(appears in IEEE Intl. Conf. on Systems, Man, and Cybernetics, Vancouver, BC, Canada, October 22-25, 1995, pp. 4009-4014)Coordination of Distributed Fuzzy Behaviors in Mobile Robot ControlEddie Tunstel�CAD Laboratory for Intelligent & Robotic SystemsDepartment of Electrical and Computer EngineeringUniversity of New MexicoAlbuquerque, NM 87131 USA

� On leave from NASA Jet Propulsion Laboratory, USA.ABSTRACTMobile robot navigation can be achieved using a controlsystem comprised of a collection of special-purposemotion routines, or behaviors. In order to exhibit robustautonomous performance, a suitable strategy forcoordinating the behaviors must be adopted. This paperdescribes an approach to behavior coordination andconflict resolution within the context of a hierarchicalarchitecture of fuzzy behaviors. This architecture can beviewed as a network of distributed intelligent behaviorsin which coordination is achieved using weighteddecision-making based on behavioral degrees ofapplicability. Aspects of the coordination and conflictresolution procedures that are based on generalizedconcepts from fuzzy control are discussed. The strategyis appropriate for fuzzy control of systems that can berepresented by hierarchical or decentralized structures.1. INTRODUCTIONFuzzy logic is a powerful tool for use in intelligentcontrol of dynamic systems, if for no other reason, thensimply because control problems are essentiallyproblems of decision making. Some of the advantages ofusing fuzzy logic controllers (FLCs) are that they arerobust in the presence of system and externalperturbations, easy to design and implement, and efficientfor representing knowledge for systems that deal withcontinuous variables [1]. Fuzzy controllers have beensuccessfully used in a number of industrial plants andprocesses, and are sometimes the more favorablecontroller even when classical controllers are applicable.However, there are potential limitations to theconventional fuzzy controller when intended for use indistributed intelligence systems that can be represented byhierarchical or decentralized structures.The conventional FLC architecture typicallyemploys a single rule-base representing the controlpolicy for a given plant. During any given control cycleall rules in the fuzzy rule-base are sequentially processed.Consequently, the cardinality of the fuzzy rule base has adirect influence on the real-time performance of thecontrol system. This is a minor concern for real-timecontrol of systems requiring relatively small numbers ofrules (e.g. less than twenty). For systems that require asignificantly larger number of rules, the conventionalimplementation can potentially suffer from degraded real-time performance. This is a major concern for control ofdistributed intelligence systems that are represented ashierarchical or decentralized structures (or can bedecomposed as such). Examples of such systems areautonomous mobile robots, corporate decision-makingentities, social systems, electric power systems, andlarge-scale systems in general.Recent research has shown that for the conventionalFLC the cardinality of the fuzzy rule-base increasesexponentially with the number of system variables [2,3]. Alternative rule structures have been proposed thatrepresent a fuzzy rule-base as a hierarchy of rules forwhich the cardinality of the rule-base increases onlylinearly with the number of system variables. Similarresults were produced in [4] where hierarchicallystructured rules based on fuzzy partitions of the statespace were introduced. Thus, it is possible to overcomethe aforementioned limitation of conventional FLCs andfacilitate practical implementations of more complexFLCs by employing alternative rule structures.In this paper, an alternative architecture is describedfor facilitating the incorporation of fuzzy control theoryinto the framework of behavior control for mobilerobots. In particular, an approach to behaviorcoordination and conflict resolution for navigation indynamic and possibly unstructured environments ispresented. Examples of such environments are officesettings, automated factories, natural terrain, andplanetary surfaces. Autonomy is achieved within ahierarchical architecture of fuzzy rule-bases which can beviewed as a network of distributed intelligent behaviors.2. FUZZY BEHAVIOR CONTROLAutonomous control of mobile robots is traditionallyachieved based on a functional decomposition of tasksfollowing a sequential sense-plan-act cycle. Due to thesequential processing of functional modules,computational bottlenecks are common, particularly inthe planning modules. Alternative control approaches aremodeled after natural processes and advocate a behavioraldecomposition of tasks. Such approaches are associatedwith what has come to be known as the behavior controlparadigm. The paradigm has grown out of anamalgamation of ideas from ethology and control theory

[5-7]. The high-level motion control system isdecomposed into a set of special-purpose behaviors thatachieve distinct tasks when subject to particular stimuli.Clever coordination of individual behaviors results in theemergence of more intelligent behavior suitable fordealing with complex situations. Behavior controlsystems have demonstrated reductions in computationalrequirements without sacrificing robust autonomousperformance [8].Most implementations of robot behavior controlemploy behaviors that perform non-fuzzy data processingand binary logic-based reasoning. In this work, eachbehavior is encoded as a fuzzy rule-base with a distinctcontrol policy governed by fuzzy inference. Thus, eachfuzzy behavior is similar to the conventional FLC in thatit performs an inference mapping from some input spaceto some output space. If X and Y are input and outputuniverses of discourse of a behavior with rule-base size n,the usual fuzzy if-then rule takes the following formIF x is

~

A

i

THEN y is

~

B

i

(1)where x and y represent input and output fuzzy linguisticvariables, respectively, and

~ A i˛

X and

~ B

Y (1 £ i£ n) are fuzzy sets representing linguistic values of xand y. Typically, the input x refers to sensory data and yto actuator control signals. In general, the antecedentconsisting of the proposition "x is

~ A i

" could be replacedby a conjunction of similar propositions; the same holdsfor the consequent "y is

~ B i

". Fuzzy behaviors consist ofa finite set of such rules.The lowest-level behaviors are simple, self-contained behaviors that serve a single purpose byoperating in a reactive fashion. Alone, their capabilitywould be insufficient for autonomous navigation. Thesesimple behaviors are building blocks for more intelligentfuzzy behaviors. Overall robot intelligence is distributedamongst the individual behaviors in a hierarchicalstructure as described below.2.1 Hierarchy of Distributed BehaviorsIn the spirit of the behavior control paradigm, wedecompose autonomous system behavior into a bottom-up hierarchy of increased behavioral complexity in whichprimitive behaviors reside at the lowest level ofhierarchy. The lowest level of behavior is referred to hereas the primitive level. Within this framework a finite setof primitive behaviors can be combined synergistically toproduce more intelligent composite behaviors in serviceof goal-directed operations. As an example, consider thedriver-automobile system as an autonomous systemoperating in a dynamic environment. Consider furtherthe act of turning a corner at a moderate speed (say, 55km/h) as a composite behavior, and the acts ofdecelerating, braking, and steering as primitive behaviors.Then we can interpret the turning behavior as asynergism of the behaviors in the primitive level, eachoperating at varying levels of activation. In Figure 1each circle represents a behavior.

decelerate brake steer turncornerM

Figure 1. Possible hierarchy of a turning behaviorA typical hierarchy for indoor navigation might bearranged as in Figure 2. This figure implies that goal-directed navigation can be decomposed as a behavioralfunction of goal-seeking (collision-free navigationto some location) and route following (assumingsome direction is given perhaps in the form of a pathplan). These behaviors can be further decomposed intoprimitive behaviors as shown, with dependenciesindicated by the adjoining lines. Wall followingand obstacle avoidance are self-explanatory. Thedoorway behavior implies one that can guide a robotthrough narrow passageways with very shallow depth (inthe visual image sense). The goto behavior will directa robot to navigate along a straight line trajectory to aparticular location. Note that the decomposition ofbehavior for a given mobile robot system is not unique.Consequently, suitable behavior repertoires and associatedhierarchical arrangements are arrived at following asubjective analysis of the system and the task domain.

goal-directed navigation

Primitive Level

goal seeking

route follow avoid obstacles

wall follow

doorway go toFigure 2. Hierarchical behavior decomposition for indoornavigation3. FUZZY BEHAVIOR CO O R D I N A T I O N An important problem arises when behaviors compete forcontrol of the robot or when competing behaviorsrecommend conflicting control actions. This occursfrequently during any sufficiently complex navigationtask. In the jargon of behavior control the problem isreferred to as behavior arbitration. It consists ofcoordination of multiple task-achieving behaviors andconflict resolution amongst them. A common approachto this problem employs a prioritization scheme whereinthe control recommendation of only one behavior amongseveral competing behaviors is taken; recommendationsfrom the remaining behaviors are ignored [6, 8]. Analternative approach is proposed here that takes intoaccount the recommendations of all applicable behaviors.

Behavior coordination is achieved by introducing ascheme for weighted decision-making and rule-base(behavior) selection. The mechanism for weighteddecision-making is embodied in a concept called thedegree of applicability which is a linguistic measure ofthe instantaneous level of activation of a behavior.Fuzzy rules of composite behaviors are formulated toinclude weighting consequents which govern the degreeof applicability of primitive behaviors at a lower level.We refer to these as applicability rules. Let Bc be acomposite behavior comprisedof N p primitivebehaviors. Then the degreeof applicability, ap , ofprimitive behavior p (p = 1, 2, �, Np) is specified in theconsequent of applicability rules of the formIF x is

~ A i

THEN a p is

~ D i

(2)where

~ A i

is defined as before. The fuzzy set

~ D i

represents the linguistic value (e.g. �high�) of the degreeof applicability of primitive behavior p to the situationprevailing during the current control cycle. It is definedover the unit interval, [0, 1]. This feature allows certainrobot behaviors to influence the overall behavior to agreater or lesser degree as required by the current systemgoal. Thus, behavior coordination is accomplished usingmeta-rules that provide a form of the ethological conceptsof inhibition and dominance observed in animal behavior.Behaviors with partial applicability can be said to beinhibited, while behaviors with maximal applicabilitycan be said to dominate.As described here, the degrees of applicability areanalogous to neuronal activation levels. Effects similarto neuron threshold activation can easily be implementedwith the use of a-cuts of fuzzy sets (this �a� is not to beconfused with the degree of applicability). An a-cut of afuzzy set, A, defined over a universe U, is a crisp set,Aa , containing all the elements of U with membershipgrade in A greater than or equal to a [9]. Formally,Aa = {x ˛ X | m A ( x ) ‡ a} (3)where mA(¥): X

fi

[0,1] is a membership function offuzzy set A. To utilize a-cuts for implementingthresholding behavior activation, we consider the rule-strength of an applicability rule. If the a-cut of thefuzzy set resulting from evaluation of the rule’sconsequence is null, then the rule recommends that thelevel of activation for the behavior is zero. Thus, therule recommends that the behavior be activated (to degree

~ D i

) only if the rule-strength equals or exceeds athreshold a.3.1 Coordination ProcedureThe coordination of fuzzy behaviors is done in theframework of fuzzy logic theory via operations on fuzzysets. In order to briefly describe the process we willconcentrate on a single composite behavior, Bc , whichcanbe decomposedinto primitive behaviors b1 andb2(Np = 2). We do this without loss of generality since thefollowing descriptionalso applies when N p > 2, andacross additional composite behaviors. Considera givencontrol cycleduringwhich Bc dictatesthat theapplicabilities of b1 and b2 are say, a1 =0.25 anda2 =0.75 respectively. Fuzzy rules of eachapplicableprimitive behavior areprocessedyielding output fuzzysets,

~ o 1

and

~ o 2

(see Figure 3). These output fuzzy setsare equivalent to the result produced by rule-baseevaluation in conventional FLCs before applying thedefuzzification operator.

b12b0.80.70.530.28a1a2c̈Bo2~u*o1~Figure 3. Fuzzy coordination of behaviorsFollowing the consultation of individual primitivebehaviors, each fuzzy behavior output is weighted by thecorresponding degree of applicability. Thus, b1 andb2are activated to degrees a1 anda2 . Here,the behavioractivation is accomplishedvia scalarmultiplication ofthe output fuzzysets by the appropriatedegreeofapplicability. This is equivalentto the conjunction of acrisp set of height a with the output fuzzy set. Theresulting fuzzy sets are then aggregated using anappropriate t-conorm operator (’max’ is usually used infuzzy logic control), and defuzzified to yield a crispoutput, u* , that is representativeof the intendedcoordination of behavior.In this procedure, multiplication by a expresses therelative applicability of a primitive behavior to thecurrent situation, while the scalar a represents the weightof the behavior in the aggregated control decision.Operators other than multiplication can be used toachieve a similar effect. Yager [10] refers to suchoperators as importance transformations and suggests ageneral class of them for both t-norm and t-conormaggregations. The illustration of this hypotheticalexample, shown in Figure 3, reveals that the output ofBc is influenced more by its dominant primitive behavior

(in this case b2) as intended. This coordination procedureis a generalizationof the ideaof rule weighting in asingle rule baseto rule-baseweighting among multiplerule-bases. Control recommendationsfrom eachapplicable behavior areconsideredin the final decision.In the generalcase, the resultant control action canbethought of as a consensus of recommendations offeredbymultiple experts.In some instances, it may be evidentfrom currentsensory datathat only one particularrobot behavior i s fully applicable ( a = 1). In such cases, coordinationsimply reduces to behavior selection as is done inconventional behavior arbitration and alternativeapproaches to fuzzy adaptive control [11, 12]. We referto this as switching coordination since behaviors arealternately switched on and off. When the state of theworld satisfies the conditions for activation of a singlebehavior, or several, there is no need to process rulesfrom behaviors that do not apply (as is done in theconventional FLC architecture). Processing rules fromirrelevant behaviors would result in unnecessaryconsumption of computational resources and possibleintroduction of "noise" into the decision-making process.In our approach, there are no conceivable circumstancesunder which the totality of rules in the entire system willbe consulted during a given control cycle. 4. BEHAVIOR CONFLICT RESOLUTIONIn the framework of fuzzy logic theory, conflictresolution is handled implicitly in the mechanics of theconventional fuzzy inference and defuzzificationprocesses. That is, conflicting fuzzy outputs fromindividual rules are aggregated and defuzzified (resolved)to yield non-fuzzy control actions. In a similar manneras for coordination, we use fuzzy set theory to generalizethis concept to resolve conflicts among conflicting rule-bases, i.e. behaviors. The manner in which this is donedepends on whether there is partial or full conflict amongcompeting behaviors.

01-1sameleftrighthard lefthard right usteering control

wall-following obstacle avoidance

(a)(b)(c)Figure 4. Partial behavior conflictIn mobile robot navigation we are often concernedwith behavior conflicts. For example, we can imaginethe necessity to resolve conflicts between avoidingobstacles and following a wall when navigating in acluttered corridor. Such a situation is illustrated inFigure 4a where the objective requires following theright-wall. Assuming the robot travels at a constantspeed, a representative partition of the universe ofdiscourse for steering control is as shown in Figure 4b.Based on this partition, plausible fuzzy steering outputrecommendations are shown in Figure 4c for wall-following and obstacle avoidance. The wall-following behavior recommends proceeding in thecurrent direction (recall that primitive behaviors servetheir single purpose; they are not cognizant of thepurpose of other behaviors). The obstacleavoidance behavior opts to turn left (or hard-leftdepending on the frontal proximity of the obstacle).Also shown is a region of overlap between these fuzzyoutputs indicating a partial behavioral conflict. Due tosuch overlap, situations of partial conflict are notsignificantly distinguishable from general cases requiringbehavior coordination. Therefore, partial behaviorconflict is handled as described in the previous section.

(a)Xgotoobstacleavoidance(b)Figure 5. Full behavior conflictAlternatively, consider the situation shown inFigure 5 in which goal-seeking and obstacle avoidancebehaviors are interacting. In this case, the objective is tonavigate to a specified goal (indicated by the ’x’).However, the robot’s direct path is blocked and a decisionmust be made to proceed by turning right or left. Basedon the same steering control partition of Figure 4b,plausible fuzzy control outputs are indicated in Figure5b. Here, the goto behavior urges the robot to proceedstraight towards the goal. The obstacleavoidance behavior suggests going left or right. Inthis case there is no overlap and the behaviors are fullyconflicting. If we aggregate and defuzzify these fuzzyrecommendations using common defuzzification methods(e.g. center of gravity, or mean of maxima) the resultwould be to proceed straight, thus leading to collision

with the obstacle. This will occur even if a higher degreeof applicability was assigned for obstacle avoidance.The problem just described is important not only innavigation tasks but in most tasks requiring reasoningamong fully conflicting alternatives. A commonsolution is to select a designated default alternative, or torandomly select one action from the set of conflictingalternatives. A control action could also be selectedbased on some criteria such as minimum required controleffort. Currently, we deal with this problem bydesignating a right-turn as the default alternative. Moreflexible approaches based on fuzzy logic defuzzificationmethods have been proposed in the literature. Yagerintroduces a method for defuzzification that utilizesnonmonotonic conjunction [13] of fuzzy setsrepresenting allowed control actions and control actionsrecommended by the rule-base. In the example givenhere, the allowed control actions are left or right; therecommended action is straight. The nonmonotonicconjunction is coupled with the random generationdefuzzification method [10] to achieve defuzzificationunder constraints. Pfluger et al [14] also proposed asolution based on their centroid of largest areadefuzzification strategy. In future work we plan to adoptsuch methods as an alternative to the commonsensereasoning approach of the right-turn policy.5. IMPLEMENTATION ISSUESThe development of the coordination strategy and theoverall hierarchical architecture has revealed aspects of theimplementation that the control system designer mustaddress. These are design options whose relativeperformance advantages are under investigation. Namely,is it more advantageous to implement the degree ofapplicability concept using fuzzy logic as opposed tocrisp logic? And, should the degree of applicabilityconcept be implemented at all levels of hierarchy?

.4.6.3.3.4.2.2.2.4.4(.3 + .4 + .3) + .6(.2 + .2 + .4 + .2) = 1 (0r 100%)

cpFigure 6. Percentage distribution of applicabilityThe first is a question of whether or not additiveweighting should be used to achieve coordination. Withadditive weighting, the decision-making responsibilityfor a given composite behavior is distributed as a truepercentage among its primitive behaviors. This idea isdepicted in Figure 6 where labels �c� and �p� designatecomposite and primitive behaviors, respectively, in ahypothetical hierarchy. The numerical labels indicatecrisp degrees of applicability associated with behaviors atsubsequent levels. This option has the property that

aB˛� =Bk 1.0

(4)where B is a behavior in the set, Bk, of all behaviors atlevel k of the hierarchy. If the assignment of the degreeof applicability is based on fuzzy logic (as describedearlier) then this property does not hold necessarily. Thefuzzy logic approach emphasizes the relative weight ofintegral behaviors in the motion control decision asopposed to percentage of responsibility.At its current stage the hierarchy of behaviors iscomprised of three levels, similar to that shown inFigure 2. The degree of applicability is implemented atthe primitive level while switching coordination is usedat the higher level (e.g. between goal-seeking and route-following in Figure 2). Thus far, simulation resultshave demonstrated acceptable performance. Nevertheless,in future work a comparison will be made between thisapproach and a strategy utilizing fuzzy coordinationthroughout the hierarchy. For behavior coordination, the advantage of additiveweighting relative to the fuzzy logic approach is not yetclear. Results comparing the different options will bethe subject of a subsequent paper.6. SUMMARYA hierarchical fuzzy control methodology has beendescribed for mobile robot navigation. Aspects ofbehavior coordination and conflict resolution are the mainfocus in this paper. In particular, the concept ofbehavioral degree of applicability as a basis for behaviorcoordination has been discussed. The hierarchy ofdistributed fuzzy behaviors provides an alternativeapproach for controlling systems with many rules. It issuitable for controlling systems that can be representedby hierarchical or decentralized structures. While thispaper has described coordination of intelligent behavior inthe context of robot motion control, the ideas have abroader scope. A formal exposition of similar ideas inthe context of multi-attribute decision-making can befound in [15].The performance of the approach is underinvestigation via simulation and real-world experimentsof mobile robot behavior in indoor navigation tasks.The implementation of a-cuts for thresholding activationof primitive behaviors is also being incorporated into thearchitecture. Experimental results of this research willreveal the relative advantages of various implementationissues articulated herein. These include methods forassigning degrees of applicability for behaviorcoordination, and utilization of the concept throughoutthe entire hierarchy of behaviors.

7. REFERENCES[1] E.H. Mamdani, �Twenty Years of Fuzzy Control:Experiences Gained and Lessons Learnt�, IEEE Intl.Conference on Fuzzy Systems, 1993, pp. 339-344.[2] G.V.S. Raju, J. Zhou and R.A. Kisner, �HierarchicalFuzzy Control�, Intl. Journal of Control, Vol. 54, No.5, 1991, pp. 1201-1216.[3] G.V.S. Raju and J. Zhou, �Adaptive HierarchicalFuzzy Controller�, IEEE Trans. on Systems, Man, andCybernetics, Vol. 23, No. 4, 1993, pp. 973-980.[4] L.T. Koczy and K. Hirota, �Interpolation inStructured Fuzzy Rule Bases�, IEEE InternationalConference on Fuzzy Systems, 1993, pp. 402-406.[5] D.J. McFarland, Feedback Mechanisms in AnimalBehavior, Academic Press, New York, 1971.[6] R.A. Brooks, �A Robust Layered Control System fora Mobile Robot�, IEEE Journal of Robotics andAutomation, Vol. RA-2, No. 1, 1986, pp. 14-23.[7] T.L. Anderson and M. Donath, �Animal Behavior asa Paradigm for Developing Robot Autonomy�, Journalof Robotics and Autonomous Systems, Vol. 6, 1990,pp. 145-168.[8] E. Gat, R. Desai, R. Ivlev, J. Loch, and D. Miller,�Behavior Control for Robotic Exploration of PlanetarySurfaces�, IEEE Trans. on Robotics and Automation,Vol. 10, No. 4, 1994, pp. 490-503.[9] G.J. Klir and T.A. Folger, Fuzzy Sets, Uncertainty,and Information, Prentice Hall, Englewood Cliffs, NJ,1988.[10] R.R. Yager and D.P. Filev, Essentials of FuzzyModeling and Control, Wiley & Sons, New York, 1994.[11] S.W. Kim and M. Park, "Fuzzy Compliance RobotControl Using Multi Rule-Base", IEEE InternationalConference on Fuzzy Systems, 1992, pp. 1343-1348.[12] S.K. Tso and Y.H. Fung, �Intelligent FuzzySwitching of Control Strategies in Path Control forAutonomous Vehicles�, IEEE International Conferenceon Robotics and Automation, 1995, pp. 281-286.[13] R.R. Yager, "Nonmonotonic Set TheoreticOperations", Fuzzy Sets and Systems, Vol. 42, 1991,pp. 173-190.[14] N. Pfluger, J. Yen and R. Langari, "ADefuzzification Strategy for a Fuzzy Logic ControllerEmploying Prohibitive Information in CommandFormulation", IEEE International Conference on FuzzySystems, 1992, pp. 717-723.[15] N.J. Mandic and E.H. Mamdani, "A Multi-AttributeDecision-Making Model with Fuzzy Rule-BasedModification of Priorities", in Zimmerman, Zadeh, andGaines (Eds.), Fuzzy Sets and Decision Analysis,Elsevier Publishers, North-Holland, 1984, pp. 285-306.