(appears in 1st Univ/Industry Symp on High Speed Civil Transport Vehicles, Grboro, NC, Dec 1994)FUZZY RELATIONAL REPRESENTATION OF UNCERTAINSPATIAL MAPS FOR AUTONOMOUS VEHICLESEDDIE TUNSTEL* and MO JAMSHIDICAD Laboratory for Intelligent and Robotic SystemsDepartment of Electrical and Computer EngineeringUniversity of New Mexico, Albuquerque, NM 87131 USAABSTRACTIntelligent control of vehicles intended for operation in unstructuredenvironments is a topic of considerable interest in the area of autonomoussystems. Autonomous vehicle navigation must be achieved in the presenceof the uncertainty of the real world and the sensors used to observe it. Inthis paper, a method is proposed for representing uncertain spatialinformation in maps used to guide autonomous vehicle motion in real worldenvironments. The method is based on the use of fuzzy relations and resultsin a concise representation amenable to real-time autonomous navigation.KEYWORDS: fuzzy relation, spatial uncertainty, autonomous vehicles1 . INTRODUCTIONAdvances in the areas of artificial and computational intelligence have made possible thedevelopment of intelligent vehicle systems with varying degrees of autonomy. Research isbeing pursued towards a variety of applications of such vehicles. Examples includeplanetary rovers, robotic security vehicles, military surveillance vehicles, and roboticvehicles for use in factories, hazardous environments, and on smart highways. Thepracticality of such vehicles is a function of their ability to utilize spatial representations ofthe physical environment for goal-directed navigation throughout. In many of theseapplications the ultimate goal is autonomous navigation in environments that are uncertain,unpredictable, and possibly unstructured and dynamic. As such, vehicles deployed inthese environments must be capable of handling unexpected events and complex situations.Autonomous vehicle navigation in such real world environments requires access toinformation about locations of obstructions and/or landmarks. This spatial information istypically represented in the form of a map. The particular form of map representationemployed by autonomous vehicle control systems is an important issue as it directly effectsreal-time map-based navigation.Traditional approaches to map representation (for use in autonomous vehicle navigation)have attempted to capture explicit metric information about the environment at the expenseof real-time performance. Explicit world maps require significant memory and processingpower for data storage and effective maintenance. For autonomous vehicles to be usefulthey must maintain real-time performance and relatively low computation since, typically,limited computational resources are carried onboard. At the same time, they must deal withthe numerous sources of uncertainty presented by the real world. With this in mind, auseful map representation should be space (memory) efficient and easy to retrieve andmaintain [1]. Furthermore, stored information should be maintained at a high level ofabstraction, e.g. as an approximate description of the actual world. While explicit spatial

* On leave from NASA Jet Propulsion Laboratory, Pasadena, California, USA data may be required for some applications that rely on precise information, uncertainspatial maps are sufficient for autonomous navigation. As an alternative to traditional approaches, a map representation based on fuzzy relationsis proposed that can be used to facilitate real-time autonomous vehicle navigation in realworld environments. The proposed approach is motivated by the practical requirementsthat drive the design of autonomous vehicle systems, namely, real-time performance,modest computation, and qualitative reasoning and modelling even at low levels of control. 2 . SPATIAL MAP REPRESENTATIONSAutonomous vehicle systems must have some cognizance of the spatial distribution ofobjects and places of interest in the environment in order to effect goal-directed behavior.As is the case with humans who visit a city for the first time, or office building for thatmatter, the requirement for spatial familiarity often necessitates access to a map (be itphysical or mental). Autonomous vehicles, like humans, may make use of spatialinformation represented in a variety of forms. These can be generally classified asgeographical, topographical, or topological maps. Geographical and topographical [2]maps highlight detailed information about natural and geometrical features and locations ina physical region. They are usually employed to model large-scale outdoor regions.Topological maps specify distinct objects or places in a region and connections amongthem. The amount of detail is typically less than that provided by geo/topographical maps.Topological maps are suitable for representing indoor and outdoor environments [3, 4].As alluded to above, geo/topographical maps are often quite memory intensive. Inaddition, processes that interpret or modify these maps tend to be computationally intensiveand are subject to error or misinterpretation due to sensor and actuator inaccuracies.Consequently, for vehicles which carry computation completely onboard, real-timeresponse is often impractical. The qualitative nature of topological maps makes them moredesirable for most practical applications. The choice of map representation for a givenautonomous vehicle application involves a tradeoff between the requirements of vehicletasks and implementation efficiency. Arecent comparative study [5] suggests that ifreliability (of map correctness) and accurate vehicle path tracking is important, one shouldopt for explicit map representations. If light computation and the ability to accommodateuncertainties is important, then qualitative topological representations should be chosen.2.1 Uncertain Spatial Map RepresentationsQualitative navigation requires abstract spatial representations that can account for real-world uncertainties. Robust and error-tolerant representations allow for simple but usefuldescriptions of complex environments. When viewed as an intelligent autonomous system,the human, for example, exhibits the capability to successfully move about using someform of abstraction of the physical environment. When necessary to navigate in clutteredenvironments, humans are not concerned with exact information about locations or sizes ofobjects therein (e.g. ’the desk is 3.23 ft. ahead and extends 5.4 ft. from a wall that isoriented 23o from the current heading, etc.’). In fact, much of the information available inan explicitly mapped environment is not used to navigate. This holds for humans and, to asmaller degree, for systems of lesser intelligence such as autonomous vehicles.Asuitable abstraction for use by autonomous vehicles can be determined using fuzzylogic and the underlying fuzzy set theory introduced by Zadeh [6, 7]. Spatial informationcan be represented in a map that reveals an approximate distribution of obstacles in someregion of interest. The uncertainty of this distribution is represented as a fuzzy relationwhich can be thought of in this case as a "fuzzy Cartesian system" where coordinates areapproximate locations of objects in the region. Figure 1 illustrates the idea of a hypothetical

FWEST W MID E FEAST

FNORTH N MID S FSOUTH

Figure 1. Fuzzy Cartesian coordinate system.two-dimensional fuzzy Cartesian space. The ordinate and abscissa are partitioned usingfuzzy sets with labels designating varying degrees of north, south, east, and west (the "F"indicates Far). The circle represents an autonomous vehicle with the arrow indicating itsdirection of travel. In this representation the darkened object, for example, is located at afuzzy coordinate of south-west; the map does not reveal its exact location or size. Otherlocations can be similarly represented using any desired fuzzy set resolution on the ordinateand abscissa. We develop this idea further and in a more formal manner in the Section 4.Let us first make mention of similar approaches to uncertain spatial map representation.3 . RELATED WORKThe notion of employing approximate reasoning techniques for representing andmanipulating uncertain spatial information is not unique. Anumber of approaches basedon probability and fuzzy logic have been recently proposed. Elfes [8] proposed aprobabilistic tessellated representation called the occupancy grid. Estimates of the state of agrid cell are determined from range readings using probabilistic sensor models and updatedusing Bayesian estimation procedures. Astate of a grid cell is a discrete random variableindicating a measure of confidence in the occupancy of the cell. Later the histogram grid[9], a variant of the occupancy grid representation, was proposed to facilitate real-time in-motion mapping for obstacle avoidance. It differs from the occupancy grid in the way thatthe histogram grid is built and updated, resulting in a representation more suitable for real-time execution by an onboard computer. Dutta [10] employed fuzzy logic for representinginduced spatial constraints between landmarks given imprecise or incomplete informationabout them. A framework was developed for reasoning about relative positions and motionof objects in response to spatial queries about such relationships. Ning et al [11] proposeda fuzzy set theoretic approach to solving the weighted region problem associated with cost-based path planning. An uncertain map representation was used in which fuzzy regions ofthe terrain were defined by intersections of "fuzzy half-planes" (linear inequalities withtriangular fuzzy numbers as coefficients). Similar approaches that utilize the spatial reasoning capability of fuzzy logic have also been suggested in the image processing arena[12-14]. These focus on relative position relationships among image objects in a scene. Each of these uncertain spatial representations are well-suited for the problems for whichthey have been proposed. For a given application the most appropriate representationdepends on what spatial information is relevant and how easily it can be extracted andmaintained. Of the approaches mentioned, [8] shares the greatest conceptual similarity withthe method presented here regarding the potential applicability to autonomous navigation.The fundamental difference is that in [8], occupancy is indicated as a probability whereas inthe fuzzy relational approach it is indicated as a possibility. For distinctions betweenprobability and possibility see [15] and articles therein. In autonomous vehicle systems itis sometimes beneficial if a map is general enough to represent multiple terrain attributes.In the framework of stochastic representations, Elfes [8] refers to such models as inferencegrids. The fuzzy relational approach offers such a general representation and is flexible inthe amount of different approximate attributes that can be represented at a given spatiallocation.4 . FUZZY RELATIONAL REPRESENTATIONZadeh [6] refers to a fuzzy set as a class of objects with a continuum of grades ofmembership. This is in contrast to the classical notion of a (crisp) set for which setmembership is a discrete binary value (0 or 1). The membership function of a fuzzy setA~, denoted by mA~(x)maps the elements of some universal set X into a numerical valuewithin the range [0,1], i.e.mA~(x): X ---> [0,1] (1)A membership grade of zero corresponds to an element which is definitely not a member ofthe fuzzy set, while a grade of one corresponds to the case where the element is definitely amember of the fuzzy set. In classical set theory, a relation is considered to be a set oftuples or ordered pairs that represents the absence or presence of association between theelements of two or more crisp sets. This concept can be generalized to allow for variousdegrees or strengths of relation between elements of fuzzy sets [16]. That is, a fuzzyrelation is a fuzzy set of tuples where each tuple has a membership degree in [0, 1]. Itsformal definition isDefinition 1. Let X1, X2, ..., Xn be continuous universes of discourse (universal sets),and mR(x): X1·X2· ...·Xn ---> [0,1], thenR=mR(x1,x2,.. . , xn)(x1,x2,. . . ,xn)

X1·X2·...·Xn�(2)is an n-ary fuzzy relation on X1·X2· ...·Xn.The integral symbol in (2) denotes the set of all tuples of the integrand on the Cartesianproduct, X1·X2· ...·Xn (the integrand notation is common for representing elementsof a fuzzy set and their corresponding membership grades).For the purpose of applying this formalism to the representation of spatial informationwe consider a two-dimensional plane in physical space. Let X be the universe of discoursespanning the east-west dimension of the physical space of interest; let Y be the universe

spanning the north-south dimension. This sets up a two-dimensional plane defined by theCartesian product X · Y. The universes, X and Y, can be partitioned by fuzzy sets (e.g.as in Figure 1) such that any location in the plane can be indicated by a "fuzzy coordinate".This fuzzy coordinate is simply an ordered pair, (x, y) ˝ X · Y, made up of the fuzzysets x and y given by the projections of the location on X and Y. An example is depicted inFigure 1 where the location of the darkened object is given by the ordered pair (S, W).Now, we can associate with any such fuzzy coordinate information revealing the degreeto which that location is occupied by an obstacle of interest (for whatever reason) to anautonomous vehicle navigating within the region. In the simplest case this informationcould be a membership grade in a fuzzy set called OCCUPANCY, for example, definedover some universe Z with corresponding linguistic labels like EMPTY and FULL. Thissimple case characterizes a ternary fuzzy relation on X · Y · Z. As an example, Figure 2

West <--> East

South <--> NorthFigure 2. Fuzzy Spatial Map.depicts the uncertain spatial information previously represented in two dimensions inFigure 1. The third dimension represents occupancy. The shapes shown are meant torepresent the degree of occupancy rather than the actual shapes of the obstacles. Thehighest degree (mR = 1) of occupancy corresponds to the (fuzzy) center of the obstaclesand gradually tapers off with the associated level of uncertainty. Such a representationaccounts for uncertainty in the location and size of obstacles in the region while providingsufficient information for sensor-based navigation. Without much difficulty the conceptgeneralizes to the case where multiple attributes existing at a fuzzy coordinate can bespecified as an n-ary fuzzy relation. For instance, in addition to occupancy, fuzzyinformation about terrain slope, elevation, traversability condition, etc. that may beavailable can be represented in the map. This could be beneficial in representing naturalterrain for an outdoor autonomous vehicle (e.g. a planetary rover or military surveillancevehicle) capable of traversing regions of varied elevation and surface characteristics.Finally, the uncertain spatial map data can be represented at a high level of abstractionusing linguistic statements in the form of fuzzy if-then rules. This is possible since a fuzzyrule, or fuzzy rule base for that matter, is formally represented as a fuzzy relation. Usingthe linguistic terminology from the examples above we can write the following fuzzy rule:IF y is S and x is W THEN occupancy is FULL. A finite set of rules of this form can be

formulated to represent the approximate distribution of obstacles, landmarks, etc.throughout the region of interest. Information can be easily retrieved and maintained byaccessing the fuzzy rule base and manipulating the appropriate rules. In addition, onlyinformation associated with occupied areas need be represented in the spatial rule base.This allows for a concise representation of the environment, particularly for sparselyoccupied regions. Thus, memory and computational efficiency are conceivable. Thesecharacteristics contribute to the suitability of the fuzzy relational representation for use inreal-time autonomous vehicle navigation.SUMMARYThe form of map representation employed by autonomous vehicle systems is an importantissue as it directly effects real-time map-based navigation. A method has been proposed forrepresenting uncertain spatial information in maps used to guide autonomous vehiclemotion in real world environments. The method is based on the use of fuzzy relations. Itresults in a concise representation that can be expressed in linguistic terminology and iseasy to retrieve and maintain. The fuzzy relational representation is suitable for storinguncertain information about the occupancy of spatial regions and can be generalized toinclude additional information about the state of mapped areas.REFERENCES1.Miller, D.P. and Slack, M.G. "Global Symbolic Maps From Local Navigation." AAAI-91 Proceedingsof the 9th National Conference on Artificial Intelligence (July, 1991), 750-755.2.Gat, E. et al. "Path Planning and Execution Monitoring for a Planetary Rover." Proceedings of the 1990 IEEE International Conference on Robotics and Automation (May, 1990), 20-25.3.Kuipers, B.J. and Byun, Y.A. "A Robot Exploration and Mapping Strategy Based on a Semantic Hierarchy of Spatial Representations." Robotics and Autonomous Systems 8 (1981), 47-63.4.Zimmer, U.R., Fischer, C. and von Puttkamer, E. "Navigation on Topologic Feature-Maps." 3rd International Conference on Fuzzy Logic, Neural Nets and Soft Computing, Iizuka ’94, Fukuoka, Japan (August, 1994).5.Zimmer, U.R. and von Puttkamer, E. "Comparing World-Modelling Strategies for Autonomous Mobile Robots." to appear in IWK ’94 , Ilmenau, Germany (September, 1994).6.Zadeh, L.A. "Fuzzy Sets." Information and Control 12 (1965), 338-353.7.Zadeh, L.A. "Outline of a New Approach to the Analysis of Complex Systems and DecisionProcesses." IEEE Transactions on Systems, Man, and Cybernetics, SMC-3 (1) (1973), 28-44.8.Elfes, A. "Using Occupancy Grids for Mobile Robot Perception and Navigation." Computer Magazine (June 1989), 46-57.9.Borenstein, J. and Koren, Y. "Real-time Map-building for Fast Mobile Robot Obstacle Avoidance." SPIE Vol. 1388 Mobile Robots V (1990), 74-81.10.Dutta, S. "Approximate Spatial Reasoning: Integrating Qualitative and Quantitative Constraints." International Journal of Approximate Reasoning 5 (1991), 307-331.11.Ning, X., Shihuang, S. and Xizhou, F. "A Fuzzy Approach to the Weighted Region Problem for Autonomous Vehicles." Proceedings of the 1993 International Symposium on Intelligent Control (August 1993), 400-404.12.Krishnapuram, R., Keller, J.M. and Ma, Y. "Quantitative Analysis of Properties and Spatial Relations of Fuzzy Image Regions." Proceedings of the North American Fuzzy Information Processing Society ’92 (December 1992), 49-58.13.Rosenfeld, A. "Fuzzy Geometry: An Overview." Proceedings of the 1st IEEE Conference on Fuzzy Systems (March 1992), 113-118.14.Freeman, J. "The Modeling of Spatial Relations." Computer Graphics and Image Processing 4 (1975), 156-171.15.Bezdek, J.C. (Ed.) IEEE Transactions on Fuzzy Systems -- Special Issue on Fuzziness vs. Probability -- The N-th Round (February, 1994).16.Klir, G.J. and Folger, T.A. Fuzzy Sets, Uncertainty, and Information. Prentice-Hall, Englewood Cliffs,NJ, (1988).