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Abstract. This paper presents an implementation of senedbmpnance algorithms in the Real-Time Multi UAV
Simulator (RMUS). The RMUS was developed to sinaulaissions to be performed by the Brumby Mk 111 Ug\¥t
the Australian Centre for Field Robotics (ACFR). $fitypical missions rely on the use of onboard imissensors,
vision in particular. It is therefore importantttave an indication of the expected performancéefsensors given a
particular type of mission trajectory prior to tfigght. The algorithms presented allow simulatiohtbe sensor
footprint on the ground including the relative qtyal(pixel density) of sensor return within the fpdnt. The
simulation aids in designing and validating trageigts for observing ground based features.

1. INTRODUCTION 2. SIMULATION IN THE RMUS
The use ofUnmanned Aerial VehiclegUAVS) has Experiments with the UAVs are expensive and have
many important applications, both military and kan. associated risks. There are many avenues of failure

Most applications require the use of onboard missio including software and hardware, conceptual
sensors (e.g. Vision sensors, Radar, etc) to obgbesr  understanding, and failures in algorithm developmen
UAVs environment. Such information gathering tasks are just a few of the many possible failure poifitsese
include reconnaissance, precision agriculture [1], pose significant burdens on the progress of the UAV
surveillance [2], search and rescue [3], and mappih projects as each flight test poses a significast emd
risk to the aircraft. Hence any new hardware otvarke
module has to be thoroughly tested before use reala
system.

These tasks are related with the work conductetieat
Australian Centre for Field Robotic6ACFR) where
various mission sensor payloads have been desged
developed for the Brumby Mk Ill UAVs. These include At the ACFR, a Real-time Multi-UAV Simulator
Millimetre Wave(MMW) Radar, monochrome, colour, (RMUS) has been developed to address the problems
and Infrared (IR) vision sensors, andSecondary  associated with real life UAV experiments [5]. thme
Imaging System(SIS) which is a vision system RMUS, it is possible to simulate multiple UAV
improved with laser range finder, mounted in vasiou missions, and their interactions/communicationshwit
orientations within the UAV’s nose cone. each other, the ground station, mission control and

. . ) i onboard systems.
For a typical UAV mission, a vehicle path is geneda

such that the features/targets of interest arerebdeoy The RMUS offers a comprehensive set of tools for
the sensors from the desired perspective. Usingosen software  development, debugging, integration,
characteristics, the simulation is able to show thevalidation and deployment. It also providdardware-
location of the sensor footprint on the ground. The In-the-Loop (HWIL) simulation functionality for
variations of the relative quality (pixel size) ass the  hardware integration and both inter and intra ptatf
footprint can also be visualized over the terrdihe communications tests. The software and hardwareg on
simulation can thus provide the expected outpuhef validated, are then ported directly to the UAV fdans
sensor which can be used to recalculate the patfder ready for real tests. The RMUS has been used éoym
to maximize the use of a given sensor in obsereing multi-UAV simulations [6] and also in real flightidls
feature. as a mission control system [7].

This paper is organised as follows: Section 2 thiaes Most typical missions rely on the use of onboard
the RMUS environment. Section 3 describes themission sensors, vision in particular. It is theref
Brumby Mk Il UAV, and Section 4 presents the visio important to have an indication of the expected
sensor payloads used on the UAV. Section 5 describeperformance of the sensors given a particular type
the mathematical formulation of the simulation mdde  mission trajectory prior to the flight. Thé&sion Sensor

be used for the vision sensor performance calaumati Detection Performance SimulatySDPSim) has been
based on the sensor frustum. Section 6 presesuise developed for the performance analysis of airborne
using logged data from a recent flight trial. Fipal vision sensors. It has been implemented in the RMUS
conclusion, further works are provided. environment.
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Figure 2: A screen image from an airborndision
Sensor Detection Performance SimulatiMSDPSim),
showing side looking sensor frustum.

Figure 1. A typical RMUS configuration for the
airborne Vision Sensor Detection Performance
Simulator(VSDPSim) in a multi-UAV mission.

The sensor server communicates with the FS module,
and receives the UAVs position, and attitude dakas
data, together with the sensor's relative positéom
orientation with respect to the UAV, can be used to

The modular and flexible framework of the RMUS calculate the sensor footprint.

environment allows integration of new mission ] ]
scenarios, sensors, vehicle dynamics and atmospheriThe observations obtained from the sensor models ca

models to the simulation. Complex simulations can b be sent to th®ecentralised Data Fusio(DDF) nodes
distributed over multiple computers depending oa th for processing. The details of the DDF process fwan
processing power required. found in [6] [8] [9].
Figure 1 shows a simplified version of a typical BSI « The Mission Planner provides fully
configuration performing a VSDPSim run. The aytonomous or semi-autonomous mission planning for
simulation has been executed in distributed maonex multiple UAVSs. It also allows human operators tdirke
small number of networked computers. and generate flight paths for the UAVs to follow.
Depending on the mission goal(s), different typdés o
The major RMUS modules used in the VSDPSIim are; path planning algorithms may be implemented as-plug
* The Flight Simulator (FS) provides a high- in modules for the mission planner.
resolution, real-time display of the simulated scen « The Data Loggerplays a vital role. Any data
ConSiSting of the 3D terrain, UAVs and their ﬂlght produced during the simulation can be |Ogged for
paths, targets, sensor frustums. Through its geaphi further analysis and/or replay of the simulatedsiis.
user interface, the simulation operator can loolthat « The Time Serveibroadcasts time messages to
scene from a/irtual Scene Camer@V/SC). The VSC  the network. All of the simulation modules are time
parameters; position, orientation, and zoom fac®m  synchronized via the time server. The simulatioeesp
be changed either interactively or through thepscri can pe adjusted by changing the time message
code. The VSC can also be attached to any simulateqirequency_ This is extremely useful to simulatewsip

object so that as the simulated object moves in thepr faster than real-time simulation as well as ipgtt
scene, the VSC moves along with it. This is palaidy break points into the simulations.

useful to generate video streams from the simulated ., The cCommLibX is the framework for
objects’ view. For example, if the VSC is attached  gimylation modules to communicate with each other
vision sensor on the simulated UAV, then the operat hyough virtual channels. All simulation modules
can generate a video stream from the UAV'S cameracommunicate with each other via CommLibX. The
view [8]. Figure 6 shows a screen copy from the FSRMUS architecture consists of a growing number of
module running the VSDPSIm in a multi-UAV  gimylation modules. They are being developed by
coordinated sensing scenario. different groups on different hardware units ruignin
* TheSimCompileris a simple scene description yarious operating systems. CommLibX provides
and simulation control language designed for the M hardware and operation system independent abstnacti

environment. It reads the simulation and scenefor communication in and between RMUS clusters [5].
description code and compiles it to run in the FS.

» The Sensor Servesupports integration of user 3. THE BRUMBY MK Il UAV
defined sensor models in the simulation. The sitadla
sensors can interact with all simulated objectshia
simulation. The performance calculation algorithm
which is described in Section 5 has been implengente
as a plug-in module for the sensor server.

The high-fidelity dynamic model of the Brumby MK Il
UAV has been developed as a plug-in module for the
RMUS'’ flight simulator. The Brumby Mk 1l UAV is a
sophisticated tool forResearch and Development
(R&D) projects. It has a delta wing, pusher type



propeller and conventional tricycle undercarriage
suitable to be operated on variety of surfacesis It
compact for a given wing area and has a minimal
component count. The pusher design allows for arcle
space in the front for sensors providing an unoiostd
field of view with no exhaust contamination.

The Brumby UAV offers a large payload volume, a
speed range of 55-100 Knots, 2.9m wing span,
payload mass of over 13 kg and space for over T ho
worth of fuel. The airframe is modular in constiantto
enable the replacement or upgrade of each componentigure 3: The replaceable nose cone of the Brumby
The payload attachment system is also modular toMk Il UAVs is used to attach either an (a) SIS(by
enable easy interchange of payloads. MMW radar or (c) colour and IR camera, or (d) a
monochrome vision camera is fixed to the fuselage i

The Brumby UAV has been developed over the past . . :
down looking configuration.

seven years at the University of Sydney. It was not
designed for high altitude, high speed or long
endurance. It was designed as a test bed for \&ariou

research projects. 5. SENSOR PERFORMANCE MODEL

All missions simulated in the RMUS are focused on
4. VISION SENSORS observations made by the onboard sensors. Therigfore

The Brumby Mk Il UAVs, as shown in Figure 3, are is vital to be able to simulate the sensor retuithin a

capable of carrying a variety of mission sensoffse T simulation. This section describes how the sensor
replaceable nose cone is used to attach either $erfor_mance Is explqred t_hrough constructing asens
Secondary Imaging Systd®IS) (a) oMillimeter Ware ootprint. Also variations in the quality of the nser
(MMW) radar (b) or colour and IR camera pair (cheT performance over the footprint are measured. In the

UAV also carries a monochrome vision camera (ddix %M}éﬁ]:nq\e"éo;?elm t.?]emsoznslgrfc?retggrrsneinsﬁ sl:z(t)::rl IS
to the fuselage in a downward looking configuration Imp plug-i u

Similarly, the SIS which is a vision system enhahce lt_rrl]ies;ns_tohr ;ﬁrvg}]t?;jgnsggﬁigﬁrs?ranﬁ :r;odd:ie::an
with a laser range finder is also positioned in tlose floot r.x{' y simu VIS Wi gala
cone looking downwards. print.

The current colour vision sensor consists of ataligi 51 Sensor Footprint
Sony XCD-X710CR CCD camera with 1024x768 pixel
spatial resolution, interfaced to Pentium based@&1
computer with IEEE 1384 interface.

Calculating the location of the sensor footprint the
ground is necessary when simulating the UAV mission
It gives an indication of the areas on the grourniclv
The IR vision sensor consists of an internally edol are being observed. The footprint calculation regii
Inframetrics Infracam camera with detection spentru performing coordinate transformations from gensor

of 3-5um and 255x255 pixel spatial resolution. It has frame to the earth-fixed inertial frame. A brief
composite video output and is connected to a framedescription of notations used and coordinate
grabber on board on a separate computer. transformations follows.

Both the captured colour and the IR video frames ar The position(x,y,z)of a coordinate frampwith respect

being recorded to hard disks. The video frames areg another is given by PJ? . The orientation; yaw{{),
stamped with the system time and the UAV navigation o .
data. This data can later be analysed to verify thePitch (6). roll (¢) of the framg with respect to frame

fidelity and accuracy of the simulation system. is represented by the transformation ma@if from i

As shown in Figure 3-(c), the colour and IR camemn@s  to j. The coordinate transformation matrix is calculated

mounted into the nose cone in a sideward lookingas shown in equation (1), wherg,, and C, are
manner instead of traditional forward looking forfinis . ) ° '
orientation for the vision sensors is particularsgful o~ SIN(.)andcos(.) respectively. Equation (2) shows the
gather 360 data of a target as the UAV obits around it reverse transformation fromto i. Equation (3) shows
with a constant bank angle. how the position of a poirkt with respect to frameis

o calculated from its position with respect to frame
In order to maximize the sensor performance, thh pa

planning modules optimise the bank angle, flight C,C &S -5
altitude and the flight velocity within the safdgfit - v 1
envelope of the UAV dynamics. CJ =S T390 GET oS oY (1)
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The location of the sensor footprint depends on $&is
of variables: -

1. The field of view characteristics of the sensor.
Horizontal and vertical fields of view are denoted
by FOV,, andFOV,, respectively.

2. The location and orientation of thgensor (s)
frame relative to the UAVbody (b) frame

Bottom Right

Top Right

b b
(PgandC,). Figure 5: The footprint is calculated by projecting the
3. The location and orientation of the UAWody  four unit vectors N¢ corresponding to each of the
frame relative to theearth-fixed (€) coordinate : ) N
corners where the earth fixed inertial frame, th&VU

e e
frame (B, andC,). body frame,and thesensorframe are denoted b b,
4. The Z location of the ground plane in the inertial ands respectively.

frame (Zg,ounq)-

The field of view of the sensor defines the Figure 5 shows the different coordinate frames tued
transformation matrixC$ from thesensorframe to the ~ sensor footprint projected on the ground. Using the
' above transformations the value of the unit vector

n‘}“_ can be calculated as in equation (6). The origin of

unit vectorn‘? pointing along the sensor cornér for

each cornet). Figure 4 shows the fields of view and

: ) . . all unit vectors is the position of the sensorha ¢arth
their relation to the angular rotations required to P

transform from the sensor frame to a corner. frame (7).
Combinations of £¢/; yaw in equation (4),% Hf 1
pltch_ in equation (5) and zero roll give transfotima n? =Ceb><CbS>< C$fx 0 ©6)
matrices for all four corners. i 0
FOV,
[//f = . (4) e _ pe bpb
2 P, =P+ C_P, (7
_ FOV,

6, = arCta’{ ta’E 5 j cag, j () Calculation of the intersection with the ground éarch

unit vector, involves solving the parametric line
equations (9) (10) (11) simultaneously given eaqumti
(8) which defines the ground XY plane.

Z= ZGround (8)
X=x%+It 9)
y=y,+mt (10)
z=7+nt (1)
where,
Xo
PS =1 Yo (12)
Figure 4: The horizontal FOV is measured in the XY z,

plane of the sensor coordinate system. The vefiadl
of view is measured in XZ plane. The anglgs and

0, transform from the centre of the sensor frame to a
corner of the FOV.
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This process means that all types of vision sensils
rectangular footprints can be modelled. This also
includes sensors which can pan, tilt and zoom
independently of the UAV.

5.2 Sensor Performance Measure

Calculating the sensor footprint defines a regiantte
ground which the sensor is able to see. It doegivet
any indication of the quality of the sensor infotioa
obtained at each point in the region. This is inguutras
plotting the sensor footprint on its own can offem
misleading. In the cases where we desire to pobiat t
sensor at a feature or region on the ground, tieisi
not only to have the feature within the sensorgdat

but within a region of the sensor footprint whichsh
high pixel coverage. Pixel density is used as a
performance measure to show the pixel coverage ove
the footprint.

In order to visualise this variation in sensor gyalver
the footprint in simulation, the footprint is did into
grids of equal pixel size. Therefore the larger niel
appears on the ground the smaller the pixel derssity
that region. Hence the quality of the information
obtained by the sensor is less than from an ardégbf
pixel density.

The process of calculating the grid is similar katt
described in Section 5.1. The fields of view anédd#d
angularly inton number of sections each containing an
equal number of pixels. This is done for each effthur
sides of the sensor footprint. Unit vectors aregquted

as before, the intersections with the ground plare
joined to produce the grid as shown in Figure 6.

Figure 6: Sensor footprint on the ground as viewed
from above. The grid areas represent regions cdugre
an equal number of pixels.

The pixel density (pixels/fin is used as a quantitative
measure of the quality of the sensor return from a
particular point within the footprint. As expresséed
equation (14), the uni-directional pixel density aaty
point Q, within the footprint, is dependent on the

position of the sensd? and the angular size of the

pixels of the sensoy . The angular size of the pixel is
given in equation (15). The pixel angular size dejse
on the focal length of the sensér (heasured in pixels)
and varies depending on the offs@) of the feature
from the centre of the frame as shown in Figurghe
angle alphad is the angle between the unit vector from
the sensor to Q, and a normal to the ground pldris,
the height of the sensor above the plane.

1
= 14
7 Hsed ey 4
= ; (15)
V= 5sec Yij
Sensor

Figure 7: Angles required for calculation of pixel
density at Q along one direction of the sensordiaot

Calculation of the pixel density has been presehtzd

for a two dimensional case. In three dimensions the
same equations are used to calculate both theombaiz
and vertical pixel densities at each point, whick a
multiplied to give the pixels/fmeasure.

Pixel density is calculated for every point on gnil. A
relative measure of quality can be obtained bydilig
by the largest pixel density within the footprifthis
leads to a pixel density distribution as shown iiguFe

8. The same process can be used to calculate xbe pi
density at the exact location of a feature on ttoasgd
throughout simulation.

2 04—

02—

Figure 8: Graph showing the relative pixel density at
each point on the sensor footprint below.



The method described above enables UAV trajectoriesachieved, it will be possible to link the RMUS witie
to be designed such that they make best use ofem gi existing C2 systems and simulators to evaluate UAV

sensor in order to observe a particular regioreatufre.
Such information is valuable in designing trajegtor
types for a current project which involves inveatigg
detection and classification of ground featuresisit
limited by the fact that it assumes a flat groufldis is
often not the case; however, variations in topolagy
less relevant when viewed from the large heigtagril
by UAVs.

deployment and tactics.
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