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This paper presents a real-time and low-cost 3D perception and reconstruction system which is suitable for autonomous navigation
and large-scale environment reconstruction. The 3Dmapping system is based on a rotating 2D planar laser scanner driven by a step
motor, which is suitable for continuous mapping. However, for such a continuous mapping system, the challenge is that the range
measurements are received at different times when the 3D LiDAR is moving, which will result in big distortion of the local 3D point
cloud. As a result, the errors in motion estimation can cause misregistration of the resulting point cloud. In order to continuously
estimate the trajectory of the sensor, we first extract feature points from the local point cloud and then estimate the transformation
between current frame to local map to get the LiDAR odometry. After that, we use the estimated motion to remove the distortion of
the local point cloud and then register the undistorted local point cloud to the global point cloud to get accurate global map. Finally,
we propose a coarse-to-fine graph optimization method to minimize the global drift. The proposed 3D sensor system is
advantageous due to its mechanical simplicity, mobility, low weight, low cost, and real-time estimation. To validate the
performance of the proposed system, we carried out several experiments to verify its accuracy, robustness, and efficiency. The
experimental results show that our system can accurately estimate the trajectory of the sensor and build a quality 3D point
cloud map simultaneously.

1. Introduction

Three-dimensional perception is very important to many
mobile robotic systems, since the robot is increasingly
required to operate in dynamic, unstructured environments
and interact safely and effectively with humans or other
robots [1–5]. Beside robotics domain, three-dimensional per-
ception and reconstruction are also a key technology for
many nonrobotic applications such as surveying, object scan-
ning, 3D manufacturing, and entertainments [6–10].

Nowadays, there are many sensors that can be used to
acquire 3D data, for example, scanning LiDAR, stereo vision,
and structure light sensors. Among those sensors, scanning
LiDAR is mostly used for acquiring 3D data due to its accu-
racy and long measurement range [11]. In geographic areas,
there are several commercial products already available in
the market for 3D laser mapping, for example, scanning

LiDAR from Faro (http://www.faro.com/) and Leica
(https://lasers.leica-geosystems.com/) company. However,
those sensors are usually very expensive, and the sizes of
those sensors are usually very big. Besides, most of them
are only suitable for “stop-and-scan” applications, which
means you must put the sensor statically to acquire data
and process the data offline to get 3D model of the environ-
ments. Therefore, those sensors usually are not suitable for
robotics application. In robotics area, the most widely used
commercial 3D range finders are provided by Velodyne
(http://velodynelidar.com/) with multibeam models HDL-
64E, HDL-32E, and VLP-16. These models differ mainly in
the number of laser/detectors located in the rotating head.
In recent years, there are also some new 3D range finders
based on solid-state LiDAR technology, for example, S3
LiDAR sensor from Quanergy (http://quanergy.com/). The
main advantage of these sensors is the high acquisition rate

Hindawi
Journal of Sensors
Volume 2018, Article ID 2937694, 14 pages
https://doi.org/10.1155/2018/2937694

http://orcid.org/0000-0003-3887-3141
http://www.faro.com/
https://lasers.leica-geosystems.com/
http://velodynelidar.com/
http://quanergy.com/
https://doi.org/10.1155/2018/2937694


that makes them suitable for vehicles moving at high speeds.
However, they have a limited vertical resolution and are more
expensive than 2D laser scanners. There are also several
hand-held 3D scanners that are commercially available
(e.g., Leica’s T-scan). Unfortunately, those sensors are pri-
marily intended for object scanning applications. Therefore,
they often require modification to the environment and have
limited working volume that is not appropriate for large-
scale mobile applications. In recent years, RGB-D cameras
[9], which are based on structured lighting or TOF (time of
flight) technology, become very popular due to its low price
and depth measurement ability. However, those sensors are
limited in their sensing range, precision, and the lighting
conditions in which they can operate. For example, the Asus
Xtion has an effective range from 0.5 to 4 meters with preci-
sion of around 12 cm at 4m range and does not work in
bright sunlight. Stereo cameras are also widely studied for
real-time 3D reconstruction [12]. However, stereo cameras
have similar precision characteristics, and their performance
is dependent on lighting conditions and textural appearance
of the environments.

Besides those commercial 3D scanning sensors,
researchers have also developed many customized 3D sen-
sors for their specific applications. Up to now, several
customized 3D laser scanners have been developed for
autonomous robots by means of a rotating laser scanner
with a 360° horizontal FoV, allowing for detection of obsta-
cles in all directions. For example, Morales et al. [13]
designed a low-cost 3D laser rangefinder based on pitching
a commercial 2D rangefinder around its optical center. They
also developed a 3D laser scanner by continuously rotating a
2D laser scanner [14]. However, in their work, they only
describe the design and development of the hardware of
the sensor and do not propose efficient algorithms for
processing the received 3D point cloud. Therefore, those
sensors are generally suitable for “stop-and-scan” applica-
tions. Zhang and Singh [15] proposed a continuously scan-
ning system LOAM which could be a back-and-forth or
continuous rotation configuration. The mapping results of
their system are very impressive. However, they do not pro-
vide detailed description of their hardware system. Besides,
the author only proposed LiDAR odometry and mapping
algorithms. Though the local drift is very low, it is not suit-
able for large-scale mapping since accumulative error is
inevitable. Bosse et al. [16] also proposed a sensor called
Zebedee, which is constructed from a 2D range scanner
coupled with a passive linkage mechanism, such as a
spring. By shaking the sensor, the device’s field of view
could be extended outside of its standard scanning plane.
However, this system needs to collect the data first and
then process the data offline. Therefore, it is not suitable
for real-time applications, such as autonomous navigation
of mobile robots.

In this paper, we present a low-cost customized 3D laser
scanner based on a rotating 2D laser scanner which is suit-
able for both autonomous navigation and large-scale envi-
ronment reconstruction. We not only describe the details of
the hardware design but also present a real-time motion
estimation algorithm that can continuously estimate the

trajectory of the sensor and build the 3D point cloud of the
environment simultaneously. The proposed 3D sensor sys-
tem is advantageous due to its mechanical simplicity, mobil-
ity, low weight, low cost, and real-time estimation. Therefore,
our sensor can not only be used for autonomous navigation
but also be suitable for surveying and reconstruction of areas.
To validate the performance of the proposed system, we
carried out several experiments to verify its accuracy, robust-
ness, and efficiency. The experimental results show that our
system can accurately estimate the trajectory of the sensor
and build a quality 3D point cloud map simultaneously.

The rest of the paper is organized as follows. In Section 2,
a brief discussion of related work is presented. Section 3
describes the hardware and software system of our sensor.
Then, our real-time pose estimation, 3D mapping, and global
map optimization algorithms are detailed in Section 4. In
Section 5, we validate our system in different environments.
Section 6 concludes the paper.

2. Related Work

In the recent year, several different kinds of customized 3D
laser scanner system built from a 2D laser scanner have been
proposed in the robotics community. Those systems mainly
differ in the driving mechanism [13, 16, 17] and data pro-
cessing methods [18–20]. In the following, we will have a
brief review of the existing systems and the reconstruction
methods they used.

2.1. Driving Mechanism. Currently, there are several ways
to make 3D scanners from a 2D laser scanner. According
to its driving mechanism, they can be divided into two
groups, namely, passive driving mechanism and active driv-
ing mechanism.

The first type is to use passive mechanisms. For example,
Bosse et al. [16] proposed a sensor called Zebedee, which is
constructed from a 2D range scanner coupled with a passive
linkage mechanism, such as a spring. By mounting the other
end of the passive linkage mechanism to a moving body, dis-
turbances resulting from accelerations and vibrations of the
body propel the 2D scanner in an irregular fashion, thereby
extending the device’s field of view outside of its standard
scanning plane. By combining the information from the 2D
laser scanner and a rigid-mounted industrial-grade IMU, this
system can accurately recover the trajectory and create the
3D map. However, this sensor is not very good for mobile
navigation since if the robot runs on a flat floor, there would
be no enough vibrations to actuate the sensor. Kaul et al. [21]
also proposed a passively actuated rotating laser scanner for
aerial 3D mapping. A key feature of the system is a novel pas-
sively driven mechanism to rotate a lightweight 2D laser
scanner using the rotor downdraft from a quadcopter. The
data generated from the spinning laser is input into a
continuous-time simultaneous localization and mapping
solution to produce an accurate 6DoF trajectory estimate
and a 3D point cloud map.

The second type is to use active mechanisms. For this
type, usually there is a motor actively driving the sensor
around one axis. When rotating a 2D unit, two basic 3D
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scanning configurations are possible: pitching (x-axis rota-
tion) and rolling (y-axis rotation) scans. For example,
Morales et al. [13] designed a low-cost 3D laser rangefinder
based on pitching a commercial 2D rangefinder around its
optical center. The pitching scan is preferable for mobile
robotics and area monitoring because it obtains information
of the region in front of the 3D rangefinder faster than the
rolling scan. This is because the rolling scan always requires
a complete 180° rotation to avoid dead zones. However, com-
pared to pitching scanner, the advantage of a rolling scanner
is that its field of view can be widened to 360°. Therefore, they
also developed a 3D laser scanner by continuously rotating a
2D laser scanner [14].

2.2. Motion Estimation and Registration Methods. For the
customized 3D LiDAR sensor which is based on a 2D
laser scanner, there are different ways to estimate the
motion of sensor and reconstruct the environment using
the perceived 3D point cloud. The existing method could
be divided into two types: stop-and-scan methods and
continuous methods.

Previously, most existing 3D mapping solutions either
eliminate sensor motion by taking a stop-and-scan approach
or attempt to correct the motion using odometric sensors,
such as wheel or visual odometry. Many researchers take
the approach of frequently stopping the platform in order
to take a stationary scan [19]. However, for mobile robotics
system, this type of behavior is undesirable as it limits the
efficiency of the task. Since there is no movement when tak-
ing a scan, the advantage of this kind of scanning is that
there is no distortion in the perceived 3d point cloud.
Therefore, it is easier to register the point cloud. As to the
registration methods, several approaches have been pro-
posed to estimate the motion by means of 3D scan registra-
tion [19, 22, 23]. Most of these approaches are derived from
the iterative closest Point (ICP) algorithm [18, 24]. For
example, generalized ICP (GICP) [22] unifies the ICP for-
mulation for various error metrics such as point-to-point,
point-to-plane, and plane-to-plane. Beside ICP methods,
the 3DNDT [20] method discretizes point clouds in 3D
grids and aligns Gaussian statistics within grid cells to per-
form scan registration.

Nowadays, people prefer to develop continuous estima-
tion methods for a rotating 2D laser scanner. However, col-
lecting consistent 3D laser data when the sensor is moving
is often difficult. The trajectory of the sensor during the scan
must be considered when constructing point clouds, other-
wise the structure of the cloud will be severely distorted and
potentially unrecognizable. To solve this problem, several
methods have been proposed. For example, a two-step
method is proposed to remove the distortion [25]: an ICP-
based velocity estimation step is followed by a distortion
compensation step, using the computed velocity. A similar
technique is also used to compensate for the distortion
introduced by a single-axis 3D LiDAR [26]. However, if
the scanning motion is relatively slow, motion distortion
can be severe. This is especially the case when a 2-axis
LiDAR is used since one axis is typically much slower than
the other. Therefore, many researchers try to use other

sensors to provide velocity measurements to remove the
distortion. For example, the LiDAR cloud can be registered
by state estimation from visual odometry integrated with an
IMU [5, 27].

3. System Overview

In this section, we will give a detailed description of the
hardware and software system of our sensor. We first
describe the hardware system, then present the architecture
of the software system.

3.1. Hardware System. The 3D laser scanner is based on
spinning a 2D laser scanner. The mechanical system of
the 3D reconstruction system is composed of two parts,
namely, the rotating head and driving body as shown in
Figure 1. The head is mainly composed of a continuously
rotating 2D laser scanner. To make the 3D point cloud
registration easy, we align the rotating axis y along with
the scanning plane x1y1. Axis y1 of the LiDAR sensor is
motored by a step motor with a coupling. Since the scanner
will rotate continuously, we connect its signal and power
lines to a slip ring to solve revolving problem. The step motor
is equipped with an encoder to record the rotating angle of
the 2D scanner.

The whole 3D sensor system consists of a 2D laser scan-
ner, a step motor driving system, and a PC for real-time reg-
istration as shown in Figure 2. The PC is a Surface Pro3 tablet
from Microsoft, which has an i7 processor, 256Gb solid
hardware and 12-inch touch screen for displaying. The PC
is responsible for receiving scans from the 2D laser scanner
and the encoder data from the step motor, then converting
the 2D scans into 3D point cloud for LiDAR odometry esti-
mation and mapping, and finally displaying the recon-
structed 3D point cloud map in real time. The 2D laser
scanner used in our system is a Hokuyo UTM-30LX, which
is a 2D time-of-flight laser with a 270 deg field of view,
30m maximum measurement range, and 40Hz scanning
rate. The dimension of the UTM-30LX is 60× 60mm, and
its mass is 210 g, which makes it ideal for low-weight require-
ments. The motion controller is responsible for controlling
the rotating speed of the 2D laser scanner, which is composed
of an ARM STM32 board, a step motor, an encoder, and a
communication board. The whole system is powered by a
12V lithium battery.

3.2. Software Systems. The software of the whole 3D recon-
struction system is composed of two parts, namely, low-
level motion control and high-level reconstruction. The
low-level motion control module is responsible for control-
ling the 2D laser scanner rotating at a constant speed and
reading and sending the encoder data to the PC via USB-
RS232 data line. The high-level reconstruction module is
responsible for receiving the scanning data and encoder data
and then estimating the motion of the sensor and registering
the received point cloud into a 3D map.

3.2.1. Low-Level Motion Control. The 2D scanner is
controlled to rotate at a speed of 180°/s by the STM32
embedded controller. The overall precision of the LiDAR

3Journal of Sensors



sensor strongly depends on the measurement precision of
the instantaneous angle of axis y (as shown in Figure 1),
henceforth denoted as β. To determine that angle, a
high-precision absolute rotary encoder is used. The
encoder’s resolution is 10 bits. In general, each scan point
must be related to the very value of β (continuously pro-
vided by the encoder) at the very time when this point is
measured. However, the UTM-30LX does not output point
after point in real time. Fortunately, the UTM-30LX trig-
gers a synchronization impulse after it finishes a complete
scanning. The embedded controller reads the encoder
angle data at the exact time it receives a trigger signal.
And finally, the embedded controller sends the raw angle
and scans to Surface Pro3 via USB to serial converter.
We assume the rotation speed of 2D laser scanner during

a scan is constant, then we can calculate the exact angle
when each point is measured.

3.2.2. High-Level Reconstruction Software. After receiving the
2D scan and angle data from the 2D laser scanner and the
motion controller, the high-level reconstruction algorithm
needs to estimate the motion of sensor based on the received
data and construct the 3D map in real time. The whole archi-
tecture of the motion estimation and reconstruction software
is shown in Figure 3. We first need to convert the 2D scans
into 3D point cloud by computing the Cartesian coordinates
of each point. Then, we need to calibrate the sensor since
small errors in the attachment of the 2D device to the rotat-
ing mechanism provoke a big distortion in the point cloud.
Finally, we need to estimate the motion of the sensor and
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Figure 1: Mechanical structure of the 3D reconstruction system.
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Figure 2: Hardware and functional diagram of the 3D reconstruction system: on the (a) is the hardware system and on the (b) is the
functional diagram.
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register the increasingly perceived 3D point cloud into a 3D
world map.

(1) Generate 3D Point Cloud. The Microsoft Surface PC
receives scan data from the 2D laser scanner which is a vector
composed of angle θ and range measurement ρ. At the same
time, the computer receives the rotating angle φ. The whole
coordinate systems are shown in Figure 4. A point of the
2D device is given by its polar coordinates: angle θ and range
ρ. If we assume the reference frame oxyz of the system is
defined as coincident with that of the 2D device, then, the
Cartesian coordinates of the point cloud can be computed
from following equation:

x

y

z

=

0 cos ϕ

1 0

0 sin ϕ

ρ sin θ

ρ cos θ
1

(2) Geometric Calibration. Practically, due to the installation
error, small errors in the attachment of the 2D device to the
rotating mechanism results in y1 not perfectly aligned with y
as shown in Figure 5. This error will result in a distortion in

the point cloud computed with 1. To remove the distortion,
we need to calibrate the sensor. For our customized 3D laser
scanner which is a 3D scanner with a 2D laser rangefinder
rotating on its optical center, the calibration method pro-
posed in [17] can be used to obtain mechanical misalign-
ments. After calibration, 2 can be employed to obtain 3D
Cartesian coordinates of a point in the 3D frame instead
of 1.
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Figure 4: (a) Point A in 2D scan plane; (b) after rotating around
y-axis to get A′.
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where Θ = θ0 + θ and θ0 represent the zero angle of the
rotation mechanism. θ0 is an extrinsic parameter that
depends on the installation of the sensor, which will not
provoke distortion.

(3) Motion Estimation and Reconstruction. After calibration,
if we place the sensor at a place statically, we can get a locally
undistorted point cloud. However, in our system, we want to
carry the sensor and move around. The movement of the sen-
sor will cause the distortion of point cloud; therefore, we need
to continuously estimate the trajectory (laser odometry) of
the sensor and remove the distortion of the point cloud. After
that, we can register the undistorted point cloud into a global
map (mapping). To reduce the local drift of laser odometry
estimation, we build a local map and calculate the laser odo-
metry based on local map instead of last sweep. To reduce the
global drift for large-scale reconstruction, we first use ELCH
[28] algorithm to coarsely distribute the loop-closure error.
Then, we use g2o [29] framework to finely optimize the pose
graph to get globally consistent map (pose graph optimiza-
tion). The details of motion estimation and graph optimiza-
tion algorithms will be described in the following section.

4. Motion Estimation and
Reconstruction Algorithm

Large-scale environment reconstruction by using 3D laser
scanners has been widely used [26, 30]. The challenge for
our system is that our 3D reconstruction system is based on
a rotating 2D laser scanner; therefore, there are big distor-
tions as our sensor moves, which pose big challenges for
correct and accurate registration. Currently, most 3D recon-
struction systems estimate the motion and reconstruct the
environment through offline processing. They usually collect
the data using the sensor and then process those data on a
powerful computer to get accurate model of the environ-
ment. In contrast to them, our algorithm runs in real time.
We continuously estimate the motion of the sensor, remove
the distortion of the point cloud, and register the local point
cloud to get the whole map. In the following, we will detail
the process of motion estimation, mapping, and global opti-
mization algorithms.
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Figure 5: Misalignments between the 2D sensor frame and the 3D
sensor frame.

4.1. Odometry Estimation Algorithm. First, we assume that
the movement of the sensor is continuous and smooth
over time, without abrupt changes. As a convention, we
use right uppercase superscription to indicate the coordi-
nate systems. We define a sweep as the sensor complete
one-scan coverage. We use right subscription k to indicate
the sweeps and Pk to indicate the point cloud perceived
during sweep k. The function of odometry estimation is
to estimate the relative motion of the sensor during a
sweeping time and use the estimated motion to remove
the distortion of sweep Pk to get undistorted point cloud.
We use similar idea as described in [15] to estimate the
odometry. The difference is that they use scan-to-sweep
strategy for relative pose estimation. But in our work, in
order to improve the robustness, we use scan-to-local
map strategy instead of scan-to-sweep strategy. The detail
of the odometry estimation is as follows.

4.1.1. Feature Extraction. First, we extract feature points from
the LiDAR cloud Pk. For each scan, it returns range values on
a scan plane with 0.25° resolution. However, as the laser scan-
ner rotates at an angular velocity of 180°/s and generate scans
at 40Hz, the resolution in the perpendicular direction to the
scan planes is 180°/40 = 4 5°. We select two kinds of features
which are edge points and planar points. Let XL

k,i be a point
in Pk (the superscript L means in laser coordinate system),
and let S be the set of consecutive points of i returned by
the laser scanner in the same scan. We use the following
equation to determine whether a point belonged to edge or
planar points:

c = 1

S ⋅ XL
k,i

〠
j∈S,j≠i

XL
k,i − XL

k,j 3

According to the c value, the points in a scan can be clas-
sified into edge points and planar points. The edge points
usually have big c values while the planar points have small
c values. We select a feature as planar feature if its c value is
smaller than a threshold and a feature as edge feature if its c
value is bigger than a threshold. In our implementation, the
threshold is determined by experiments. In order to evenly
distribute the feature points, we also divided a scan into four
identical subregions. In each subregion, there are 2 edge
points and 4 planar points in maximum.

4.1.2. Feature Matching

(1) Feature Projecting. Since we assume that the angular and
linear velocities of the sensor during a sweep are constant,
therefore this allows us to linearly interpolate the pose
transform within a sweep for the points that are received
at different times. Given a point i, i ∈ PK+1, and its corre-
sponding timestamp ti and let TL

k+1,i be the pose transform

between tk+1, ti , then TL
k+1,i can be computed by linear

interpolation of TL
k+1:

TL
k+1,i =

ti − tk+1
t − tk+1

TL
k+1 4
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Assuming that we have point cloud Pk+1, then we can
extract edge feature points εk+1 and planar feature points
μk+1 using 3. We transform features εk+1 and μk+1 to the
starting time of sweep k + 1 and denote them as εk+1 and
μk+1, then we can get the following equation according
to 4:

XL
k+1,i

1
= TL

k+1,i
X
L
k+1,i

1
, 5

where XL
k+1,i is a point i in εk+1 or μk+1 and X

L
k+1,i is the cor-

responding point in εk+1,i or μk+1.

(2) Feature to Local Map Matching. For relative motion esti-
mation, a common strategy is to compute the transform
between the current sweep Pk+1 to the last sweep Pk. This is
a kind of strategy similar to frame-to-frame matching strat-
egy which is widely used in visual odometry. However, this
strategy is not very robust. This is because the time duration
of one sweep is very short; if there is a sharp turn around a
corner, the scanning scene will change dramatically. If we just
register current scan to the last sweep, the registration may
fail due to insufficient overlap. Here, we use a local map strat-
egy. Instead of matching to the last sweep, we create a local
map by accumulating the last 3 sweeps and then match cur-
rent scan to the created local map, which improves the
robustness of the whole algorithm.

At the beginning of running our system, we assume
the sensor is static; therefore, we concatenate the first 3
full sweeps as a local map ML

k , k ≥ 3 . We transform the

local map ML
k to time stamp tk+1 and denote it as ML

k
and store it in a 3D kd tree. For εk+1 and μk+1, we need

to find the corresponding edges and planes in ML
k . The

feature matching process is described in Figure 6. Let i
be a point in εk+1, i ∈ εk+1. The edge line is represented
by two points. Let j be the closest neighbor of i in Mk,
and let l be the closest neighbor of i in the two consecu-
tive scans to the scan of j as shown in Figure 6(a). There-
fore, j, l forms the correspondence of i. To verify if both
j and l are edge points, we check the smoothness of the
local surface based on 3. Figure 6(b) shows the procedure
of finding a planar patch as the correspondence of a pla-
nar point, where j, l,m forms the correspondence of
point i, i ∈ μk+1.

(3) Error Metric Computation. After finding the correspon-
dences, we can calculate the distance from a feature point
to its correspondence. We will recover the motion by mini-
mizing the overall distances of the features.

For an edge point X
L
k+1,i = x0, y0, z0 , i ∈ εk+1, if j, l is

its corresponding edge line XL
k,j = x1, y1, z1 , XL

k,l = x2,
y2, z2 , j, l ∈ML

k , then the point to line distance can be com-
puted as

dε =
X
L
k+1,i − XL

k,j × X
L
k+1,i − XL

k,l

XL
k,j − XL

k,l

6

For a planar pointX
L
k+1,i = x0, y0, z0 , i ∈ μk+1, if j, l,m

is the corresponding planar patch (XL
k,j = x1, y1, z1 ,

XL
k,l = x2, y2, z2 , and XL

k,m = x3, y3, z3 , j, l,m ∈ML
k),

then the point to plane distance is

dμ =
X
L
k+1,i − XL

k,j XL
k,j − XL

k,l × XL
k,j − XL

k,m

XL
k,j − XL

k,l × XL
k,j − XL

k,m

7

(4) Motion Estimation. Recall that 6 and 7 compute the dis-
tances between feature points and their correspondences.
By combining 4, 5, 6, and 7, we can get the geometric
relationship between the feature point and their
correspondences:

f ε XL
k+1,i , T

L
k+1 = dε, i ∈ εk+1, 8

f μ XL
k+1,i , T

L
k+1 = dμ, i ∈ μk+1 9

For each feature point in εk+1 and μk+1, we can get one of
the above equation. Stack all the equations and we can get

f TL
k+1 = d, 10

where each row corresponds to one feature point and d is its
corresponding distance. Our object is to minimize d towards
zero through nonlinear iterative optimization to estimate the
transform TL

k+1 . Taking the first-order Taylor expansion at

TL
k+1 , we get

f ≈ f TL
k+1 +A TL

k+1 TL − TL
k+1 , 11

l i

j

LiDAR

(a)

j l

im

LiDAR

(b)

Figure 6: (a) Finding corresponding edge point and edge line; (b) finding corresponding planar point and planar patch.

7Journal of Sensors



where A TL
k+1 is the Jacobian matrix of f at TL

k+1 . There-
fore, we convert the nonlinear optimization problem into a
linear least square problem:

min   A TL
k+1 TL − TL

k+1 + f TL
k+1

2
12

Finally, we can get

TL
k+1 ← TL

k+1 + ΔT , 13

where ΔT = − A TL
k+1

T
A TL

k+1
−1
A TL

k+1
T
f TL

k+1 .

4.2. Mapping Algorithm. At the end of sweep k + 1, the
odometry estimates an undistorted point cloud PL

k+1 and
simultaneously a pose transform TL

k+1 which is the sensor
motion during the sweep between time tk+1, tk+2 . The
mapping algorithm matches and registers the undistorted
point cloud PL

k+1 to the global map in the world coordi-
nate, as shown in Figure 7. In the figure, the blue curve
denotes the global pose GW

k of the LiDAR sensor at the
end time of sweep k, and the orange curve denotes the
pose estimation GL

k+1 for sweep k + 1 from the LiDAR odo-
metry estimation algorithm. Combining GW

k and GL
k+1, we

can get an initial guess of transform GW
k+1. Then, we can

transform the local undistorted point cloud PL
k+1 to the global

world coordinate, denoted as Qk+1 and shown as green cloud
in Figure 7. Next, the mapping algorithm matches Qk+1 to Qk

to get a refined pose estimation GW
k+1 and register Qk+1 onto

Qk to get a new map Qk+1.

4.3. Pose Graph Optimization. In the previous section, we
obtain the refined pose transformation by the motion
estimation in the mapping algorithm. However, since the
accumulative error is inevitable in the calculation process,
we cannot construct globally consistent map for large-scale
environments. Here, we first utilize ELCH [28] as the coarse
graph optimization method to solve the global map consis-
tency problem to a certain extent by finding the minimum
accumulated error in the map and trajectory estimation.
Then, we use g2o [29] for fine graph optimization which con-
siders the relationship among global constraints.

4.4. Coarse Graph Optimization. The coarse graph optimiza-
tion method is mainly based on geometric relationship of
point cloud. First, we save the point cloud data every 3 s as
a keyframe, which is stored in a vector containing keyframes

and pose information. Then, the Euclidean distance between
the current frame and all the historical keyframes is calcu-
lated. When the distance is less than the threshold of
1.5m, it is considered that there potentially exists a closed
loop. Since the previous frames adjacent to the current
frame are also easily able to meet the above requirement,
therefore these data should be excluded. Here, we use
ELCH [28], a heuristic algorithm, to do coarse graph opti-
mization. The approach’s key idea is that it will spread the
final accumulated error to every frame according to the
value of uncertainty.

When loop closure is detected, we use ICP algorithm to
calculate the accumulated error transformation matrix ΔT
between the start keyframe and end keyframe in a closed
loop. This ΔT is then assigned to each node in the SLAM
graph. Here, the SLAM graph is denoted asG = V , E , where
the vertex V represents the pose of the scanned keyframes
and E is the uncertainty between the vertices. Suppose that
an undirected graph G = V , E has been constructed, which
contains two special nodes vf and vl, denoting the starting
and ending nodes of the closed loop in the graph, with corre-
sponding weights of 0 and 1, respectively.

Then, according to the Dijkstra algorithm, we obtain
the uncertainty value equivalent to weight wi. The Dijkstra
algorithm is used to calculate the shortest path from each
node to other nodes in the set S. Since the initial set con-
tains only closed-loop nodes vf and vf , the first iteration
only calculates the shortest path from the beginning to
the end, and the cost of the path is d vl, vf :

d vl, vf ≔ 〠
edge<i,j>∈path

ci j 14

ci,j in 14 represents the edge of the connected nodes vf
and vf , indicating the uncertainty of the edge, so the cost
of a path represents the sum of the uncertainties of all the
edges in the path. Based on this path cost value, the
weight of each node in the path is updated according to
following equation:

wi =ws +
d vs, vi
d vs, ve

we −ws 15

we and ws in 15 denote the last and first nodes of the cur-
rent closed loop.

Q
k+1

G
k+1
L

G
k
W

Q
k

Figure 7: Mapping process.
Figure 8: g2o pose optimization: each triangle represents laser pose
and the blue edge represents the constraint relationship between the
pose obtained by the front-end algorithm. By using these
constraints, each pose is optimized so as to satisfy the constraints.
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While updating the weight of each node in the path, it is
also necessary to detect the connectivity between the nodes.
For example, when the degree of a node exceeds 2, the node
is added to the set S. When a closed-loop path is computed,
all edges in the path are removed from the graph G, and then
the degree of the nodes vs and ve is determined. If the node
degree is zero, the node is also removed from the graph. After
that, the coarse graph optimization algorithm continues iter-
atively to calculate the remaining points of the set. The pro-
cessing flow is the same as the above process until all the
closed loops are processed; thus, the weight value of each
node in the graph is obtained.

4.5. Fine Graph Optimization. In the previous section, we
introduce the coarse graph optimization. However, it only
considers the local constraints in the optimization process
and does not consider the relationship among the global con-
straints. In this paper, a general framework for optimization
(g2o) [29] is also used for fine graph optimization. g2o is an
extensible template library written in C++ that provides an
easy-to-use framework for handling SLAM-related issues.
Here, for our laser three-dimensional reconstruction system,
we only use the pose optimization, as shown in Figure 8.

In our 3D laser SLAM system, we send the edges after the
coarse graph optimization to g2o. At the same time, we con-
tinue to create the local constraints by connecting each key
frame to the first three keyframes through ICP algorithm to
establish a constraint relationship. If the matching in the
ICP is successful, the matching constraint is taken as a new
edge in g2o. We set the number of optimization iterations
to 100. We use Levenberg-Marquardt algorithm as the non-
linear optimization algorithm and Huber kernel as the edge
kernel function. An illustrative example is shown in Figure 9:

5. Experiments and Analyses

The customized 3D reconstruction sensor has been tested in
variant practical indoor environments. Since the used
Hokuyo UTM-30LX laser scanner is an indoor laser scanner,
we did not carry out experiments in outdoor environments.
We carried out 3 different indoor experiments to test the
performance of our system. We evaluate the quality of our
system by considering both the map and trajectory accura-
cies. In the first experiment, we quantitatively analyze the
performance of our system using a motion capture system.
We compared the estimated trajectory of the sensor to the
ground-truth data provided by the motion capture system
to show the estimation accuracy of our system. In the second
experiment, we put our mapping sensor on a ground mobile
robot. On the ground mobile robot, we also have a 2D laser
scanner, which performs a 2D SLAM algorithm by using
wheel odometry and laser data. We compare the trajectory
between 2D SLAM and 3D mapping to show the accuracy
of the estimation in large indoor environment. We also com-
pared the 2D map projected from 3D global map to the 2D
map generated by the 2D SLAM to show the accuracy of
the mapping. In the third experiment, we test our sensor in
indoor long corridors by manually carrying the sensor. In
this experiment, we show the importance of loop-closure
detection and global pose optimization for reducing global
drift in challenging environments.

During experiments, the system processing the LiDAR
data using a Microsoft Surface Pro 3 tablet with Intel i7
4650U CPU and 8Gb memory running Ubuntu 14.04 and
ROS Indigo. We developed our algorithms using C++, PCL

(a) (b)

Figure 9: g2o result: (a) the hypothetical pose map optimization; (b) the optimized pose diagram.

Figure 10: Reconstructed map: the green trajectory is the ground
truth from OptiTrack system, and the red trajectory is the
estimated trajectory of our SLAM system. The left figure is top
view and the right figure is side view.
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1.7, Eigen. The experiment video can be found at https://
youtu.be/qXESSWWK1rQ or in the Supplementary Material
(available here).

5.1. Motion Capture Experiments. Quantitative analysis can
be performed on the trajectory provided a ground-truth tra-
jectory estimate is available. We therefore evaluate the accu-
racy of the trajectory in a motion capture environment in
which we can track the position of our sensor with high
precision. An OptiTrack motion capture system consisting
of 8 Prime 13W cameras is capable of tracking the positions
of tags containing multiple reflective targets to millimeter
precision at more than 200Hz, which is good enough as
ground truth.

In this experiment, the sensor body follows an irregular
path with the sensor held at varying heights. The sensor
moves at a speed about 0.5m/s. The environment containing
the OptiTrack system is a 7× 6m room as shown in
Figure 10, with few computer workstations and furnitures.
We mounted several reflective tags on top of our LiDAR sen-
sor to provide 6DoF tracking as it is moved around in the
room. The estimated trajectory and ground-truth trajectory
from the OptiTrack system are plotted in Figure 10.

We quantify the accuracy of the estimated trajectories
using the measure of the absolute trajectory error (ATE) pro-
posed by [31]. It is based on determining relative and abso-
lute differences between estimated and ground-truth poses.
Global consistency is measured by first aligning and then
directly comparing absolute pose estimates (and trajectories):

ATE Fi n ≔
1
m
〠
m

i+1
trans Fi Δ 2

1/2

16

with Fi Δ ≔Q−
i
1SPi, where S is the rigid body transforma-

tion mapping the estimated trajectory Pi n to the ground-
truth trajectoryQi n. In Figure 11, we show the trajectory esti-
mates obtained from our system as well as the deviation from
the ground-truth trajectory. The mean translational and
rotational errors are 0.049m and 0.536°, respectively. From
Figures 10 and 12, you can see that the experimental environ-
ment is very clear. Most times, there are only smooth walls
and glass windows. These are very challenging for laser-
based reconstruction system, since there are only few geom-
etry features and laser sensor does not work well with glass.
In the future, we will incorporate visual information to

further improve the robustness and accuracy of the system
in geometry feature-less environments.

5.2. Mobile Mapping Experiments. Though in motion capture
room we can get accurate ground truth, the environment is
simple and small. In this experiment, we put our sensor on
a ground mobile robot as shown in Figure 13. The robot is
driven through a big office environment with tables, chairs,
and computers. This environment was chosen to test the
performance of our system in big and complex indoor envi-
ronments. Since it is difficult to get ground truth in big

Figure 11: Absolute trajectory error of our system. Poses of the trajectory are projected on the XY-plane.
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Figure 12: Motion capture room.

Figure 13: 3D laser scanner on a turtlebot.
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indoor environment, we compare the estimated 6DoF trajec-
tory with the ground-truth trajectory computed from the
robot’s 2D laser SLAM system to show the performance of
our system.

The top figures of Figure 14 depict the 2D view of the esti-
mated trajectory of our sensor and the trajectory computed
from the 2D laser SLAM. The total length is about 60m. As
you can see, our estimated trajectory can accurately align
with the 2D SLAM trajectory in most times. The difficult
motion for accurate recovering is fast spot turns, when por-
tions of the sweeps might not be sufficiently constrained.
For example, when the sensor is turning around a corner
where there is only one smooth wall, it is difficult to recover
the translation since the problem becomes a degeneration
problem. The bottom figure of Figure 14 shows an oblique
view of the 3D point cloud generated from an experiment
and overlaid with the points from the horizontal laser. In
the zoomed-in region, we can see the undistorted shapes of
the environments. Besides, from top left figure of Figure 14,
we can see that our 3D point cloud model aligned with the
2D occupancy grid map very accurately; therefore, our sys-
tem works very well in complex indoor environments. The
mean translational and rotational errors in these experiments
are 0.023m and 0.373°, respectively.

5.3. Hand-Held Experiments. We also tested our sensor and
algorithms by carrying our system and walking around in
indoor environments. We conducted tests to measure accu-
mulated drift of the motion estimate. Since it is difficult to
get 6DoF ground-truth data in large indoor environments,
we choose a 30m×20m rectangular hallway which contains

a closed loop. This environment is very challenging for our
system since the long corridor contains little geometry fea-
tures that our algorithms can use. We started our sensor from
one place, then walked around, and finally went back to the
same place. The motion estimates generate a gap between
the starting and finishing positions, which indicates the
amount of drift. In practice, there is an accumulative error.
The experimental results show that the growth of transla-
tional errors is about to be less than 2% of distance traveled
and rotational errors less than 0.3° per meter. If we do not
have loop-closure detection and global optimization, the
map will become inconsistent after a big loop traveling. How-
ever, since our system has loop-closure detection and coarse-
to-fine graph optimization, the error can be minimized to
make themap consistent as shown in Figure 15. The left figure
of Figure 15 shows the map before optimization and the right
figure shows the map after optimization. From the recon-
structed map in the red box, it can be seen that the map shows
obvious inconsistency before using the closed-loop correction
algorithm. After optimization, the inconsistency is mini-
mized. The green line is the precorrection trajectory and the
red line is the closed-loop corrected trajectory. This experi-
ment shows the importance of loop-closure detection and
global optimization for long-distance movement.

5.4. Odometry Estimation Comparison. In this part, we did an
experiment to show the improvement of our scan-to-local
map method compared to original scan-to-sweep method.
We carried out the experiment in a long-corridor environ-
ment of one building in our university. The long corridor is
around 200 meters and it has two closed loops. There

Figure 14: A comparison between the trajectory estimated by the 3D reconstruction system and the trajectory estimate from the 2D laser
SLAM system as ground truth in office environment.

11Journal of Sensors



are some geometry features in the corridor. LOAM uses
scan-to-sweep method to match the feature points which
however leads to a big accumulative error and makes the
map distorted. We use scan-to-local map matching
method, which in a way can reduce the local accumulative
error and distortion by using more information in match-
ing corresponding points.

The experiment results are shown in Figure 16. The left
column figures are the results of LOAM method, while the
right figures are ours. The first row shows the map in top
view, while the second row shows the map in side view. For
fairness, we disabled the loop-closure function in our system
and run both algorithms using the same dataset. From the
results, you can see that there is a big drift of LOAM algo-
rithm in the map as denoted by the red circle. For the same
dataset, however, our method has smaller drift. We can also
find that our method has much smaller accumulative error
in the z-axis direction from the bottom figures in Figure 16.
The experimental results demonstrate that our scan-to-local
map method has a lower drift.

6. Conclusions

This paper has described a 3D laser scanner with 360° field of
view. Our low-cost 3D laser rangefinder consisted of a 2D
LiDAR scanner continuously rotating around its optical

center which is suitable for 3D perception in robotics and
reconstruction in other applications. We also described a
parallel motion estimation, mapping, and global pose optimi-
zation algorithm that enable our system to output the 6DoF
sensor pose and reconstruct consistent 3D map in real time.
In the future, we will continue to improve the performance
of our system from hardware and software aspects. For the
hardware, we will make the sensor more compact and inte-
grate with other sensors like IMU or camera. For the soft-
ware, we will consider to use sensor fusion methods to
further reduce the drift of the estimation algorithm.
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Supplementary Materials

The supplementary material is a video clip of all the experi-
ments. The experiment video can also be found at https://
youtu.be/qXESSWWK1rQ. (Supplementary Materials)
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