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Abstract— In this paper we proposea new approachfor multi-
objective control using a cascadeof �lters that progressively re-
movescandidatecommandswhich do not satisfy task constraints.
The approachis motivated by other control methodsthat prevent
destructive control interactions thr ough null spaceprojections.
We apply this approach to a practical leader/follower task in
which a mobile robot must addressthe con�icting objectives of
moving to a goal position while avoiding obstaclesand keeping
a region of the workspace within the �eld of view of a �xed
camera mounted on the platform. We experimentally verify our
approach using the SegwayRobotic Mobility Platform (RMP), a
dynamically stable, differ ential dri ve mobile robot.

I . INTRODUCTION

As both the physical capabilitiesof autonomousrobotsand
the complexity of the tasks we demandof them increase,
it becomesimperative for system programmersto have a
clear and intuitive framework to implementmultiple concur-
rent behaviors. In general,the robot must be able to make
decisionsthat satisfymultiple, possiblycon�icting objectives
while utilizing multiple resourceswith a guaranteedlevel of
performance.

In this paper we proposea new approachfor choosing
control commandsusing a cascadeof �lters that progres-
sively remove candidatecommandswhich do not satisfy task
objectives or constraints.The inspiration for this approach
has come from analogouswork on multi-objective control
in the Laboratory for PerceptualRoboticsat the University
of MassachusettsAmherst [9], [15] in which subordinate
controllers can only act without disturbing the progressof
higherpriority controllers.Ourapproachalsodraws inspiration
from the domainof multi-objective decisionmaking [12].

We apply this approachto a highly constrainedinstanceof
a leader/follower task in which a mobile robot must move
to a goal position while avoiding obstaclesand keeping a
region aroundthe goal within the �eld of view of a camera
mountedon the platform. This behavior is a prerequisiteto
the task of persontracking and following in the presenceof
dynamicobstacles,which is critical to many servicerobotics
applicationslike astronautassistancein planetaryexplorations
[2] and leader/follower multi-robot searchtasks [15], [17].
This is challengingbecausethe task constraintsmay create

complex con�icts betweenobjectives that the control system
must resolve.

I I . RELATED WORK

A. Multi-ObjectiveControl

The leader/follower task for a team of robots is a well-
known problemin the domainof multi-robot formation con-
trol [5]. To successfullycompletethe task, the robots must
avoid obstacleswhile coordinating their motion to main-
tain communication.Yang [17] presentsa null spacecom-
position approachfor addressingmultiple objectives in a
leader/follower searchtask. In our task, we do not consider
multi-robot cooperation,however, the multi-objective nature
of the problem remains. Other related work includes the
AuRA architecture,developed by Arkin et al. [1] which
computescontrol actions as weighted, linear combinations
of non-linearmotor schemata,and the lexicographicmethod
for multi-objective decisionmaking which relies on function
optimization[12].

Thenull spacecompositionapproachto multi-objectivecon-
trol appliesthe conceptof null spacesto composecontrollers
de�ned by arti�cial potential�elds [9], [13], [16]; subordinate
controlactionsareprojectedontotheequipotentialmanifoldof
superordinatecontrollers.This null spaceprojectionrelation-
ship is denotedby the “subject-to” (/ ) operator. For example,
for two controllers� � and� � , � � / � � meansthat � � canonly
make progresstoward its goal in theequipotentialmanifoldof
� � . This guaranteesthat lower priority control actionsdo not
destructively interferewith the superiorcontroller.

B. Real-Time ObstacleAvoidance

Early approachesfor goal seekingwhile performing col-
lision avoidance are basedon potential methodsin which
local repulsive forcesaresummedwith attractive forcesfrom
the goal [10], [11]. The vector �eld histogramapproach[3]
builds a polarobstacledensityhistogramwhich therobotuses
to avoid obstacles.Theseapproachesare susceptibleto local
minima despite being computationallyef�cient. Navigation
functions such as NF1 [11] and harmonic potential �elds
[6] overcome this problem by computing globally optimal
solutions.



The curvaturevelocity method[14] and the dynamicwin-
dow approach[7] use linear weightedobjective functions to
rank motion commandsaccording to the qualities of their
correspondingtrajectories.Thoughtheseapproachestake the
dynamicand kinematicconstraintsof the robot into account
when making control decisions,they too suffer from local
minima.

Thedynamicwindow approach[7] providesa robustframe-
work for high-speedobstacle avoidance and goal-seeking
behavior in unknown dynamic environments.The dynamic
windowcontainsthevelocitiesof a robotthatareachievablein
oneservo tick given its kinematiccon�guration anddynamic
constraints.This limits thesearchspaceof trajectoriesto those
that arephysically realizable.The approachchoosesthe next
motioncommandby searchingover thesetof translationaland
rotationalvelocity tuples(v; ! ) in the dynamicwindow. The
searchspaceis further reducedto admissiblevelocities;those
that produce collision-free trajectories.Figure 1 illustrates
the achievable and the admissible tuples in the space of
translationalandrotationalvelocities.
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Fig. 1. The searchspacefor the dynamicwindow approach.

A dynamicsimulationis performedfor eachvelocity com-
mandwithin the currentdynamicwindow, underthe assump-
tion that the robot achieves the velocity andholds it constant
for the remainderof the trajectory. Certain propertiessuch
as proximity to obstaclesor progresstoward the goal are
evaluatedfor the resultingtrajectory. A quality valuefor each
trajectory is computedusing a weighted linear combination
of the propertiesdeterminedby the dynamicsimulation.The
trajectorywith the highestquality is usedto generatemotor
commands.However, the robot may still get caughtin local
minima.

The global dynamic window approach[4] overcomesthe
limitation by incorporatinga global planner- the navigation
functionNF1 [11] - over thediscretizedworkspace,measuring
theL 1-normof the robot to thegoal.Descendingthegradient
of this potential �eld brings the robot to the goal without
hitting obstacles.

The global dynamicwindow approachguaranteessafetyby
eliminating non-admissiblevelocities from the searchspace.

We canfurthershaperobotbehavior by eliminatingregionsof
the searchspacethat do not satisfyadditionalobjectives.We
formalize this notion in the following section.

I I I . CASCADED FILTER APPROACH

A. Filters

We de�ne a �lter to be a function  that takesa nonempty
set of candidatesI and returnsa set of candidatesO � I
that satisfy the criteria of the �lter . In the simplestcase,a
threshold �lter  selectsa candidatec from I if andonly if
somepropertyof c is above (or below) a threshold.

 (I ; � ; p; � )
4
= f cjc 2 I ; p(c) � � g; (1)

wherep(c) is propertyp of candidatec, � is a comparison
operatorand � is a threshold.

Another type of �lter is the besteffort �lter  ? which we
de�ne as

 ?(I ; � ; p; � )
4
=  (I ; � ; p; � ) [ (2)

f cjc 2 I ; 8c0 2 I p(c) � p(c0)g:

If no candidatec exists after applying a threshold�lter , then
the besteffort �lter selectsthe element(s)that are closestto
the threshold.

An analogycan be madebetween�lters as de�ned above
and controllers as used in null spacecontrol compositions.
The setreturnedby a �lter is analogousto the null spaceof a
controller, asboth de�ne a spacein which subordinate�lters
or controllers can work without disturbing superior �lters
or controllers.This allows us to use terminology developed
for null spacecontrol compositionsto de�ne cascadesof
�lters. Speci�cally we can use the “subject-to” (/ ) operator
introducedabove in the context of �lter compositions.

For �lters  � and  � ,  � /  � meansthat the input to
 � is the output of  � . Thus  � cannotreturn any control
decisionnot returnedby  � , so  � cannotviolate constraints
introducedby  � .

However, thereareimportantdifferencesbetweencascaded
�lters and cascadedcontrollersthat clearly distinguishthem.
Controllersgeneratea policy throughcon�guration space,but
�lters do not generatepolicies, they remove somesubsetof
the control decisionsthat constitutetheir input. In general,
it is only possible to use a composition of controllers to
generatepolicies when a continuousarti�cial potential for
task objectives can be computed.If a potential �eld is not
available for a task or the gradient of the potential �eld
cannotbecomputedin real time, andthepropertiesof control
decisionsmustbedeterminedthroughsomeothermeanssuch
asdynamicsimulation,cascaded�lters provide an alternative
thatmaintainsomeof thedesirablepropertiesof compositions
of controllers.

IV. IMPLEMENTATION

The task for our robot is to travel to a goal locationwhile
avoiding obstacles,and keepingthe goal within the �eld of
view of the �x ed on boardcamera.The scenariothat we use



for experimentationis a blocked corridor. The robot startsat
oneendof a narrow corridorwith thegoalregion to betracked
at the other. As the platform approachesthe goal region, an
obstacleappearsbetweenthe robot and the goal, effectively
sealingthe corridor.

In order for the robot to successfullycomplete its task
without allowing the goal region to leave the �eld of view
of the camera, it must back away and maneuver around
the outsideof the corridor so that it keepsthe goal region
within the �eld of view of the camera.We have identi�ed the
following behaviors as necessaryfor the completionof this
task:forwardmotion,backwardmotionandstopping.Distinct
statesare required becausethe different behaviors require
different prioritizationsof objectives. Eachof thesestatesis
de�ned by a particular�lter cascadewhich correspondsto the
prioritization of the possiblycon�icting objectives.

The inputs to the �lter cascadeswill be the set of all
rotationaland translationalvelocities the platform is capable
of attaining.For all cascades,the highestpriority �lter will
selecta discreteset of trajectoriesparameterizedby (v; ! ).
Part of this set will containachievable velocitiesdetermined
via the dynamic window [7]. The other part of this set is
composedof non-achievable velocities that are oppositethe
currentdirection of motion. Thesetrajectoriesare marked as
non-achievableandarenever usedto directly generatemotor
commands.Wewill referto this �lter astheexpandeddynamic
window. By examiningthe setreturnedby a �lter cascadefor
non-achievabletrajectorieswe candeterminewhenit is useful
to changethe stateof the robot.

A. Propertiesof Trajectories

We de�ne a set of propertiesof trajectoriesthat we useto
de�ne our �lters for the trackingtask.All of theseproperties,
except achievable and translational velocity are determined
via a dynamicsimulationof the trajectory.

l (�): Length is the distanceuntil a collision with an obstacle.

� (�): Orientation time is the time that will passuntil the
subjectis no longer in the �eld of view of the camera.


 (�): Gradient error is the differencein the orientationof
the front of the robot and the direction of the NF1 gradient
after following the trajectory for somepredeterminedlength
of time.

� (�): Potential drop is the maximumdrop in NF1 potential
betweenthe currentpositionof the robot andany point along
the trajectory.


( �): Goal is a Booleanfunction that indicatesif a trajectory
ever entersthe goal region.

a(�): Achievable trajectory is a Booleanfunction that indi-
cateswhetheror not a trajectoryis achievablebaseduponthe
dynamicwindow.

v(�): Translational velocity of the tuple (v; ! ) that generates
the trajectory.

B. Filters for Tracking

Speci�c objectives can be realizedby properly parameter-
izing �lters with the propertiesde�ned above. The valuesof
the threshold� always have the sameunits as the property
speci�ed in the �lter .

a) ExpandedDynamicWindow: The �lter 	 EDW returns
a subsetof the achievable trajectoriesfrom the set of all
possibletrajectoriesplussomenon-achievabletrajectoriesthat
areoppositethe currentdirectionof travel.

b) Safety: This �lter removes trajectoriesthat would be
unsafe.By setting� to be the distancerequiredto bring the
robot to a full halt undermaximumbraking,we canguarantee
that all of the trajectoriesin the output are safewith respect
to obstacleavoidance.

	 S =  (I ; � ; l ; � )

c) Viewpoint: This besteffort �lter removes trajectories
in which the target quickly passesout of the �eld of view
of the camera.For example, setting � = 3 secondswill, if
possible,selecttrajectoriesthat keepthe target in the �eld of
view for at least3 seconds.If this is not possible,it will select
the trajectorythat will keepthe target in the �eld of view for
the longestperiodof time.

	 V =  ?(I ; � ; � ; � )

d) GradientAlignment: This �lter eliminatestrajectories
in which the front of the robot is not well aligned with
the local NF1 gradient. It can be seenas the combination
of a threshold�lter and a best effort �lter that effects only
achievabletrajectories.This �lter will alwayshave at leastone
achievabletrajectoryin its output if thereis at leastonein its
input. If thefront of therobotis well alignedwith thegradient,
the �lter' s outputwill containnon-achievable trajectoriesthat
canbe usedto determinethe stateof the robot.

	 GA =  (I ; � ; 
 ; � ) [ [ ?(I ; � ; 
 ; � ) /  (I ; true; a;=)]

e) PotentialDrop: This �lter selectsthetrajectorieswith
the biggestpotentialdrop along their paths.

	 PD =  ?(I ; 1 ; � ; � )

f) Goal: Thepurposeof this �lter is to selecttrajectories
that bring the robot to the goal position with a velocity less
thansomethresholdvelocity.

	 G =
�

 ?(I ; � ; v; � ) /  (I ; 1; 
 ; =) if  (I ; 1; 
 ; =) =2 ;
I otherwise

C. SystemDescription

Wedesigneda �nite statemachinewith � vestatesto address
our task.Figure2 shows the�nite statemachineandtheevents
that trigger statetransitions.Motion commandsaregenerated
from a trajectoryin C, which is thesetof candidatesreturned
by the �lter cascadeof the currentstate.The trajectoryused
for motion control is obtainedby applying a simple, state-
dependentobjective function to the candidatesin C.



State1 correspondsto forwardmotion.Theassociated�lter
cascadeis

	 PD / 	 V / 	 G / 	 S / 	 EDW:

The element c 2 C with the greatestv(c) is chosento
generatemotor commands,with ties broken arbitrarily. This
�lter cascadegeneratesmotions that are safe with respect
to obstacle avoidance, exhibit goal seeking behavior, and
maintaintheviewpoint constraint.Thelast�lter in thecascade
ensuresprogresstoward the goal.

State2 correspondsto stopping in order to changefrom
forwardmotionto backwardmotionandstate5 correspondsto
stoppingin orderto changefrom backwardmotion to forward
motion. The associated�lter cascadeis

	 V / 	 S / 	 EDW:

The elementc 2 C with the least absolutev(c) is chosen
to generatemotor commands,with ties broken arbitrarily.
This particular �lter cascadeis chosensince we are only
concernedwith not violating our tracking constraintwhile
safelystopping.

States3 and4 correspondto backwardmotion.Thereasons
for differentiatingthesestatesare describedbelow. The �lter
cascadeis

	 GA / 	 V / 	 G / 	 S / 	 EDW:

The elementc 2 C with the greatestnegative v(c) is chosen
to generatemotorcommands,with tiesbrokenarbitrarily. This
�lter cascadeis identicalto the �lter cascadein state1 except
for the lowest priority �lter 	 GA. When moving backward,
we are not trying to make progresstoward the goal, rather,
we want to betterpositionthe robot to make forwardprogress
in the future.This canbe accomplishedby aligning the robot
with the NF1 gradient,so 	 PD is replacedwith 	 GA.

The transitionfrom state1 occurswhenall of thecandidate
trajectoriesreturnedby the �lter cascadeare non-achievable,
indicating that forward motion is no longer desirable.The
transitionsfrom states2 and5 occurwhentherobothascome
to a halt. The transitionfrom state3 to state5 correspondsto
situationswhere there are no backward trajectoriesreturned
by the �lter cascade.State4 transitionsto state5 whenthere
is any forward velocity returnedby the �lter cascade.The
transition from state3 to state 4 occurswhen the distance
traveled in state3, d, exceedssomethreshold� d. This helps
limit thedistancetherobot travelsbackward.This is desirable
becausethe robot hasno backward-facingsensorsandwe do
not want to move too far from our target.

V. EXPERIMENTAL RESULTS

A. RoboticPlatform

In our experiments,we use the Segway Robotic Mobility
Platform(RMP),shown in Figure3. It is a dynamicallystable,
differential drive mobile platform, capableof speedsof 12
km/h. A 2.4 GHz Mobile Pentium 4 laptop with 1 GB of
RAM running Linux is mountedon the RMP. We interfaced

d � � d

8(c 2 C)a(c) = f alse

v(c) = 0
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Fig. 2. State Transition Diagram. Each transition is labeled with the
conditionsthattriggerthetransition.C is thesetreturnedby the�lter cascaded
in the originating state.v(c) is the current velocity of the robot. d is the
distancetraveledsinceenteringthe originatingstate3.

Fig. 3. The Segway RMP equippedwith a laserrange�nder anda camera.
ThePVC pipesarea safetysystemthatprotectstheon boardequipmentfrom
damagein caseof systemfailure.

with the RMP hardware through a Kvaser PCMCIA CAN
interface.The RMP alsohasan 802.11bwirelesshub for off
boardcommunication.

We attacheda SICK laser range�nder and a Sony color
camerato the top of the platform. For theseexperimentswe
treatthecameraasif it were�x ed.Thelaserrange�nder hasa
180� �eld of view in thehorizontalplane.Thecamera,af�x ed
to a mastnearthe centerof the platform, hasa �eld of view
of approximately70� , andis usedto tracka target.We impose
a viewpoint constraintthat limits the position of the goal in
the cameraimageto be lessthan � 34:4� (600 milliradians)
from the centerof the image.In this work, it is assumedthat
all obstaclesare tall enoughto be detectedby the laser, but
short enoughnot to occludethe view of the camera.We use
the Player/Stage[8] mobile robot control architectureto drive
the RMP.

Figures4(a)–4(f)show imagesof the experimentandsnap-
shotsof the con�guration spacemapsgeneratedfor the RMP
while executing the task. In thesecon�guration spacemaps,
black areasare obstaclesand white areasdenotefree space.
TheNF1 potentialfunction,computedfor a limited portionof
the con�guration space,as in [4], is shown as a gray region.
The global minimum of this function is at the goal.

Figures 4(a) and 4(b) show the start and goal positions
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Fig. 4. (a) This pictureshows a still shotfrom thevideo feedfrom thecameramountedon theRMP at thebeginningof theexperiment.Thepersonstanding
in the middle of the �eld of view is slightly behindthe goal region. The mostdirect pathto this region is throughthe corridor. (b) Con�guration spaceof the
RMP : dark areasare the obstacles,andwhite areais the free space.The NF1 potentialfunction is superimposedin this spaceand its global minimum is at
the goal. (c) This video captureshows the robot as it startsto backout the corridor. (d) The far endof the corridor is blocked, forcing the RMP to stop.To
maintainthe viewpoint constraint,the RMP mustnow choosea trajectorythat takes it out of the corridor while keepingthe goal locationwithin the �eld of
view. (e,f) The RMP successfullyreachesthe goal after maneuvering aroundthe blocked corridor.



assignedto theRMP for the task.We canseethata clearpath
existsthroughthecorridorthatsatis�esall constraintsimposed
by the�lter cascade.As theRMP attemptsto passthroughthe
corridor a dynamicobstacleblocks its path (Figures4(c) and
4(d)). At this point in the experimentthe objective of moving
quickly towardthegoalcon�icts with theobjective of keeping
thegoal locationin the�eld of view of thecamera.Sincenone
of theforwardtrajectoriescantake it safelyto thegoalwithout
violating theviewpoint constraint,theRMPcomesto astopby
transitioningto state2. After that,it immediatelytransitionsto
state3 wherethe �lter cascadeimposesbackward motion to
take it out of thecorridor. By moving backward,theviewpoint
constraintcontinuesto be satis�ed. After backingfar enough
away, the RMP reachesa position whereit is again possible
to move forward toward the goal. Figure 4(f) shows that the
RMP successfullyreachesthe goal after maneuvering around
thecorridor. Figure5 is theplot of orientationerrorversustime
and shows that the viewpoint constraintwas met throughout
the run. This experimentdemonstratesthat the cascaded�lter
methodcan successfullycontrol a robot in real time in the
presenceof con�icting constraints.
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Fig. 5. Plot of orientationerrorversustime. Orientationerror remainswithin
the imposedconstraintthroughoutthe run.

VI. CONCLUSION

We presentthe �lter cascademethod for multi-objective
control and apply it to a viewpoint-constrained,goal-seeking
task.Multiple objectives can be addressedby creatingprior-
itized cascadesof �lters; lower priority objectives are forced
to chooseonly thoseactionsthat satisfy higher priority ob-
jectives.The approachprovidesa simpleand intuitive design
processfor multi-objective control problemsby translating
taskspeci�cationsinto �lters. We have experimentallyveri�ed
the approachusing the Segway RMP mobile robot.
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