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Real-timeMotion Trackingfrom a Mobile Robot

Boyoon Jung, StudentMembey IEEE,

Abstract— A mobile robot needsto perceive the motions of
extemal objects to perform tasks successfullyin a dynamic
ervironment. We proposea setof algorithms for multiple motion
tracking from a mobile robot equippedwith a monocular camera
and a laser range nder. The key challengesare 1. to compensate
the ego-motionof the robot for extemal motion detection,and 2.
to cope with transient and structural noise for robust motion
tracking. In our algorithms, the robot ego-motion is directly
estimated using corresponding feature setsin two consecutve
images, and the position and velocity of a moving object is
estimated in image space using multiple particle Iters. The
estimatesare fused with the depth information from the laser
range nder to estimate the partial 3D position. The proposed
algorithms have been tested with various con gurations in
outdoor ervironments. The algorithms were deployed on three
differ ent platforms; it wasshown that various type of ego-motion
were successfullyeliminated and the particle Iter was able to
track motions robustly. The multiple target tracking algorithm
was tested for differ ent types of motions, and it was shown that
our multiple Iter approachis effective and robust. The tracking
algorithm was integrated with a robot control loop, and its real-
time capability was demonstrated.

Index Terms— mobile robot, motion tracking, ego-motioncom-
pensation, particle lter .

|. INTRODUCTION

OTION TRACKING is a fundamentalcapability that

a mobile robot must have in order to operatein a
dynamicernvironment.Moving objects(eg., people)are often
subjectsfor a robot to interact with, and in other contets
(eg., traf ¢) they could be potentiallymore dangerougor safe
navigationcomparedo stationaryobjects.Further capabilities
like localizationand mappingcritically dependon separating
moving objectsfrom static ones.Finally motion is the most
critical featureto trackfor mary sunweillanceor securityappli-
cations.For instancea building monitoring systemcanwatch
for a burglar at night by detectingmotion, or an autonomous
rescuevehicle can searchfor victims of natural disasterby
sensingmotion. Clearly, robust motion detectionandtracking
arekey enablersfor mary mobile robot applications.

The motion tracking problemfrom a mobile robot s illus-
tratedin Figure 1. There are multiple moving objectsin the
vicinity of a mobile robot. Measurementdérom sensorson-
boardtherobotarecontaminatedvith noise,andanestimation
processis requiredto computethe positions and velocities
of the moving objectsin the robot's local coordinatesystem.
In the variant of the problem studied here,we requirereal-
time estimateswithout prior knowledge aboutthe numberof
moving objects,the motion modelof objects,or the structure
of the ervironment.As an additionalrestriction,a populated,
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Fig. 1. Motion tracking from a mobile robot: The problemis to estimate
the positionsand velocitiesof tamget motionsin the robot's local coordinate
system.

unstructuredoutdoor ervironmentis assumedMoving object
detectionin a structuredindoor ervironmenthas beenrela-

tively well studied[1], [2], [3]. In an indoor ervironment,
moving objectsare often clearly distinguishabldrom the rest
of the ervironmentdue to distinct ervironmental structures
(eg. straightand perpendiculamwalls). In contrast,an outdoor
ervironment contains objects of irregular shapes,and it is

challengingto segmentmoving objectsfrom the background.
In addition, outdoor ervironments contain diverse motions
(varying speedsfrequenciesetc.).

There are two main challengesin the motion tracking
problem. First, there are two independentmotionsinvolved
- the ego-motionof the mobile robot andthe externalmotions
of moving objects. Since thesetwo motions appearblended
in the sensordata, the ego-motion of the robot needsto be
eliminated so that the remaining motions, which are due to
moving objects, can be detected.Second,there are various
types of noise added at various stages.For example, real
outdoor images are contaminatedby various noise sources
including poor lighting conditions,cameradistortion,unstruc-
tured and changingshapeof objects,etc. Perfectego-motion
compensations rarely achievable, thus it addsanothertype
of uncertaintyto the system.Someof thesenoise termsare
transientand someof them are constantover time.

Our approachto the problemis to designa simple and
fastego-motioncompensatioralgorithmin the pre-processing
stagefor real-timeperformanceandto developa probabilistic
Iter in the post-processingtagefor uncertaintyand noise
handling.Sincethe sequencef cameraimagescontainsrich
information of objectmotion, a monocularcamerais utilized
for motiondetectionandtracking.A laserrange nderprovides
depth information of image pixels for partial 3D position
estimation.Figure 2 shavs the processingsequenceof our
motion tracking system.Framedifferencing,which compares
two consecutie images and nds motions based on the
difference,is exploited for motion detection.However, when
the cameramoves(eg. whenit is mountedon a mobile robot),
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Fig. 2. Processingsequencdor motion tracking from a mobile robot: A
monocularcameras utilized for motiondetectiorandtrackingin imagespace,
andtheresultis fusedwith laserscangor motionestimationin 2.5 dimension.
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straightforvard differencingis not applicablebecausea big
differenceis generatedby the motion of the cameraeven
when nothing movesin the ervironment. Therefore,the ego-
motion of the camerais compensatedefore comparingthe
previousimage(l mage(t 1)) with the currentone (I mage(t)).
Assuming that the ego-motion compensationis perfect, the
differenceimage would still contain structurednoise on the
boundarie®of objectsbecausef the lack of depthinformation
from amonoculaimage.We usea probabilisticmodelto Iter
suchnoiseout and to perform robust detectionand tracking.
The motionsof moving objectsare modeledusinga Bayesian
framawork, and their probability distribution in image space
is estimatediy applying perceptionand motion models.Once
the positionsand velocities of moving objectsare estimated
in 2D image space,the information is combinedwith the
partial depthinformationfrom a laserrange nderin orderto
constructa 3D motion model.By projectingrangevaluesinto
an image space,the image pixels at the sameheight as the
laserrange nderwill have depthinformation.

The performanceof the proposedsystemhasbeenanalyzed
in three steps.First, the robustnessof the motion tracking
algorithms has beentested on various robot platforms that
have uniquecharacteristicén termsof their ego-motions.The
experimentalresults shov that our motion tracking system
is able to cope with various types of ego-motionsand the
particle lter producesrobust estimation.Second,a multiple
particle Iter approachfor multiple motion tracking hasbeen
validatedusingvariousscenariosandthe experimentalresults
shav that the multiple Iter approachtracks all motions
successfullyfor the casesthat a single Iter approachfails.
Lastly, the proposedracking systemhasbeenintegratedwith
arobotcontrolloop, andits robustnesandreal-timecapability
have been examined. The experimentsdemonstratethat the
motion tracking systemis robust enoughthat the systemis
not disturbedby other moving objectsonceit startsto track
an object.

The rest of the paperis organizedas follows. Sectionl|
summarizeghe relatedwork on this topic. The detailedego-
motioncompensatiomlgorithmis givenin Sectionlll, andthe
designof the probabilistic Iter is explainedin SectionlV.
Section V describeshow to fuse the estimation result in
image space with laser range nder data, and Section VI
reportsthe experimentalresultsand analyzeghe performance
of the proposedalgorithms. The current statusand possible
improvementsare discussedn SectionVII.

Il. RELATED WORK

The computewision communityhasproposed/ariousmeth-
odsto stabilizecameramotionshby tracking features[4], [5],
[6] andcomputingoptical o w [7], [8], [9]. Theseapproaches
focus on how to estimatethe transformation(homogr aphy)
betweerntwo imagecoordinatesystemsHowever, the motions
of moving objectsaretypically not consideredwhich leadsto
poor estimation.

Other approacheghat extend these methodsfor motion
tracking using a pan/tilt camerainclude thosein [10], [11],
[12]. However, in thesecaseghe cameramotionwaslimited to
translationor rotation.Whena cameras mountedon a mobile
robot, the main motion of the camerais a forward/backvard
movement,which makesthe problemdifferentfrom that of a
pan/tilt camera.

Thereis otherresearcton tracking from a mobile platform
with similar motions.[13] tracksa single objectin forward-
looking infrared (FLIR) imagery taken from an airborne,
moving platform, and [14], [15] track carsin front using a
cameramountedon a vehicle driven on a paved road.

Once motion has been identi ed, objects in the scene
needto be tracked. Work focusingon robust multiple target
tracking using probabilistic Iters includes[2] which usesa
particle Iter to track peopleindoors(corridors)usinga laser
range nder and[16] which alsousesa particle lter to track
multiple objectsusing a stationarycamera.A Kalman lter
was usedin [17] to detectand track humanactivity with the
combinationof a staticcameraanda moving camera.

I1l. EGO-MOTION COMPENSATION

The ego-motion compensationis a coordinatecorversion
procedure.Assumethat a sensorydata acquisition process
is as follows: (1) one set of dataD is acquiredat time t
when a robot is locatedat (x;y; ), (2) the robot (and the
sensors)movesto (x + X;y+ y; + ) for t, and
(3) anotherset of dataD? is acquiredat time t + t. In
this case,the dataD and D° cannotbe compareddirectly
becausethey are capturedin different coordinate systems.
Therefore,the dataD should be compensatedor the ego-
motion( x; y; ), whichmeanghatthedataD shouldbe
transformedasif it were acquiredwhen a robot was located
at(x + x;y+ y; + ). The goal of the ego-motion
compensatiorstepis to computethis transformationT. The
transformationcan be estimateddirectly or indirectly.

The indirect methodis to estimatea robot poseeachtime
usingvarioussensorgeg. gyroscopeaccelerometeodometer
and/orGPS),andcomputetheego-motion( x; y; ) rst.
Oncethe ego-moationis computed the transformationT can
be computedbasedon the geometricpropertiesof sensors.
The pose estimationtechniquehas beenwell studied [18],
[19], [20], and the indirect method may be effective when
the transformatiorerroris linearin the ego-motionestimation
error. However, when a projection operationis involved in
the transformationasin our case,the indirect methodis not
appropriatesincea tiny angularerrorin the motion estimation
stepwould inducea hugeposition error after being projected
into the dataspace.Therefore,we choosethe direct method.
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The direct method is to infer the transformationT by
correspondingalientfeaturesn the datasetD to thosein the
datasetD °. The featureselectionandmatchingtechniquegor
varioustypesof sensordiasbeenstudiedby [4], [7], [21], [22],
[23]. Since the transformationis estimatedusing the corre-
spondingfeaturesetdirectly, the quality of the transformation
relies on the quality of selectedfeaturesfrom the data sets.
Unfortunately in our case,the quality of the featuresis poor
dueto independentlynoving objectsin imagedata.Therefore,
a transformationrmodel and outlier detectionalgorithm needs
to be designedso that the estimatedtransformationis not
sensitve to thoseobjectmotions.

A. Feature Selectionand Tracking

We adoptthe KLT (Kanade-Lucas-dmasi)featuretracking
algorithm introduced in [4], [7], [24], [25] to select and
correspondeaturesbetweentwo images.The KLT algorithm
hasbecomea standardtechniquefor feature-basedomputer
vision algorithms. For completenesswe describethe algo-
rithms conciselyhere.

Given two consecutie images (the previous image |t 1
and the current 1), a set of featuresis selectedfrom the
image |'! 1, and a correspondingfeature set is constructed
by tracking the samefeatureson the imagel !.

For featureselection,a small searchwindow runsover the
wholeimagel ! * to checkif the window containsa reliably

trackable feature.For eachsearchwindow,

i
@xy) '

@

2) Computethe covariancematrix of the boundarypixels

3) Computetwo eigervalues( 1; 2) of the covariance
matrix

4) Selecta searchwindow suchthatmin ( 1; 2) >

Searchwindows with two small eigervaluescontainno pat-
tern, andthosewith one small eigervalueand one big eigen-
value contain unidirectional patterns,which are not easyto
track. Only searchwindows with two big eigervalues are
selectedfor tracking becausethey contain a perpendicular
pattern(eg. corners)or divergenttextures (eg. leaves) which
are relatively unique enoughto be tracked. The feature se-
lection algorithm runs on the image I' !, and generatesa
set of featuresF! 1. Figure 3 shawvs the featuresselected
from indoor and outdoorimages.In the indoor image, most
of the selectedfeaturesare the cornersof objects,like desks,
computers,and booksheles. In the outdoor image, some
cornersof bricksandcars,leavesandgrassthathave complex
textureswere selectedas features.

Once the feature set F' 1 is selected,the featuresare
tracked on the subsequentmage It and the set of tracked
featuresF' is generatedFor ef ciency, the searchrangewas
limited to a smallconstantistancgassuminga boundedobot
speed) Figure4 shaws the robustnesof the trackingmethod.
Figure 4 (a) shaws the featuresselectedfrom the imagel !,
and Figure 4 (b) shavs the samefeaturestracked over 30
frameson the image | **3° | which is an image captured3
seconddater The erroneoudeaturesonimageboundariesare
eliminatedfor subsequenprocessing.

1) Computethe boundaryinformation, %

(b) outdoorfeatures

Fig. 3.  Salient features(lled circles) selectedfor tracking: Primarily
perpendicularpatterns(eg. corners)or divergent textures (eg. leaves) are
selected.

(b) tracked featuresat time t + 30

Fig. 4. Featuretracking: (a) shavs salientfeaturesselectedand (b) shawvs
the samefeaturestracked over 30 frames(3 seconds).
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B. TransformationEstimation

Oncethe correspondenc& =< F! 1;F'> is known, the
ego-motionof the cameracan be estimatedusing a transfor
mation model and an optimization method.We have studied
three different models: af ne model, bilinear model, and a
pseudo-perspeet model.

Af ne Modlel: #

fy  afgl+af) t+a

fy - azfy '+asf) 1+ as
Bilinegr Model:

fl apfy '+af) '+ay+agfy 1f) 1

fy agfy '+asf) t+ag+arfy 1f) !
Pseudo-pezrspevé Model :

t1 t 1 3

" # ao fy +a1fy +a22

f _E +a3f}(1+a4f}(1f;1z

fy asfy '+asfy '+ ay

+agfl 1) T4 agfl 12

Whenthe interval betweenconsecutie imagesis very small,
most ego-motionsof the cameracan be estimatedusing an
afne model, which can cover translation,rotation, shearing,
and scalingmotions.However, whenthe interval is long, the
cameramotion in the interval cannotbe capturedby a simple
linear model. For example, when the robot moves forward,
the featuresin the image centermove slower that thosenear
the image boundary which is a projection operation,not a
simple scaling. Therefore,a nonlineartransformationmodel
is requiredfor thosecasesOn the otherhand,an over- tting
problem may be causedwhen a model is highly nonlinear
especiallywhen someof the selectedfeaturesare associated
with moving objects (outliers). Thereis clearly a trade-of
betweena simple,linear modelanda highly nonlinearmodel,
and it needsmore empirical researchfor the best selection.
We useda bilinear modelfor the experimentsreportedin this
paper

Whenthe transformatiorfrom theimagel ! ! to theimage
I' is dened as T ;, the cost function for least square
optimizationis de ned as:

X
=
i=1

where N is the numberof features.The model parameters
for ego-motioncompensatiomre estimatedy minimizing the
cost. However, as mentionedbefore,someof the featuresare
associateavith moving objects,which leadto the inferenceof
an inaccuratetransformation Thosefeatures(outliers) should
be eliminatedfrom the feature set beforethe nal transfor
mation is computed.The model parameterestimationis thus
performedusing the following two-stepprocedure:

1) computetheinitial estimateT, usingthe full featureset

2
Ttt 1 fit 1 (1)

F.
2) partitionthe featuresetF into two subsetd=i, andFqy
as:
fi 2 Fiy if jf Top o(ff Yi< @
fi 2 Fout  otherwise

Fig. 5. Outlier featuredetection:Outliersaremarked with lled circles,and
inliers are marked with empty circles.

3) re-computethe nal estimateT using the subsetFj,
only.

Figure5 shavs the partitionedfeaturesets:F;, is markedwith
empty circles, and Fo; is marked with lled circles. Note
thatall featuresassociatedvith the pedestriarare detectedas
outliers. It is assumedor outlier detectionthat the portion of
moving objectsin the imagesis relatively smallercompared
to the backgroundithe featureswhich do not agreewith the
main motion are consideredas outliers. This assumptiorwill
breakwhenthe moving objectsare very closeto the camera.
However, most of the time, theseobjectspassby the camera
in a shortperiod (leadingto transienterrors),anda high-level
probabilistic Iter is ableto dealwith the errorswithout total
failure.

C. FrameDifferencing

Theimagel ' 1 is corvertedusingthetransformatiormodel
before being comparedto the imagel! in orderto eliminate
the effect of the cameraego-motion.For eachpixel (x;y):

leocy) =180 T8 Hxay) €)

Figure6 (c) shavs the compensate@mageof Figure6 (a); the

translationaland forward motionsof the camerawere clearly
eliminated. The valid region < of the transformedimage is

smaller than that of the original image becausesome pixel

valueson the borderare not available in the original image
It 1. The invalid region in Figure 6 (c) is lled black. The

differencémagebetweertwo consecutieimagess computed
usingthe compensatedmage:

jUcly) 1Uxy) i if(xy)2<
0 otherwise

la(X;y) = 4
Figure7 compareghe resultsof two casesframedifferencing
without ego-motioncompensatioiiFigure7 (a)) andwith ego-
motion compensation(Figure 7 (b)). The results shov that
the ego-motion of the camerais decomposednd eliminated
from image sequencesThe full description of the frame
differencingprocessis givenin Algorithm 1.

IV. MOTION DETECTION IN 2D IMAGE SPACE

The Frame Differencing step in Figure 2 generatesthe
sequenceof differenceimages,|2;13;  ;1}, whose pixel
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(a) Imageattimet 1

Fig. 6.
the original imagedueto the absenceof dataon the border

(a) differencewithout compensation

(b) differencewith compensation

Fig. 7. Resultsof frame differencing:(b) shavs that the ego-motionof a
camerawas decomposeand eliminatedfrom image sequences.

valuesrepresentheamountof motionoccurredn theposition.
However, as describedearlier the differenceimagescontain
two differenttypesof errors.Therearetransienterrorscaused
by imperfectego-motioncompensationandthis type of error
shouldbe ltered outusingtheirtemporalpropertiesThereare
alsopersistenerrorscausedduring dataacquisition.Sincethe

(c) Compensateimageof (a)

Image Transformationi(c) is the transformedmageof (a) into (b) coordinatesThe valid region of the compensatednageis smallerthanthat of

camerapositionsare different when two consecutie images
are captured,it is inevitable that someinformationis newly

introducedto the currentimagel ! or someinformationof the
previousimagel! ! is occludedin theimagel t.

To deal with those errors, a probabilistic approachis
adoptedThe normalizedpixel valuesin the differenceimages
canbeinterpretedasthe probability of the existenceof moving
objectsin thatposition,andthe positionandsizeof themoving
objectsare estimatedover time. This estimationprocesscan
be modeledusing a Bayesianformulation. Let x' represent
the state(eg. the position and velocity) of a moving object.

®)

The posterior probability distribution P, (x!) of the stateis
derived asfollows.

Pm (x")

x=[xyxyl

P'jIgilg  51g)
= TP(axhIg a1y H PRI
= "PUax) BXIE g )

(6)

Ha D

= CP(Igix) Lxth

gt 2 t 1
Vg ) dx

P('IS 1

, POl
= 'P(lax) P
P(x' jig

P(x'jxt HPn(x! 1) dxt !

. ,Ié Z)dxt 1

= TP(ix)

Now the posterior probability distribution can be updated
recursiely by applying a perceptionmodel P (1 jjx') and a
motion model P (x!jx! 1) over time.
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Algorithm 1. FrameDifferencingwith Ego-motionCompensation

Input: two consecutie images! ! ! and|!
Output: the differenceimagel }j andthe ego-motiontransformation

t
T
1 begin
2 selecta salientfeaturesetFt 1 from |t 1 ;
3 track the featureson | , and generatethe correspondindeatureset
Ft;
4 F <Ft 1, Ft>
5 if jFj > the numberof parametes in a transformationmodelthen
/* computetheinitial estimateusingthefull featureset. */
6 constructan input matrix X usingFt 1 ;
7 constructa target vectort usingF! ;
8 To XTX 1'XxTt
/* remove outliersfrom the featureset. */
9 Fin -
10 Fout -
11 foreach< ft 1; f'> in thesetF do
12 if jft To(f'! 1)j< then
13 | insert<f! 1, f'> into Fi, ;
14 else
15 | insert<ft 1; ft> into Fou ;
16 end
17 end
/* computethe nal estimateusingtheinliers only. */
18 constructan input matrix X using only Fitn L
19 constructa target vectort usingonly Fitn ;
20 TH, XTx 'xTt
/* compensatego-motion. */
21 initialize 1 ¢ with all O ;
22 forall (x; y) in theimage | ¢ do
. 1. .
23 ‘ (X y) It Ttt L (xy) s
24 end
/* framedifferencingwith ego-motioncompensation. */
25 [T | I P O
26 else
/* no compensatioris feasiblewithout sufcient features.  */
27 Ttt 1 the identical transformation
28 N T
29 end
30 return1} and T} ;
31 end

A. BayesianFilter Design

The derived equation6 shovs how the sequenceof dif-
ferenceimagesandthe motion model of a moving objectare
integratedinto the stateestimationprocessHowever, thereare
still threequestiongo answer:(1) how to de ne a perception
model, and (2) how to de ne a motion model, and nally
(3) how to representhe posteriorprobability distribution.

The perceptionmodel P (I f{jxt) capturesthe idea that if
thereis a motion at positionx', thenthe differencevaluesof
the pixel in that positionandits neighborsshouldbe big. For
example,let us assumea small moving objectthat occupiesa
singlepixel pt ! on a cameramage.Whenthe objectmoves
to its neighborpixel p!, then the differencevaluesof both
pixels pt * andp' would be big. This neighborhoodcan be
modeledusing a multi-variate Gaussianand the perception
modelcanbe de ned as

Z i
“djlé(x) p%e %(X xHT 1x Xt)dX
0 2 )9 s @)

whend is the dimensionof the statex, and the covariance
matrix s controlsthe rangeof effective neighborhood.

P(14ix") =

Fig. 8. Bayesianlter trackingwith piecavise constantrepresentationThe
left window shavs theinputimageandthe detectednoving object(ellipsoid),
and the right window shavs the posterior probability distribution of the
maving objectusinga 10x10 pixel grid.

ThemotionmodelP (xtjx! 1) captureghebestguessabout
the motion of a moving object. Sinceno prior knowledge of
an object motion is assumeda constantvelocity model is a
naturalchoice.The uncertaintyof anobjectmotionis modeled
by the covariancematrix , of a multi-variateGaussian.

2Xt l+ t Xt 1
t 1y o oytl
S R (8)
Lt 1
t: t 1y — 1 L(Xt )T ml(xt )
Px'jx* )= p——=¢e 2 9)
2 )9 mi

The choiceof a representatioffior the posteriorprobability
distribution is importantfor real-time systemdesignbecause
theupdateequation(Equation6) containsanintegral operation
andthe requiredcomputationis intensve. Evenwhenthe size
of acameramageis small,the statespaceis sizeablebecause
the stateis four-dimensionalThe mostcompactrepresentation
is to usea single Gaussianlike the Kalman Iter [26], [27],
but this approachis not appropriatebecause(1) the initial
stateof a moving objectis not givenin priori, and (2) image
segmentationis avoided for real-timeresponsewhich makes
it hardto constructa measurementatrix.

A betterapproachis to usea piecavise constantrepresen-
tation. By decomposindhe statespaceinto an equallyspaced
grid, the amountof computationcan be reduceddrastically
For example, Figure 8 shaws the position estimationresult
usinga 10x10 pixel grid. However, the computationwas still
not ef cient enough.ln orderto achieve a real-timeresponse,
only the position of a moving object was estimated(x =
[x y]"), and a constantposition model, insteadof a constant
velocity model,wasutilized asthe consequencef the simpler
statede nition. In addition, the approximationquality of the
posteriorprobability distribution was sacri ced by using the
sparserepresentation.

The most popularrepresentatiorthat addresseshesecon-
cernsis a sample-basetepresentatiofi28], [29]. The amount
of computationis reducedby using a small set of weighted
samples,but the approximation quality is well presered
by concentratingsampleson the areawhose probability is
high. Also, the numberof samplescan changedynamically
dependingnthe shapeof the posteriomprobability distribution
and available computerpower. In this paper we adopt the
sample-basedepresentation.
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B. Particle Filter Design

The Particle Iter [28], [29] is a simple but effective
algorithm to estimatethe posterior probability distribution
recursvely, which is appropriatefor real-time applications.
In addition, its ability to perform multi-modal tracking is
attractve for unsgmentedobjectdetectionandtracking from
cameraimages.An efcient variant, called the AdaptivePar-
ticle Filter, wasintroducedin [30]. This changeghe number
of particlesdynamicallyfor a more ef cient implementation.
We implementedthe AdaptiveParticle Filter to estimatethe
posteriorprobability distribution in Equation6. As described
in SectionlV-A, particle lters alsorequiretwo modelsfor the
estimationprocessa perceptionmodeland a motion model.

The perceptionmodel is usedto evaluate a particle and
computeits weight (or importance).Equation7 provides a
genericform of the perceptiormodel.However, the perception
model is simplied for efciency. A step function is used
insteadof a multi-variate Gaussianand the evaluationrange
is also limited to m m xed area.The m m mask
shouldbe big enough(usually5 5) so that salt-and-pepper
noiseis eliminated.The weight! { of the iy particle (s}
[xt yb x! yt]") is computedby

%z %2

t
Id Xi

m=2

H % Bylok (10)
j= m=2 k=
As shawvn in Equation10, only the position information is
usedto evaluateparticles.

The motion model is usedto propagatea newly drawvn
particleaccordingto the estimatednotion of a moving object.
Themotionmodelin andEquation9 describeow to compute
the probability of the new statex! when the previous state
xt 1 is given. However, for particle Iter update,the motion
modelshoulddescribehow to draw anew particles! whenthe
previous particle s} 1 andits weight! Y aregiven. Therefore,

the motion modelis de ned as
2

xt '+t x ' o+ Normal(%
t_§yit vty ! +Norma|(r;%)z
S = xi ! + Normal(!—%) (11)
yi ! + Normal(%)

where tisatimeinterval,and , and , arenoiseparameters
for position and velocity componentgespectiely. The func-
tion N ormal( ) generatea Gaussiamandomvariatewith zero
meanandthe standarddeviation . As shovn in Equationl11,
the parameterizednoise is added to the constant-elocity
model in order to overcomean intrinsic limitation of the
particle Iter, whichis thatall particlesmove in a corvergence
direction. However, a dynamic mixture of divergence and
corvergenceis requiredto detectnewly introduced moving
objects[29] introduceda mixture modelto solve this problem,
butin theimagespacethe probability P (x!jl §) is uniform and
thedualMCL becomegandom.Thereforewe useda simpler,
but effective methodby addinginverse-proportionahoise.
As an implementationissue, a multi-dimensionalkd-tree
is constructedduring the particle Iter update.This senes
two purposes{(1) to computethe propernumberof particles

Fig. 9. Particle lter tracking: The position of particlesare representedy
small dots,andthe horizontalbar on the top-left cornershavs the numberof
particlesbeing used.

[30], and (2) to cluster particles efciently as describedin
SectionIV-C. In order to determinethe proper number of
particles, a kd-tree with uniform-size nodesis built. When
the size of the tree is k, the error bound is , and the
con dence quantileis z; , the propernumberis computed
asfollows [30].

~N

n = 1,1
( s

: 1 2 2

- 1 ok 1)

) 3

1
2
K (12)

+
2 9k 1)

Figure 9 shavs the output of the particle Iter. The dots
representthe position of particles, and the horizontal bar
on the top-left corner of the image shovs the number of
particlesbeingused.The nal algorithm of the particle Iter
is describedn Algorithm 2.

C. Particle Clustering

The particle lter generates setof weightedparticlesthat
estimatethe posterior probability distribution of a moving
object,but the particlesarenot easyto processn thefollowing
step.More intuitive and meaningfuldatacan be extractedby
clusteringthe particles.A density-base@lgorithmusinga kd-
tree is introducedfor efcient particle clustering. The main
idea is to corvert a set of weighted particlesinto a lower-
resolution,uniform-sizedgrid. The grids can be represented
using a kd-tree ef ciently, and all clustering operationsare
performedusing the grids insteadof particles.Thereforethe
required computationis reduceddrastically However, since
eachgrid maintainsenoughinformationaboutthe particlesin
thegrid, the statisticsof eachclustercanbe calculatedwithout
ary accurag loss.Thealgorithmconsistof the following four
steps:

1) Tree Construction: Given a setof weightedpatrticles,a
kd-treerepresentatiolis constructedThe statespaceis parti-
tionedinto uniform-sizedgrid cells,and only non-emptycells
are maintainedusing a kd-tree. Since the Adaptive Particle
Filter requiresthe kd-treefor computingthe proper number
of particles(as describedin SectionlV-B), this stepcan be
combinedwith the particle Iter update.The information of
each particle is not necessaryarymore for the subsequent
steps,but a few extra statisticsof eachterminal nodein the
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Algorithm 2. Adaptve Particle Filter for Motion Tracking

Input: the previous particlesetS! 1, the differenceimagel |, andthe
ego-motiontransformatiorT! ;
Output: a new particlesetS! andits kd-treerepresentatiorK !

1 SO  asetof uniformly weighted,randomparticleswith the size
Nmax
2 begin
/* transformall particlesto compensatanego-motion *
3 foreach< st 1;1t 1> jn St 1do
4 | st 1 Ttt l(st 1) :
end
/* performthe standardparticle Iter update */
6 st
7 Kt
8 w 0;
9 repeat
/* draw aparticlefrom St 1 accordingto its weightvalues */
10 ci bt
11 fori=2 to jSt Yjdo Ci G 1+!'f %
12 generatea randomnumberr in the range[0; 1) ;
13 selectthe iy, particles? from St ! suchthat
Ci r<Cia ;
Vid propaga[geheparticlgusingthemotion& sensomodels *
14 10 _12_ m=2 m= 2 It x0 jy0 Kk
j= m=2 k= m=2'd i v Vi '
x0+ t x? + Normal (%)
o g yo+ t y? + Normal (%) ;
&g + Normal (%)
15 Y; + Normal (%)
P m= P m= .
16 !t le_ jm:2m=2 E:2m=2|<ti Xt J;yt k '
/* addthenew patrticle */
17 add< st; !t > to St
18 add< s'; !> to K!;
19 W oW+t
20 until jStj < Nmin
-SJt-iJK‘J' lnl P 2 O3,
or 1=t 2 SGKTT D) Sk AL
/* normalizethe weightsof all particles */
21 if W > 0 then
22 | foreach< s';1t'> in Stdolt 1t=w;
23 else
24 St a setof uniformly weighted,randomparticleswith the
Size Nmax
25 end
26 return St and Kt
27 end

treeneedto be computedFor eachterminalnodek, theweight
Wy, the mean , andthe covariancematrix ¢ of the node
are calculatedusingthe subsetof particlesthatare associated
with the node.

P
We = piWi p
kK = piWisSi= W p (13)
kK = P Wi (Si )(si )T = Wi

2) CandidateSelection: Insteadof re-constructinga pos-
terior probability distribution and thresholdingthe pdf, we
select candidategrid cells whose particle density is bigger
than a threshold . Since eachparticle has different weight,
the densityshouldtake the weightinto account.Theoretically
this meanswy =volume(k) shouldbe usedasthe determinant.
However, thenumberof particles(ny =volume(k)) canbeused
alternatively for simplicity assumingall particleshave uniform
weights.

Fig. 10. Particle clustering: Two ellipsoids representthe means and
covarianceof two particle clusters.

3) Grouping: Oncethe candidatenodesare selectedclus-
tering canbe doneby simply groupingthe nodesby checking
connectvity among nodes. There are various known algo-
rithms for this task. The connectvity can be de ned using
the distancebetweenthe meanvectorsof two nodes,or can
be determinecby checkingif a nodeis a neighborof another

4) StatisticsComputation:For eachcluster the statisticsof
the particlesin the clustercan be calculatedby summingthe
statisticsof the nodesin the clusterincrementally

0 = W +Wi g
W+ Wy
_oowf+ % )% )Tgrwef w+ (% (% )T
W+ Wy
W= W+ Wy
- 0
(14)

Figure 10 shaws the output of the particle clustering al-
gorithm. The dots representhe position of particles,andthe
ellipsoid representshe meanand covarianceof eachcluster
The full descriptionof the clusteringalgorithmis in Table 3.

D. Multiple Particle Filters for Multiple Motion Tracking

Theparticle Iter hasmary adwvantagesasdescribedn [31],
[29]; one of the advantageds multi-modality. This property
is attractve for multi-target tracking becauseit raisesthe
possibility that a single set of particles can track multiple
objectsin animagesequence-However, thatis true only under
two conditions:

1) The perceptionmodelshouldbe “bad” enoughso that
particlescorverge slowly, and eventually stay on mul-
tiple objects.For example,imagine the casein which
there are two moving objectsin the image sequence.
It is desiredthat a single set of particlesis split into
two groups,andeachgroup cornvergesto andtrack each
objectscontinuouslyApparentlya setof particleswould
behae asdesiredif two objectsshav exactly the same
amountof motions(on averageover time) in the image
sequenceHowever, this assumptionis not realistic. In
most cases,one would shav a “bigger” motion than
the other due to different size and shapeof an object,
different distanceto a camera,etc. The behaior of
particlesis quite differentwithout the assumptionSince
the amountof motion is different,the perceptionrmodel
P(1§ix") in Equation6 generates differentvalue for
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Algorithm 3: Particle Clusteringfor Post-processing

Input: the kd-treerepresentatiotk of a particle set

Output: m Gaussiang<

1 1> < omy o om>)

1 begin

2
3
4

30
31
32
33
34
35

end

return < q;

/* selecta setof candidatenodesC basecdn their density */
c 55
forall a terminalnodek in K do
the particlesin the nodek are
< B1,W1 > < S2;W2 >
if ; wj =volume (k)
density
then
/* thesgstatisticscanbe computedvhenthetreeis built */
Wk piWiis p
Kk piWisSi =
K i Wi (si
add< wy;
end

;< Sn;Wn >
/* thresholdingby weighted
*/

P Wi
Ns )T ="

k> to C;

i Wi

end
/* groupthe candidatenodesusingconnectiity
fori =1 to jCj do
if ¢c; 2 any group then createa nev groupG; ;
forj =i+ 1 to jCjdo
if ¢; 2 any groupthen
ifj i then addc; to thegroupG;
elseif G; 6 G; and j il then
| combinethe groupG; and the groupG;j ;
end
end

*

end
/* computethe statisticsof eachgroup
foreacha group G; do
Wi 0;

i 0,
a candidate< wy; g;

0 Wi itWg k -

Wi+ Wy ’

*

|
forall k > in Gj do

i
wif i+ % % DTgrwf v+ % (% 0'g

Wi+ Wy

Wi
i
end

Wi + Wy 5
0

end

1> < my, m?>

2)

eachobject.As aresult, particleson the smallermotion
would shift to the bigger motion after someiterations
even when the size of the two particle groupswas the

samen thebeginning. This behaior is expectecbecause

Equation 6 is designedto estimatethe position of a
single object x. This limitation can be overcomein
two ad-hocways: (1) By makingthe perceptionmodel
less sensitve so that particles corverge very slowly,
(2) By increasingthe number of particles. The rst
techniqueis feasiblewhenthe corvergencespeeds not
important[32], [29]. However, corvergencespeedis a
critical factorfor motiontracking.Whena new objectis
introduced,a lter shouldbe ableto detectit and start
to trackit in areasonabld¢ime. The secondechniques

not desirablesince the required computationincreases

drastically
All objects should be introducedin the beginning of
estimationprocess.As explainedin SectionlV-A, par

ticles shaws a convergencetendeng, and consequently

(a) single personatt = 23 (b) threepeopleatt = 109

Fig. 11. Problemof a single particle Iter: (a) shaws that the particle lter
corverges on the person,and (b) shaws that the Iter stayson the person
continuouslyeven whenother peopleare introducedin the imagelater

corverged particles do not diverge unlessthe tracked
object disappears.For example, Figure 11 showvs a
problematicscenario.The particle set corvergeswhen
the personentersinto the eld of view of the camera
asin Figure 11 (a), and it concentrate®n the person
continuouslyeven whentwo more peopleenterlater as
in Figure 11 (b). This problemis not trivial to solve
using a limited numberof particles.

Therefore,we introducea tracking systemusing multiple
particle Iters. The mainideais to maintainan extra particle
Iter for a newly introducedor detectedobject. Since the
numberof objectsis notknown in priori, particle Iters should
be createdand destryed dynamically Wheneer the extra
particle lter corvergeson a newly detectedobject, a new
particle lter is created(as long as the numberof particle
Iters is smallerthan the maximumlimit Npnax ). Similarly,
wheneer a particle Iter divergesdue to the disappearance
of a tracked object, it is destrged. In orderto prevent two
particle Iters from corverging on the sameobject,wheneer
a particle lter is updated,the differenceimageis modi ed
for subsequenprocessingsuchthat differencevaluescovered
by the lter are cleared.The detailedalgorithmis described
in Algorithm 4.

V. POSITION ESTIMATION IN 3D SPACE

A monocularimage provides rich information for ego-
motion compensatiomndmotion trackingin 2D imagespace.
However, a single camerahas limits on retrieving depth
information,and an additionalsensoris requiredto construct
3D modelsof moving objects.Our robotsare equippedwith a
laserrange nder which provides depthinformation within a
singeplane.Given the optical propertiesof a cameraandthe
transformatiorbetweenthe cameraand the laserrange ndeg
distanceinformation from the laser range nder can be pro-
jectedonto the image coordinateqFigure 12).

Giventheheading andtheranger of a scantheprojected
position(x; y) in theimagecoordinatesystemis computedas
follows:

3
w 1 tan( )
X _4 2 tan(fn) 5
h d 1
y 7 1+ d ¢ D) =
(15)

where the focal length of the camerais |, the horizontal
and vertical eld of view of the cameraarefy andfy, the
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Algorithm 4. Multiple Particle Filters for Multiple Motion Tracking

Input: the previous particle Iter setP! 1, the differenceimagel (‘j,
and the ego-motiontransformatiorT! ;
Output: a new particle lter setP!

1 createa particle Iter po ;

2 P%  fpog;
3 begin
/* updateall particle Iters in theset */
4 Pt
5 lg 1t
6 foreacha particle Iter p; in Pt 1 do
7 updatethe particle lter p; usingthe differenceimagel g4 ;
8 retrieve the clusterinformationC; from the updatedparticle
lter p;i ;
9 if jCij > 0 /* checktheconvergence */
10 then
11 Pt P!'[ fpig;
12 pt 1 Pt 1l fpg;
13 forall a cluster< j; ; > in Ci do
14 | 1a 1a region (j; j);
15 end
16 end
17 end
/* addanextra particle lter if allowed */
18 if jPt 1j> 0then
19 selecta particle Iter p®from Pt 1 ;
20 resetthe particle Iter p°;
21 Pt PU[ fpig;
22 pt 1 pt1l fpg;
23 else
24 if jP'j < Nmax then
25 createa new particle lter p°;
26 Pt P'[fpig;
27 end
28 end
/* destry unusedpatrticle lters */
29 forall a particle lter p; in Pt 1 do
30 | destry the particle Iter p; ;
31 end
32 end

33 return P!

height from the laserrange nderto the camerais d, andthe
image sizeis w  h. This projection model assumes very
simplecameranodel(a pin-holecamerafor fastcomputation.
As a result of the projection, the image pixels at the same
height as the laser range nder will have depth information
as shavn in Figure 13. For ground robots, this partial 3D

information can be enoughfor safe navigation assumingall

moving obstaclesare on the the sameplaneas the robot. In

terms of moving object tracking, if the region of a moving

objectsin image spaceand thosepixels are overlappedthen
the distancebetweena robot and the moving object can be
estimated.

This naive integration of the 2D motion estimatesand
rangescansfrom a laserrange nderis a reasonableractical
solution.However, usingtwo separatesensorsequiresanother
estimationproblempotentially which is the fusion of multiple
asynchronougputs.A preferredroute (not investigatechere)
would be to usestereovision for depthinformation retrieval.
If computationalpower allows one can exploit the factsthat
stereo(1) providesfull depthinformationof animagespace,
and (2) a single input sourceprovides synchronousiataand
betterfusion resultcan be expected.

focal length

height

distance

Fig. 12. Projectionof laser scansonto the image coordinates:The range
scansfrom a laserrange nder can be projectedonto the image coordinate
systembasedon the optical propertiesof a cameraand the transformation
betweenthe cameraandthe laserrange nder

Fig. 13. Projectedlaserscans:The image pixels at the sameheight asthe
laserrange nderhave depthinformation.

VI. EXPERIMENTAL RESULTS AND DISCUSSION

The proposedmotion tracking systemwastestedin various
scenarios First, the robustnessof ego-motion compensation
andmotiontrackingalgorithmswastestedusingthreedifferent
robot platforms. The performanceds analyzedin SectionVI-
A. Secondthe multiple-motiontracking systemdescribedn
SectionlV-D wastestedusing variousscenariosThe results
are presentedn SectionVI-B. Finally, the tracking system
wasintegratedwith an actualrobot control system.The result
is discussedn SectionVI-C.

A. Tracking a Moving Objectfrom Various Platforms

The ego-motionof amobilerobotis diverseaccordingto its
actuatordesignandtheway the camerds mountedon the plat-
form. For example,a down-facingcameramountedon an UAV
(UnmanedAerial Vehicle)would shav a differentego-motion
from a forward-facingcameramountedon a walking robot. In
addition, the compleity of the ego-motionincreaseshrough
the interactionwith rough terrain. The tracking performance
is also affected by the distribution of occlusie obstaclesin
an ervironment.Therefore the ego-motioncompensatiorand
the motion tracking algorithms should be testedon various
ervironmentswith a wide variety of mobile platforms.

1) ExperimentalSetup: The tracking algorithmswere im-
plementedand testedin various outdoor ervironmentsusing
three different robot platforms: robotic helicopter Segway
RMP, and Pioneer2AT. Eachplatform hasunique character
istics in termsof its ego-motion.

The Robotic Helicopter [33] in Figure 14 (a) is an au-
tonomousying vehicle carryinga monocularcamerafacing
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(a) RoboticHelicopter

(b) Segway RMP

11

(c) Pioneer2AT

Fig. 14. Robotplatformsfor experiments:Eachplatform hasunique characteristicsn termsof its ego-motion.

downward.Onceit takesoff andhovers,planarmovementsare
the main motion, and moving objectson the groundstayat a
roughly constantdistancefrom the cameramost of the time;
however, pitch androll motionsstill generateeomplicatevideo
sequencesAlso, high-frequeng vibration of the engineadds
motion-blurto cameraimages.

The Segway RMP in Figure 14 (b) is a two-wheeled,
dynamically stable robot with self-balancingcapability It
works like an inverted pendulum;the wheels are driven in
the directionthat the upperpart of the robot s falling, which
meansthe robot body pitcheswheneer it moves. Especially
when the robot acceleratesor deceleratesthe pitch angle
increasedy asigni cant amount.Sinceall sensoraredirectly
mountedon the platform, the pitch motions prevent direct
image processing.Therefore,the ego-motion compensation
stepshouldbe able to copewith not only planarmovements
but also pitch motions.

The Pioneer2AT in Figure14 (c) is a typical four-wheeled,
staticallystablerobot. Sincethe PioneerZobotis the only stat-
ically stableplatform amongtheserobot platforms,we drove
therobotonthe mostseveretestervironment.Figure17 shavs
the rocky terrainwherethe robot wasdriven. In addition,the
moving objects were occluded occasionallybecauseof the
treesin the ervironment.

The computationwas performedon embeddedcomputers
(Pentiumlll 1.0 GHz) on the robots.Low resolution(320x240
pixels) input imageswere chosenfor real-timeresponseThe
maximum number of particles was set to 5,000, and the
minimum number of particles was set to 1000. Since the
algorithmis supposedo run in parallelwith other processes
(eg. navigation and communication),less than 70 percent
of the CPU time was dedicatedfor tracking; the tracking
algorithmwas ableto process ve framesper second.

2) ExperimentalResults: The performanceof the tracking
algorithm was evaluated by comparing with the positions
of manually tracked objects. For eachvideo sequencethe
rectangulamegion of moving objectswere marked manually
and usedas groundtruth. Figure 15-17 shaw this evaluation
process.The upperrows shav the input image sequenceand
the positions of manually-trackd objects are marked with
rectanglesThe lower rows shav the set of particlesandthe
clusteringresults.The positionof eachparticleis marked with
dots,andthe horizontalbar on the top-left cornerof theimage
indicatesthe numberof particlesbeing used.The clustering
resultis representedising an ellipsoid and a line inside. The
ellipsoid shavs the mean and covariance of the estimated

objectposition,andthe line inside of the ellipsoid represents
the estimatedvelocity vectorof the object.

The nal evaluation result is shovn in Table I. Frames
is the number of image framesin a video sequenceand
Motions is the number of moving objects. Detectedis the
total numberof detectedobjects,and True + and False +
arethe numberof correctdetectionsandthe numberof false-
positives respectiely. Detection Rate shavs the percentage
of moving objectscorrectly detected,and Avg. Error is the
averageEuclideandistancen pixels betweerthe groundtruth
and the output of tracking algorithm. The averagedistance
error should not be consideredas actual error measurement
since the tracking algorithm does not perform an explicit
object sgmentation;it may track a part of an object that
generatesnotion while the ground truth always tracks the
whole objectseven thoughonly part of the objectmoves.

The Robotic helicopter result shavs that the tracking al-
gorithm missed sesen objects, but ve of them were the
casesvhena moving objectwasintroducedand shoved only
partially on the boundaryof theimageplane.Oncethe whole
objectenterednto the eld of view of the camerathetracking
algorithmtracked it robustly. For the Segyway RMP result,the
detectionrate was satishictory but the averagedistanceerror
was larger than the others. The reasonwas that the walking
personwascloserto therobotandthetrackingalgorithmoften
detectedhe upperbodyonly, which causeda constantlistance
error. The Pioneer2AT resultshows the higherratio of false-
positives; however, as explainedin the previous section,the
terrain for the experimentwas more challenging(rocky) and
the input imageswere more blurred and unstable.Overall
various types of ego-motionswere successfullyeliminated
from input images,and the particle Iter was able to track
motionsrobustly from diverserobot platforms.

B. Tracking Multiple Moving Objects

The multiple-motiontrackingsystemusingmultiple particle
Iters wasintroducedin SectionlV-D. Sincethe robustnesf
an individual lter was analyzedin SectionVI-A, we focus
on analyzinghow multiple Iters are createdand destrged
effectively when the numberof moving objectschangesdy-
namically

1) ExperimentalSetup: The Sggway RMP in Figure 14 (b)
was selectedfor the experimentbecauseof its complex ego-
motion. The Sgway RMP is a dynamically stable platform,
andits pitching motionsfor self-balancingare combinedinto
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(@) t= 13 (b) t=21 © t= 34

) t= 13 () t=21 M t=34

Fig. 15. Moving objecttrackingfrom Robotichelicopter:The upperrow shaws the input imagesequencavith manually-trackd objects,andthe lower row
shaws the particle Iter outputsand clusteringresults.

(@) t=57 (b) t= 119 ) t= 195

) t=57 (e) t= 119 f) t= 195

Fig. 16. Moving objecttracking from Segway RMP: The upperrow shavs the input image sequencevith manually-trackd objects,and the lower row
shaws the particle Iter outputsand clusteringresults.

TABLE |
PERFORMANCE OF MOVING OBJECT DETECTION ALGORITHM

Platform Frames Motions Detected True + False+ DetectionRate Avg. Error
Robotic helicopter 43 35 28 28 0 80.00% 11.90
Segway RMP 230 220 215 211 4 95.90% 21.31
Pioneer2AT 195 172 158 146 12 84.88% 15.87




TECHNICAL REPOR CRES-05-008CENTER FOR ROBOTICS AND EMBEDDED SYSTEMS,UNIVERSITY OF SOUTHERNCALIFORNIA

(@ t= 35
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(b) t= 56

(e) t= 56
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(c) t=191

) t= 191

Fig. 17. Moving objecttrackingfrom Pioneer2AT: The upperrow shavs the inputimagesequenceavith manually-trackd objects,andthe lower row shavs

the particle lter outputsand clusteringresults.

linearandangularmotions.The combinationof thesemotions
causesomplicatedego-motionsevenwhentherobotis driven
ona at terrainor whentherobotstopsin place.Therobotwas
drivenon the USC campusduring the daytimewhenthereare
diverseactiities in the ervironmentincluding walking people
and automobiles.

The tracking performanceis analyzedfor three different
casesAs explainedin SectionlV-D, if one of the following
two conditionsis not satis ed, a single particle lter fails to
track multiple objectseven thoughit supportsmulti-modality
in theory: (1) all objectsshouldbeintroducedbeforea particle
Iter corverges,and (2) the corvergencespeedof a particle
Iter shouldbe sacri ced by usinga “bad” perceptiormodel.
The rst two casesare whenone or both conditionscan not
be satis ed. In the rst case,thereare three peoplewalking
by, but the peopleareintroducedin the inputimagesequence
one by one, which violatesthe rst condition. In the second
case,there are two groupsof automobilespassingby, and
they are introduced sequentiallywith a big time interval
betweenthem.In addition,the automobilesmove fastenough
so that the corvergencespeedof a particle Iter cannotbe
sacri ced, which violates the secondcondition. The results
for both casesshav how the multiple particle Iter approach
overcomeghelimitation of a singleparticle Iter . The stability
of this approachis also clear In the last case,it is obsened
how multiple particle lters behare whentwo peoplewalk in
differentdirectionsand intersectin the middle.

The computationvasperformedon a PentiumlV (2.1 GHz)
computey and the image resolutionwas x ed to 320x240
pixels. The maximum number of particle lters was x ed
to ve, andfor an individual particle Iter, the rangeof the
numberof particleswas setto (1000  5000). The number

of framesprocesseder secondvaries basedon how mary
particle Iters have beencreated but roughly 10 frameswere
ableto be processed.

2) ExperimentalResults: The snapshotsof the multiple
particle lter tracking multiple moving objectsare shavn in
Figure18—-20.The upperrows of the gures shav inputimage
sequenceandmanually-trackdmoving objectsin theimages.
The manually-trackd objectsaremarked with rectanglesThe
lower rows shav particle Iters and the covered area (the
minimum rectangularregion enclosingeachellipsoid that is
generatedby the particleclusteringalgorithm)by eachparticle
Iter . Only corvergedparticle Iter is visualizedontheimages.
Eachparticle Iter is drawvn with different colored dots, and
the coveredareasare marked with rectangles.

The experimentalresult of the rst caseis shovn in Fig-
ure 18. The estimationprocessstartswith a single particle
Iter. Whenthe rst personentersinto the eld of view of
the cameraas in Figure 18 (a), the particle Iter corverges
and startsto track the personasin Figure 18 (d), anda new
particle Iter is createdto explore the remainedarea.When
the secondpersonentersasin Figure 18 (b), the new particle
Iter corvergesand startsto track the secondpersonas in
Figure18 (e),andanothemparticle Iter is createdThisprocess
is repeatedvhenever a new objectis introduced.At the end
whenthreepeoplearein the inputimageasin Figure 18 (c),
the total numberof particle Iters becomedour; three lters
for peopleand oneextra Iter to explore.

Figure 19 shavs the experimentalresultof the secondcase.
The estimationprocesss performedin the sameway with the
rst case.Whene&er a nev automobileis introduced,a new
particle lter is created Whenthe automobileleavesfrom the
eld of view of the camerathe particle lter that tracksthe
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(a) t= 49 (b) t= 95 © t=132

(d) t= 49 (e) t= 95 ) t= 132

Fig. 18. Trackingpeople:Therearethreepeoplewalking by. The upperrow shavs the input imagesequencevith manually-trackd objects,andthe lower
row shaws the particle Iter outputsand clusteringresults.

() t= 51 (b) t= 66 © t= 85

@) t=51 (e) t= 66 M t=85

Fig. 19. TrackingautomobilesTherearetwo carspassingby followed by a third car The upperrow shavs the inputimagesequencevith manually-trackd
objects,andthe lower row shaws the particle Iter outputsand clusteringresults.

TABLE I
PERFORMANCE OF MOVING OBJECT DETECTION ALGORITHM

Case Frames Motions Detected True + False+ Detection Rate Avg. Error
(1) Pedestrians 141 285 274 274 0 96.14% 8.68
(2) Automobiles 123 120 95 92 3 76.67% 20.40
(3) Intersection 81 162 156 156 0 96.30% 12.34
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(@) t= 27

d) t= 27
Fig. 20.

(b) t= 38

(e) t= 38

Intersectionalparticles: There are two peopleintersectingin the image. The upperrow shaws the input image sequencevith manually-trackd

15

(c) t= 67

) t= 67

objects,andthe lower row shaws the particle lter outputsand clusteringresults.

automobiledivergesand is destrgyed eventually

The experimental result of the third caseis shown in
Figure20. Therearetwo peoplewalkingin differentdirections
as in Figure 20 (a), and two particle Iters are createdto
track them individually asin Figure 20 (d). The pedestrians
intersectin the middle, and keep walking in eachdirection.
Figure 20 (e) and(f) demonstrat¢hatthe particle Iters track
them successfullywithout being confusedby the intersection.

The detailedevaluationresultis shovn in Table Il. There
wereuntraclked motionsin common;however, it happenonly
right after a new object is introduced and before a lter
corvergeson the object.Oncea patrticle lter corvergesandis
associateavith the object,it neverfailsto trackthe object.For
the secondcase the detectionrateis lower thanthe othertwo
cases.This is reasonablesince the motion of an automobile
is muchfasterthanthat of a person,andit took longerfor a
particle lter to convergeonit. Thefalse-positiesobsenedin
the secondcasearealsorelatedto the fastermotion. Whenan
automobileleavesfrom the cameraeld of view, it disappears
quickly enoughso that the particle Iter stayscorvergedfor
one or two frames. In general,the multiple particle Iter
approachshows stableperformanceor all cases.

C. Closethe loop: Following a Moving Object

The proposedtracking systemis integrated with a robot
control loop, and its robustnessand real-time capability are
tested.For this experiment,the task of a robotis to wait for
a moving objectto appearand follow the object.

1) SystemDesign and Implementation: A robot needs
two capabilitiesto accomplishthe task: motion detection
and tracking, and local navigation. For motion detectionand
tracking,the systemdescribedn Sectionlll-V is utilized. This

Monitoring
Layer

Image
Server

T

Motion
Tracker

Tracking

The Position Estimate
Layer

of a Moving Object

Laser
Rangefinder

Fig. 21. Control architecturefor motion following system:The “motion
tracler” box representshe proposedmotion tracking system.

1

Local Navigation
Plannar (VFH+)

Navigation
Layer

module takes the sequenceof cameraimagesand the laser
rangescansas inputs, and computeshe existenceof moving
object(s)and the estimationof target positionsin the robot's
local coordinatesFor local navigation, VFH+ (Vector Field
Histogram+) [34] algorithmis implementedInternally, VFH+
algorithm performs two tasks: (1) it retrieves range scans
from a laser range ndet and build a local occupang grid
mapfor obstacleavoidance and(2) whenthe estimatedarget
position is given, the algorithm generatesoth translational
androtationalmotor commandgor point-to-pointnavigation.

The system architectureis presentedin Figure 21. The
implementedsystemwas deplogyed on a Segway RMP robot.
The computationwas performedon an embeddedcomputer
(Athlon 1.0 GHz) on the robot, and the imageresolutionwas
x ed at 320x240pixels.

2) ExperimentalResult: The snapshotf the robot fol-
lowing a personare shawvn in Figure 22. When the person
enterednto the eld of view of thecameraasin Figure22 (a),
the particle lter corvergedon him, and the Segway started
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to follow it. As shawn in Figure 22 (b)-(e) and (h)-(i), there
wereautomobilesa golf car, andpedestrianpassingoy in the
backgroundHowever, the tracking systemwas not confused
by them; the Segway was able to track the personwithout
a single failure. When the personstoppedand stood still as
in Figure 22 (1), the particle lter diverged, which madethe
robot stop. However, whenthe personre-startedo walk asin

Figure22 (m), the particle Iter wasableto detectthe motion
again,andthe robot re-startedo follow the person.

VII. CONCLUSION

We have presentedh setof algorithmsfor multiple motion
tracking from a mobile robot in real-time. There are three
challenges:1) Compensatiorfor the robot ego-motion: The
ego-motion of the robot was directly measuredusing corre-
spondingfeaturesetsin two consecutieimagesobtainedfrom
a camerarigidly attachedto the robot. In orderto eliminate
the unfavorable effect of a moving objectin the image se-
guence,an outlier detectionalgorithm hasbeenproposed2)
Transientandstructuralnoise: An adaptve particle lter has
beendesignedfor robust motion tracking. The position and
velocity of a moving object were estimatedby combining
the perceptionmodel and the motion model incrementally
Also, the multiple target tracking systemhas beendesigned
using multiple particle lters. 3) Sensorfusion: The depth
information from a laser range nder was projectedinto the
image space,and the partial 3D position information was
constructedn the region of overlap betweenthe rangedata
andthe imagedata.

The proposedalgorithms have been tested with various
con gurationsin outdoorernvironments.First, the algorithms
were deployed on three different platforms (Robotic Heli-
copter, SgwayRMP, andPioneer2AT), andtestedn different
ervironments.The experimentalresults shoved that various
type of ego-motionswere successfullyeliminatedfrom input
images, and the particle Iter was able to track motions
robustly. Second,the multiple target tracking algorithm was
testedfor differenttypesof motions.The experimentalresults
shav that multiple particle Iters are createdand destrgyed
dynamically to track multiple targetsintroducedat different
times. Lastly, the tracking algorithm was integrated with a
robot control loop to testits real-timecapability andthe task

of following a moving objectwas successfullyaccomplished.

The proposedalgorithms are expectedto be utilized in
variousapplicationdomainsasa key enablerLocalizationand
mappingproblemshave beenstudiedactively by the mobile
roboticscommunity andthereare mary well-developedtech-
nigueswidely used.However, mosttechniquesassumea static
ervironment,and their performanceds degradedsigni cantly
whenthereare dynamicobjectsin an ernvironment.Our algo-
rithm providesa robustmethodto detectdynamicobjectsin an
ervironment,andit canbe exploited in a pre-processingtep
to Iter outdatathatareassociatedvith the dynamicobjects.
Safe navigation is anotherfundamentalproblem in mobile
robotics,andmostsolutionsgeneratanotioncommanddased
on local positions of obstacles.However, those solutions
becomeunreliable when obstaclesare dynamic, especially

whenthe obstacleanove fasterthanthe robot. In this case,a
mobile robot needsto predict obstacleposition in the near
future to avoid collision. The motion velocity (speedand
direction) estimationcapability of our algorithm could ful I
this requirementHuman-obot interaction is active research
areain servicerobot applications,and locating a subjectto
interactwith is a key problem.Our algorithm is applicable
in this regard. Needlessto say surveillance and security
applicationscould make use of our algorithmsto detectand
track moving tamets.
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