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Abstract— Transferenceof controllers evolved in simulation
to real vehiclesis an important issuein evolutionary robotics
(ER). We have previously evolved autonomous navigation
controllers for xed wing UAV applications using multi-
objective geneticprogramming (GP). Controllers were evolved
to locate a radar source, navigate the UAV to the source
ef ciently using on-board sensor measurements, and circle
around the emitter. We successfullytested an evolved UAV
controller on a wheeledmaobile robot. A passive sonar system
on the robot was used in place of the radar sensor and a
spealer emitting a tone was used as the target in place of
a radar. Using the evolved navigation controller, the mobile
robot moved to the spealer and circled around it. The results
fr om this experimentdemonstratethat our evolved controllers
are capable of transferenceto real vehicles. Future reseach
will include testing the bestevolved controllers by using them
to y real UAVs.

I. INTRODUCTION

While somecontrollersin evolutionaryrobotics(ER) [1]
have beenevolvedin situ on physical robots,evolution re-
guiresmary evaluationsto producegoodbehaiors, which
generallytakesan excessve amountof time on real robots.
Ewvolving controllersin simulationis lessconstrainingfor
mary problems,becauseevaluationsare much fasterand
can be parallelized.Since simulationervironmentscannot
be perfectlyequivalentto the conditionsa real robotwould
face, transferenceof controllersevolved in simulationto
real robotshasbeenan importantissue.

In early ER work, controllerswereoftenevolveddirectly
on physical robots [2], [3]. Though the availability of
computationabower hasmadesimulationincreasinglyat-
tractive, someresearchusingembodiedevolution continues
[4], [5]. While embodiedevolution can directly test the
performancef controllersin therealworld, it canbe slow,
which constrainsthe compleity of problemsthat can be
solved in a reasonablamountof time.

Simulation has been used since the beginning of ER
research[6] for evolving robot controllers with varying
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degreesof successSomesimulatedcontrollersare never
testedon actual robots, and some fail to transfer well.
However, mary controllersevolvedin simulationhave been
successfullytransferredto real robots [7]-[10]. Adding
noise to the simulation is one method that has proven
successfuln evolving controllersthat transferwell to real
robots[8].

In previousresearchwe evolved autonomousavigation
controllers for ying unmannedaerial vehicles (UAVS)
in simulation using multi-objective genetic programming
[11]-[13]. Controllers were evolved to locate a radar
navigate the UAV to the sourceefciently using sensor
measurementgndcircle aroundtheradar With the goalof
makingevolved navigation controllersrobustandtheintent
of transferringcontrollersto physical UAVS, we abstracted
navigation from low level ight, tuned the simulation
parametergor equivalenceto real UAVs, and addednoise
to the simulation. While ight testsare plannedfor the
future, UAVs were not immediatelyavailable for testing.
We wantedto ensurethat evolved navigation controllers
weretransferableo real vehiclesbeforebeginning expen-
sive UAV ight tests.To evaluatethe ability of evolved
controllersto control real vehicles,we transferredevolved
UAV navigation controllersto a wheeledmaobile robot.

Il. MOBILE ROBOT PLATFORM

In this researchwe useda small autonomousmobile
robot called the EvBot Il (showvn in Fig. 1). A colory of
nine EvBot Il mobile robotswas developedby the Center
for Roboticsand Intelligent Machinesat North Carolina
StateUniversity for evolutionary roboticsexperimentation
[14], [15]. The EvBot is 9 incheswide by 12 incheslong
by 10 inchestall, andis constructedn a two track treaded
wheel base.The robots featurespowerful motors, wheel
encodersand an utility board that hoststwo microcon-
trollers, which can drive up to four DC or seno motors
in closedloop. The robot is equippedwith a PC/1040n-
board computerrunning Linux that is responsiblefor all
computation,dataacquisitionand high-level control. The
robotis connectedo awirelessnetwork andsupportsvideo
dataacquisitionthrougha USB video camera.



Fig. 1.
array

The EvBot Il, a small mobile robot equippedwith an acoustic

The EvBot is equippedwith an on-boardpassve sonar
system.This sensorsystemmakesuseof anacousticarray
formed by eight microphonesdistributed in a x ed 3-
D arrangementaround the robot. It usesdata collected
from the array to perform beamformingandto nd the
directionandintensity of soundsourcesThe audiodatais
obtainedby the passve sonarsystemthroughthe useof a
customUSB dataacquisitionboard,which simultaneously
samplesall eight sensors.The sampledsignals are then
transferredto the PC/104 computerand processeddy a
beamformingalgorithm. The beamformingalgorithmused
in this applicationperformsshifting andlinear combination
of the sampledinput signalsto calculatethe magnitudeof
the soundscoming from all 360 aroundthe robot [16].
The passve sonarsystemis susceptibleto ervironmental
noise,and the direction of a sourcefound by the acoustic
arrayis only accuratewithin approximately 45 .

I1l. UNMANNED AERIAL VEHICLE CONTROL

In previous work, we have developedautonomousav-
igation controllers for x ed wing UAVs using multi-
objective geneticprogramming11]-[13]. Thegoalis for a
UAV to autonomouslyjocate,track, andthen orbit around
a radar site. There are three main goals for an evolved
controller First,the UAV shouldmave to thevicinity of the
radaras quickly as possible.The soonerthe UAV arrives
in the vicinity of the radar the soonerit can begin its
primary mission,suchassurwillance.Secondoncein the
vicinity of the source the UAV shouldcircle ascloselyas
possiblearoundthe radar This goalis especiallyimportant
when proximity to the sourceaffects the successof the
application. Third, the ight path should be stable and
efcient. The roll angle shouldchangeas infrequently as
possible,and ary changein roll angle should be small.
Making frequentchangesto the roll angle of the UAV
could createdangerousight dynamicsand could reduce
the ying time andrangeof the UAV.

Only the navigation portion of the ight controller is

evolved;thelow level ight controlis doneby anautopilot.

The navigation controller receives radar electromagnetic
emissionsasinput, andbasedon this sensorydataandpast

information, the navigation controller de nes the desired
roll angleof the UAV control surface. The autopilotthen

usesthis desiredroll angleto changethe headingof the

UAV. This autonomousnhavigation techniqueresultsin a

generalcontroller model that can be applied to a wide

variety of vehicle platforms; the evolved controllers are

not designedor a speci ¢ UAV airframeor autopilot.

The controlleris evolved in simulation. The simulation
ervironmentis a squarel00 nauticalmiles (nmi) on each
side. For eachsimulation,the initial positionsof the UAV
andtheradararesetrandomly Theinitial UAV positionis
alwayson the southernedgeof the simulationareawith an
initial headingof due north; the initial radarposition may
be arywherein the ervironment.In our currentresearch,
the UAV hasa constantltitudeanda constantspeedof 80
knots.Eachexperimentalrun simulatesfour hoursof ight
time, wherethe UAV is allowed to updateits desiredroll
angleoncea second.The interval betweentheserequests
to the autopilotcan also be adjustedin the simulation.

Only the sidelobesof the radaremissionsare modeled.
The sidelobesof a radarsignalhave a much lower power
thanthe main beam,making them harderto detect.How-
ever, the sidelobesexist in all directions,not just where
the radar is pointed. This model is intendedto increase
the robustnessf the system,so that the controller doesnt
needto rely on a signalfrom the main beam.Additionally,
Gaussiannoise is addedto the amplitude of the radar
signal. The receving sensorcan perceve only two pieces
of information: the amplitude and the angle of arrival
(AoA) of incomingradarsignals.The AoA measureghe
angle betweenthe headingof the UAV and the sourceof
incomingelectromagnetienegy. RealAoA sensorslo not
have perfectaccurag in detectingradar signals, so the
simulation modelsan inaccuratesensor The accurag of
the AoA sensorcan be setin the simulation.In previous
experimentsthe sensed\oA wassetto be accuratewithin

10 at eachtime step, a realistic value for this type of
sensorFor thetransferencexperimentsdescribechere the
AoA wasaccuratewithin 45 |, the approximateaccurayg
of the acousticarray on the EvBot. As might be expected,
controllersevolved on lower assumedevels of error were
not particularly t when error increasedthis much. Fig.
2(a) shaws a simulated ight pathfor a controllerevolved
and testedon a continuously emitting, stationary radar
with a sensoraccuratewithin 10 . Fig. 2(b) shaws the
samecontrollertestedwith a sensoraccuratewithin = 45 .
Ratherthanusingoneof the controllersevolvedin previous
research11]-[13], we evolved new controllersto transfer
to an EvBot. The only changein the simulationfrom the
previous researchwas a changein the accurag of the
simulatedsensorto 45 .

Transferenceof thesecontrollersto a real UAV is an

importantissue.Flying a physical UAV with an evolved
controller is plannedas a demonstratiorof the research,
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Fig. 2.
stationaryradarusing a sensoraccuratewithin (a)

Flight pathsfor a UAV controller to a continuouslyemitting,
10 and(b) 45 .

so transferencewas taken into considerationfrom the
beginning. Several aspectf the controllerevolution were
designedspeci cally to aid in this process.First, the
navigation control was abstractedfrom the ight of the
UAV. Ratherthanattemptingto evolve direct control, only
thenavigationwasevolved. This allows the samecontroller
to be usedfor differentairframes.Second,the simulation
parametersvere designedto be tunedfor equivalenceto
real aircraft. For example,the simulatedUAV is allowedto
updatethe desiredroll angleonceperseconde ecting the
updaterateof the realautopilotof a UAV beingconsidered
for ight demonstrationsof the evolved controller For
autopilotswith slower responsgimes, this parametecould
be increased.Third, noise was addedto the simulation,
bothin theradaremissionsandin sensomlccurag. A noisy
simulationervironmentencourageshe evolution of robust
controllersthat are more applicableto real UAVSs.

While a human could easily designa controller using
a very accuratesensoy the sonar sensorused in this
experimentwas very noisy. By using evolution to design
controllers, cheapersensorswith lower accurag can be
used.As theaccuray of thesensorslecreaseghe problem
becomedar moredif cult for humandesigners.

TABLE |
GENETIC PROGRAMMING PARAMETERS.

PopulationSize | 500

Crosswer Rate | 0.9

Mutation Rate | 0.05
TournameniSize 2

Maximum Initial Depth | 5
Maximum Depth | 21
Generations| 600

Trials per evaluation | 30

IV. MULTI-OBJECTIVE GENETIC PROGRAMMING

As in our previouswork [11]-[13], navigationcontrollers
intendedfor UAVs weredesignedisingmulti-objective ge-
netic programmingwhich employs non-dominatedsorting,
crowding distanceassignmento eachsolution,andelitism.
We evolved UAV controllersusing an implementationof
NSGA-II [17] for geneticprogramming.The function and
terminal sets combine a set of very common functions
usedin GP experimentsandsomefunctionsspeci c to this
problem.The function and terminal sets,unchangedrom
our previous work, arede ned as

F = fProg2, Prog3, IfThen,IfThenElse And, Or,
Not,<, ,>, ,<0,>0,= + - *
X <0VY <0 X > max, Y > max,
Amplitude > 0, AmplitudeSlope > 0,
AmplitudeSlope< 0, AoA > Arg, AoA <
Argg

T = fHardLeft, HardRight, ShallowLeft, Shal-
lowRight,WingsLevel, NoChang, rand,0, 1g

The position is given by the x andy distancesfrom the
origin, locatedin the southwestcorner of the simulation
area.This positioninformationis available usingthe func-
tionsthatinclude X andY, with maxequalto 100 nmi, the
lengthof onesideof the simulationarea. Thevehicleis free
to move outsideof the areaduring the simulation,but the
targetis always placedwithin it. The two available sensor
measuremeniarethe amplitudeof theincomingsignaland
the AoA, or anglebetweenthe headingand the sourceof
incoming electromagnetie@negy. Additionally, the slope
of the amplitudewith respectto time is available to GP
Whenturning,therearesix availableactions.Turnsmaybe
hardor shallav, with hardturnsmakinga10 changdn the
roll angleandshallov turnsa 2 change.The WingsLevel
terminalsetstheroll angleto 0, andthe NoChang terminal
keepstheroll anglethe same Multiple turningactionsmay
be executedduring one time step, sincethe roll angleis
changedas a side effect of eachterminal. The nal roll
angle after the navigation controlleris nished executing
is passedo the autopilot. The maximumroll angleis 45 .
Eachof the six terminalsreturnsthe currentroll angle.

Geneticprogrammingwas generationalwith crosseer
andmutationsimilar to thoseoutlinedby Kozain [18]. The
parametersisedby GP are shavn in Tablel. Tournament
selectionwas used.Initial treeswere randomly generated
using rampedhalf and half initialization. No parsimory
pressuremethodswere usedin this work, as code bloat
was not a major problem.

In GPR, the evaluation processof individuals in a pop-
ulation takes signi cant computationaltime, since the



simulation must be run multiple times to obtain tness
valuesfor individuals. Therefore,using massvely parallel
computationalprocessordo parallelize these evaluations
is advantageous.Parallel computationwas designedby
employing the conceptof masterand slave nodes.Among
multiple computerprocessorspne processorwas desig-
nated as a masterand the rest were set as slaves. The
masterprocessodistributesindividual evaluationsover the
slave processorsandeachslave processoreportsits results
backto the masterafter completingcomputation After the
masterprocessorollectsall individual tness valuesfrom
slave processorsGP movesto the selectionprocess.The
datacommunicationbetweenmasterand slave processors
was possibleusing the MessagePassinglnterface (MPI)
standard19] underthe Linux operatingsystem.All com-
putationsweredoneon a Beowulf clusterparallelcomputer
with ninety-two 2.4 GHz Pentium4 processors.

V. FITNESS FUNCTIONS

Four tness functionsdeterminghe succes®sf individual
UAV navigation controllers.The tness of a controllerwas
measuredover 30 simulation trials, where the UAV and
radar positionswere differentfor every run. We designed
the four tness measurego satisfy the three goalsof the
evolved controller: moving toward the emitter, circling the
emitterclosely and ying in anefcient way.

A. Normalizeddistance

The primary goal of the UAV is to y from its initial
positionto theradarsite asquickly aspossible We measure
how well controllersaccomplishthis taskby averagingthe
squareddistancebetweenthe UAV and the goal over all
time steps.We normalize this distanceusing the initial
distancebetweertheradarandthe UAV in orderto mitigate
the effect of varying distancedrom the randomplacement
of radarsites. The normalizeddistance tness measures
givenas

1 X distance;

fitness, = — _
S - distanceg

whereT is thetotal numberof time stepsdistancey is the
initial distanceanddistance; is the distanceattimei. We
aretrying to minimize f itness .

B. Circling distance

Oncethe UAV has o wn in rangeof the radar the goal
shifts from moving toward the sourceto circling aroundit.
An arbitrary distancemuchlarger thanthe desiredcircling
radiusis de ned asthein-rangedistanceFor this research,
the in-range distancewas setto be 10 nmi. The circling
distance tness metric measureghe averagedistancebe-
tweenthe UAV and the radar over the time the UAV is
in-range.While the circling distanceis also measurecdyy
f itnessy, that metric is dominatedby distancedar away
from the goal and appliesvery little evolutionary pressure

to circling behaior. The circling distance thess measure
is given as

. 1 X .
f itness, = N inr ange (distance;)?
i=1
whereN is the amountof time the UAV spentwithin the
in-rangeboundaryof the radarandinrange is 1 whenthe
UAV is in-rangeandO otherwise We aretrying to minimize

f itness..

C. Level time

In addition to the primary goals of moving toward a
radarsite andcircling it closely it is alsodesirablefor the
UAV to y efciently in orderto minimize ight time to
get closeto the goal andto prevent potentially dangerous
ight dynamicsljike frequentanddrasticchangesn theroll
angle.The rst tness metric that measureghe ef ciency
of the ight pathis the amountof time the UAV spends
with its wingslevel to the ground,which is the moststable
ight positionfor a UAV. This tness metric only applies
whenthe UAV is outsidethe in-rangedistance sinceonce
the UAV is within the in-rangeboundary we want it to
circle aroundthe radar The level time is given as

f itnesss = (1 level

i=1

inr ange)

where level is 1 when the UAV has beenlevel for two
consecutie time stepsand 0 otherwise.We are trying to
maximizef itnesss.

D. Turn cost

The second tness measureintended to produce an
efcient ight pathis a measureof turn cost. While UAVs
are capableof very quick, sharpturns, it is preferableto
avoid them. The turn cost tness measureis intendedto
penalizecontrollersthat navigate using a large numberof
sharp,suddenturns becausehis may causevery unstable
ight, even stalling. The UAV canachiere a smallturning
radiuswithout penaltyby changingheroll anglegradually;
this tness metric only accountsfor caseswherethe roll
angle has changedby more than 10 since the last time
step.The turn costis given as

X
h_turn jroll_angle;

i=1

. 1 .
fitness, = T roll_angle 4]
whereroll_angleis theroll angleof the UAV andh_turn is
1if theroll anglehaschangedoy morethan10 sincethe
last time stepand 0 otherwise.We aretrying to minimize
f itness,.

E. Combiningthe FithessMeasues

Thesefour tness functions were designedto evolve
particularbehaiors, but the optimizationof any onefunc-
tion could conict heaily with the performanceof the
others. Even though the controller doesnt generatethe



most optimized controllers possible,it can obtain near
optimal solutions. Combining the functions using multi-
objectve optimization is extremely attractve due to the
useof non-dominatedorting. The populationis sortedinto
ranks,wherewithin a rank no individual is dominantin all
four tness metrics.

While all four objectves were important, moving the
UAV to the goalwasthe highestpriority. Thereare several
techniquedo encouragene objective over therest;in this
researchwe useda simple form of incrementalevolution
[20]. For the rst 200 generationsponly the normalized
distance tness measurewas used. Multi-objective opti-
mization using all four objectves was usedfor the last
400 generationf evolution.

We have previously evolved UAV navigation controllers
using both direct evolution and ervironmentalincremental
evolution for avariety of radartypes,including: 1) continu-
ously emitting, stationaryradars 2) intermittentlyemitting,
stationaryradars,3) continuouslyemitting, mobile radars,
and 4) intermittently emitting, mobile radars. Only the
continuouslyemitting, stationaryradar casewas usedin
the experimentsdescribedin this papersinceit could be
directly testedusing the EvBot.

VI. TRANSFERENCE TO A WHEELED MOBILE ROBOT

Testingthe evolved controllerson the EvBot wasattrac-
tive becausehe passie sonarsystem[15] is an acoustic
analogto the radar sensorusedin simulation. The two
signal types propagte similarly, and both sensorsdetect
signal strengthand direction. The similarities betweenthe
two systemsmade it possibleto transfer evolved UAV
controllersto an EvBot. In evaluating the transferenceof
the evolved controllers,we were not interestedin show-
ing optimal behaior on the robot platform. Instead,our
concernwas that the controllersshould exhibit the same
behaiors on the real robots as they did in simulation,
particularly robustnesgo noise.

Transferenceaxperimentswere done in an arenacon-
structedfor EvBot tests.This 153 inch by 122 inch area
can be setup as a mazefor certain experiments,but for
this experimentit was completelyopen.A video camera
with a sheye lens is mountedaborve the mazeerviron-
mentto documentexperiments.To testthe controllers,we
performeda seriesof experiments.In each experiment,
the robot was placed along one wall facing toward the
middle of the ervironment. A spealer was suspendeda
foot above the groundand continuouslyemitteda 300 Hz
tone. A circle was placeddirectly underneattthe spealer
as a visual referencepoint, sincethe sheye lenstended
to distort the location of the spealer in imagescaptured
by the overheadcamera Robot movementwas discretized
into steps,muchlike in the simulation.At eachtime step,
the controller was executedto producea roll angle.Since
the EvBotis not controlledby aroll angle,the robotwould
turn to control direction. The differential drive systemon
the EvBot allowed all turns to happenin place, without
changingthe location of the robot. The EvBot was only
calibratedto turn at multiplesof 5 andthe magnitudeof
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Fig. 3. Simulatedpath for a UAV ying to a continuouslyemitting,
stationaryradarusing an evolved controllerand a sensoraccuratewithin
45 .

the turn angle was always roundeddown to the nearest
multiple of 5. Calibrating the EvBot to turn at angles
smallerthan 5 would have been unreliable due to the
size of the EvBot and the characteristicoof its motors.
After turning, the EvBot would always move forward the
sameamount,mimicking the constanispeedof the UAV in
simulation. The EvBot moved 3 inchesper time step,and
in simulationthe UAV moved 0:02 nauticalmiles pertime
step.If thesevaluesareusedto scalethe mazeervironment,
thenthe mazewould representin areaapproximatelyl.13
nmi by 0.90nmi. Hence theseexperimentsverenottesting
the entire ight path,only the very endof ight whenthe
vehicle nearsthe target.

An evolved controllerwastested10 timeson an EvBot.
We chosethis controllerfrom the evolved populationbased
primarily on good tness valuesfor normalizeddistance
andcircling distance thoughlevel time andturn costwere
also used. This controller was able to successfullydrive
the EvBot from its startingpositionto the spealer andthen
circle aroundthe spealer. This small numberof testswas
enoughto con rm that the controllerswere consistently
ableto performthe taskasdesired.

Fig. 3 shavs a simulated ight path for the evolved
controller This controllerhad good tness values,though
comparingFig. 2a and Fig. 3 shaws that the controllers
evolved with a more inaccuratesensorwere not as well
adaptedasthosefrom previous work using more accurate
sensors[12]; the ight path is much less smooth and
requiresmore turns. This controller was very successful
when transferredto the EvBot. Fig. 4 shovs a path from
one of the experimentsusing this controller Runningthis
evolved controller on the EvBot producesa tight circling
behaior with aregularorbit aroundthe tarmget. This beha-
ior is very similar to the correspondingeircling behaior
in simulation, shavn in Fig. 5. This controller produces
lessefcient ight pathsthanotherpreviously evolvedcon-
trollersbecausehe sensomwaslessaccuratg11]. However,
the robots producedthe four desiredbehaiors reliably.
One sign of an extremely t controlleris a centeringof
the emitter when the controller begins to circle. A sign
thatthe controllersevolved for useon the EvBot wereless
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