ) + ⋯

𝟐𝟐𝒅𝒅𝒛𝒛 (𝒒𝒒𝟐𝟐 𝒒𝒒𝟒𝟒 − 𝒒𝒒𝟏𝟏 𝒒𝒒𝟑𝟑 ) − 𝒔𝒔𝒙𝒙
𝟐𝟐𝒅𝒅𝒛𝒛 (𝒒𝒒𝟏𝟏 𝒒𝒒𝟐𝟐 + 𝒒𝒒𝟑𝟑 𝒒𝒒𝟒𝟒 ) − 𝒔𝒔𝒚𝒚 � (26)
𝟏𝟏
𝟐𝟐𝒅𝒅𝒛𝒛 � − 𝒒𝒒𝟐𝟐𝟐𝟐 − 𝒒𝒒𝟐𝟐𝟑𝟑 � − 𝒔𝒔𝒛𝒛
𝟐𝟐

�� =
�, 𝑬𝑬𝒅𝒅
𝑱𝑱𝑻𝑻 � 𝑬𝑬𝑺𝑺𝒒𝒒
𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟑𝟑 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟒𝟒
𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟒𝟒 − 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟑𝟑
𝟐𝟐𝒅𝒅
𝒒𝒒
�−𝟐𝟐𝒅𝒅𝒙𝒙 𝒒𝒒𝟒𝟒 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟐𝟐
𝒙𝒙 𝟑𝟑 − 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟐𝟐 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟏𝟏
𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟑𝟑 + 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟐𝟐 𝟐𝟐𝒅𝒅𝒙𝒙 𝒒𝒒𝟒𝟒 − 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟏𝟏 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟐𝟐
−𝟒𝟒𝒅𝒅𝒙𝒙 𝒒𝒒𝟑𝟑 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟐𝟐 − 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟏𝟏 −𝟒𝟒𝒅𝒅𝒙𝒙 𝒒𝒒𝟒𝟒 + 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟏𝟏 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟐𝟐
𝟐𝟐𝒅𝒅𝒙𝒙 𝒒𝒒𝟐𝟐 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟒𝟒
−𝟐𝟐𝒅𝒅𝒙𝒙 𝒒𝒒𝟏𝟏 − 𝟒𝟒𝒅𝒅𝒚𝒚 𝒒𝒒𝟒𝟒 + 𝟐𝟐𝒅𝒅𝒛𝒛 𝒒𝒒𝟑𝟑 �
𝟐𝟐𝒅𝒅𝒙𝒙 𝒒𝒒𝟏𝟏 + 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟒𝟒 − 𝟒𝟒𝒅𝒅𝒛𝒛 𝒒𝒒𝟑𝟑
𝟐𝟐𝒅𝒅𝒙𝒙 𝒒𝒒𝟐𝟐 + 𝟐𝟐𝒅𝒅𝒚𝒚 𝒒𝒒𝟑𝟑
(27)

Next, the measurement value of the acceleration sensor is
normalized by dividing it into motion and those based on
acceleration of gravity
𝑬𝑬
(28)
� = [𝟎𝟎, 𝟎𝟎, 𝟎𝟎, 𝟏𝟏]
𝒈𝒈
𝑬𝑬
(29)
� = [𝟎𝟎, 𝒂𝒂𝒙𝒙 , 𝒂𝒂𝒚𝒚 , 𝒂𝒂𝒛𝒛 ]
𝒂𝒂
Substituting this into equation (3-26) - (3-27) yields:
𝟐𝟐(𝒒𝒒𝟐𝟐 𝒒𝒒𝟒𝟒 − 𝒒𝒒𝟏𝟏 𝒒𝒒𝟑𝟑 ) − 𝒂𝒂𝒙𝒙
(30)
⎡
⎤
𝟐𝟐(𝒒𝒒𝟏𝟏 𝒒𝒒𝟐𝟐 + 𝒒𝒒𝟑𝟑 𝒒𝒒𝟒𝟒 ) − 𝒂𝒂𝒚𝒚 ⎥
�, 𝑺𝑺𝒂𝒂
�� = ⎢
𝒇𝒇� 𝑬𝑬𝑺𝑺𝒒𝒒
⎢ 𝟏𝟏
⎥
𝟐𝟐
𝟐𝟐
⎣ 𝟐𝟐 �𝟐𝟐 − 𝒒𝒒𝟐𝟐 − 𝒒𝒒𝟑𝟑 � − 𝒂𝒂𝒛𝒛 ⎦
(31)
𝟐𝟐𝒒𝒒𝟑𝟑 𝟐𝟐𝒒𝒒𝟒𝟒 −𝟐𝟐𝒒𝒒𝟏𝟏 𝟐𝟐𝒒𝒒𝟐𝟐
𝑺𝑺
𝑺𝑺
�, 𝒂𝒂
� � = �𝟐𝟐𝒒𝒒𝟐𝟐 𝟐𝟐𝒒𝒒𝟏𝟏 𝟐𝟐𝒒𝒒𝟒𝟒 𝟐𝟐𝒒𝒒𝟑𝟑 ��
𝒇𝒇� 𝑬𝑬𝒒𝒒
𝟎𝟎
𝟎𝟎 𝟐𝟐𝒒𝒒𝟐𝟐 −𝟒𝟒𝒒𝒒𝟑𝟑
Therefore, the update formula is
𝛁𝛁𝒇𝒇
𝑺𝑺
𝑺𝑺
�𝒆𝒆𝒆𝒆𝒆𝒆,𝒕𝒕−𝟏𝟏 − 𝝁𝝁𝒕𝒕
(32)
𝑬𝑬𝒒𝒒𝛁𝛁,𝒕𝒕 = 𝑬𝑬𝒒𝒒
�|𝛁𝛁𝒇𝒇|�
Here, the optimum value of 𝜇𝜇𝑡𝑡 can be defined as the
convergence rate of 𝐸𝐸𝑆𝑆𝒒𝒒𝛁𝛁,𝒕𝒕 to avoid overshoot caused by
unnecessarily large step size. Therefore, 𝜇𝜇𝑡𝑡 can be
obtained by the following equation.
𝝁𝝁𝒕𝒕 = 𝜶𝜶 �� 𝑬𝑬𝑺𝑺𝒒𝒒̇ 𝛚𝛚,𝒕𝒕 �� ∆𝐭𝐭, 𝛂𝛂 > 𝟏𝟏

(33)

Finally, altitude 𝑬𝑬𝑺𝑺𝒒𝒒𝛁𝛁,𝒕𝒕 calculated from the acceleration
using the above method and the altitude 𝑬𝑬𝑺𝑺𝒒𝒒𝛚𝛚,𝒕𝒕 calculated
from the angular velocity are fused together with filter
fusion algorithm as shown. To calculate the final
estimated value as 𝑬𝑬𝑺𝑺𝒒𝒒𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 and the weight of each pose
quaternion 𝜸𝜸𝒕𝒕 is as follows:
𝑺𝑺
𝑺𝑺
𝑺𝑺
𝑬𝑬𝒒𝒒𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 = 𝜸𝜸𝒕𝒕 𝑬𝑬𝒒𝒒𝛁𝛁,𝒕𝒕 + (𝟏𝟏 − 𝜸𝜸𝒕𝒕 ) 𝑬𝑬𝒒𝒒𝛚𝛚,𝒕𝒕 ,
(34)
𝟎𝟎 ≤ 𝜸𝜸𝒕𝒕 ≤ 𝟏𝟏
Here, the optimum value of 𝜸𝜸𝒕𝒕 can be defined by the
fact that the divergence of the weight of 𝑬𝑬𝑺𝑺𝒒𝒒𝛚𝛚,𝒕𝒕 is equal to
the convergence of the weight of 𝑬𝑬𝑺𝑺𝒒𝒒𝛁𝛁,𝒕𝒕 , It is expressed in
form.
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(𝟏𝟏 − 𝜸𝜸𝒕𝒕 )𝜷𝜷 = 𝜸𝜸𝒕𝒕

𝝁𝝁𝒕𝒕
∆𝒕𝒕

(35)

𝜷𝜷
(36)
𝜸𝜸𝒕𝒕 = 𝝁𝝁
𝒕𝒕
∆𝒕𝒕 + 𝜷𝜷
is the convergence rate of 𝑬𝑬𝑺𝑺𝒒𝒒𝛁𝛁,𝒕𝒕 and β is the

divergence rate of 𝑬𝑬𝑺𝑺𝒒𝒒𝛚𝛚,𝒕𝒕 .
Also, assuming a large value of α relative to 𝝁𝝁𝒕𝒕 ,
equation (32) and with 𝜸𝜸𝒕𝒕 ≈ 0 (35) can be approximated
as shown below.
𝛁𝛁𝒇𝒇
𝑺𝑺
(37)
𝑬𝑬𝒒𝒒𝛁𝛁,𝒕𝒕 ≈ −𝝁𝝁𝒕𝒕
�|𝛁𝛁𝒇𝒇|�

𝜷𝜷∆𝒕𝒕
(38)
𝝁𝝁𝒕𝒕
Equations (18), (32) and (33) are substituted into (34)
to obtain (39) below.
𝜷𝜷∆𝒕𝒕
𝛁𝛁𝒇𝒇
𝑺𝑺
(−𝝁𝝁𝒕𝒕
)
𝑬𝑬𝒒𝒒𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 =
𝝁𝝁𝒕𝒕
�|𝛁𝛁𝒇𝒇|�
(39)
+ (𝟏𝟏
�𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕−𝟏𝟏 + 𝑬𝑬𝑺𝑺𝒒𝒒̇ 𝛚𝛚,𝒕𝒕 ∆𝒕𝒕
− 𝟎𝟎)( 𝑬𝑬𝑺𝑺𝒒𝒒
This equation can be simplified to form (40), and a filter
update equation is obtained.
𝑺𝑺
𝑺𝑺
�𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕−𝟏𝟏 + 𝑬𝑬𝑺𝑺𝒒𝒒̇ 𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 ∆𝒕𝒕
(40)
𝑬𝑬𝒒𝒒𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 = 𝑬𝑬𝒒𝒒
𝑺𝑺
̇
Where 𝑬𝑬𝒒𝒒̇ 𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 and 𝜷𝜷𝒒𝒒�
𝜺𝜺,𝒕𝒕 are as shown in (41) and (42).
𝑺𝑺
𝑺𝑺
̇
(41)
𝜺𝜺,𝒕𝒕
𝑬𝑬𝒒𝒒̇ 𝐞𝐞𝐞𝐞𝐞𝐞,𝒕𝒕 = 𝑬𝑬𝒒𝒒̇ 𝛚𝛚,𝒕𝒕 − 𝜷𝜷𝒒𝒒�
𝛁𝛁𝒇𝒇
(42)
̇
𝜷𝜷𝒒𝒒�
𝜺𝜺,𝒕𝒕 =
�|𝛁𝛁𝒇𝒇|�
𝜸𝜸𝒕𝒕 ≈

4. Verification of Basic Performance
4.1. Horizontal control of pedestal
First, horizontal control function was verified by
measuring the posture of the upper part of the sensor base
during translational motion. The posture measurement is
realized by applying Madgwick filter to the measured
values of acceleration / angular velocity from the 6-axis
motion sensor. The results in Fig. 4(a) outlines the effects
of applying horizontal controller while Fig. 4(b) shows
the measurements when no controller is applied. When
the horizontal control is not applied, the amplitude of the
pitch angle indicating the forward / backward oscillation
is 10 to 40 degrees around the center of 20 degrees, while
it is 5 to 10 degrees around the center of 0 degree when
applied. From these results, suppression of the forward
and backward oscillations is confirmed.

Angle[deg.]

Here,

𝝁𝝁𝒕𝒕
∆𝒕𝒕

a) With controller
b) Without controller
Fig.4 Performance of the horizontal controller.

4.2. Construction of environment map using attitude
control
Next, map construction in multiple environments using
the mobile robot equipped with horizontal controllers was
performed. For the environment, indoor spaces and
varying multiple outdoor spaces were selected for
evaluation. The outdoor environment comprises of
asphalt pavement, concrete pavement and interlocking
pavement for representative sample of road surfaces.
Further, two types of sloping roads, paved with non-flat
surface and unpaved surface, were also evaluated. The
map construction results for all the evaluated
environments are shown in Fig. 5.
Fig. 5(a) shows an indoor environment (office setup).
The black dots on the map indicate that an object has been
detected, and the red dot shows the travel position of the
robot. Fig. 5 (b)-(f) shows varying outdoor environments
and corresponding construct of the map.

a) Indoor environment (Office)

b) Outdoor environment (Asphalt)
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quantitatively detect the road surface angle from pitch
because the forward/backward movement of two-wheeled
robot is a nonholonomic system with one-point contact
with the road surface. Roll angle compared to pitch angle
is a more appealing approach and more stable as shown in
Fig. 6. This is because roll angle which indicates the
lateral swing is two-point contact between the left and
right wheels. For this reason, the road surface angle is
more stably detected by considering the both roll and
pitch angle.

c) Outdoor environment (Concrete)

– roll – pitch – Forward (On/Off) – Right/Left
d) Outdoor environment (Interlocking pavement)

e) Outdoor environment (Paved slope)

a) Paved surface
b) Unpaved surface
Fig. 6 Robots’ roll and pitch angle during motion.

f) Outdoor environment (Unpaved slope)
Fig. 5 Environmental map construction for different surfaces

As described above, an environmental map with
coaxial two-wheeled robot both indoor and outdoor
environment was constructed. The constructed maps help
the robot determine a path, avoiding obstacles and walls.
However, it was difficult to detect small objects such as
desk legs with accuracy.
4.3. Road surface detection by 6 axis Motion Sensor
Further, road surface angle detection was examined for
paved slopes and unpaved slopes. From this, roughness
characteristics of the road surface is targeted. Fig.6 shows
the roll and pitch angle of the two sloping surfaces under
evaluation. The graph in Fig. 6(a) is the paved surface and
Fig. 6(b) is the unpaved surface. The pitching angle
indicates forward and backward swinging/oscillations
and as shown, the unpaved surface has a larger oscillation
than the paved surface. These results confirmed that it is
possible to characterize road surfaces from the motion
sensors. However, it is challenging to accurately

4.4. Road surface type identification using deep
learning
The Deep learning algorithm used in this paper is an
image segmentation methodology called SegNet as
reported in [15], [16] and [17]. It is one type of techniques
for segmenting an image on pixel-by-pixel basis called
Fully Convolutional Networks (FCN). By preparing a
plurality of labelled training images to SegNet, the
network can learn to classify each pixel of a general naïve
image presented to it.
The configuration of SegNet consists of a series of
nonlinear processing layers (encoders) and a
corresponding set of decoders followed by a pixel-wise
classifier. Each encoder comprises a convolutional layer
with batch normalization and rectified linear unit (ReLU)
activation with non-overlapping MaxPooling and
subsampling. Further network settings and configurations
are available in [18]. The mechanism of SegNet is shown
in Fig. 7. As shown, the network detects all the objects
and classify all the pixels to a unique pixel color. In the
end, a silhouette of presented image is outputted.
In this paper, transfer learning is applied from the
preexisting trained network to customize it to robot
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classification as opposed to training the network from the
beginning. This approach requires less training data and
lower computation power but still achieves a comparable
accuracy [19]. The network was trained with multiple
images of three target road surface; asphalt pavement
roads, concrete pavement roads, and interlocking paved
roads which are relatively flat with less irregularities.
During training, the network returns a prediction of each
pixel and compares it with the label. This provides a basis
for confidence value which in data analytics is referred to
as global accuracy of the network. This is the total number
of accurately classified pixels in the dataset. The process
of training is continued until the accuracy of prediction is
acceptable.
During testing, the network returns the pixel
classification and an average confidence value of all
predictions. Lower confidence imply uncertainty in the
prediction and vice versa.

recognized as a pattern and therefore no erroneous
classification occurred (100% confidence).

a) Classification (Asphalt)

b) Classification (Concrete)

Fig.7 Typical Image segmentation using SegNet. Source: [18]

4.5. Performance of Deep Learning in Road surface
classification
Because of the flatness of the surfaces, it is difficult to
distinguish the roads based on motion sensor only hence
the need to result to other forms of characterization and or
identification method. Image data is captured by camera
and classified by the network. The results of the three
surfaces under consideration are shown in Fig. 8 with the
original image and the classification.
As seen in Fig. 8, three types of pavement roads were
identified successfully with confidence of 80% or more.
Some misclassifications are found in the identification of
asphalt and concrete. This is thought to be caused by the
difficulty to distinguish between these two colors
depending on dirt on the surface and light conditions. This
is predominantly shown in Fig. 8(a) where the identified
image has traces of two colors. On the interlocking
pavement in Fig. 8(c), the gap of the block can be

c) Classification (Interlocking)
Fig 8. Classification results of road surfaces

In conclusion, map generation with range sensor data and
SLAM GMapping algorithm was successful for different
environments (outdoor asphalt environment, concrete
environment, interlocking environment, pavement slope
road and non-paved slope road). Discrimination of the
plane / slope was confirmed from the magnitude of the
pitch angle by the measurement of the attitude based on
the 6 axis motion sensor, and it was further confirmed that
the size of the road surface roughness can be identified
from the size of the roll angle. The results also confirm
discrimination of representative road surface (asphalt,
concrete, and interlocking pavements) with confidence of
more than 80%. Considering the nature of misclassified
pixels, the value is acceptable and would not impact the
overall performance of map generation. This conclusion

166

M. Sasaki et al. Construction of an Environmental Map including Road Surface Classification
is arrived by observing the nature of the errored pixel.
They are either engulfed in a sea of accurately classified
pixels or are at the edges of the images.
5.

Construction of road surface environment map
by autonomous movement
After confirming the effectiveness of the proposed
system by the above four kinds of verification
experiments, the overall performance of the system was
evaluated in a dynamic environment described below.
Real-time road surface environment map was constructed
by autonomous movement of the robot for 30 minutes in
selected environment. The experiment was done in-door
(office) environment with carpets of three different colors
used as roads to be classified. Fig 9(a) shows a schematic
diagram of the experimental environment to be
reconstructed in robotic soft map. Fig.9(b) and (c) shows
the experiment setup, reconstructed map and the road
surface classification result respectively.

In Fig.9(c), the classification result is displayed in color
on the constructed map 20 cm ahead from the position of
the robot. The green points on the map is gray on the setup
area, the blue point on the constructed map correspond to
the blue, and red to red areas. In this way, the objective of
constructing the road surface environment map using the
proposed system is achieved. Also, from Fig. 10, the roll
angle did not change much implying the surface were
uniformly flat. This makes surface characterization using
roll and pitch difficult and hence justifying the use of
classification by machine learning.

Fig.10 Altitude estimation.

(a) Schematic diagram

Regarding road surface identification, each carpet
color and the boundary surface are correctly classified.
However, on the map, some parts are misidentified in
blue, especially at the location of the red carpet as seen in
Fig. 9(c). This is an erroneous discrimination caused by
the unstable motions in the camera due to the forward and
backward swing of the robot. The classification result is
as shown in Fig. 11.

(b) Environment setup

a) Classification result (Red region)

(c) Constructed map with surface classification
Fig. 9 Experiment setup and the generated environment map

b) Classification result (Blue region)
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sensor data.
From the results, tilt due to the forward and backward
swinging during motion was reduced from 40 degrees to
10 degrees by the proposed posture controller. An
environment map for various environments was generated
using image data and IMU sensor data. The errored
classification of the map is attributed to the light
conditions and image quality. Further research will be
undertaken to improve the confidence of prediction which
was reported to range from 80%.

c) Classification result (Gray region)
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d) Misclassification result
Fig. 11 Classification results of different region (colors)
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6. Conclusion
The objective of this study was to develop an autonomous
mobile robot that can operate in a human living
environment. This is done by constructing a road surface
environment map with a two-wheeled robot in real-time
to enable accurate navigation of the robot in constrained
spaces. Coaxial two-wheel mechanism has a disadvantage
of causing forward and backward swinging during motion
and as such, the proposed system using SLAM algorithm
with altitude controller on the sensor base for
stabilization.
The effectiveness of each function of the system
constructed in this experiment was verified. The contents
of the verification were divided into four: (1) horizontal
maintenance by the altitude controller, (2) map
construction by the sensor, (3) road sensing by the IMU
sensor, and (4) road surface classification from image and
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