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ABSTRACT
This paper discusses a method that uses a small-size
unmanned aircraft system (sUAS) to navigate a
challenging environment and generate, in real-time, a
three-dimensional (3D) map (e.g., point cloud data of
features) of that environment. The 3D map is then
transmitted to a remote user and shown in raw or processed
form in near real-time on a virtual reality (VR) headset for
user interaction, scene interpretation and assessment.
Furthermore, the paper will include flight test results of our
multi-copter sUAS operating in both indoor and outdoor
environments. In addition to these discussions, the paper
will show some navigation and mapping performance
results.
1.

INTRODUCTION

The number of potential commercial applications for sUAS
is increasing every day, especially at lower altitudes.
Example applications include environmental monitoring,
infrastructure inspection and maintenance, surveillance,
mapping, agriculture, aerial photography, search and
rescue, law enforcement. Some of these applications
require the sUAS user to assess the environment observed
by the sUAS (e.g., damage assessment, victim localization,

and threat assessment). In particular, multi-copter
platforms have emerged as effective platforms for loweraltitude operations and could be very capable for costeffective missions in remote or difficult locations. These
environments are typically challenging in terms of
obstacles that must be avoided, trajectories that must be
planned and available navigation capabilities. The
increased complexity of these environments furthermore
drives the requirement for increased autonomy as manual
decisions on navigation, collision avoidance and mission
planning are too slow. In previous work, we developed a
reliable navigation and mapping method for both outdoor
and indoor structured environments that uses multiple
platform laser scanners, an inertial measurement unit,
barometric height and (where available) GNSS [1]. The
method in [1] is based on a combination of a multiple laserbased Simultaneous Localization and Mapping (SLAM)
solution, tight integrated navigation of dead-reckoning and
GPS and an advanced altitude estimator, and will form the
basis for the approach proposed in this paper
The method described in this paper performs several tasks
simultaneously:
(i)

Use
real-time
GPS/IMU/laser/vision-based
navigation method for autonomous navigation in a
structured
but
challenging
outdoor/indoor
environment via a set of waypoints that can be
planned by the user in real-time,
(ii) Perform the necessary obstacle detection and
avoidance when necessary,
(iii) Use the pose (i.e., position and attitude) estimates to
reference the laser-range scanner (and vision)
measurements and generate a point-cloud
representation of the environment,
(iv) Transmit this data to a local ground station,
(v) Show a raw or processed version of the observed
environment in near real-time on a virtual reality
(VR) headset for user interaction, scene interpretation
and assessment.
Figure 1 shows an example challenging environment
where the proposed navigation and mapping technology
would be applied.

Example, SLAM methods include HectorSLAM, a 2D
SLAM method without loop closure that uses a 2D
occupancy grid map and a bilinear interpolator to achieve
better scan matching performance [11]. More recently,
Google introduced Google Cartographer, a 2D and 3D
SLAM package with loop closure that uses data from a
single and multiple aperture laser range scanner to generate
2D and 3D maps of the environment using probabilistic
occupancy grids [12]. Modified 2D laser scanners have
been used in [13], [14], and [15] to add a height estimator
using measurements from a deflected section of the 2D
laser field-of-view (FoV). This concept is expanded in the
LIdar Optical Navigation (LION) method proposed in [1]
that uses 2 or more laser range scanners installed on the
platform to estimate the height-above-ground rather than
deflect just a part of one of the lasers. This comes with the
benefit that the height estimator also performs correctly in
the presence of slanted ground surfaces.

Figure 1. Example navigation and mapping environment.
In challenging environments such as the one shown in
Figure 1, measurements from global navigation satellite
systems, GNSS (e.g., GPS, Galileo, GLONASS, Beidou),
are often unavailable or only sparsely available.
Furthermore, if available, the measurement performance
may be deteriorated due to multipath or the lack of direct
line-of-sight (i.e., only measurements based on reflected
signals are available). To alleviate the deteriorated GNSS
performance (e.g., accuracy, availability, and continuity),
alternative navigation methods must be used to assure that
certain required navigation performance characteristics are
met (i.e., accuracy, availability, continuity). Papers [2] and
[3] provide various categories of alternative navigation: (a)
integration of laser scanners and/or imagery with an inertial
sensor, (b) the use of signals of opportunity, (c) and
beacon-based navigation (e.g., pseudolites, UWB).
In this paper, the navigation and mapping methods are
based on measurements from laser range scanners and
monochrome cameras. The literature on using laser range
scanners for both localization and simultaneous location
and mapping is extensive. For example, in [4][5] the
authors describe a method to use a 2D laser range scanner
integrated with an inertial installed on an sUAS to navigate
in a structured environment. Rather than using a 2D laser
range scanner, [6] described an integrated navigation
example using 3D imagers. Both methods address integrity
aspects of the navigation solution as well. While both these
methods focus on navigation alone others have addressed
the simultaneous estimation of pose and a map of the
environment (i.e., SLAM). Many of these methods make
use of odometer estimates derived from scan matching
algorithms such as the method discussed in [7] and the
Ceres-based scan matcher used by Google Cartographer
[8], and map structures such as occupancy grids [9].

An alternative to laser-based sensors for navigation and
mapping purposes is the use of cameras either monocular r
stereo. In [16], the authors give an overview of some of the
existing Vision Odometry (VO) and Visual Inertial
Odometry (VIO) and uses flight data to evaluate various
methods using optical flow, extracted features and
photometric information from the image pixels. Whereas
this paper focusses on the navigation performance of the
algorithm, some of the referenced papers and others focus
on both pose estimation and map generation (i.e., SLAM).
[17] provides a taxonomy of vision-based SLAM
techniques, dividing them into direct methods that use the
photometric information from the image pixels and
indirect methods that pre-process the image and use
extracted features or optical flow vectors to estimate pose
and build a map via reconstruction. Furthermore, the paper
also categorizes method according the number of points
used for pose estimation and reconstruction of the map:
dense methods that use all of the image points, sparse
methods that use only a selected set of independent points,
and semi-dense methods that use a large subset of the
points. Examples of indirect, sparse methods are PTAM
[18] and the more recent ORB-SLAM [19] and ORBSLAM2 [20]. LSD-SLAM [21] and DTAM [22]are
examples of direct, dense methods. Finally, [17] is an
example of a direct, sparse method. Methods such as SemiDirect Visual Odometry (SVO) [23] are considered hybrid
methods as they use both direct and indirect methods.
2.

SMALL-SIZE UAS PLATFORM

Before describing the navigation and mapping approach in
the next section, this section will address the sUAS
platform used. The sUAS platform, shown in Figure 2)
consists of a small racing drone platform equipped with an
UTM-30LX laser range scanner (~30m range), a
RPLIDAR A2M6 laser range scanner (~16m range), a
mvBlueFOX-MLC202bG

Monochrome global shutter camera with a 1280x960
resolution, and a PIXRACER flight controller with a builtin low-cost barometric altimeter and inertial measurement
unit (IMU). The payload, furthermore, consists of an
onboard Odroid XU4 processor running Ubuntu 14.04 and
the Robotic Operating System (ROS) version Indigo. In
total, the platform plus payload has a weight of 1.3 kg and
its dimensions equal 38cm-by-34cm-by-14cm.

states. However, when GPS is sparse or unavailable, the
method will completely rely on available information from
the laser range scanners and camera. Both methods to
obtain pose and mapping results from laser and vision data
are discussed in the next two sections.
3.1 Laser-based Navigation Solution
The center dashed box in Figure 4 shows the laser-based
navigation and mapping solution. In this method, the laser
range measurements from the forward-looking (FL) laser
range scanner, 𝐩𝑏𝑖,𝐹,3𝐷 , and the downward-looking (DL)
laser range scanner, 𝐩𝑏𝑖,𝐷,3𝐷 , are first converted to a locally
level using the attitude estimates (𝜙̂ , 𝜃̂) from the inertial’s
attitude computer (top box): 𝐩𝑙𝑙𝑖,𝐹,3𝐷 and 𝐩𝑙𝑙𝑖,𝐷,3𝐷 . Next, the
DL measurements are used to estimate the altitude and
change in altitude of the sUAS above ground level, ℎ̂𝑛
and 𝛥ℎ̂𝑛 using the method introduced in [1].

Figure 2. Dual laser scanner vision inertial quad-copter
racing drone platform.
The orientation of the laser scanners and camera is shown
in Figure 3. The two laser scanner orientations are chosen
to optimize their ability to perform SLAM in the horizontal
direction (x-y plane) and altitude estimation (y-z plane).
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Figure 3. Installation of the two laser scanners and the
monochrome camera with respect to the sUAS frame.
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where 𝛙𝐿𝑆 is the 3D orientation vector (𝑥, 𝑦, 𝜓).
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�

The FL measurements are input to a 2D SLAM algorithm
such as HectorSLAM or Cartographer (both of which are
𝑛
implemented in the setup) to find the 2D location 𝐫̂2𝐷
=
𝑛
(𝑥, 𝑦), the heading 𝜓, the change in position 𝛥𝐫̂2𝐷 ,the
change in heading, 𝛥𝜓, and a 2D map, 𝐌2𝐷 of the
environment represented by an occupancy grid or
likelihood field. All these estimates can be combined to
obtain an estimate of the 3D pose and 3D pose change:

NAVIGATION METHOD

The overall block diagram of the laser-inertial-optical
navigator (LION) is shown in Figure 4. In an environment
where GPS is available, the platform can use a GPS/Inertial
navigation algorithm. The LION architecture uses the tight
GPS/INS integration approach detailed in [24]. This
method uses two separate estimators: one for the dynamics
(i.e., velocity, and inertial errors sources such as the biases
and misorientation) and one for the position. When laser or
vision measurements of the environment are available, the
bottom two methods will run in parallel and their outputs
can be used in addition to GPS to estimate the IMU error

Note that the IMU measurements can be input to the SLAM
methods as well to improve the solution.
3.2 Vision-based Navigation Solution
Although the real-time results are mostly based on laser
range scanner data, some vision-based pose estimation and
mapping algorithms were evaluated in post-processing
mode as well. The four general approaches discussed in
Section 1 are shown in the bottom box in Figure 4. Note
that in case of imagery, the problem is formulated as a 3D
problem and not broken into an altitude component and a
horizontal component as was done with the laser-based
solution.
3.3 Error State Estimator
In case no GPS is available, the incremental pose (position
and orientation) output by the laser-based navigator or the
vision-based navigator can be used to estimate the inertial
errors. For more details, the reader is referred to [1].

Figure 4. LION High-level functional block diagram of the hierarchical guidance, navigation and control function.

4.

MAPPING METHOD

Given the position and orientation (i.e., pose) estimates,
𝑛
𝐫̂3𝐷
and 𝐂̂𝑏𝑛 (based on attitude and heading vector 𝛙),
obtained in Section 3, the laser range scanning data can be
converted to a 3D point-cloud that represents the
environment (i.e., map).

Figure 5. Laser range scans at various points along the
trajectory.
This “referencing” process can be described by:

𝑠
𝑛
𝒑𝑛𝑖,𝑋,3𝐷 = 𝐫̂3𝐷
+ 𝐂̂𝑏𝑛 (𝐂𝑏𝑠 𝐩𝑖,𝑋,3𝐷
+ ℓ)

(2)

where X is F for the FL laser range scanner, and D for the
DL laser range scanner, ℓ is the lever arm between the
platform’s reference point and the sensor reference point,
and 𝐂𝑏𝑠 is coordinate transformation due to the relative
orientation of the laser range scanner with respect to the
platform’s body axes.
During an earlier test, point cloud data was generated using
the LION mapper and compared to truth reference data
from a Riegl LMS-Z210 terrestrial mapper. Accuracies of
approximately dm-level were obtained for the
approximately 4-minute flight through the basement of the
Stocker engineering center. Some results of this
comparison are shown in Figure 6.

generates a point cloud in VR incrementally. In the future,
loop closures in SLAM may require the mesh to be
partially or completely be reloaded. Also, future
implementation will include additional threads that process
the 3D point cloud to extract features such as walls and
other objects in the environment.
Start (Unity)
Create thread
udpListenerTask

Create
MeshBuilder Object

Update (Unity)

udpListenerTask

Figure 6. Left: two map examples (blue: Riegl truth
reference; red: map based on UAS laser range scanners);
Right: Riegl LMS-Z210 terrestrial mapper.
5.
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Read UDP packets
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Buffer
Create Game Object

Figure 7. Virtual Reality driver software.

The software module consists of two threads: the
udpListenerTask and the MeshBuilder object. The former
thread waits for a UDP packet to arrive from the sUAS,
extracts the points and stores them in a common buffer
available to both threads. The MeshBuilder checks the
contents of the common buffer and, after it contains
sufficient points, copies the content of the buffer and uses
them to prepare a mesh. Finally, based on this mesh, the
thread will create a game object that will be visualized in
VR. Note that, at this point, the VR software module

6.

INTEGRATED SYSTEM

Figure 8 shows the complete system architecture. The
LION and mapping module discussed in sections 3 and 4
interfaces with a module that transmits the point cloud data
via WiFi and interacts with the PIXRACER flight
controller via a MAVLINK interface. As the software
modules onboard the sUAS run under ROS, the MAVROS
package is used for this purpose.

HTC Vive

WiFi
UDP
PointCloud
Transmission
Module

Virtual Reality
Software Module

MAVLINK
Serial

Quad-Racer
PIXRACER
Flight
Controller

MAVROS
ROS topics:
Magnetometer and IMU
measurements

Y

Store points in data
buffer

After the point cloud has been references is transmitted to
the ground reference station via WiFi where it is input to
the Virtual Reality (VR) software module implemented in
Unity. A block diagram of this software is shown in Figure
7.

ROS topics:
Position,
Waypoints,
Orientation

N

Copy buffer

VIRTUAL REALITY SOFTWARE MODULE

LION + Mapping
Node

Buffer
>M

Extract points from
data packets

Mission
input

Figure 8. System architecture and interfaces.

The ground station with the VR software module is shown
in the top right block. The VR equipment is a HTC Vive.

4.

Various flight modes can be enabled by the FrSky Taranis
remote controller:

5.

1.
2.

3.

Manual operation - user operates multi-copter
completely manual;
Altitude hold – platform maintains current altitude
(based on altitude estimate from the LION node),
user can change lateral motion.
Position hold – platform maintains current position
(based on position estimate from the LION node),
user can change position, but release of the controls
causes system to hold at the new position.

Mission mode – platform follows the flight plan
input into the PIXHAWK via software such as
QGroundControl.
Offboard mode – platform follows the waypoint
input from the LION node via MAVROS.

More on these modes can be found in [25].

7. FLIGHT-TEST RESULTS
Various flight tests were performed using the real-time
mapping sUAS some with VR enabled. This section shows
some of the results of these flights. Figure 9 shows the 3D
mapping results for a flight right outside stocker where
GPS is only sparsely available.

Figure 9. Real-time mapping results using the laser-based navigation and mapping subsystem of LION near Stocker
engineering building.

Figure 10. Post-processed mapping excerpt using the visual odometer (DSO) of the vision-based navigation and mapping
subsystem of LION near Stocker engineering building.

The referenced scans associated with the horizontal and
vertical laser range scanners can be observed clearly superimposed on the 2D occupancy grid provided by the 2D
SLAM component of LION. The larger coverage of the
horizontal scans in the vertical direction can be attributed
to the natural up-and-down motion of the drone under
manual operation. This motion can be introduced in the
flight plan when operating in the mission mode.
Figure 10 shows an example of a map (point cloud)
generated with vision-based navigator part of LION using
DSO (direct, sparse method) as the visual odometer. One
can clearly observe the numerous features within the field
of view. Unlike laser-based mapping, the vision-based
solution has extent in the horizontal and vertical direction
every frame due to its instantaneous field-of-view (FoV).

The integration of a vision-based map and the laser-based
map will therefore be part of future work.
Finally, Figure 11 shows a snapshot of the real-time
mapping module of LION (a) and the output of the VR
software module as depicted on the HTC Vive (b). In this
scenario, the sUAS was operating in an indoor
environment inside one of the buildings of the Russ
Research Center (RRC) in Dayton, Ohio. Simultaneous, a
user was able to observe the growing map in VR on the
HTC Vive headset. The sUAS was controlled to perform
specific motion to increase the point density of the map
such as rotational motion (clearly visible by the star-like
laser scan pattern on the left an d right in Figure 11) and
intentional up-and-down motion.

(a)

(b)

Figure 11. Real-time mapping results using the laser-based navigation and mapping subsystem (a) and VR subsystem output
(b) in indoor environment at the Russ Research Center (RRC) in Dayton, Ohio
.

8.

SUMMARY AND FUTURE WORK

This paper described the implementation and
demonstration of a small real-time mapping sUAS based
on a racing drone platform equipped with two laser range
scanners and a monochrome camera. The platform was
capable of an approximately 5-minute flight time. Its realtime mapping and VR visualization capability was shown
in an indoor and outdoor challenged environment. In
addition, the generated data for ~5 mins of flight time were
within ~dm of the truth.
Future work will include the real-time generation of a
vision-based map and the fusion of vision-based map and
laser-based maps, possible using a joint SLAM algorithm.
Furthermore, work will include assessment of the integrity
of the generated trajectory and map solution and the
extension of LION to unstructured environments. Finally,
point cloud processing methods will be investigated to
improve the visual assessment capability in the ground

station including the extraction of walls and man-made
objects.
9.
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