In: IEEE/RSJ Int. Conf. on Intelligent Robots and Systems (IROSÕ98), Vic-toria, Canada, Oct. 12-16, 1998 On-line path planning with optimal C-space discretizationDominik HENRICH, Christian WURLL, and Heinz W�RNInstitute for Process Control and Robotics (IPR)Computer Science Department, University of KarlsruheP.O. Box 69 80, D-76128 Karlsruhe, Germanye-mail: [dHenrich, Wurll, Woern]@ira.uka.de, http: //wwwipr.ira.uka.de/~paro/AbstractThis paper is based on a path planning approach we re-ported earlier for industrial robot arms with 6 degrees offreedom in an on-line given 3D environment. It has on-line capabilities by searching in an implicit and descreteconfiguration space and detecting collisions in the Carte-sian workspace by distance computation based on thegiven CAD model. Here, we present different methods forspecifying the C-space discretization. Besides the usualuniform and heuristic discretization, we investigate twoversions of an optimal discretization for an user-predefinedCartesian resolution. The different methods are experimen-tally evaluated. Additionally, we provide a set of 3-dimensional benchmark problems for a fair comparison ofpath planner. For each benchmark, the run-times of ourplanner are between only 3 and 100 seconds on a PentiumPC with 133 MHz.

Keywords

:industrial robots, path planning, on-line algo-rithms, search algorithms, discretization1 IntroductionThe issue of robot path planning has been studied for acouple of decades and many important contributions to theproblem have been made [Hwang92]. Path planning algo-rithms are of great theoretical interest, but are rarely usedin practice because of their computational complexity[Kamal96]. Here, we make a step in the direction of prac-tical path planning.Many of the future robotic tasks (e.g. recycling, robotguidance, tele-operation, assembly and disassembly, medi-cal surgery) can often only be completed in dynamic envi-ronments. Therefore, powerful on-line path planners forindustrial robots with six degrees of freedom (DOF) areneeded. The on-line capability1 means that the plannerdoes not require any time-consuming off-line computa-tions in order to directly react to dynamic changes in theenvironment.An introduction to motion planning in dynamic envi-ronments is given in [Fujimura91]. In several examples,

1 Here, "on-line" does not include to meet given time constrains asrequired for "real-time".different approaches especially for mobile robots are pre-sented. In [Fiorini96], a motion planner for industrialrobots based on velocity adaptation is discussed. It plansonly for a 2 DOF workspace for two robots and their off-line known movements. In [Ralli96], a potential-fieldapproach based on the explicit calculation of the work-space and the C-space is proposed. When a new object isdetected, the new path is sought within a few seconds, butthe planner works only with 5 DOF in a very small searchspace, which is unfavorable for industrial applications.In summary, to date, no planners for 6 DOF robots ex-ist, which can deal with dynamic environments and havelow on-line computation times. Our aim is to develop apath planner satisfying these requirements for robots withup to 6 DOF. We focus on industrial robots, which con-stitute a considerable fraction of all robots used currentlyand in future.The remainder of the paper is organized as follows: InSection 2 the basic approach of our on-line path planner isintroduced. Section 3 describes and compares differentmethods for C-space discretization. Section 4 introduces aset of benchmark problems for robots with 6 DOF basedon 2 DOF examples. Experimental results are given inSection 5. The paper closes with the conclusion and anoutlook to the future research in SectionÊ6.2 Basic approachMost of the off-line path planners are based on someexplicit representation of the free C-space. This representa-tion can either be retrieved by transforming the obstacleinto the C-space and approximating the free-space or byrandomly sampling the C-space and interconnecting thesamples by collision-free links. Both approaches are verytime consuming and not suited for on-line calculations,especially, if a full geometric CAD model for the robotand the obstacles is used. In order to avoid these timeconsuming calculations, one can search in an implicitlyrepresented C-space and detect collisions in the workspace.This strategy enables the planner to cope with on-lineprovided environments. See Figure 1 and 2.

For searching in the implicit C-space, any best-firstsearch mechanism can be applied. We choose a variationof the well known A*-search algorithm [Hart68]. Robotconfigurations (nodes) still to be processed are stored inOPEN, while already processed nodes are stored inCLOSED. Contrasting to the original A*, here, no re-opening of nodes in CLOSED is performed. As evaluationfunction f(n) = (1Ðw) g(n) +Êwh(n) is used, where g(n) isthe number of nodes of the path from the start node tonode n, and h(n) is the Airplane distance in C-space be-tween node n to the goal node. Increasing the weight wÊÎ[0, 1] beyond 0.5 generally decreases the number of inves-tigated nodes while increasing the cost of the solutionsgenerated. To improve the on-line capabilities of the pathplanner, our search is strongly directed to the goal bysetting wÊ=Ê0.99 [Sandmann97].Collisions are detected by a fast, hierarchical distancecomputation in the 3D workspace, based on the polyhedralmodel of the environment and the robot provided bycommon CAD systems [Henrich92, Henrich97e]. Withthe help of the "MaxMove Tables", introduced in[Katz96], the Cartesian distances are then transformed intojoint angles in order to determine whether the currentconfiguration collides or not.3 C-space discretizationAs mentioned previously, the path planning takes placein a discretized configuration space of the robot manipula-tor. The resolution settlement of discretization is also animportant issue. There is a trade-off in the granularity ofdiscretization or resolution: too fine will increase thesearch space and too coarse may result in failing to find apath even if there exists one.Formally, for the i-th coordinate qi of the C-space, letNi be the number of intervals along qi. Then we can de-termine Ni by2

N q qq

i i ii =

- ê

ë ê ú

û úmaxminD

,where qimax and qimin are the limits of joint motions and Dqiis the resolution of joint i. The question is now how todetermine the DqiÕs.3.1 Discretization methodsWe now investigat different methods to determine thediscretization resolution DqÊ=Ê(Dq1 , . . . , DqD)of a D-dimensional C-space. In the most simple method, the userspecifies a uniform discretization for all joints of the robotmanipulator, thus, Dqi Ê = Ê c for some constant c. With areasonable joint resolution of one degree, the uniformdiscretization result in huge C-spaces. For example, adiscretization of the Puma260Õs joints with Dq = (1°,1°,1°, 1°, 1°, 1°) results in a C-space with 2.13*1015 states.To avoidthe huge searchspaceof uniform discretiza-tion, usually a heuristic discretization is applied. Here,reasonable Dqi are estimated by the user to balance theresulting Cartesian movement Dxi when the differentjoints i are moved for Dqi. The underlyingproblem i s illustrated in Figure 3a. For the Puma260, one maychoose Dq = (1°, 2°, 3°, 4°, 5°, 6°) . In this way, generally,the nearer a joint is to the basethe finerthe discretizationresolution is for the corresponding joint angle.Insteadof having a uniform or a heuristic resolutionalong each configuration coordinate, an optimal discretiza-tion can be calculated. Therefore, the resolution along eachcoordinate is set according to the maximum movement ofthe robot endeffect at each step the robot moves along thiscoordinate. The result of this discretization is illustrated inFigure 3b. Analytically, this can be achieved by setting

2 Here, ëxû denotes the next smaller integer of x.

d(d) qSqGq1q2Figure 1: A 2D illustration of the path search in the im-plicit C-space from the start qS to the goalqG using atransformation d(d) of the obstacle distance d for collisiondetection.dFigure 2: Collision detection in the explicit workspace bycomputing the minimum distance d between robot andobstacles

D q

MaxMove l

i i

=

æ è

ç

ö ø

÷

2

2

arcsin,

where li is the distance between the center of joint i to thefarthest point the endeffectcan reach, andMaxMove is apre-set distance the robot may move at one step along thecoordinate [Qin96b].3 Altogether, the optimal discretiza-tion results in Cartesian movements Dxi of joint i whichmeets the condition Dxmax £ MaxMove, where Dxmax =m a x { Dxi, " i }. For MaxMove = 10 mm of a Puma260,the optimal discretization equals to Dq = (0.96°, 0.98°,1.40°, 2.83°, 2.84°, 10.33°). The size of the correspondingC-spaceis 1.88*1013 states. This is two magnitudes lessthan for the uniform discretization (Dqi = 0 . 9 6 4°)applyingthe same maximum movement.Additionally to the optimal discretization with the strictcondition Dxmax £ MaxMove, this condition can be re-leased to Dxmean (MeanMove, where Dxmean =mean{Dxi,"i}.5 This is interesting in applications where it is notnecessary to meet a given upper bound for the Cartesianmovement of the robot. Instead, it may be sufficient thatthe robotÕs Cartesian movement equals to the pre-definedvalue MeanMove in average.The ideal discretization would result in Dxi =MaxMove, for all i. Unfortunately, the Dx i dependon thecurrentconfiguration. Thus, a variableresolution along

3This kind of geometric reasoning was used by [Lozano87] to build upthe approximation of the configuration space by calculating themaximum movement of links. Similarly, [Beer92] used this idea toprovide analytical formulae for a specific robot model to reason onthe occupancy of C-obstacles.45 Please note, that the Dxi depent on the current configuration of therobot. We have omitted thisinthe formalism for a better clarity.Anyhow, inthe mostformulae, the worst case isassumed, whichrestricts the robot to some straight configuration.each coordinate is necessary. This cannot be achieved foran implicit representation of the C-space as needed here foron-line path planning. In the case where an explicit repre-sentation of the C-space is applicable, a configurationdependent resolution of C-space can be calculated. Forexample, a neural network representation of the C-spacecan be adapted in a training phase to achieve a good C-space discretization [Ralli96].3.2 Experimental comparisonsTo give a better insight to the effects of the differentdiscretization methods, experimental comparisons arepresented in this subsection.The most important property of C-space discretizationfor path planning is a small number of configurationstates while meeting a given (Cartesian) accuracy of ro-botÕs motion. This can be achieved by balancing the reso-lution of the joint discretization such that the resultingCartesian movements Dxi aresimilar for the differentjoints i. As indicator for this balance, we use the ratioDxmax / D x min , whereDxmin =m i n { Dxi, " i }andDxmax i s definedasabove.Theratios for the differentdiscretizationmethodsareshown in Figure 4. The ratios differabout afactor of ten between uniform and optimal discretization.The resulting number of states in the discreteC-spacefor differentresolutions aregiven in Figure 5. Therei s only a small differencebetweenthe MaxMove andMean-Move discretization. Huge differencesin C-spacesizeoccurebetweenthe optimal andthe other discretizationmethods. One canclearlyimprove the resolution whenchanging from uniform to heuristic to optimal discretisa-tion without changing the C-space size.(a)

ljDxiDxjli

DqjDqi = Dqj (b)l jDqiliDqjDx i = Dx j Figure 3: (a) The uniform discretization (Dqi =Dqj) resultsin different Cartesian movements Dxi ¹ D xj when differentjoints i, j are moved. (b) The optimal discretization resultsin equalm a x i m u m Cartesianmovement Dxi =Dxj whendifferent joints i, j with distancel i , l j to the endeffectaremoved.[Beeh97]ABCDE

02468101214

10.5

4.9

1.56

1

1D X m a x / D X m i nDiscretisation:A: UniformB: HeuristicC: MeanMoveD: MaxMoveE: IdealFigure 4: The ratio of maximum to minimum Cartesianmovement (Dxmax / D x min ) of arobot in the worst caseconfigurationwhen differentjoints i aremoved for Dqi.The differentdiscretizationmethods areindicatedby Athrough E.

The above discussed movement ratios and C-space sizesassume the worst case. For industrial robots, the worstcase holds true when the endeffect has the greatest distanceto the currently regarded joint, thus, the manipulator is insome straight configuration. For most applications ofpath planning, the robot is far from being in this worstcase configuration all the time. There are many other typeof configurations adopted in the average case. Thus, it isinteresting how well the discretization methods work inthe average case.For both optimal discretization approaches (MaxMoveand MeanMove), a histogram of the configuration depend-ent ratios is given in Figure 6 and Figure 7. Therefore, allconfigurations of a Puma260 which result in differentCartesian movements per joint are regarded. For theseconfigurations, each joint i is moved by Dqi andthe re-sulting Cartesian movement Dxi calculated.The Dxi canbe determinedby the maximum distancebetweentwocorrespondingpoints of the robot in the two configura-t i o n s . 6 Then the ratio Dxmax / D x min is clusteredinto inter-vals of size 0.1 for rendering.We can observe that by using the optimal discretizationwith condition Dxmean » MeanMove, many more ratios arenearby one. Thus more of the robot movement aresimilarto the pre-definedMeanMove. Of cause, there will bemovements greater than MeanMove and neither a maxi-mum number of such moves nor an upper bound for thismoves is guaranteed. The ideal discretization achieves perdefinition the best ratio of one for all configurations.

6 Actually, we approximate this calculation by a pre-computedãMaxMove TableÒ to look up the DxiÕs only for the first three joints[ K a t z 9 6 ] . 4 Benchmark problemsAs a basis for an objective evaluation of the path plan-ner, a set of test environments with corresponding prob-lem specification (benchmark problem) is used. Here, theproblem emerges that the planner may use different ro-bots. Since the robots differ in their construction (e.g.geometry and kinematic), one cannot compare a problemspecification for a robot A in a test environment with thesame problem specification for a robot B in the same testenvironment. Therefore, the test environments are notspecified in the workspace but schematically in a 2Dconfiguration space with increasing level of difficulty.The levels of difficulty SIMPLE, STAR, andBOTTLENECK were presented in [Hwang96]. A newlevel of difficulty DETOUR is introduced including a806040200

10810910101011101210131014101510161017101810191020

Uniform

Heuristic

MaxMove

MeanMoveXmax / mm|C|DFigure 5: Size |C| of the discretized C-space for differentdiscretization methods and different maximum Cartesianmovements Dxmax per motion step

1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3

0500

1000

1500

2000

2500

3000

3500

4000 Xmax/Xmin

H Figure 6: Histogram H of ratios of maximum to mini-mum Cartesian robotÕs movement (Dx^{max}/D xmin) per jointstep for optimal discretization Dxmax £ MaxMove

1 1.5 2 2.5 3 3.5

0500

1000

1500

2000

2500

3000

3500 Xmax/Xmin

H Figure 7: Histogram H of ratios of maximum to mini-mum Cartesian robotÕs movement (Dxmax/D xmin) per jointstep for optimal discretization with Dxmean » MeanMove

shorter path nearby obstacles and a longer path stayingaway from obstacles. This enables us to investigate thepath plannerÕs ability to find a reasonable trade-off be-tween fast7 and short paths.Based on these schemes, corresponding test environ-ments together with their problem specification have to beprepared for each type of robot. In Figure 8, examples fora Puma260 in the robot simulation tool ROBCAD areshown.8 More details about the generation of test envi-ronments based on the presented levels of difficulty can befound in [Katz96].5 Run-time resultsWe have implemented the path planner on a PC work-station with a 133 MHz Intel Pentium processor and 64Mbytes of main memory. To compare the run-times, wehave run every benchmark problem 12 times, deleted thelowest and highest planning times, and computed theaverage of the remaining 10 values. A optimal discretiza-tion with MaxMove = 20 mm is used, which leads to thediscretization DqÊ= [1.91°, 1.96°, 2.79°, 5.66°, 5.66°,20.66°] for a Puma260. According to the upper andlowerjoint limits of the Puma260, the C-spaceconsists of2 . 9 9 * 1 0 11 states.

7 ãFastÒ in the sense of robot execution time8 These benchmark problems can be downloaded from the Web pageat http://wwwipr.ira.uka.de/~paro/gkatz/benchmark.htmlThe planning times for the benchmark problems arepresented in Figure 9. Three of four planning times werebelow 30 secs. Only the benchmark problem DETOURneeds little more planning time [Sandmann97].6 Conclusion and future workIn this paper, we have introduced a new approach topath planning for industrial robot arms with 6 DOF. Thealgorithm works in an implicit and discretized C-space andthe collision detection is done in the Cartesian workspaceby distance computation. This avoids the time- and mem-ory consuming obstacle transformation and C-space calcu-lation. The method is based on the A*-search algorithmand needs no essential off-line computation. This approachenables the path planner to work reasonably fast in dy-namic environments.By using the optimal discretization method, the C-space resolution can be determined automatically based onone pre-defined Cartesian value. This leads to smallersearch spaces with a unchanged solution accuracy. Addi-tionally, the optimal discretization leads to a better exploi-tation of the available free-space, when distance computa-tions are used for collision detection.The method of optimal discretization can be improvedby using a more accurate estimation of the Cartesianmovement. The linear approximation is sufficient forsmall movements as they occur in our application. Forlarger movements per step, an error correction according to[Baginski97] may be appropriate.Figure 8: The 3-dimensional test environments for a Puma260 with 6 DOF. Top row: SIMPLE and STAR, bottom row:BOTTLENECK and DETOUR

Based on these results, we focus next on developing apath planner which is able to cope with moving objects,such as gripped workpieces. To further increase the speedof the algorithm, we are currently working on a hierarchi-cal on-line discretization of the C-space, further reducingthe enormous size of the search space. The planning strat-egy can also be enhanced by a multi-directional or parallelsearch. Additionally, for executing the computed trajecto-ries with a real robot, we are developing a path smoothingmethod.AcknowledgmentsThis work is part of the project "Scalable algorithmsfor parallel motion planning in dynamic environments"funded by the German Basic Research Framework (DFG-Schwerpunktprogramm) "Efficient algorithms for discreteproblems and their applications".References[Baginski97]Baginski B.: "Efficient Dynamic CollisionDetection using Expanded Geometry Models". In: Proc. ofIEEE/RSJ/GI Int. Conf. on Intelligent Robots and Sys-tems IROS’97, Grenoble, September 7-11, 1997, pp1714-1719.[Beeh97]Beeh F.: "Erweiterung des parallelen Bewe-gungsplaners", MasterÕs Thesis, Computer Science De-partment, University of Karlsruhe, 1997.[Beer92]Beer E.: "JAM - Just another algorithm tosolve a motion planning problem: Ein geometrischesBahnplanungsverfahren fuer Zweiarmroboter", Ph.D.Thesis, University of Karlsruhe, 1992. [Fiorini96]Fiorini P., Shiller Z.: "Time optimal trajec-tory planning in dynamic environments", IEEE Int. Conf.on Robotics and Automation, vol. 2, pp. 1553-1558,1996.[Fujimura91]Fujimura K.: "Motion planning in dynamicenvironments", Berlin, Heidelberg, Springer, 1991.[Hart68]Hart P.E., Nilsson N.J., Raphael B.: "A formalbasis for the heuristic determination of minmum costpaths", IEEE Trans. Syst. Sci. Cybern, pp. 100-107,1968[Henrich92]Henrich D., Cheng X., "Fast Distance Com-putation for On-line Collision Detection with Multi-ArmRobots", IEEE Int. Conf. on Robotics and Automation,Nice, France, May 10.-15., pp. 2514-2519, 1992.[Henrich97e]Henrich D., Gontermann S., W˚rn H.:"Schnelle Kollisionserkennung durch parallele Abstands-berechnung". In: 13. Fachgespr�ch Autonome MobileSysteme (AMS’97), Stuttgart, October 6-7, 1997,Springer-Verlag, Reihe "Informatik Aktuell", pp 131 -142.[Hwang92]Hwang Y. K., Ahuja N., "Gross motionplanning Ð A survey", ACM Computing Surveys, vol 24,no 3, Sept. 1992.[Hwang96]Hwang K. H..: "Completeness vs. Efficiencyin Real Applications of Motion Planning", IEEE Work-shop on Practical Motion Planning in Robotics, Minnea-polis, MN, April 1996.[Kamal96]Kamal L., Gupta K., del Pobil, A.P.:"Practical motion planning in robotics: Current ap-proaches and future directions", IEEE Robotics & Auto-mation Magazine, Dec. 1996.[Katz96]Katz G.: "Konzeption einer Entwicklung-sumgebung unter ROBCAD fˇr die parallele Bewegungs-planung", MasterÕs Thesis, Computer Science Depart-ment, University of Karlsruhe, 1996.[Lozano87]Lozano-Perez T.: "A simple motion-planningalgorithm for general robot manipulators", IEEE Jour. ofRobotics and Automation, vol RA-3, no 3, June 1987. [Qin96b]Qin C., Henrich D.: "Path planning for indus-trial robot arms - A parallel randomized approach", InProc. of the Int. Symp. on Intelligent Robotic Systems(SIRS«96), Lissabon, Portugal, pp. 65-72, July 22-26,1996.[Ralli96]Ralli E., Hirzinger G.: "A global and resolutioncomplete path planner for up to 6 DOF robot manipula-tors", IEEE International Conf. on Robotics and Automa-tion, Minnesota, 1996.[Sandmann97]Sandmann St.: "Entwicklung eines paral-lelen Bewegungsplaners", MasterÕs Thesis, ComputerScience Department, University of Karlsruhe, 1997.SIMPLESTARBOTTLEN.DETOUR

020406080100120140

3.2

29.3

24

107.7T/secsFigure 9: Average run-time T in seconds for differentbenchmark problems provided on-line to the path planner