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Abstract— This paper addressesthe problem of coordinating
aerial and ground vehicles in tasks that involve exploration,
identi cation of targets and maintaining a connected commu-
nication network. We focuson the problem of localizing vehicles
in urban ervironments where GPS signals are often unreliable
or unavailable. We rst describe our multi-r obot tesbedand the
control software usedto coordinate ground and aerial vehicles.
We presentthe results of experimentsin air-ground localization
analyzing three complementary approachesto determining the
positions of vehicleson the ground. We show that the coordina-
tion of aerial vehicleswith ground vehiclesis necessaryto get
accurate estimatesof the state of the system.

|. INTRODUCTION

The use of air and ground robotic vehicles working in
cooperatiorhasbecomeanimportantgoalin bothmilitary and
non-military domains.Several military operationsinclude re-
connaissancandexplorationof clutteredurbanernvironments
wherecommunicatiorand GPSlocalizationcanbe unreliable.
In this type of mission, groups of unmannedair vehicles
(UAVs) couldsigni catively helpthe groundvehicles(UGVSs)
by providing localization data and acting as communication
relays.Alternatively, with respectto nonmilitary applications,
teamsof heterogeneouglatformshold the promiseto provide
researchersvith an affordable comprehensie systemfor en-
vironmentalmappingand monitoring of remote,inaccessible
areas.

In both domains,heterogeneousulti-robot teamsmustbe
able to perform tasksin a coordinatedmanner Examples
include(i) air-groundbehaiorsthatallow UAV informationto
guide UGV motion planningand control and (ii) cooperatie
localizationandformationcontrolto maximizetheintelligence
acquired by the robotic team. Air-ground coordination in
multi-robotteamsis a promisingresearcheld andfew works
[1]-[5] have tackledthis problemso far.

More speci cally, our air-ground coordinationscenarioin-
cludesa remotereconnaissanceissionwherea robotic team
composedof ground and air vehicleswill be dispatchedto
autonomouslymap an urbanareaand provide real-time data
and image telemetryto a remote human operatorthat will
be able to task robots to move to certain positions and
nd objectsof interest. A key requirementin this type of
scenarids the ability of theindividual robotsto localizethem-
selesbothin absoluteandrelative coordinatesUnfortunately
GPS receptioncan not be consideredreliable at all times,
mainly in highly cluttered three-dimensionakrvironments.
Moreover, other classicalmeansof self-localizationsuch as
dead-reckning from known positions through odometry or

preciseinertial measuremerghouldbe consideredmpractical
as either too inaccurateor too expensve. Thus, in order
for robotic vehiclesto be successfulthey must be capable
of fusing a diverse assortmentof senseddata to provide
analytic redundang to their position sensingcapability This
requirementextends not only to the ability of a vehicle to
maintainawarenesf its own location but alsothe locations
of at leastsomeof its teammatessincein the terrainin which
suchteamswill operate)ossof onboardpositionsensingwill
be routinely encounteredgven if only for transientperiods,
by individual vehicles.

In this paper we shav someinitial resultsin this direction.
We rst describeour multi-robot tesbedcomposedf a blimp
and a group of groundrobots,and the control software used
to coordinatethem. We presentresults of experimentsin
air-ground localization analyzing three complementaryap-
proachesfor determiningthe positions of vehicles on the
ground:GPS,air-groundlocalizationbasedon known ground
featuresandair-groundlocalizationbasedn UAV sensorsWe
discussand comparethe applicability and accurag of these
approachesn localizing both stationaryand moving tamgets
and argue that the coordinationof aerialand groundvehicles
is necessaryo getaccurateestimate®f the stateof the system.

This paperis organized as follows: Sectionsll and IlI
presentour hardware and software platforms. Section IV
discussthe two typesof positionestimatorsusedin this paper
(GPSandcamera)ln SectionV we shav our experimentsand
discussthe results.Finally, SectionVI brings the conclusion
anddirectionsfor future work.

Il. TESTBED

The GRASP Lab has a variety of autonomousmoving
platformsthat enablea wide rangeof researchactiities with
respecto coordinationandcontrolof UAV andUGV systems.

We have developed several generationsof autonomous
groundvehiclesusing a medium-sizedadio controlledtruck
chassisas a baseplatform. The currentgenerationfeaturesa
high resolutionstereocameraon a pan mountto provide 360
eld of view sensing.Thesevehiclesare con gured with a
Pentium 3 basedlaptop computerthat runs the control and
sensingalgorithms.Sixteencm. diameterwheels,four-wheel
steering,and an independensuspensiorafford thesevehicles
a signi cant level of mobility in outdoor ervironments.On
smoothsurfacesthey arecapableof speedsup to 5m=s. In ad-
dition to vision sensingthe vehiclesare equippedwith wheel
odometersWAAS (wide areaaugmentatiorsystem)enabled



GPS and a 3-axis inertial measurementinit with magnetic
headinganddynamicattitudesensingcapability The resultant
integratedplatformis a vehiclethatcanautonomousliynavigate
throughmoderatelyaryingterrainwhile maintainingposition
andorientationsensingquality sufcient to allow imagesfrom
the vehicle to be usedto localize spatialfeaturesand create
mosaicmapsfrom the integratedset of images.The onboard
commandandcontrol softwareallows the userto dynamically
specify path or destination,while being able to control the
onboardcamera,including browsing its image databaseWe
currentlyhave a eet of 5 of thesevehicles.

We alsohave amediumsizedblimp (9 meterlength)thathas
nearlya 3 kg payloadfor researcrequipmentAt presentt is
fully autonomousand capableof transmittingdigital images
back to an operatorthat can be usedto generatemapsand
localizegroundvehiclesin its eld of regard.To achieve this,
it featuresghe sameGPSandinertial measuremeninit asour
groundvehicles,soit is capableof sensingratesandattitudes,
including heading.lt alsofeaturesa video camerathat canbe
slewed in azimuthand elevation and the onboardcomputing
and communicationhardware to be autonomousbut also
capableof being dynamically redirectedby a remotehuman
operator While the blimp cannotbe consideredpracticalfor
tactical applications,it affords us a safe, inexpensve aerial
platformthat could readily be replacedwith any con guration
capableof low speedight, including hover. More detail on
this vehicle and its applicationto our Multiple Autonomous
Robot Software project may be found at the GRASP Lab
website:http://wwwcis.upenn.edu/maf.

The ground robot and the blimp are depictedin gure 1.
In summary both of theseplatforms have featuresthat lend
themselesto this type of researchTheseinclude:

1) A highly capableonboard CPU and control system
softwarearchitecturdo managemotion/navigationwhile

alsoprocessingandtransmittingdigital imageshetween
autonomousrehicle platforms.

Provision for team level closedloop control laws in-

volving both air and groundvehiclesto enablethemto

cooperatrely accomplishtasks.

Capability for sensorfusion of position, orientationand
visual imagerydatainto a commondatabase.

2)

3)

Fig. 1.

GRASPair and groundvehicles.

I1l. ROBOT SOFTWARE

We are using ROCI (RemoteObject Control Interface)[6]
for programmingboth the ground vehicles and the blimp.
ROCI is an objectedoriented programmingframework that
facilitatesthe developmentof applicationsfor dynamicmulti-
robot teams.In this framework, eachrobot is considereda
nodewhich containsseveral processingand sensingmodules
and may export different types of servicesand capabilities
to other nodes.Each node runs a kernel that mediatesthe
interactionsof the robotsin a team. This kernel keepsan
updateddatabasef all nodesandthe functionalitiesthatthey
export. ROCI alsohasa browserthat allows usersto monitor
and control tasksand nodesover the network. Userscanstart
and stop tasks,view andlog data,and changeparameterof
ary modulerunningin ary node.Basically a ROCI module
encapsulates processwhich acts on data available on the
modules inputs and presentsts resultsas outputs.They are
self-containedand reusable thus, complex taskscan be built
by connectinginputs and outputsof speci ¢ modules.These
connectionsare specied in a XML le and madethrough
a pin architecturethat provides a strongly typed, network
transparentommunicatiorframenork .

A. Examples

We have developed several modulesand tasks for robot
sensingandcontrolusingROCI. Herewe presentwo of these
tasks:way-point navigation and leadeffollower.

Autonomousnavigationto designatedvay-pointsis a basic
skill requiredfor executingpracticalrobot missions.A ROCI
modulehasbeenimplementedo accomplishthis taskby com-
bining path following control with visual obstacledetection
through ground-planestereo.An obstaclefree pathis tted
throughdesiredgoal points and adjustedin the event of new
obstacledetection.Linear andangularvelocity commandsare
generatedasedon the track errorsand obstacleproximity as
depictedin gure 2. Importantly boththe pathfollowing con-
trol andregistrationof obstacledependon accuratesstimation
of the robot absoluteposition and orientation.

Goal Point

Fig. 2. Path-follover controller

Another key skill in multi-robot teamsis the ability of
moving while maintaininga certain formation. One typical
approachis to usea leadeffollower controller, in which one
of the robots(the leader)hassomeplan or control algorithm
thatmovesit to a goalandoneor morerobotsactasfollowers
andtry to keepa certainformation relative to the leader We
implementech distributed leadeffollower controllerthat tries
to keepthe follower within a desireddistance(bothin x and
y) from theleader The controllergeneratesinearandangular



velocitiesfor the follower basedon its distanceand bearing L\«”

to theleaderasshavn in (1). A diagramis depictedin Fig. 3.

V= kl(dC(_)s( ) Xdes + Ydes ASIN( ) Y3ss=Xdes)
I = kao(dsin( ) d=Xdes)

Fig. 3. Leaderfollower controller

In orderto obtaind and , we put a color ducial on the
leaderandrun a color blob extractoralgorithmon the follower
to sgmentthe color and obtain its position in eachimage.
Then, doing simple stereoprocessingand using information
from the camerapan mount, it is possibleto estimateboth
the distanceand bearingto the leader Figure 4 shaws the
several modulesthat composethis task. This high level of
modularityallows, for example this samecontrollerto be used
in other robots or a different sensorsolution to be applied
for computingthe rangeand bearingwithout performingary
changeon the othermodules.This is one of the key features
of the ROCI framework.

] Bob | X, y, area
Extractor

4># Blob
Calibration Locahzer

Right Image Extractor X, y, area

Fig. 4. Diagramof the ROCI modulesfor the leadeffollower task.
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IV. POSITION ESTIMATORS

A. GPS

GPS undoubtedlyprovides a most convenientmechanism
for robot localization. However, GPS suffers afictions that
renderit unsuitableasanexclusive localizationsensarPrimar
ily, GPSis subjectto variedaccuray andavailability. Satellite
signals may be degradedby occlusions,subjectto electro-
magneticinterferencefrom communicationsprocessingand
power electronicdevicesor corruptedoy multipathre ections.
Additionally, receptionof WAAS measuremergorrectionsan
prove unreliablefor antennadocatedat groundlevel.

Datacollectedduring experimentsconductecht the Ft. Ben-
ning MOUT site illustrate some problemsencounteredvith
GPS localization in urban ervironments.Figure 5 displays
the UGV trajectory along with GPS position estimatesand
informationavailablefrom the GPSreceverregardingsolution
quality.
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Fig. 5. GPSperformancealuring MOUT site navigation. The UGV follows
the black path indicated in aerial image (a). (b) Displays GPS position
estimates(c) Shaws solution quality indicatorsavailable from the recever
(Numberof SatellitesHorizontalDilution of Precision HorizontalPositioning
ErrorandWAAS availability). InstancesvhereHDOP > 2.0 aremarked with
X' in (b).

Proximity to buildings males this an adwerseernvironment
for GPS reception. Signi cant localization errors are not
unexpected. Importantly as indicatedin gure 5(c), areas
where poor solution quality is encounterechre indicated by
theGPSunititself. Thelimited WAAS availability experienced
motivatesuseof corventionalDGPScorrections.

Othersensorandsourcesf informationpotentiallyprovide
more precise relatve and absolute position measurements
than GPS. Should desiredlocalization accurag exceedthat
available from GPS, fusing additional information sources
warrantsthe increasegrocessingcommunicatiorandstorage
requirementslin situationswhere estimatequality from GPS
aloneis sufcient, resourcesanbe releasedrom localization
to conductmissionspeci ¢ sensingtasks.

B. Camen

The blimp cameracan act as “an eye in the sky” and
help signi catively in the localization of the ground robots.
Dependingon how much information is available (camera
calibration or a certain number featureswith known world
coordinates)t is possibleto estimatethe localizationof the
groundrobotsor the poseof the blimp solelyfrom theimages.
In general given a certainimage,the relationbetweernthe 3D



coordinates(X V;Y%W;Z") of a point in world and the 2D
coordinates(x; y) of its projection on the image plane can
be describedby a projectionmatrix M, that dependson the
cameras intrinsic (focusand center)andextrinsic (translation
and rotation) parameters.

There are different ways of obtainingthe matrix M . For
example,from a setof correspondenimage-world pairs,it is
possibleto estimateM using leastsquaredechniquesThese
arewell known computetvision equationghatcanbefoundin
[7] for example.Also, knowing the translationandrotation of
the camerafrom the blimp's GPSandIMU andthe cameras
intrinsic parameterst is possibleto computethe projection
matrix. OnceM is computed,it is very simpleto obtainthe
position of points on the groundfrom their projectionon the
imageplane.

Unfortunately both approacheshave some drawvbacks.
Whenyouhave a x edcamerayou cancomputeM oncefrom
6 known world-imagepairs(lessif theintrinsic parameter®r
other constraintsare known) and then useit for localizing
groundfeatureson the image.But in our case the poseof the
cameravaries constantlyas the blimp moves. Consequently
M needsto be recomputedor every image but thereare no
guaranteethattheblimp will beableto see6 landmarksvery
time to computeM . On the otherhand,constructingVl solely
basedon the cameramovementmay not be feasiblesincethe
accurag of the blimp's GPSand IMU may not be sufcient
for localizing featureswithin a desirederror.

In the experimentspresentedhere,all the imageprocessing
wasdoneof ine. We calibratedthe camerantrinsic parameters
beforehandnd e w theblimp overafootball eld with several
known markers and robotswhile acquiringimages,GPSand
IMU data. Two initial stepswere necessaryfor the of ine
processingthe rst oneis to remove imagedistortions.Since
ourcamerehasalarge eld of view, theimagesfrom theblimp
suffer from distortionsthat are more evident on the periphery
of the image,as showvn in Figure 6(a). Using a simple radial
modelit is possibleto remove the distortionsand obtain the
imageshavnin gure 6(b). Thesecondstepis to selectseveral
pairs of world-imagecoordinatesn orderto computeM . As
mentioned,we did this of ine but possible approachedor
online processinginclude placing some arti cial landmarks
(color blobsfor example)in known world locations which can
be easilydetectedrom the cameraor having distinct features
suchas cornersof buildings or streetintersectionsacting as
landmarks.

V. RESULTS

In orderto have accurategroundtruth measurementwith
which to interpretall results,we conductedour experiments
over the University of Pennsyhania football stadium. This
afforded us a grid-like ervironmentwhose recordeddimen-
sions could be countedon for accurag and precision. We
deployed the blimp over the eld using tethersand then
photographedandmarksand groundvehiclesin a variety of
static and dynamic positionsin order to ascertainhow the
aggregate of sensorscould be usedto localize individual
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Fig. 6. Imagefrom the blimp beforeandafter removal of radial distortions.

Fig. 7. Sequencef 12 imagestaken from the blimp with 2 secondntenals.
The robot position (square)anda x ed point (cross)are highlighted.

featuresor vehicles.Throughoutthe courseof the experiment,
theblimp andthe groundrobotsloggedtheir local positionand
orientationvia their onboardsensorsThe blimp video camera
was alignedwith the vehicle body axes, so that tolerancesn
its articulatedmountdid not affect results.

Figure7 shavs a sequencef twelve imagescapturedfrom
the blimp with 2 secondntervals. The black squaregrackthe
positionsof a moving ground vehicle and the black crosses
indicatethe position of a x ed landmark.Note that, in spite
of beingtetheredthe blimp'stranslationsandrotationschange
the poseof the camerafrom frameto frameresultingin very
differentviews in a 24 secondgime span.We setthe origin of
a commonworld frame (W) on the 30 yard hashmark, with
X beingthe forward directionof the eld, andZ pointingup.
We alsoconsideredhatall pointson the groundhasz"¥ = 0.
To getthe X¥ andY" coordinatesof a point from its GPS
latitude andlongitude, it is necessaryo corvertfrom degrees
to metersconsideringthe earthcurvatureandthe latitude and
longitude of the origin. Sincewe do not have a surwey point
with known latitude and longitude, we had to measurethe
origin coordinatesusing the GPS. This procedureincreased
the errors of all GPS measurementsince we had to use
this estimatecorigin for convertingthesemeasurement® the
world frame.

A. Sensingerrors

To have an estimationof the localizationerrors,we com-
paredthe GPS with the air-ground localization for a x ed
point with known world coordinatesand computedthe errors.



For the GPSwe used800 datapoints, after collecting datafor

5 minutesand trimming the initial and nal datapoints. For

the air-groundlocalizationwe usedtwelve imagestaken from

the blimp cameraeach2 secondswhile it was ying over the

eld (Figure7). Thetwo approachegxplainedin sectionlV-

B were usedfor computingthe projectionmatrix M (known

world pointsandblimp's GPS/IMU). Sincewe do not have a

precisemeasurementf the blimp's height, we estimatedthat
it was18m highthroughoutheexperiment.For computingthe

localizationerror, we measuredhe distancefrom theestimated
positionsto thereal positionof the x edpoint (13.716,0) and

computedhe mean.The graphof Figure8 shavs the positions
estimatedand Table| summarizethe errors.

16

x Airground (M from points)
Air ground (M from GPS/IMU)

14+ + Ground GPS

O Real Point

12

y (m)
(2]
T

s

Ty

ey
T o
++*H*
-

4 Il Il Il Il Il Il I}
10 11 12 13 14 15 16 17
x (m)

Fig. 8. GPSandair-groundlocalizationof a x ed point.

TABLE |
POSITIONING ERRORS FOR GPS AND AIR-GROUND LOCALIZATION.

LocalizationError | Std. Deviation
Air-ground(M from points) 0.081m 0.040m
Air-ground(M from GPS/IMU) 8.147m 3.882m
RobotGPS 3.016m 0.584m

The errorsvary signi catively dependingon which method
is being used.The air-groundlocalizationwith M computed
from image pointsis the mostaccuratewith lessthan 0:1m
error. But, as mentionedbefore, it needsthe position of 6
pairsof known world-imagepointswhich canbe unfeasiblen
practicalsituations.The localizationbasedsolely on the robot
GPShasan averageerror of about3m. This is closeto the
expectederror for the type of GPSbeing used,even more if
we considerthat we have GPSerrorsboth on the localization
of the frame's origin and the robot position. The errors for
the air-groundlocalizationbasedon the blimp's GPS/IMU are
very high (more than 8m error). In fact, this large error is
causedy the compositionof several small errors.First of alll,
we canexpectthe sameGPSerrorson the localizationof the
blimp. Also, smallerrorson the blimp attitudecomputedrom

the IMU can causelarge errorswhen points 20m distanton

thegroundareprojectednto theimage.Finally, asmentioned,
we do not have a precisemeasurementf the blimp height
which addsmoreerrorsin thelocalization.Justasanexample,
the world coordinates(X ;YY) of a certain pixel in one
image changefrom [ 0:560 2:7940]to [3:846, 1:686] if a

5° rotationand a 3m translationare appliedin eachaxis of

the cameraframe. So, thereis a 6:284m error in the global

localizationwhensmall errorsare appliedon the rotationand
translationof the camera.

B. EstimatingRobotPosition

Using the same three methodologies,we estimatedthe
positionof a robot moving on the ground.The robotrecorded
its GPS coordinateswhile the blimp was ying over and
capturingimages.The black squaresn Figure 7 highlight the
robot positionson the images.Basically the robot camefrom
the top on the 45 yard line, turnedto its right on the hash
marksandturnedright againon the 35 yard line. The graphs
of Figure9 shaw therobottrajectoriescomputedusingthe two
typesof air-ground localization and the robot's GPS.In this
run, the robot was remote controlled with a joystick, so we
do not have a precisegroundtruth to computethe trajectory
errors.But we canvisually estimatefrom images9 and 10 in
Figure 7 that the robot crossedthe 35 yard line hashmark.
This point is shavn with a black circle in the rst graph of
Figure 9.

The graphsshow that the results obtainedfor localizing
a moving target are similar to the onesobtainedfor a x ed
point: air-groundlocalizationwith M computedfrom image
pointsis very precise the localizationusing ground GPShas
a displacemenbf about4m and the air-ground localization
usingblimp's GPS/IMU haslarger errors.The pathcomputed
by the rst method passesthrough the ground truth point
and the one estimatedfrom the ground GPS, in spite of
the displacement,has a similar shape.But the errors in
the air-ground localization using blimp's GPS/IMU male it
impossibleto track the correctrobot path.

C. Discussion

Theresultsdemonstratéhatnoneof theseapproachesould
be appliedaloneif we needa localizationsystemthat is ap-
plicable,reliable,andaccurateln spite of beingvery precise,
theair-groundlocalizationusingknown imagefeaturescannot
always be applied.As explainedin sectionlV-B, it requires
the identi cation of a certain numberof world locationsto
register the image, which is impractical in some situations.
On the other hand, our GPS solution provided localization
estimateswithin a 3m range, which may not be sufcient
dependingon the application.Moreover, we cannot guarantee
that GPScoveragewill be availableat all times,mainly when
the robots are navigating in clutteredurban ervironmentsas
describedn SectionlV-A. Finally, the approachbasedon the
blimp's on boardsensordGPS/IMU) did not performedwell.
The combinationof different sensorerrorswith no adequate



20

—— Air ground (M from points)
Air ground (M from GPS/IMU)
+ Ground GPS
O Ground Truth Point

151

y (m)

I
0 5 10 15 20 25 30
time (s)

20
15+

101

y (m)

5

+ +M /
o 7 BEREEEVEREEREE S +

i
+ +
Tt

otk

5 i FiE S T ol B Sl j

0 5 10 15 20 25 30
time (s)

Fig. 9. Estimatedrobot trajectory

fusion madethis approachinappropriatefor localizing ground
robotswithin a desirederror.

We believe that the best solution for having a reliable
and accuratelocalization systemis to have a mix of these
approachedusing the informationfrom the available sensors
wheneer necessaryFor example, the blimp could improve
its GPS and IMU estimatesusing some visual information
returned from the camera.In this case, maybe a single
known image point or the motion analysisof a sequenceof
imageswould sufce for a betterestimation.More thanthat,
combininginformation from differentrobotswould certainly
help the localizationprocessIf two robotshave an estimate
of their position within a known error mamgin and can see
each other they can exchangeinformation and reducethe
overall uncertaintyof their localization,especiallyin relative
coordinatesFor this, while executing their individual tasks,
robotsmustbe aware of their teammatesn orderto maintain
network connectvity and copewith sensomrangeconstraints.
Consequentlythe coordinationof air and groundvehiclesis
a key factorfor making this type of approacheffective.

VI. CONCLUSION

In this paper we presentedsome experimentsin multi-
robot air-ground coordination.We introducedour hardware
and software testbedsand analyzeddifferent approachegor
localizing ground robots using different sensors.The main
conclusionis thatindividual approachesnay not be sufcient
for having a reliable and applicablelocalization system.In
most cases,in order to reduce uncertainty robots need to
exchangeinformation and combine estimates.For this, an
adequatecoordinationmechanisnis fundamental.

Our future work is directedtowards several fronts. Firstly,
we wantto have the air-groundlocalizationrunningonline so
that the ground robotswill be able to exchangeinformation
with the blimp and have a better estimateof their global
localization.For thatthe blimp will needto dynamicallydetect
featureson the ground and automatically register them to
someworld coordinateframe. One possible approachis to
have a referencedaerial mosaicof the areabuilt beforehand
in a previous ight and then register the images captured
from the blimp to this referencedframe. Also, we would
like to do a reverse procedureand estimatethe blimp's
rotation andtranslationfrom the imagesand informationthat
it receves from the groundrobots. All this effort is part of
a larger project with other researchgroups (University of
SouthernCalifornia, Geogia Tech, and BBN Technologies),
in which heterogeneousulti-robotteamswill be coordinated
to perform a more sophisticatedsensorfusion, dynamically
gatheringinformationfrom differentlocal andremotesensors
in orderto have high level of situationalawareness.
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