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Abstract— This paper presents a 3D point cloud mapping in
Global Navigation Satellite Systems (GNSS) denied and
dynamic outdoor environments using only a scanning
multilayer lidar mounted on a vehicle. Distortion in scan data
from the lidar is corrected by estimating the vehicle’s pose (3D
positions and attitude angles) in a period shorter than the lidar
scan period based on Normal Distributions Transform (NDT)
scan matching and Extended Kalman Filter (EKF). The
corrected scan data are mapped onto an elevation map; static
and moving scan data, which are originated from static and
moving objects, respectively, in the environments, are classified
using the occupancy grid method. Only the static scan data are
applied to generate a point cloud map using NDT-based
Simultaneous Localization And Mapping (SLAM) and graph-
based SLAM. Experimental results in a public road
environment show the performance of the proposed method.

Keywords-lidar; point cloud map; distortion correction; NDT
SLAM; graph SLAM; GNSS denied environment; dynamic
environment.

I. INTRODUCTION

Recently, studies have been conducted on autonomous
driving and active safety of vehicles, such as automobiles
and personal mobility vehicles, and on autonomous robots
for last-mile and first-mile automation. Important
technologies in these studies include environmental map
generation [1] and map-matching based self-pose estimation
by vehicles using the generated maps [2]. A lot of their
related studies using cameras, lidars, and radars have been
actively conducting [3][4].

In this paper, we focus on map generation with a lidar
mounted on a vehicle. When compared with camera (vision)
based map generation, lidar based map generation is robust
to lighting conditions and require less computational time.
Furthermore, lidar based map generation provides mapping
accuracy better than radar based map generation due to
higher spatial resolution of lidar. From these reasons, we
focus on lidar based map generation.

In Intelligent Transportation Systems (ITS) domains,
mobile mapping systems are utilized to map generation in
wide road environments, such as highways and motorways
[5]. We have been studying a method for point cloud
mapping (map generation) using only a lidar mounted on a
vehicle in narrow road environments, such as at community
and scenic roads in urban and mountainous areas [6]. The
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generated map could be applied to autonomous driving and
navigation of various smart vehicles, such as intelligent
wheelchairs, personal mobility vehicles, and delivery robots
[7]. The generated maps may also be utilized in various
social services, such as disaster prevention and mitigation.

In urban and mountainous environments, the information
of Global Navigation Satellite Systems (GNSS) is often
disturbed and denied. For map generation in GNSS denied
environments, Simultaneous Localization And Mapping
(SLAM) using Normal Distributions Transform (NDT) [8] or
Iterative Closest Points (ICP) [9] methods have been applied.
In their scan matching based SLAM, the accuracy in
mapping wide area degrades due to the accumulation error.
To reduce the accumulation error, the graph-based SLAM
[10] is usually applied. Recently, we presented a map
generation method using NDT-based SLAM and graph-
based SLAM [6]. A vehicle equipped with a lidar was moved
so that loops could be made in road network topology, and
several submaps (maps of different small areas) were
generated using recursive NDT-based SLAM and graph-
based SLAM. Several submaps were also merged using
graph-based SLAM. Such approach in submap generation
and merging makes it easy to update and maintain maps.

In environments, moving objects, such as automobile,
two-wheeled vehicles, and pedestrians, exist. In such
dynamic environments, the lidar scan data are therefore
classified into two types: scan data originated from moving
objects (referred to as moving scan data), and those
originated from static objects (static scan data), such as
buildings, trees, and traffic poles. For accurate map
generation, the moving scan data should be removed, and
only the static scan data should be utilized. Several methods
for mapping in dynamic environments have been presented
[11][12][13]; however, map generation in dynamic
environments still represent a significant challenge compared
with map generation in static environments. Our map
generation method [6] was also applicable in static
environments. Apart from map generation, we have been
studying moving object detection and tracking in crowded
dynamic environments [14][15]. The detection and tracking
methods can contribute in accurately generating maps by
extracting the static scan data from the lidar data.

Map generation using the onboard lidar is performed by
mapping lidar scan data captured in a sensor coordinate
frame onto a world coordinate frame using the vehicle’s
self-pose (position and attitude angles) information. The
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lidar obtains range measurements by scanning lidar beams.
Thus, when the vehicle moves, the entire scan data within
one scan (lidar beam rotation of 360° in a horizontal plane)
cannot be obtained at the same pose of the vehicle.
Therefore, if the entire scan data obtained within one scan is
mapped onto the world coordinate frame using the vehicle’s
pose information, distortion arises in environmental maps.
To correct this distortion, the vehicle’s pose should be
determined more frequently than the lidar scan period, i.e.,
for every lidar measurement in the scan. Many methods for
distortion correction have been proposed [16][17][18]. We
also presented a distortion correction method using only the
lidar information; the NDT scan matching and Extended
Kalman Filter (EKF) were applied to estimate the vehicle’s
pose, and the distortion in the lidar scan data was corrected
using the pose estimates [19].

In this paper, to generate a 3D point cloud map in GNSS
denied and dynamic environments using only the onboard
scanning lidar, we integrate three methods that we
previously proposed: distortion correction in the lidar scan
data, extraction of the static scan data from the entire lidar
scan data, and point cloud mapping based on NDT and
graph-based SLAM. The mapping performance is shown
through experimental results in public road environments.

The rest of this paper is organized as follows. In Section
II, we give the experimental system and overview a map
generation method based on NDT-based and graph-based
SLAM. In Section III, we explain a correction method of
distortion in the lidar scan data, and in Section IV, we
describe an extraction method of the static scan data. In
Section V, we conduct experiments to verify the proposed
method, followed by conclusions in Section VI.

II. EXPERIMENTAL SYSTEM AND SLAM OVERVIEW

In this section, we show our experimental system and
briefly describe the scan data mapping using NDT scan
matching (NDT-based SLAM) and graph-based SALM.

A. Experimental System

As shown in Fig. 1, our experimental small vehicle is
equipped with a scanning 32-layer lidar (Velodyne HDL-
32E). The maximum range of the lidar is 70 m, the
horizontal viewing angle is 360° with a resolution of 0.16°,
and the vertical viewing angle is 41.34° with a resolution of

Figure 1. Overview of the experimental vehicle.
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Figure 2. Overview of NDT-based SLAM.

1.33°. The lidar provides 384 measurements (the object’s
3D position and reflection intensity) every 0.55 ms (at 2°
horizontal angle increments). The period for the lidar beam
to complete one rotation (360°) in the horizontal direction is
100 ms, and 70,000 measurements are then obtained in one
rotation.

In this paper, one rotation of the lidar beam in the
horizontal direction (360°) is referred to as one scan, and the
data obtained from this scan is referred to as scan data.
Moreover, the lidar scan period (100 ms) is denoted as 7
and scan data observation period (0.55 ms) as Ar .

B. NDT-based SLAM

The process for NDT-based SLAM is shown in Fig. 2.
To be clear, the NDT scan matching [8] is described in this
subsection. Distortion correction method is detailed in the
following section.

First of all, the scan data related to road surfaces are
removed, and the scan data related to objects are mapped
onto a 3D grid map (a voxel map) represented in the
vehicle’s coordinate frame, ', . A voxel grid filter is applied
to downsize the scan data. The voxel used for the voxel grid
filter is a tetrahedron with a side length of 0.2 m.

In the world coordinate frame, 2, , a voxel map with a
voxel size of 1 m is used for NDT scan matching. For the i-
th (i = 1, 2, ...n) measurement in the scan data, we define
the position vector in ¥, as p,, and that in 2, as p,. Thus,
the following relation is given by the homogeneous form:

HENG

where X =(x,y,2,4,0,)" is the vehicle’s pose. (x,y,z)"
and (4,0,y)" are the 3D position and attitude angle (roll,
pitch, and yaw angles) of the vehicle, respectively, in 2, .
T(X) is the following homogeneous transformation matrix:

(1)

T(X)=

cosfcosy singsin@cosy —cosgsiny  cos@sinfcosy +singsiny

cos@siny  singsin@siny + cos @gcosy
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The scan data obtained at the current time ¢z (¢=0, 1, 2,
) Py = { Py 0> Ppy m,m}, are referred to as the new input
scan, and the scan data obtained in the previous time before
(t-1r , P={Pw,Pu,,Pun}, are referred to as the
reference scan (environmental map).

NDT scan matching conducts a normal distribution
transformation for the reference scan data in each grid on a
voxel map. It calculates the average value and covariance of
the lidar measurement positions. By matching the new input
scan at /7 with the reference scan data obtained prior to
(t—1r, the vehicle’s pose, X«), at ¢tz is determined. The
vehicle’s pose is used for conducting a coordinate transform
with (1), and the new input scan can then be mapped to %, ,
and the reference scan is updated.

C. Graph-based SLAM

To reduce the accumulation error of the map generated
by NDT-based SLAM, we apply the graph-based SLAM
[20]. The vehicle’s poses obtained by NDT-based SLAM are
mapped onto a factor graph. To detect the loop (revisit area),
we first obtain the candidates of the revisit areas using the
information on self poses of the vehicle. Thereafter, the loop
probability indicator (LPI) [21] and matching distance
indicator (MDI) are calculated using the lidar scan data
captured during the initial visit and revisit of the vehicle. A
higher degree of similarity between the lidar scan data of the
initial visit and revisit of the vehicle will lead to a larger LPI
and a smaller MDI. Thus, we detect the loop using the LPI
and MDI values.

When the loop is detected, the vehicle’s pose is
calculated at the revisit area relative to that at the first-visit
area based on NDT scan matching. The relative poses of the
vehicle are inputted to the factor graph as loop constraints.
We then minimize the objective function of (2) so that the
accuracy in the map generated by the NDT-based SLAM
can be improved [21]:

F(x) =Y (4X, - AX,) 9,(4X, - AX,) )

where y=(X/,X],--,X/)" . X, is the vehicle’s pose at
the iz. AX, is the pose of the vehicle at the j7 relative to
that at the i 7, which is calculated from NDT scan matching.
AX,; is the estimate of the relative pose. £, is the
information matrix.

III. DISTORTION CORRECTION OF LIDAR SCAN DATA

In this section, we describe a motion model of the
vehicle for EKF and EKF-based correction method of
distortion in lidar scan data.

A.  Motion Model

As shown in Fig. 3, the vehicle’s linear velocity in X, is
defined as ¥V (the velocity in the xp-axis direction), and the
angular velocities about the x;-, y»-, and z,- axes are defined
as ¢, , 6,,and y, , respectively. If the vehicle is assumed to
move at nearly constant linear and angular velocities, the
following motion model can be derived:
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where ¢ and #+1 are time steps. a \=V,7+7°w, /2, a ,=
$r+’w, /2, a,=07+7w, /2 and a = uT+
TZW% /2 Wi s Wi Wy s and w, are the acceleration
disturbances. ’

Equation (3) is expressed in the vector form as follows:

Euvrn= f[ﬁ(z),W,T] 4

where {’z(x,y,Z,¢,9,W,Vb,¢b,9b,l/7b)T and w=
(w, ,wﬁh,wéh,w%)T.

We define the vehicle’s pose obtained at 17 using NDT
scan matching as z,,.» = X« . The measurement equation

is then

Inpr ) =H§(t)+AZNDT(t) (5)

where Az, is the measurement noise, and H is the
measurement matrix.

B. EKF-based Distorion Correction

The flow of distortion correction of the lidar scan data is
shown in Fig. 4. The lidar scan period (7) is 100 ms, and
the scan data observation period (47 ) is 0.55 ms. When the
scan data are mapped onto J,, using the vehicle’s pose

Zy

(474

Figure 3. Notation related to vehicle motion.
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Figure 4. The flow of distortion correction.

calculated every lidar scan period, the distortion arises in
environmental maps. We therefore correct the distortion in
the lidar scan data by estimating the vehicle’s pose using
EKF every scan data observation period.

The state estimate and its error covariance obtained at

(t—1r using EKF are denoted as &i-1/¢+-1y and T'¢-1/¢-1y,
respectively. From these estimates, EKF gives the state
prediction, & -1.1/:-1), and its error covariance, I'¢-11/:-1),

at (t—1)r+ Az as follows:

Se-11i-n= flEu-1/¢-1,0,47]
To-11/i-v=Fu-1/i-0vLa-1/i-0Fa-1/1-1n"

+G(171/:71)QG(:71/:71)T

(6)

where F = 0f /0§, G = of /ow, and Q is the covariance
matrix of the plant noise, w.

By a similar calculation, the state prediction,
Eu-1j/e-n , and its error covariance, I'¢-1,j/¢1-1) , at
(t—Dr+ jAar (wherej=1,2, ...,180) can be obtained by

Su-vjre-n= f[Eu-1,j-1/1-1,0,A47]

Tie-vjre-n=Fu-1j-1/e-0La-1j-17t-0F@-1,j-1/c-1)
+G(x-1,j-1/x-l)QG(t-l,j-l/t-l)T
@)
In the state prediction é(t—l, jri-1n , we denote the
elements related to the vehicle’s pose, (x,v,z,6,0,), as
Xu-1;7:-1. Using (1) and the pose prediction, the scan

data, p,;¢«-1.j), in ¥, obtained at (t—1)r+jAr can be
transformed to p;-1,;/¢-n in 2, as follows:

(pi(t : lij/t : Uj =T(X¢-1j0i- 1))[1][7[“1 l’j)j (8)

Because the lidar scan period (7) is 100 ms, and the
scan data observation period (A ) is 0.55 ms, the time #7 is
almost equal to (#-1) 7+180A47. Using the pose prediction,
Xo-usor-n at tr , the scan data, Pi-1jli-1 , at
(t—Dr+ jAr in 2, is transformed into the scan data, p,, o),
at t7 in ¥, as follows:

(pblim] = T()A((r ~ 1,180 /1 - 1))_1[pi(t ) lij/l : Uj 9)
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Using the corrected scan data, p, )= { Doy, p;zm,---},
within one scan (lidar beam rotation of 360° in a horizontal
plane), as the new input scan, NDT scan matching can
accurately calculate the vehicle’s pose, z,,, o , at 7. Based
on (4) and (5), EKF then gives the state estimate, &/, and
its error covariance, I'«/1 , at t7by

é(z/t) = é(z —vis0/e -+ Ko {zgypr i — Hé;(z ZL180 /1 — 1)}} (10)

IFoin=Tu-11800-1y— KoyHI  -1180/:-1)
where &¢-1io/:-1y and Ie¢-110/.-1 are the state
prediction and its error covariance at 7 (= (¢

1) 7 +180A47), respectively. K= To-vis0c-yH' S
and Soy= HIl¢-10/.-yH™ +R . R is the covariance
matrix of Az, .

The corrected scan data P;:(l) are mapped onto 2,
using the pose estimate calculated by (10), and the distortion
in environmental maps can then be removed.

IV. EXTRACTION OF STATIC SCAN DATA

In dynamic environments wherein moving objects, such
as cars, two-wheeled vehicles, and pedestrians, exist, the
lidar scan data related to moving objects (referred to as
moving scan data) should be removed from the entire scan
data, and only the scan data related to static objects (static
scan data), such as buildings and trees, should be utilized in
map generation.

To extract the static scan data, first, we classify the lidar
scan data into two types: scan data that are originated from
road surfaces (referred to as road surface scan data) and
scan data that are originated from objects (referred to as
object scan data) based on a rule-based method. The object
scan data are mapped onto an elevation map represented in
2, . In this study, the cell of the elevation map is a square
with a side length of 0.3 m.

A cell in which scan data exist is referred to as an
occupied cell. For the moving scan data, the time to occupy
the same cell is short, whereas for the static scan data, the
time is long. Therefore, using the occupancy grid method
based on the cell occupancy time [14][15], we identify two
types of cells: moving and static cells, which are occupied
by the moving and static scan data, respectively. Since the
scan data related to an object usually occupy more than one
cell, adjacent occupied cells are clustered. Then, the scan
data in clustered static cells are applied to map generation.

When moving objects pause, the occupancy grid-based
method mentioned above often misidentifies their scan data
as the static scan data. To address this problem, the road
surface scan data are mapped onto the elevation map, and
the cells in which the road surface scan data are occupied
for a while are determined as the road surface cells. If the
object scan data exist on the road surface cells, we always
determine the object scan data as the moving scan data and
remove the moving scan data from the entire scan data.
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V. EXPERIMENTAL RESULTS

Although as mentioned in Section I, our study focuses on
map generation in narrow road environments, such as at
community roads and scenic roads in urban and mountainous
areas, we conducted experiments of map generation in highly
traffic road environments (Fig. 5(a)) to discuss the
performance of our method in dynamic environments.

The traveled distance of the vehicle was about 2903 m,
and the maximum speed of the vehicle was 40 km/h. In the
urban road environment, there were 114 cars, 26 two-

Map data ©2019 Google CNES/Au'bus Maxar Technologles Planet.com

(a) Moved path (red line) of the vehicle (top view).

| Map data©2019 Google 10 [m]

(b) Photo of area #1 (bird-eye view). Red line indicates moved path of the
vehicle

(c) Photo of area #2 (bird-eye Vlew) Red line indicates moved path of the
vehicle

Figure 5. Experimental environment.
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Map data ©2019 Google,

bus, Maxar Technologies, Planet.com ]

Figure 6. Point cloud map (top view)

(c) Case 3

Figure 7. Mapping result of area #1 (bird-eye view). Black and red dots
indicate the static and moving scan data, respectively.
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(c) Case3

Figure 8. Mapping result of area #2 (bird-eye view). Black and red dots
indicate the static and moving scan data, respectively.

A

vime i g e Y O,

(a) Photo of traffic sign (b) Case 1

Figure 9. Mapping result of a tree in area #2.
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(c) Case2 (d) Case3

Figure 9. Continued.

TABLE 1. DEVIATION BETWEEN START AND GOAL POSITIONS OF THE
VEHICLE

NDT-based SLAM NDT and
True graph-based
Case 1 Case 2 Case 3 SLAM
2.88[m] | 2241 [m] | 1848 [m] | 132.16 [m] 4.98 [m]

wheeled vehicles, and 37 pedestrians.

Figure 6 shows the mapping result using the NDT-based
SLAM in conjunction with the methods of distortion
correction of the lidar scan data and extraction of the static
scan data. To evaluate the mapping performance using the
NDT-based SLAM in detail, Figs. 7 and 8 show the
enlarged map of area #1 (Fig. 5 (b)) and #2 (Fig. 5 (¢)),
respectively. Figure 9 also shows the mapping result of a
traffic sign in area #2. For comparison purpose, the maps
were generated in the following three cases:

Case 1: Mapping by the proposed method; NDT-based
SLAM with the methods of correcting distortion in the lidar
scan data and extracting the static scan data,

Case 2: NDT-based SLAM with the distortion correction
method and without the method of static scan data
extraction, and

Case 3: NDT-based SLAM without the distortion
correction method and with the method of static scan data
extraction.

In Figs. 7 and 8, case 1 (proposed method) and 3 more
significantly remove the track of moving objects than case 2.
In Fig. 9, the mapping results by case 1 and 2 are more
crispness than the result by case 3. It is concluded from these
figures that the proposed method provides better mapping
result than case 2 and 3.

Table I shows the positioning performance of the vehicle
by SLAM; deviation between the start and goal positions of
the vehicle. The true deviation is calculated from the
position information using the onboard Real Time
Kinematic-Global Positioning Systems (RTK-GPS) unit. It
is clear from the table that distortion correction of the lidar
scan data provides better mapping accuracy in NDT-based
SLAM. In addition, it is clear that graph-based SLAM
further improves the mapping accuracy.
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VL

This paper presented lidar based map generation in
GNSS denied and dynamic outdoor environments using only
the onboard scanning lidar. The 3D point cloud mapping was
performed by integrating three algorithms that we previously
proposed: distortion correction in the lidar scan data,
extraction of the static scan data (removal of the moving scan
data) from the entire lidar scan data, and NDT-based and
graph-based SLAM. The performance of the map generation
was shown through experimental results in urban road
environments.

We are currently improving performance of removal of
moving scan data. We are also evaluating the proposed
method in various environments, including large-scale
residential environments.

CONCLUSION
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