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Abstract. This paper describes the processes for estimat-
ing and analyzing the position states onboard small un-
manned aerial vehicles in the low-altitude simulation en-
vironment. Those processes are explained using two sim-
ulation platforms, Robot Operating System and Gazebo.
They comprise different system functionalities from tra-
jectory generation, linear-kinematic trajectory conversion,
path controllers to the modeling and configuration of var-
ious aerial vehicles, onboard positioning and navigation
sensors, and creation and visualization of the simulation
environment. We model and simulate the vehicle trajecto-
ries to determine 3-D positions from the GPS sensor,
along with estimated positions from the fusion of
GPS/IMU and Altimeter. The simulated results have pro-
vided a dataset on lateral and vertical trajectory profile
guidance and prediction in the low altitude airspaces for
follow-up research on the common reference altitude de-
termination, as well as the definition of the well clear and
collision states for the detect and avoid functions of the
small unmanned aerial vehicles.

Introduction

To accommodate the future demand for low-altitude
small unmanned aeria vehicles (SUAVS) [1], the pre-
vious air traffic management experiences indicate that
this demand must be organized to balance traffic effi-
ciency and safety [2,3]. Additionally, SUAV operators
demand their missions to operate beyond visual line of
sight (BVLOS), requiring autonomous capabilities [4].
This paper presents a test study on real-time simulation
processes for estimating and analyzing future SUAV po-
sition states.

Thisestimation is based on the vehicle'strajectory in-
puts from the modeled sensor systems [7]. We use two
simulation frameworks. Robot Operating System (ROS)
[8, 9] and Gazebo [10, 11], to generate trajectories and
simple pairwise traffic scenarios, together with the im-
plementation of navigation, guidance, and control mod-
ules. In particular, the study has applied the GPS IMU
sensor system with configured tracking rates [12], com-
pliant with the SUAV performance model. In this paper,
we use different system functionalities in both frame-
works, from the trajectory generation, controllers to the
modeling and configuration of different SUAV's, onboard
positioning and navigation, and visualization of the sim-
ulation environment. The generated sUAV tragjectories
are further processed for extraction and data analysis to
determine the 3-D positions in discrete moments for the
kinematic trajectory profile. The ssimulated results have
provided a dataset on the trgjectory guidance and predic-
tion in the low altitude airspaces, valid for follow-up re-
search on the common reference atitude determination,
definition of the well clear and collision states for the de-
tect and avoid SUAV functionalities. Figure 1 illustrates
aprocess flow of the simulated SUAV trgjectory data ex-
change.

The rest of the paper is organized as follows. Sec-
tion1 explains in detaill the ROS-Gazebo simulation
framework with the main functionalities and the inte-
grated SUAV performance and onboard sensor models,
while Section 2 elaborates the data extraction and analy-
sis method developed using the MATLAB Robotics Sys-
tem Toolbox, inclusive of multi-sensor fusion for posi-
tion estimates. Section 3 describes the simulation results
obtained for agiven scenario with two SUAV trajectories
and the output data analysis as a potential for follow-up
research. Finally, concluding remarks and future direc-
tions are provided in Section 4.
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Figure 1: Process flow of the simulated sUAV
trajectory data exchange.

1 Simulation Overview

Overall smulation is based on RotorS [14], aframework
that enables simulation and tests different SUAVs, sen-
sors, controllers, and state estimation algorithms. Also, it
may be extended further to implement high-level opera
tionslike collision detection, avoidance, and so on. RotorS
is devel oped based on ROS [15], a rapidly evolving mid-
dle-ware in robotics and automation, and Gazebo.

We extend RotorS with some other packages as men-
tioned above to design an encounter trajectory scenario.
Each sUAV feeds odometry data from onboard sensors
to the linear MPC and attitude PID controller. To gener-
ate and navigate the trgectory, we use the waypoint_nav-
igation package [16], which also depends on the trajec-
tory_generation_ros package. The former allows the user
to input 3D ENU coordinates as trajectory input or GPS
waypoints.

1.1 sUAV models

The Gazebo framework contains an extensive base of the
SUAV performance types, from different MAV types,
low-altitude-short-endurance (LASE), low-altitude-long
-endurance (LALE), medium-altitude-long-endurance
(MALE), to high-altitude-long-endurance (HALE) types.
In this study, the simulation and testing are done on the
LALE sUAV types. That sSUAV iscommonly referred to
asadrone and is characterized by the local mission func-
tions covering the flight ranges up to 10 km. The follow-
ing three sSUAV models are selected for the simulated tra-
jectory guidance and testing scenarios: Firefly, Pelican,
and Hummingbird (Figure?2). Tablel lists their perfor-
mance characteristics (AGL — Above Ground Levd).
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SUAV models from the Fire- Peli- Hum-
AscTec family fly can mingbird
maximum payload weight [kg] 06 0.65 0.2
maximum take-off weight [kg] 16 165 0.71
maximum flight time/endurance [min] 14 16 20
maximum airspeed [m/g] 15 16 15
maximum climb rate [m/s] 8 8 5
maximum range [m] 4500 4500 4500
maximum altitude AGL [m] 1000 1000 1000

Table 1: Performance characteristics of the selected
sUAV models [17].

Figure 2: Three selected AscTec-family SUAV models:
Firefly (on the left), Pelican (in the middle),
and Hummingbird (on the right).

1.2 Sensor models

In this paper, the SUAV is equipped with the following
onboard sensors:

e |MU-based on hector gazebo plugins

e  GPS—based on hector gazebo plugins

e  Altimeter- based on hector gazebo plugins
The simulation environment is designed as such; the GPS
referenceisthe same asthelaunching point of SUAV. We
implement asensor fusion modulefor position estimation
based on a ROS multi-sensor fusion (M SF) package[18].
This package uses EKF, where IMU is feeding data for
the Prediction State, and GPS/Altimeter are the Update
State sensors. Typicaly, GPS/IMU produces good re-
sults for outdoor environments, and it is the most com-
mon onboard sensors combination when it comesto com-
mercial SUAVs. In addition, we include a Barometer to
see how it affects altitude estimation. Table 2 illustrates
the parameters for each sensor.

Sensor Update Rate Simulated Noise
[HZ] (Gaussian) [m]
GPS 10 0.01, 0.01, 0.01
IMU 100 0.35, 0.35, 0.30
Altimeter 20 0.1

Table 2: Sensor parameters.

M



—

Omeri et al.

Onboard State Estimation in a Small UAV Environment

1.3 Simulation Environment

Gazebo allowsavisual, 3-D simulation of ascenario con-
sisting of cyber-physical systems, e.g., ground-rovers,
UAVSs, and other objects like simple obstacles, or sur-
rounding environmental elements, together composing
what it is called a Gazebo world. Thus, in Gazebo, real-
istic scenarios for cyber-physical systems, including the
surrounding environment, can be created.

A sUAV model with its properties presents the main
object in Gazebo. From the physical point of view, asin-
gle SUAV as point mass is linked to a reference coordi-
nate system that can be set in the GPS frame or as the
positive Euclidean space (i.e., ENU — East, Nord — Up).
Figure 3illustrates the launching phase of asingle SUAV
in the ENU coordinate system. The blue line presents the
Up direction, i.e., the positive z-axis, the green one the
Nord direction (i.e., the positive y-axis). In contrast, the
red one denotes the East direction (i.e., the positive x-
axis). Equivaently, in the GPS frame, the East and Nord
directions are replaced by the geographic coordinates:
longitude and latitude.

Figure 3: Single sUAV operate in ENU coordinate system.

By default, Gazebo allows a visual 3-D simulation of a
single UAV trajectory only, focusing on the guidance and
control aspects of trgjectory profile configured by thein-
puts previously explained. Since the Gazebo framework
isdevel oped mostly for the SUAV typesthat operate over
the local, short-range mission profiles (Figure 4), the en-
vironment is customized as per thistype of trajectory. In-
stantaneous and significant heading changes characterize
the local, short-range profiles.

The most crucial aspect of visualization is altitude
control. Such controller onboard SUAV has one of the
managing functions that replace the control of a remote
human pilot on the ground. The trgjectory profile, either
created asthe 4-D structure or 3-D structure with assigned
airspeed, must be complied with the principle of cresting:

1. starting/launching waypoint and following waypoint,
2.second last and last waypoint.

In both cases, the waypoints geographic location (lati-
tude and longitude) must be maintained constant while

allowing an UAV to reach the required atitude AGL or
descent to the ground, i.e., changing only the value of z-
coordinate. When the altitude controller achieves the
needed elevation, it activates to maintain the constant
vertical profileor changeit if required by the planned tra-
jectory (Figure 4).

Gazebo framework allows the smulation of asingle
SUAV by default. However, it is possible to extend the
simulation to two or more SUAYV trgjectories and create a
potential traffic scenario. Regardless of the number of
trajectories added in simulation (2, 3, etc.), each added
SUAYV is controlled and managed with respect to the ref-
erence sUAV, i.e, the onelinked to the reference coordi-
nate system.

Figure 4: Local, short-range mission profile supported
by the altitude controller onboard sUAV.

Nevertheless, the functional requirements of simulated
SUAVs and the cooperative or non-cooperative task na-
ture are out of this paper's scope. To conclude, in this
study, only two sUAVswith their 3-D trgjectory profiles
have been further analyzed, creating a pairwise traffic
scenario (Figure 5).

Figure 5: Generation of another sUAV in Gazebo with re-
spect to the reference sUAV

2 Data Extraction and Analysis

This section explains in detail the data extraction proce-
dure and analysis based on the GPS-IMU-Altimeter data
capturing. It further elaborates on the multi-sensor fusion
(MSF) 3D-position estimation method.
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2.1 Data extraction and analysis

In this simulation study, we have recorded the published
data from the sensors like GPS, IMU, Altimeter, and the
data from the M SF method. These output data are saved
as rosbag data files. For demonstration purposes, we
saved the data from UAV1 and UAV2 in afile named
firefly_hummingbird_scenariol.bag. To obtain the for-
mer, we have created a ROS launch_file containing the
topics which we are interested in analyzing:

o firefly/fix and firefly/hummingbird — containing GPS
position values in WGS84 coordinate frame,

o firefly/gps/points and hummingbird/gps/points — con-
taining GPS position valuesin ENU coordinate
frame,

o firefly/M SF/UpdatePose and humminghbird/M SF/Up-
datePose - containing position valuesin ENU coordi-
nate frame.

There have been used two different methods to extract
the information from firefly_scenariol.bag:

e writing aros_python node which converts bag file to
aCsV file,
e using Robotics System Toolbox in Matlab.

By this procedure, we want to test the interoperability of
ROS with other simulation frameworks, which we tend
to usein our future research. Figure 6 illustrates the data
extraction procedure. The functions have been generated
based on the Robotics Toolbox to read messages from
different ROS/Gazebo sensors. These messages are con-
verted into Matlab files (.mat) for later processing. Also,
we include a ROS node written in Python, which allows
the output data to be saved in CSV format

MATLAB ROS_node
readGPS.m
readAltimeterm
readMSF_update.m

bag2esv.py

Figure 6: Data extraction procedure from
ROS/Gazebo sensor.

2.2 Sensor fusion for 3-D position estimation

The main objective of this simulation work was to see
how the atitude controller would preserve the atitude of
the given trgjectories. Therefore, we have aso included
onboard the SUAV an altimeter sensor to increase the ac-
curacy of estimation. These data are quite sensitive for
different applications related to inspection, coverage
area, defining standard reference atitude for SUAVSs, etc.
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The estimation process has been fused a GPS/IMU
sensors with an Altimeter using the MSF ROS package,
illustrated in Figure 7. The MSF working procedure is
explained in chapter 2.2, and, in this case, it gives 3D po-
sitions for both SUAVSs.

Altimeter

Figure 7: Sensor fusion process.

3 Simulation Results

This section presents the data output as results obtained
for the simulated trajectories of apair of SUAVs. It anal-
yses the sigmavalues, i.e., the lateral and vertical trajec-
tory profile errors as differences between the planned and
estimated 3-D positions, and discusses the future their
potential usein the implementation in the operational do-
main. All simulations and data processing were run on a
PC with Linux Ubuntu 18.04.2 (64bit) processor Intel(R)
Core (TM) i7-8700 CUP @ 3.2GHz x 12, 16 GB RAM,
and Nvidia Graphic Card Quadro P1000. The codes used
for ROS/Gazebo were written in C++, Python, and XML,
whereas MATLAB and Python functions were devel-
oped for data extraction.

s
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Figure 8: GPS 3-D tracking profile.

3.1 Simulated data output and estimation

For this simulation study, two LALE sUAYV trajectories
have been created in a 3-D configuration, governed by
the initial airspeed value of 15 m/s and the initial accel-
eration of 3 m/s? (both for SUAV 1 and SUAV2). The tra-
jectory waypoints have been planned as per Table 3.

The simulation scenario output data are illustrated in
Figure 8 and Figure 9. Input datafilesfor two sSUAVsare
denoted as dronel scenariol.yaml and drone2 sce-
nariol.yaml, respectively.
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SUAV_ID Latitude [°] Longitude [°] Altitude AGL[m] 3.2 Estimation analysis
41.549582 2089708 0.0 This _section describes a_\nd demonstrat&c the p0§iti0n es
timation errors for vertical and horizontal profiles. The

41.549562 2.089708 30.0 errors are defined as the difference between GPS_output
41.553057  2.089743 60.0 and MSF_output data, where MSF is the module fusing
sUAV1 41553895  2.097228 70.0 GPS/IMU and Altimeter sensors.
41.550498 2 097869 70.0 _ We calculat_e and plo_t the Iamera_l and_3-D errors by
simply calculating deviations on trajectories. Moreover,
41.550917 2.093766 60.0 a plot of error in atitude (z-axis) is provided to give a
41.549370 2.090490 30.0 complete picture of the estimation (Figure 11, Figure 12,
41.549370 2.090490 0.0 and Figure 13). Findly, thecalculation isgiven asfollows:
41.550493 2.097766 0.0 Oy = /a,% + 02 (D
41.550493 2.097766 65.0
41.553465 2.092379 68.0 o= |o%+0}+0? 2
SUAV2 41.552516 2.089675 68.0
41.550276 2.091821 68.0 ir"'"'\rM ﬂ»*‘-"«-uﬁ =]
goor i I I 1
41551607 2.094963 65.0 E“S:‘V""“"“’\ | | _ l;\\\ﬁl |
41.550748 2.096422 60.0 goa l \i L ‘\«——Jj 11J- :
Zoal|! if o) |4 i |
41550748  2.096422 0.0 Boal ] ?‘*‘“-ﬂ-w\ - %‘W‘l,\ “ 1
Table 3: Trajectory waypoints for sUAV1 and sUAV2. U;f | | | . J‘- \

0 500 1000 1500 2000 2500 3000 3500 4000
Time (seconds)

After the simulation, the data were extracted from
GPS/IMU and then plotted their trajectory profiles. It is
shown that the scenario was designed to have changesin
both the altitudes and heading directions in the case of ) ]
both SUAVs. A subplot of the data extracted from the al- w »/\ \
timeter has been included to emphasize the fluctuations ‘
in altitude. Figure 10 reports the estimated 3-D positions
of trgjectories based on GPS/IMU and altimeter sensor
fusion. These results are further analyzed to identify the
deviations on the trajectory profiles.

Figure 11: Horizontal profile errors over time for sUAV1
(blue) and sUAV2 (red).
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Figure 12: Vertical profile errors over time for sUAV1
e T | (blue) and sUAV2 (red).
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Figure 9: Altimeter tracking profile.
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Figure 13: 3-D profile errors over time for sUAV1 (blue)
and sUAV2 (red).

4 Conclusion and Future Work

—a T Thispaper focuses on the test study on real-time estimation
o S e of the relative, pairwise SUAV 3-D trgjectory positionsin
Figure 10: Estimated 3-D positions tracking profile. the extended ROS/Gazebho simulation framework.
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The assessment is performed based on the planned
trajectory inputs, using the modelled GPS-IMU-Altime-
ter sensor fusion to identify the lateral and vertical profile
errors and resulting 3-D profile errors. Results indicate
that the combined sensor fusion for the onboard tracking
and guidance functions provides meaningful insight on
the future investigation of the standard altitude reference
for amulti-sUAV urban environment, along with a pos-
sible testing standard for the definition of the Well Clear
and collision detection and avoidance thresholds in dif-
ferent scenario types, such as encounter, intersection or
overtaking.
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