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Abstract— This paper presents a method of environmental map
building and moving object tracking using Light Detection And
Ranging (LiDAR) and Inertial Measurement Unit (IMU) mounted
on a smart helmet worn by a micromobility rider. This presented
method can be used for active safety for micromobility, such as
bicycles, e-bikes, and electric scooters. Distortion in scan data
from LiDAR is corrected by estimating the helmet pose (three-
dimensional (3D) position and attitude angle) based on
information obtained from normal distributions transform scan
matching and IMU. The corrected LiDAR scan data are classified
into scan data on road surfaces, road boundaries, stationary
objects, and moving objects in the environments. Moving object
scan data are used for moving object tracking. Stationary object
and road boundary scan data are used to represent 3D stationary
objects and road obstacles, such as curbs, gutters, and steps. Road
surface scan data from LiDAR are in conjunction with IMU
acceleration, and small road unevenness, such as potholes and
humps, is detected to reduce the falling risk of micromobility.
Furthermore, road surface conditions are identified by integrating
IMU acceleration data, and a road surface condition map is
constructed to provide safety and comfortability for
micromobility riders in environments. Experiments conducted on
a road on our university campus demonstrate the effectiveness of
the proposed method.

Keywords-helmet LiDAR/IMU; micromobility; environmental
map building; moving object tracking; road boundary detection;
road unevenness detection; road surface condition estimation.

I. INTRODUCTION

This paper is an extended and improved version of an earlier
paper presented at the IARIA Conference on Sensor Device
Technologies and Applications (SENSORDEVICES 2022) [1]
in Lisbon.

Numerous studies on active safety and autonomous driving
in the field of Intelligent Transportation Systems (ITS) have
been conducted [2]. In the field of last-mile automation, there
has also been flourishing study on delivery robots [3]. The
environmental map building [4, 5] and tracking of moving
objects, such as cars, cyclists and pedestrians [6, 7], are
important issues for autonomous driving and the active safety
of vehicles and mobility robots. Many related studies have been
conducted using cameras, radars, and Light Detection And
Ranging (LiDAR) [8, 9]. In this paper, we focus on
environmental map building and moving object tracking with
vehicle-mounted LiDAR.

To reduce carbon emissions and resolve congestion, the use
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of single-seater micromobility, such as bicycles, e-bikes,
electric scooters, and standing-type personal mobilities, has
been attracting attention as a means of short-distance
transportation in urban cities [10]. The coronavirus disease
2019 has made people highly resistant to using conventional
means of urban transportation, such as crowded trains and buses.
Therefore, micromobilities have become more prevalent as a
means of reducing the risk of infection in future endemic
societies.

Micromobilities can be driven on a road, a bicycle lane, or
a section of sidewalk. In addition, micromobilities are prone to
tipping over due to unevenness in road surfaces, and there is
also the issue that pedestrians in the vicinity who are “doing
something while walking” will not notice the approach of
micromobilities.

Although the frequency of traffic accidents involving
micromobility has increased recently, study on active safety for
micromobility is far behind. As a result, this paper explores
environmental sensing for micromobility, such as
environmental map building and moving object recognition for
active safety for micromobility.

In the case of micromobility systems, it is difficult to mount
many sensors on the vehicle body, as is the case with cars,
because of size and theft concerns. Thus, it is desirable to mount
small and easily detachable sensors on the handlebar of a
micromobility or the helmet worn by the micromobility rider.
This paper presents a Helmet-Mounted LiDAR (HML)-based
environmental map building and the tracking of moving objects,
such as cars, two-wheelers, and pedestrians, in dynamic and
Global Navigation Satellite  System (GNSS)-denied
environments. Moving object tracking and map building related
to stationary 3D objects and road obstacles, such as curbs,
gutters, and steps, are essential for preventing collision
accidents of micromobilities.

The detection of small road unevenness, such as potholes and
humps, as well as the estimation of road surface conditions, is
also required to prevent the falling risk of micromobility and
improve rider comfort. However, it is difficult to detect small
road unevenness and estimate road surface conditions using
only LiDAR scan data. In this paper, these are performed using
acceleration information from a helmet-mounted Inertial
Measurement Unit (IMU).

The rest of this paper is organized as follows. Section II
presents an overview of related work, and Section III describes
the experimental system. Section IV overviews the
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experimental map building and moving object tracking. Section
V explains the estimation method of the helmet self-pose and
the distortion-correction method of LiDAR scan data, and
Section VI presents the method for classifying LiDAR scan
data into scan data on road surfaces, road boundaries, stationary
objects, and moving objects. Section VII presents the method
for estimating the road boundaries and tracking moving objects,
and Section VIII presents the method for detecting small road
unevenness and estimating road surface conditions using IMU
acceleration. Section IX presents experimental results to verify
the proposed method, followed by the conclusions and future
works in Section X.

II. RELATED WORK

Many studies on environmental mapping and moving object
tracking have been conducted [4-7]. We previously presented
an environmental map-building method using car and
motorcycle-mounted LiDAR based on Normal Distributions
Transform (NDT)-Graph Simultaneous Localization And
Mapping (SLAM) [11, 12] to build a three-dimensional (3D)
point cloud map in community road environments. We also
presented a method of moving object tracking using car and
motorcycle-mounted LiDAR [13, 14].

Recently, we proposed a method of building a 3D point-
cloud map in sidewalk and roadway environments using
LiDAR attached to the rider's helmet (HML) of a micromobility
[15]. This study is an extension of our previous works [14, 15]
on environmental map building using HML and moving object
tracking by motorcycle-mounted LiDAR, and these methods
are integrated into our HML system.

Several studies have been conducted on surrounding
environmental sensing using HML. Indoor SLAM, where
people on helmets equipped with two-dimensional (2D) or one-
dimensional (1D) LiDAR walk around in building and factory
environments, has been reported [16—18]. Niforatos et al. [19]
presented a method of skier detection using 1D LiDAR attached
to ski helmets to reduce the risk of accidents on ski slopes.

Apart from map building and moving object tracking, many
studies on road surface condition estimation have been
proposed using car and bicycle-mounted sensors, such as
LiDAR, accelerometer, and smartphone sensors [20-24].
However, the estimation of road surface conditions using a
helmet-mounted IMU remains a challenge.

To the best of our knowledge, no studies have been
conducted on environmental sensing including environmental
map building and moving object tracking in sidewalks and
roadways using 3D LiDAR and an IMU attached to the rider
helmet of a micromobility. Although there have been several
studies on helmets with sensors (smart helmets) in the ITS field
[25], their use is limited to alcohol detection in motorcycle
riders and collision-accident detection, as well as confirming
rider safety after accidents.

III. EXPERIMENTAL SYSTEM

Figure 1 shows an overview of the smart helmet. The upper
part of the helmet is equipped with a mechanical 64-layer
LiDAR (Ouster, 0S0-64) and an IMU (Xsens, MTi-300).

The HML has a maximum range of 55 m, a horizontal field
of view of 360° with a resolution of 0.35°, and a vertical field
of view of 90° with a resolution of 1.4°. LIDAR can obtain 1024
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measurements (distance, direction, and reflected light intensity)
every 1.56 ms (every 5.6° in the horizontal direction). Therefore,
approximately 66,000 scan data points are acquired in one
rotation (360° observation) period (100 ms).

The attitude angle (roll and pitch angles), angular velocity
(roll, pitch, and yaw angular velocities), and three-axis
acceleration of the helmet are obtained from the IMU every 10
ms. The measurement error for the attitude angle is less than +
0.3°, that of the angular velocity is less than + 0.2°/s, and that
of the acceleration is less than + 5 mG.

The weight of the mechanical LiDAR is 0.5 kg, and the
smart helmet is heavier and larger than usual helmets. Therefore,
the LiDAR reduces the usability and practicability of the smart
helmet. Moreover, it affects the performance of the helmet in
the event of a crash. However, modern LiDAR technology [26]
has been developing smaller, more lightweight, and lower
power consumption solid-state LiDARs than mechanical
LiDARs. The use of solid-state LiDARs will significantly
improve the usability and practicability of smart helmets.

IV. OVERVIEW OF ENVIRONMENTAL MAP BUILDING AND
MOVING OBJECT TRACKING

Figure 2 shows the sequence of environmental map building
and moving object tracking. LiDAR scan data captured in the
helmet coordinate system attached to the HML are mapped onto
the world coordinate system using the self-pose (3D position
and attitude angle) information of the helmet. For this, an
accurate self-pose of the helmet is required. NDT scan
matching [27] is employed to estimate the self-pose in GNSS-
denied environments.

Because LiDAR scans lasers in the omnidirection, all scan
data within one scan cannot be obtained at a single location
when the micromobility is moving or swinging, or when the
rider’s body is swinging. Therefore, if all scan data within one
scan is transformed using the pose information of the helmet
simultaneously, distortion arises in the LiDAR scan data
mapped in the world coordinate system. Because distortion
leads to inaccurate results in map building and moving object
tracking, distortion correction of the LiDAR scan data is
required. The distortion-correction method [15] is briefly
described in Section V.

! LiDAR
' IMU

Figure 1. Overview of the experimental smart helmet.
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Figure 2. Sequence of environmental map building and moving object tracking.

The distortion-corrected LiDAR scan data are classified
into scan data on road surfaces, road boundaries, stationary
objects, and moving objects. Scan data on road surfaces
(referred to as road surface scan data) are used to recognize
areas where micromobility can travel. Scan data on stationary
objects in the environment (stationary object scan data) are used
to build a stationary object map. Scan data on moving objects
(moving object scan data) are used for moving object tracking.
Scan data relating to road boundaries (road boundary scan data)
are used to detect road obstacles, such as fallen objects on the
road, and boundaries of the road, e.g., grooves and curbs. The
classification method of road surface, road boundary, stationary
object, and moving object scan data from entire LIDAR scan
data is described in Section VI. The methods for accurately
estimating road boundaries from road boundary scan data and
for accurately tracking moving objects from moving object scan
data are explained in Section VII.

Although the position determination of small unevenness on
road surfaces, such as potholes, cracks, and manhole covers, is
necessary for preventing fall accidents from micromobilities, it
is difficult to detect them with only LiDAR. Therefore, such
small road unevenness is detected using acceleration data from
IMU. Furthermore, the road surface condition is estimated
using IMU acceleration data, and the related map is built to
predict the safety of micromobility and the comfort of the rider.
These methods are described in Section VIII.

Maps for stationary objects, road boundaries, and road
unevenness, as well as moving object tracking, are built
recursively after each LiDAR scan data and IMU acceleration
data are obtained, whereas maps for road surface conditions are
built in batch after a micromobility run is complete.

V. SELF-POSE OF HELMET AND DISTORTION CORRECTION OF
LIDAR SCcAN DATA

This section briefly explains the self-pose (position and
attitude angle) estimation of the helmet using NDT scan
matching and Extended Kalman Filter (EKF)-based distortion
correction of LIDAR scan data.

A. Estimation of Helmet Self-Pose

For the i-th measurement point (i =1, 2, ...n) in the LIDAR
scan data, the position in the helmet coordinate system is
denoted by p,; =(x,,V,.2,;) > and that in the world coordinate
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system by p=(x,y.z) . The following relationship is then
represented by the homogeneous transformation:

D; _ Pui (1
(4)-reo()

where X=(x1z40y) . (2 and (4,0,p)" are the 3D
position and attitude angle (roll, pitch, and yaw angles),
respectively, of the helmet in the world coordinate system. T(X)
is the following homogeneous transformation matrix:

cosdcosyy  singsindcosyy—cosgsiny  cosgsindcosy/+singsiny,  x
(%)= cos@siny  singsindsiny/+cosgeosy  cosgsindsiny/ —singeosy  y

—sin@ singcosd cosgcosd z
0 0 0 1

A voxel map with a cell size of 0.2 m per side is defined in
the world coordinate system. In NDT scan matching, a normal
distributions transformation is performed on the scan data
obtained up to the previous time (referred to as reference scan
data) in each cell of the voxel map, and the mean and covariance
of the scan data in each cell are calculated.

The current self-pose X of the helmet is calculated by
matching the scan data obtained at the current time (referred to
as current scan data) with the reference scan data. The current
scan data are mapped onto the world coordinate system by
performing a coordinate transformation according to (1) using
the pose X. These data are then merged into the reference scan
data. By repeating this process every LiDAR scan period, a
LiDAR-based map is built.

B. Distortion Correction of LiDAR Scan Data

The helmet pose is determined every 100 ms (LiDAR scan
period) by NDT scan matching. Scan data are acquired every
1.56 ms during one rotation of LiDAR. During LiDAR
scanning, all scan data within one scan cannot be obtained at a
single location when the micromobility is moving or swinging,
or when the rider’s body is swinging. If all scan data within one
scan are transformed using the pose information of the helmet
simultaneously, distortion appears in the mapping of the
LiDAR scan data onto the world coordinate system. Therefore,
the distortion in the scan data is corrected by estimating the
helmet’s pose using the EKF every 1.56 ms, i.e., every LIDAR
scan data are obtained.

Figure 3 shows the sequence of distortion correction. The
LiDAR scan period (100 ms) is denoted as 7, the IMU
observation period (10 ms) as Ay, and the scan data
observation period (1.56 ms) as Ar. Here, the method for
correcting the distortion in scan data obtained between time
(t—1)r and ¢r is described [15].

Let us suppose that at the time (¢ —1)r , the pose of the
helmet is calculated by NDT scan matching and estimated using
the EKF. IMU data are obtained 10 times per LiDAR scan (7 =
1047p). Using the IMU data obtained every Ay, the EKF
estimates the pose X (1 —1,k) at the time (t ~1)7+kAz,,, ,
where k = 0—10. Because the observation period A7 nu of the
IMU is 10 ms, and the scan-data observation period Az is
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Figure 3. Sequence of distortion correction of LIDAR scan data.

1.56 ms, the LiDAR scan data are obtained six times within the
IMU observation period (47w =647).

From the estimates, X(t-1,k) at the time
(t-Dr+kAr,,, and X(t-1k+1) at (¢-Dr+(k+1)Az,,, ,
the interpolation algorithm predicts the helmet’s pose
X(t-Lk,j) at (¢1-)r+kAr,,, + jdr (where j = 1-5), at
which the scan data are acquired.

The scan data p,,(t—1k,j) (wherei=1, 2, ..., n) obtained
at (t—1)r+kAt,,, +j4t in the helmet coordinate system are
transformed into p, (—1,k, j) in the world coordinate system
using (1) as follows:

(p,- « —11, k. j)] T(RG-LE, j))(pm <t—1 L k,j)J o

Using the pose estimate X(t—l,lO) at tr (= (@-Dr +
104z, ), the scan data p, (t—Lk,j) obtained by (2) is again
transformed into the scan data p,, () in the helmet coordinate
system at ¢z by

[p;;i(t)] _TRG-L10)" (p,- (t —ll,k, j)j o)

The p,,(t) denotes the scan data corrected for distortion at
tt . Using the corrected scan data, environmental map building
and moving object tracking are performed. In the EKF for
correcting scan data distortion, a constant velocity model is
used as the helmet motion (see Appendix).

VI. CLASSIFICATION OF LIDAR SCAN DATA

The distortion-corrected LiDAR scan data are classified
into scan data on road surfaces, road boundaries, and 3D objects
using a rule-based method. Following that, the 3D object scan
data are classified into stationary and moving object scan data
using map subtraction (MS)-based classification and
occupancy grid methods.

A. Classification of Road Surface, Road Boundary, and Object
Scan Data

As shown in Figure 4 (a), 64 scan data points obtained for
each 0.35° (vertical resolution) at a horizontal angle of the
LiDAR laser beam, are arranged in order of decreasing
elevation angle 1, ... First, we obtain the angle & of the line
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connecting points 7 and r, relative to the xy plane in the world
coordinate system. If |a| < 10°, r, is considered road surface
scan data. This process is performed sequentially in other
measurements rs, ..., 7,. When a>10°, the scan data r4, rs, 19,
and 719 in Figure 4 (a) are considered convex object data. Then,
the scan data r; and rg are considered the road boundary scan
data. On the other hand, if & <-10°, as r4 in Figure 4 (b), the
scan data are considered concave object data, and r; is
considered road boundary scan data. This process is performed
on all LiDAR scan data, and only the object scan data are used
for subsequent processes.

Road boundary
scan data

é Road surface scan data

Object scan data @ Fy

Qr
Fe 1r; 1y
l"l r2 r3' "4

—0—0 @

Road surface scan data  Road boundary scan data

(a) Convex obstacle

Object scan data

Road surface scan data

Road boundary scan data

(b) Concave obstacle

Figure 4. Classification of LiDAR scan data. The green, red, and blue circles
indicate scan data on road surfaces, road boundaries, and objects, respectively.
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Because the boundary between the road surface and a 3D
object can be obtained for fallen objects on the road, the method
described above can recognize obstacles on the road.

The angle threshold to classify the scan data is set to 10°. If
it is small, road slopes will be mis-detected as 3D objects.
Generally, the slope of steep roads for vehicles is approximately
6°. Thus, a threshold value of 10°, which is larger than 6°, is set.

B. Classification of Stationary and Moving Object Scan Data

For map building, moving object scan data have to be
eliminated, and stationary object scan data have to be extracted
from the entire LIDAR scan data. Moving object tracking
conversely requires the removal of stationary object scan data
and the extraction of moving object scan data from the entire
LiDAR scan data. For this, accurate classification of stationary
and moving object scan data is required. Although, in our
previous work [15], the classification was performed using the
occupancy grid method, LIDAR noises and outliers frequently
result in misclassification.

To mitigate the misclassification, we compare the current
object scan data with stationary object scan data in a map built
up to the previous time. We call this approach MS-based
classification or dynamic background subtraction-based
method [14]. Figure 5 shows the MS-based classification
method. In this method, we subtract the stationary object scan
data in the map from the current object scan data to remove as
much stationary scan data as possible from the object scan data.

The scan data extracted using the MS-based method are
mapped onto a grid map. The cell on the grid map is a square
with a side length of 0.3 m. A cell with scan data is called an
occupied cell. For the moving object scan data, the time to
occupy the same cell is short (less than 0.8 s in this paper),
whereas for the stationary object scan data, the time is long (not
less than 0.8 s). Therefore, by using the occupancy grid method
based on the cell occupancy time [28], cells occupied by
moving object scan data (or stationary object scan data) can be
detected as moving cells (or stationary cells).

Because an object can occupy multiple cells, adjacent
occupied cells are clustered. Then, clustered moving cells (or
stationary cells) are obtained as a moving cell group (or
stationary cell group). The scan data contained in the moving

cell group are finally determined as the moving object scan data.

The stationary object scan data are extracted by subtracting the
moving object scan data from the current object scan data.

The LiDAR field of view also moves along with the
micromobility movement. Although an object that has recently
entered the LiDAR field of view is stationary, it is misclassified
as a moving object because the cell occupancy time is short. To
address this problem, new-observation cells are defined on the
grid map, which corresponds to the new LiDAR field of view.
The time of cells entering the LiDAR field of view (Tnc¢) and
the cell occupancy time (7oc) are measured, and the occupancy
time rate (/) is calculated by 8= Toc” Tic. Cells with Sof 10%
or more are determined to be new-observation cells and then
considered moving cells. This can minimize the false
classification of stationary objects that recently entered the
LiDAR field of view as moving objects.

The scan data in the map are sparser in the areas in front of
the micromobility and the occlusion areas. Therefore, the
stationary object scan data likewise exist in a sparse state when
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Figure 5. Sequence of MS-based classification (top view).

the map is subtracted from the current object scan data. If the
scan data, sparsely extracted using the MS-based method, are
mapped onto a grid map, they may be erroneously determined
as moving cells.

To overcome this issue, the scan data removed using the
MS-based method are also mapped onto the grid map as
stationary cells. As a result, sparse stationary object scan data
that tend to be moving cells and stationary object scan data
removed by the MS-based method are both mapped onto the
grid map. The neighboring cells, which these stationary object
scan data occupy, are clustered, and the cell group is then
determined to be a stationary cell group. Accordingly, sparse
stationary object scan data are correctly determined as
stationary object scan data using the occupancy grid method.

In our preliminary experiments, LiDAR could correctly
detect objects located within a range of approximately 50 m
from the helmet. A grid map is therefore set up in +35 m squares
from the helmet; the distance from the helmet to the vertex of
the square is approximately 50 m. Considering the resolution
(0.35°) of the horizontal viewing angle of LiDAR, the cell size
of the grid map is set to 0.3 m so that at least one measurement
of LiDAR could be occupied in a cell 50 m away from the
helmet. Assuming that the width and length of a pedestrian are
0.4 m and the walking speed is greater than 1 m/s, the time that
the LiIDAR measurements related to the pedestrian occupying a
cell is less than 0.8 s. Therefore, the threshold of the occupation
time to determine stationary and moving cells is set to 0.8 s.

VII. ROAD BOUNDARY ESTIMATION AND MOVING OBJECT
TRACKING

In this section, the methods for estimating road boundaries
and tracking moving objects are described using road boundary
and moving object scan data, respectively.
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A. Road Boundary Estimation

Although large boundaries between motor roads and
sidewalks, such as grooves and curbs, can be detected every
LiDAR scan period (100 ms), misdetection due to sensor errors
and disturbances frequently occurs. Therefore, detection
accuracy for road boundaries is improved using the following
method. A grid map is created with the helmet position in the
xy-plane in the world coordinate system as its center. Here, the
cell on the grid map is a square with a side length of 0.5 m.
Road boundary scan data obtained every LiDAR scan period
(100 ms) are mapped onto the cell (referred to as road boundary
cell) of the grid map.

The occupancy time (Roc) is measured when road boundary
scan data occupy each road boundary cell, and the unoccupied
time (Ryoc) is also measured when they are unoccupied. If the
total time (Roc + Ruoc) is greater than 2 s and the ratio of
occupation time to the total time, Roc/(Roc + Ruoc) is greater
than 70 %, the scan data in the road boundary cell are
considered road boundary scan data.

Because the width of grooves is generally 0.3-0.5 m, the
size of the boundary cell is set to 0.5 m.

B. Moving Object Tracking [29]

In moving object tracking, the shape of the moving object
is represented by a cuboid with a width W, a length L, and a
height H, as depicted in Figure 6. The width W.eqs and length
Leas of the moving object are extracted from the moving object
scan data. With these values, # and L of the moving object are
estimated by

neas ( 4)

W(t)=W(t—-1)+GW,. —W(t-1)
L(t)=L(t-)+G(L,, —L({t-1)

where G represents the gain.

The height estimate H of the moving object is obtained from
the height measurements of the moving object scan data.

The Kalman filter is used to estimate the position and
velocity of the moving object in the world coordinate system
based on the centroid position of the rectangle estimated from
(4). In crowded environments, the rule-based data association
method is used to accurately match multiple moving objects
with multiple moving scan data.

For the Kalman-filter-based tracking of moving object, it is
assumed that the object moves at an approximately constant
velocity. The motion model of the object is then given by

1 700 /20
01 00
X0 = X@-1n+ ) Axac-1ny  (5)
001 ¢ 0 /2
00 0 1 0 T

where x=(x,%,,7)" . (x)) and (xj)' are the position and
velocity, —respectively. Ax=(A,4%)" is an unknown
acceleration (plant noise).

If the object moves with various different motions, such as
moving at a constant speed, going or stopping suddenly, or
turning suddenly, the use of multi-model-based tracking, such
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Figure 7. Threshold for road unevenness detection.

as an interacting-multiple-model estimator [30], will improve
the tracking performance.

VIII. DETECTION OF ROAD UNEVENNESS AND ESTIMATION OF
ROAD SURFACE CONDITION

In this section, the methods for detecting small road
unevenness and estimating road surface conditions with
acceleration data from IMU are described. The related
information can be wused to prevent falling risks of
micromobility and to improve rider comfort.

A. Detection of Small Road Unevenness

Because it is difficult to detect small unevenness on roads
with LiDAR, such as dents, cracks, and manhole covers, they
are detected using IMU data. The acceleration obtained from
the IMU in the helmet coordinate system is denoted by
a, :(aHx,aw,,aHz)T . Because the acceleration data include the

gravitational acceleration G, the acceleration a,, where the
gravitational acceleration is removed, is given by
—sin @
a, =a, —G| singcos (6)
cos¢@cosd

where ¢ and 6 represent the roll and pitch angles, respectively,
of the helmet obtained from the IMU in the world coordinate
system.

Then, the acceleration @, =(d,,.d,,.d,)" in the world
coordinate system is given by

cos@ singsind cosgsind
a,=| 0 cos ¢ —-sing |a, ™

—sin@ singcosf cosgcosl

When |a,.| exceeds a threshold, it is assumed that the
micromobility encounters small road unevenness. The
threshold of unevenness detection is determined using a

Hampel filter [31]. As shown in Figure 7, the acceleration data
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a,, are separated by a sliding-time window (window size of 5 s
in this paper), and median (M) and standard deviation ( ©) are
calculated for the acceleration data in this window. From the
calculation, the points a, <M-30 or a, >M+30 are detected
as road unevenness.

The locations of road unevenness in the world coordinate
systems are determined based on the self-pose of the helmet.

B. Estimation of Road Surface Condition

Micromobilities travel on various roads, including non-
paved roads, such as gravel roads, and paved roads that are not
suitably maintained. Because the road surface condition is
closely related to the safety of the micromobility, as well as
rider comfort, it is also estimated from acceleration data to build
a related map.

The International Roughness Index (IRI) [32] is used as an
evaluation index for road surface conditions. To obtain IRI
values, the vertical displacement caused by road unevenness, is
calculated by integrating the acceleration data a,, . Because of
the low-frequency noise of acceleration data, double integration
of acceleration data with respect to time significantly leads to
drift errors in the estimation of the vertical displacement.

To accurately obtain the vertical displacement, the
acceleration data are integrated in the frequency domain, as
follows. First, the acceleration data are passed through a
Hanning window to remove sidelobes, and Fourier transform is
performed. Following this, low-frequency noise is removed
using a high-pass filter, and double integration is performed.
The vertical displacement is then obtained by inverse Fourier
transform.

The vertical displacement calculated from the acceleration
data, which is obtained every IMU observation period (10 ms),
is denoted by d;. Then, the IRI value, J, for every S (10 m in this
paper) of the traveled distance of the helmet is given by
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1 n
J=5 2l (8)

where S is obtained from the self-pose of the helmet.

Note that the units of d;, S, and J are mm, m, and mm/m,
respectively. The higher the IRI value J, the rougher the road
surface condition.

Because the IMU is mounted on the helmet, the head motion
of the rider may affect the estimation of the wvertical
displacement. To reduce the effect of the rider’s head motion as
well as the low-frequency noise of acceleration data, the cut-off
frequency of the high-pass filter is set to 10 Hz.

IX. FUNDAMENTAL EXPERIMENTS

In this section, the performance of our method is evaluated
through experiments in a road environment on our university
campus.

A. Results of Map Building and Moving Object Tracking

A micromobility was moved on our university campus road,
as shown in Figure 8, and environmental map building and
moving object tracking with LIDAR scan data were performed.
The traveled distance of micromobility is approximately 500 m,
and the maximum speed is approximately 30 km/h. Figure 9
shows the attitude angle and angular velocity of the helmet
during movement, which are observed by the IMU.

The experiments are conducted in the following two cases:
e Case 1: Map building and moving object tracking with the

distortion correction of LIDAR scan data and the MS-based

classification method (the proposed method)
¢ (Case 2: Map building and moving object tracking without
using either method.

(a) Top view

(b) Side view

(c) Curbstone. The longitudinal offset from road is 150 mm.

Figure 8. Photo of experimental environment.
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Figure 9. Attitude angle and angular velocity of helmet.

(b) Enlarged map of area 1 (bird’s-eye view)

Figure 10. Map-building result. The black dots indicate stationary object scan data, and the red dots indicate estimated road boundaries.

In case 2, although the distortion of LIDAR scan data is not
corrected, the self-pose of the helmet is estimated using the
EKF.

Figure 10 shows the result of map building obtained using
the proposed method (case 1). This figure shows that the
proposed method can build an environmental map.

In our SLAM-based-map building method, the accuracy of
map building is equivalent to that of the self-pose estimate of a
helmet. Therefore, to evaluate the accuracy of map building, the

error of position estimate of the helmet at the goal position is
measured using a GNSS/LiDAR positioning system set at the
goal position. Table I shows the result, where the micromobility
is moved thrice on the road shown in Figure 8. According to the
table, the proposed method (case 1) provides better map-
building accuracy than case 2.

Figure 11 presents the result of moving object tracking in
area 2 shown in Figure 8. In (b), the blue rectangle indicates the
assessed size of the moving object, and the blue stick indicates
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TABLE I. ERROR IN POSITION ESTIMATE OF HELMET AT GOAL POSITION. B Results OfDetection OfRoad Unevenness and Estimation
Experiment 1 Experiment 2 Experiment 3 Of Road Surface Condition
Case 1 0.38 m 1.98 m 0.68 m A micromobility was moved on an asphalt-paved road on
Case2 591 m 15.10m 6.03 m our university campus, as depicted in Figure 12. Four

unevenness (three curbs and a crack) on the road shown in
Figure 12 are detected, and road roughness condition is
©2021 Google estimated. It is expected that the accuracy of detecting road

- : unevenness and estimating road surface conditions is affected
by rider weight, vehicle speed, vehicle dynamics, and so on.
Therefore, the experiments are conducted under conditions of
different rider weights (55, 65, and 76 kg) and micromobility
velocities (10 and 15 km/h).

Figure 13 shows the vertical acceleration 4, calculated
from IMU data obtained while driving of the micromobility.
Table II shows the success rate of detecting road unevenness.
From the results, when the rider weight is light, the vertical
acceleration to road unevenness becomes small, and the success
rate of detection decreases.

o Goal posmon

\ \\
- 0m Q& (\‘ oogle

. . . ) . . a) Curb (+-15mm) b) Crack (-6mm)
(b) Estimated position and size of moving objects in area 2

Figure 12. Moved path of micromobility, and curb (a) and crack (b) on road.

Figure 11. Result of moving object tracking (top view). Numerals indicate the longitudinal offsets of the road unevenness.

the moving direction of the moving object obtained from the
velocity estimate. The black (or red) dots indicate the scan data
removed (or extracted) from the LiDAR scan data using the
MS-based method.

In experiments 1-3, there are 111 moving objects (106
pedestrians and five cars). As a result, in case 1 (proposed
method), 109 objects (104 pedestrians and five cars) can be -10
successfully tracked, and two pedestrians cannot be tracked.
Conversely, in case 2, 103 objects (98 pedestrians and five cars)
can be successfully tracked, and eight pedestrians cannot be
tracked. From these results, our proposed method achieves 20
better accuracy in moving object tracking. 15 A % 8 b

Pedestrians who are not being tracked walk close to trees.

In case 2, moving cells related to pedestrians are merged with
adjacent stationary cells related to trees using the occupancy
grid method, and pedestrians are falsely detected as stationary

[
<

—
w

10

Acceleration [m/s?]
wn

0 20 40 60 80 100 120
Time [s]

(a) Rider weight of 75 kg, and micromobility velocity of 15 km/h

Acceleration [m/s?]
wn

objects. On the other hand, because, in case 1, the stationary -10 . . . . .

cells related to trees are removed using the MS-based 0 20 40 60 80 100 120
classification method, pedestrians are detected correctly. Time [s]

Consequently, untracking of pedestrians occurs more often in (b) Rider weight of 55 kg, and micromobility velocity of 15 km/h

case 2 than in case 1. )
Figure 13. Vertical acceleration. The “a” and “b” mean the times when the

micromobility encounters on curb and crack, respectively, shown in Figure 12.
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TABLE II. SUCCESS RATE OF ROAD UNEVENNESS DETECTION Next, as shown in Figure 14, the path traveled by the

micromobility is divided into 79 sections of 10 m each, and the

Road Unevenness IRI values are obtained, where the road unevenness (curb and

a: curb b: crack crack) shown in Figure 12 are in sections 4, 44, 50, and 75.

Rider 55kg 44.4 % (4/9) 66.7 % (2/3) Eigure }5 (a) shows the results. Because the IRI Va}ues for the

Weight 65 kg 83.3 % (10/12) 100 % (4/4) rider with a weight of 55 kg are small.and le?ad to inaccuracy,

75 kg 100 % (9/9) 66.7 % (2/3) the mean of the IRI values for riders with weights of 65 and 75

Total 76.7 % (23/30) 80.0 % (8/10) kg is calculated. The mean is shown in Figure 15 (b). Figure 16

*The “c” and “d” in ¢/d indicate the number of detected unevenness and the shows a map of the road surface condition, which is drawn
number of times when the micromobility encounters the unevenness, based on the mean of the IRI values in Figure 15 (b)

respectively.

14
12 2 a a b
10 -
8 -
21
4 H
2 -
0 10 20 30 40 50 60 70 80
Section number Section number
(a) IRI value by different rider weights and micromobility velocities (b) Mean of IRI value

Figure 15. Estimation result of road surface conditions. In (a), black solid line (weight of 75 kg and velocity of 15 km/h), black dashed line (75 kg and 10 km/h),
red solid line (65 kg and 15 km/h), red dashed line (65 kg and 10 km/h), light blue solid line (55 kg and 15 km/h), and light blue dashed line (55 kg and 10 km/h).

Figure 16. Map of road surface conditions. Different colored circles indicate IRI levels (white:0—3 mm/m, light blue: 3—6, and yellow:6-9).
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(a) Section 25 (6.28 mm/m) (b) Section 52 (6.40 mm/m)

(c) Section 70 (6.52 mm/m) (d) Section 77 (7.29 mm/m)

(e) Section 13 (5.59 mm/m)

(f) Section 49 (2.57 mm/m)

(g) Section 61 (5.13 mm/m) (h) Section 66 (4.56 mm/m)

Figure 17. Photo of road surfaces in eight sections. Numerals in brackets indicate the estimated IRI values. The IRI level of (a)—(d) is high (yellow circle in Figure

16), and that of (¢)—(h) is low (white and light blue circles in Figure 16).

Because most of the sections on which the micromobility
travels are flat asphalt-paved roads, the IRI values are small in
most sections. Figure 17 shows the photos of road surfaces and
the estimated IRI values in eight of 79 sections. The IRI values
in sections 4, 44, 50, and 74, where there is road unevenness
(curb and crack), as shown in Figure 12, are 6.78, 6.94, 8.49,
and 6.90, respectively.

Because we currently do not have any professional
instruments to accurately measure IRI values on roads, such as
a car-mounted laser pavement scanner, the true IRI value is
unknown, and the performance of our road surface condition
estimation cannot be evaluated quantitatively.

The root mean square (RMS) values of the IRI values shown
in Figure 15 (a) are 5.48 mm/m (rider weight of 75 kg and
micromobility velocity of 15 km/h), 5.30 mm/m (75 kg and 10
km/h), 4.77 mm/m (65 kg and 15 km/h), 4.13 mm/m (65 kg and
10 km/h), 1.93 mm/m (55 kg and 15 km/h), and 1.98 mm/m (55
kg and 10 km/h). These RMS values and Table II show that the
accuracy of the road surface condition map built using
acceleration data is affected by rider weight and micromobility
velocity. Eliminating those effects and improving map
accuracy could be performed using a machine learning-based
method, where the results of road unevenness detection and
road surface condition estimation are collected from many
micromobilities traveling on the same road. A related study in
this regard is one of our future works.

The building of maps related to stationary objects, road
boundaries, and road unevenness, as well as tracking of moving
objects, should be performed in real time after each LiDAR
scan data and IMU acceleration data are obtained. In our
experiments, LIDAR scan data and IMU data are recorded, and
map building and moving object tracking are performed offline

using a computer. The specifications of the computer are as
follows: Windows 10 Pro OS, Intel(R) Core (TM) i7-1065G7
@1.30GHz CPU, 16 GB RAM, and C++ software language.
The point cloud library [33] is used for NDT scan matching.
The RMS values of the processing times are as follows:
* Distortion correction and NDT scan matching: 4048 ms
* C(lassification of LiDAR scan data: 2153 ms
* Map update of stationary objects and road boundaries: 39
ms
* Moving object tracking: 247 ms
¢ Detection of road unevenness: 3 ms
* Total: 6317 ms
Although a long computational time is currently required
for map building and moving object tracking, the computational
time can be reduced by optimizing the program code and using
a graphical processing unit for real-time operations.

X. CONCLUSION AND FUTURE WORK

This paper presented a method of experimental map
building and moving object tracking using LiDAR and IMU
attached to a helmet worn by a rider of micromobility. To
accurately perform LiDAR-based environmental mapping and
moving object tracking, the distortion of scanning LiDAR data
was corrected using the self-pose information by NDT scan
matching and IMU information using the EKF.

The distortion-corrected LiIDAR scan data were classified
into different data types to build a map composed of scan data
relating to stationary objects and road boundaries and to track
moving objects. Furthermore, road unevenness was detected,
and road surface conditions were estimated using acceleration
information from the IMU, and the related map was built to
reduce the falling risk of micromobility and to provide comfort
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of the rider. The performance of the presented method was
examined through experiments in a road environment on our
university campus.

In future works, experiments in various sidewalk and
roadway environments will be conducted to thoroughly
evaluate the proposed method. The accuracy of the
environmental map will be improved by collecting and
processing map information obtained from many
micromobilities. In addition, the realization of environment
map building and moving object tracking using small and
lightweight solid-state LiDAR instead of the mechanical
LiDAR used in this paper is an important future direction.

APPENDIX: MOTION MODEL OF HELMET

As shown in Figure A, the translational velocity of the
helmet in the helmet coordinate system (Op-xpyuzy) is denoted
by (V,.,V,.,V.), and the angular velocity (roll, pitch, and yaw
angular velocmes) by (.6, )-

The following motion model of the helmet can be obtained
assuming that the helmet moves at nearly constant translational
and rotational velocities:

X(1)+ a,()COS H(I)COS /4G
+a, 0 {singwsindncos y o — cos gusiny o}
+ a0 {cos gwsinOncos y (v + sin posiny o}
Xeon Yo+ a,0cos@nsiny o
Yo + a0 {singwsinGwsiny o)+ cos gocosy o}
Zus + a0 {cos pusin@wsiny ) —sin gcosy o}
du+n zw —a,nsinbw + a,nsingucos B
B+ + a,(ncosdcos b
W+ do+a,mn+ {a sOSin@u) + a 4 cos ¢(z)} tan&)
Vs - 9<t>+{a5<t>cos¢u>—aémsin(/ﬁ(t)}
Vyasn W +{asosing + a0 cos o}
V. cos B
¢.H (t+1) Vx(’) + Wy,
gH(HI) Vy(z)+TWVy
Wy V.n+ W,
¢5H(x) + TWJH
0,0+ W,
Wy o+ ™,

(A)

where (x,1,z) and (@,60,¥) denote the position and attitude
angle (roll, pitch, and yaw angles), respectively, of the helmet
in the world  coordinate system  (Oyw-Xuw)uzw).
(W, ,w; ,w;, ) denotes the acceleration disturbance.
T denotes the samplmg period of LiDAR scan data and IMU
data. g=Vr+rw /2, a= Vr-i—zzwpj 12, a= Vr+72w 12, a,=@,7+
TW”/2 a; = Hr+72w /2,and g = WHT+12W /2.
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Figure A. Notation for helmet motion.
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