Preprints of the Third InternationalSymposium on Experimental RoboticsKyoto, Japan Oct. 28-30, 1993.A Unified Approach to Planning, Sensingand Navigation for Mobile RobotsAlexander Zelinsky1 and Shin’ichi Yuta2Intelligent Machine Behaviour Section1Electrotechnical LaboratoryTsukuba 305, JapanIntelligent Robotics Laboratory2Tsukuba UniversityTsukuba 305, JapanAbstractMuch of the focus of the research effort in path planningfor mobile robots has centred on the problem of finding apath from a start location to a goal location, whileminimising one or more parameters such as length of path,energy consumption or journey time. Most of theexperimental results reported in the literature have centredon simulation results. Only a small subset of the reportedresults have been implemented on real autonomous mobilerobots. It is the goal of our research program to developpath planning algorithms whose correctness and robustnesscan be tested and verified by implementation on ourexperimental, self-contained and autonomous mobile robot- the Yamabico [Yuta et.al. 91].1. IntroductionMuch of the focus of the research effort in path planningfor mobile robots has centred on the problem of finding apath from a start location to a goal location, whileminimising one or more parameters such as length of path,energy consumption or journey time. Most of theexperimental results reported in the literature have centredon simulation results. Only a small subset of the reportedresults have been implemented on real autonomous mobilerobots. It is the goal of our research program to developpath planning algorithms whose correctness and robustnesscan be tested and verified by implementation on ourexperimental, self-contained and autonomous mobile robot- the Yamabico which was reported by Yuta et.al. in [1].The primary drawbacks of most reported path planningmethods is that they operate in known environments andonly find the shortest path between the start and goalpositions. However completely known environments rarelyexist in practise, for example a map of a building or factorycan be readily obtained and used to perform path planningfor a mobile robot. However it is impossible to guaranteethat the map is accurate, since it does not record thepresence of people or obstacles such as boxes left inpassage ways. Environments are in reality not static, theyare dynamic i.e. constantly changing. This introducesuncertainty into the problem of path planning. To beuseful an autonomous mobile must be able to handle theunknown. Path planning in unknown environments asstudied by Chatila [2], Crowley [3], Moravec [4] andThorpe [5], has taken the approach that the environment iscompletely unknown and the mobile robot mustincrementally map the environment using the robot’sonboard sensors. It can be argued that this is the correctapproach to the problem. However, it has not producedsignificant results. This is due to the limitations of thecurrent generation of sensing technology. Current sensorseither have serious limitations in their accuracy e.g.ultrasonic sensors or they require enormous computationand memory needs e.g. vision sensors. Building accuratemaps with current sensing technology is a tall order. Atpresent there are no methods available which allow amobile robot to construct an accurate representation of theenvironment quickly using onboard processing.Planning paths that only minimise the distance to agoal are usually unsuitable for implementation on an actualmobile robot. The safety of the robot is importantparticularly since there are uncertainties in the sensor data,such as the exact shape and position of obstacles. Thisproblem is compounded by the uncertainty in the dynamiccontrol of a robot i.e. the precise position of the robot isnot always known by the robot’s control system. Thusboth minimum distance to a goal and safety of the robotneed to be considered simultaneously during path planning.This problem could be solved by adding an externallocalisation system which would maintain an accurateestimate of robot’s position. This involves adding beaconsor artificial landmarks to the environment. This addsunnecessary artificial structure to the environment. Onegoal of our research is to construct mobile robot navigationschemes that operate in unstructured indoor environments.In this paper we present an approach to theimplementation of a navigation system on a mobile robotusing a unified approach to planning. A unified approachuses a combination of known and unknown environmentpath planning techniques. The environment in which amobile robot must operate in is usually well known e.g. afactory layout. The plan of the environment e.g the designdrawings of a building, can be supplied to the robot’s pathplanner. The robot will plan a global path to the goalthrough the known environment using a vertex graphmodel and the A* algorithm. However, this plan isinsufficient to allow a robot to execute the path relyingsolely on dead reckoning. Therefore, the global pathplanner must also consider which landmarks in theenvironment should be tracked for position estimation and

-2-the sensing positions to optimally observe the selectedlandmarks. Hence, the model of the environment must notonly include geometric data, but it must also include thetypes of surfaces and the characteristic features of thelandmarks which can be measured by sensors. Once a planfor the robot’s mission has been constructed, the robotexecutes the planned path while observing specificlandmarks.If the robot unexpectedly encounters an obstacle whichinterferes with the execution of the planned mission, therobot must avoid the obstacle. In the literature there havebeen various local obstacle avoidance procedures proposed.A popular approach has been to use potential fields thatwere pioneered by Khatib [6]. The problems of usingpotential fields is well documented in the literature byKoren et. al. [7]. The worst problem affecting potentialfields is the local minima problem. The other approach tolocal obstacle avoidance is heuristic navigation. Heuristicnavigation as studied by Borenstein et. al. [8] andChattergy [9] guide the robot to the goal by using rules todecide, based on local sensor information, which path ofthose available is "best". Heuristic path planners can solvea wide variety of path planning problems, but a problemcan always be found where a particular heuristic strategyfails. The appealing feature of heuristic obstacle avoidanceprocedures is that they require little processing and canproduce rapid "reactive" behaviours. However, in theseapproaches since no planning is done the resultingexecution paths may not be optimal and may lead to afailure of the mission.In this paper we present a local obstacle avoidancescheme called "reactive planning". In this scheme we usethe "path transform" which was developed by the firstauthor [10]. The path transform is a grid based planningmethod. This method considers both minimum distance toa goal and the safety of the robot. The path transform canbe regarded as a "numeric potential field" which has thedesirable properties of potential field path planners withoutsuffering the local minima problem. Once the robot detectsan obstacle with its sensors, it builds a local map of theenvironment which includes an accurate representation ofthe freshly sensed obstacle. Making a grid based map usingsensor data is a straight forward procedure. Using a gridbased planner over a small area is computationallyinexpensive. The robot then plans a path which avoids theobstacle and allows the robot to rejoin the originallyplanned global path. The reactive planning approach yieldsa fast, efficient and robust local obstacle avoidance method.This paper will present the research results ofimplementing the unified planning approach to mobilerobot navigation on the Yamabico. Video results showingexperimental results of planning global paths and sensingpoints, execution of the global path, and reactive planningwill be shown.The problem of planning a path of complete coverageof an environment by a mobile robot has received littleresearch attention. A path of complete coverage is aplanned path in which a robot sweeps all areas of freespace in an environment in a systematic and efficientmanner. Possible applications for paths of completecoverage include autonomous vacuum cleaners, lawnmowers, security robots, land mine detectors etc. Thispaper will also present a solution to this problem basedupon an extension to the "path transform". This solution isin keeping with unified approach to path planning. Thispaper will present the experimental results showingplanning and execution of complete coverage paths.The Yamabico robot is equipped with two drivingwheels mounted on a central axis and has optical andultrasonic range sensors (see Figure 1). The ultrasonicsensors are used to track landmarks and detect the presenceof unforeseen obstacles, thus preventing collisions. Theoptical range sensor is also used to detect unexpectedobstacles. However, it’s primary purpose is to accuratelysense the obstacles, and feed this data to the reactiveplanner. Each hardware function of the robot is modularisedto run on a single board computer. A master moduleimplements decision making and coordinates the actions ofeach hardware module via a shared communicationsbus.The master module is programmed to control theoperations of the robot with the sensor based ROBOL/0language developed in your laboratory by Suzuki et. al.[11]. Software on the master module runs under ourspecially developed multi processing MOSRA operatingsystem.Figure 1. The Yamabico Robot

-3-2. Path and Sensing PlanningThe Yamabico mobile robot navigates by using a a map ofthe operational environment. The robot’s map is a 2dimensional linked list of vectors. The vectors do not onlyrepresent the geometry of the environment, they also recordwhich obstacle surfaces can be sensed by the robot’ssensors. For example, the 2 dimensional projection ontothe floor plane of a table will result in a rectangular shape.The robot should plan a path that avoids the table, howeverit should not use the table to perform landmark trackingwith its ultrasonic sensors. For a real autonomous robot toexecute a planned path it must able to correct it’s positionduring path execution time. However, the robot must planwhere it should correct its estimated position. Pathplanning is done by building a visibility graph and thenperforming a graph search. Refer to Figure 2 for anexample of a vector map of an environment and thecorresponding visibility graph which is used for pathplanning (the heavy line shows the solution path). Detailsof path planning with the consideration of the cost of ispresented by Nagatani et. al. in [12].

SG�@

SGFigure 2.Vector Map and Path Planning Visibility GraphOnce a path has been planned the Yamabico mobilerobot executes the path. The robot monitors the executionof the path by using dead reckoning and observinglandmarks with its ultrasonic sensors. The robot uses theultrasonic sensors to measure distances to landmarks, suchas walls. The robot’s vector map is used to look up theexpected range measurement to the landmark. Thismeasurement is compared against the actual rangemeasurement to the landmark. After the sighting of thelandmark the estimate of the robot’s position in theenvironment is adjusted for errors. Refer to Figure 3 for anexample of the robot monitoring the execution of a pathfrom S to G. In this example the robot attempts to executethe path shown with the broken lines. The actual pathexecuted by the robot is shown with the unbroken line. Therobot senses for landmarks and corrects the robot’s positionat the tracking points T.

SGTTFigure 3. Landmark Tracking during Path Execution3. Reactive PlanningA novel approach to the problem of findpath using distancetransforms (Refer Figure 4) was presented by Jarvis et. al.[13). This approach considers path planning to be findingall paths from the goal location back to the start location.This planning approach propagates a distance wave frontthrough all free space from the goal. From any startingpoint in the environment the shortest path to the goal istraced by following path of steepest descent. If no downhillpath exists then we can conclude the goal is unreachable.Despite the disadvantage of computing all paths from thegoal location the distance transforms have a number ofadvantageous properties. These include; supportingmultiple robots and multiple goals. For example pathswhich favour or avoid certain areas in the environment. The

-4-Jarvis et. al. approach suffers the problem of moving tooclose to obstacles while it minimises the length of the pathto the goal.˛ ˚P Ł�ł�length()p˚ + ˚ �ci˚˛ ˚ p ˚aobstacle()ci where P is the set of all possible paths from the cell c tothe goal, and p ˛ P i.e. a single path to the goal. Thefunction length(p) is the length of path p to the goal. Thefunction obstacle(c) is a cost function generated using thevalues of the obstacle transform. It represents the degree ofdiscomfort the nearest obstacle exerts on a cell c. Theweight a is a constant ‡ 0 which determines by howstrongly the path transform will avoid obstacles.

-5-space cells, from which they extract a "distance skeleton"which represents a digitised Voronoi diagram of the freespace in the environment. Joining the highest values in theobstacle transform with line segments will yield a distanceskeleton. They then connect the goal cell to the distanceskeleton. Secondly, they compute a distance transformfrom the goal cell to all cells that are members of thedistance skeleton. Thirdly, they compute another distancetransform from the member cells of the distance skeletonto all the remaining free space cells in the environment.The end result is a "numeric" Voronoi diagram of theenvironment. This method is more complicated to computethan the path transform. Also, since it maximises clearancefrom obstacles it can divert the solution too far from theshortest path. Another drawback is because Barraquand andLatombe do not specifically consider clearance informationto generate their numeric potential, their method can guidethe robot through narrow free space channels that are closeto the goal there by endangering the robot. They counterthis problem by removing channels or branches of theVoronoi diagram that are too narrow. In effect they growselected obstacles, and thereby lose the completeness oftheir solution. The path transform does not suffer thisdrawback.The Yamabico mobile robot navigates by followingthe paths planned by the global planner, and uses the pathtransform to deal with unexpected obstacles. Once a pathhas been planned the Yamabico mobile robot executes thepath. The robot monitors the execution of the path byusing dead reckoning and observing landmarks, such aswalls with its ultrasonic sensors. If an unexpected obstacleis encountered along the planned path trajectory by theultrasonic or laser sensing systems, the Yamabico stops.The robot then uses its laser range finding system todetermine the shape and location of the obstacle. The robotscans the environment to the left and right of the obstacle.A grid map covering an area of 4.0m x 3.0m with a gridcell size of 0.20m is projected onto the environment, themap is centred on the mobile robot. The relevant portionsof the vector map together with the laser sensor data areprojected onto the grip map. A goal position is placed1.5m behind the sensed obstacle along the original plannedtrajectory. The Yamabico robot is almost cylindrical inshape and has a diameter of approximately 0.36m.Collision testing can therefore be efficiently implementedby growing the obstacles in the environment by 0.20m.Refer to Figure 7 for an example of reactive planning usingthe path transform. The first diagram shows theenvironment, the planned path and the unexpected obstacle.The second diagram shows the local grid map, with thesensor data and environment map data, and the obstacleavoidance path. SG G Figure 7. Reactive PlanningThe proposed collision avoidance scheme describedabove was initially implemented on AMROS simulatordeveloped in our laboratory by Kimoto et. al. [14]. Thissimulator models the kimematics of the the locomotionsystem, and has realistic models of the robot’s ultrasonicand laser sensors. The simulator is programmed in theexactly same manner as the Yamabico robot. Thesimulator proved to be a valuable debugging tool.Collision avoidance software could be tested on thesimulator before it was used on the robot. Figure 5 showsan example of output from the AMROS Simulator of theYamabico navigating down an obstacle strewn corridor.The corridor is 13m long and 2.5m wide. The robot’snavigation task is to move down the corridor, as eachunexpected obstacle is encountered the robot makes a localmap, and places a goal behind the obstacle further down thecorridor. Using this strategy the robot is able to avoid threeobstacles, back its way out a dead-end, and deduce that thecorridor is blocked off, and abandons the mission. Figure 8shows output from the AMROS simulator.

-6-StartFigure 8. Simulation ResultsFinally the reactive planner was implemented andtested on the Yamabico. The Yamabico was successfullyable to navigate down a corridor 20m long containingnumerous unknown obstacles. Experimental resultsshowed that once the robot detected an unexpected obstaclewith its perception sensors, a 100 degree laser scan of theenvironment in front of the robot (50 degrees left and rightof the robot),making a local map of the environment andcomputing the path transform can be done in less than 3seconds.4. Planning Paths Of Complete CoverageMuch of the focus of the research effort to date hascentred on the problem of finding a path from a startlocation to a goal location, while minimising one or moreparameters such as length of path, energy consumption orjourney time. A mobile robot should be capable of findingpaths which ensure the complete coverage of anenvironment. The path transform can be adapted to findsuch a path. To find the path of complete coverage, insteadof descending along the path of steepest descent to thegoal, the robot follows the path of steepest ascent. In otherwords the robot moves away from the goal keeping trackof the cells it has visited. The robot only moves into a gridcell which is closer to the goal if it has visited all theneighbouring cells which lie further away from the goal. Afull discussion of paths of complete coverage is provided inZelinsky et. al. [16]. Refer to Figure 9 for an example ofthe path of complete coverage.

-7-

-8-presented , International Conference of AdvancedRobotics - ICAR ’93, November 2-5, 1993, Tokyo.