A Biologically Inspired Fitness Function for Robotic GraspingJ. Jaime Fernandez Jr.Intelligenta, Inc.4110 St. Michael�s Ct.Sugar Land, TX 77479jjf@jjf.comhttp://www.jjf.comIan D. WalkerElectrical and Computer EngineeringClemson UniversityClemson, SC 29634ianw@ces.clemson.eduAbstractT h i s p a p e r d e s c r i b e s t h e i n n o v a t i v e u s e o f genetic programming (GP) to solve the graspsynthesis problem for multifingered robot hands.The goal of our algorithm is to select a �best�grasp of an object, given some information aboutthe object geometry and some user- defined�fitness functions� which intuitively delineate�good� from �bad� grasp qualities. The fitnessfunctions are used by the specially designedgenetic program, which iteratively selects thegrasp. This paper describes in detail the fitnessf u n c t i o n u s e d t o o b t a i n t h e b e s t g r a s p s f o r multiple objects. The approach is biologicallyinspired in the choice of fitness functions, whichadapt intuition from nature to guide the evolutionprocess.1. INTRODUCTIONOne obstacle preventing the practical application of robothands has been the inability to provide the operator with ageneral grasp selection planner which can select andpreview candidate grasps across a wide range of objectsand tasks. The goal for the research discussed in thispaper is to develop the framework for a user-friendly,practical, and intuitive package for multifingered robothand grasp selection, using GP or genetic algorithm (GA)techniques.In this paper, we build on our GP based algorithm[ F e r n a n d e z 9 7 , F e r n a n d e z 9 8 , Fernandez 99] which�evolves populations� of candidate grasps to arrive at�preferred� grasps for a given task. The �evolution� isguided by a user-defined �fitness function�, which can becomposed of grasp quality measures existing in thel i t e r a t u r e , o r s y n t h e s i z e d b y t h e u s e r f o r t h e g i v e n application. The results suggest that GP can provide astraightforward, intuitive, and practical alternative to thecomplex and difficult-to-use grasp selection strategiescurrently available. Since our approach does not makeany a priori assumptions about the geometry of the robothand, our algorithms will be easy to interface and usew i t h a n y r o b o t h a n d . T h u s o u r r e s u l t s s h o u l d b e adaptable to a wide range of applications.2. ROBOT HAND RESEARCHWe begin with a brief summary of research in the area ofmultifingered robot hands. Several excellent summariesof robot hand research exist [Bicchi 96, Grupen 89, Kato87], and the reader is referred to these works for moredetails.In the last fifteen years, significant progress has beenmade in the development of dextrous robot end effectors.Some early three-fingered hands, such as the JamesonH a n d s b e g a n t h e t r e n d o f d e v e l o p m e n t o f m o r e s o p h i s t i c a t e d e n d e f f e c t o r s [ B i c c h i 9 6 ] . N u m e r o u s m u l t i f i n g e r e d h a n d s h a v e s i n c e b e e n b u i l t a n d successfully demonstrated, notably the Salisbury hand[ S a l i s b u r y 8 2 , M a s o n 8 5 ] a n d t h e M I T / U t a h h a n d [Jacobsen 86].A key obstacle to the application of robot hands has beenthe sheer complexity involved in modeling and control ofdextrous multifingered tasks. In particular, the problem ofgrasp synthesis is a key issue that has attracted muchattention in the last few years. The problem of graspsynthesis, or grasp planning, can be restated as �at whichpoints on the object should the fingers be placed?� Noticethat this is an issue that is �natural� to humans, who graspmost objects instinctively. However, for robot hands( s o m e o f w h i c h h a v e v e r y d i f f e r e n t k i n e m a t i c arrangements of the fingers than human hands) this is anon-trivial issue.A f r a m e w o r k w h i c h c o u l d i n c o r p o r a t e a n d e x p l o i t existing grasp analysis techniques could be very useful inb r i n g i n g t h e a d v a n t a g e s o f d i f f e r e n t t h e o r e t i c a l approaches to users and applications. The GP techniquedescribed in this paper provides such a framework, byallowing existing methods to be incorporated via thefitness functions selected. Our biologically-inspireda p p r o a c h t o m u l t i f i n g e r e d g r a s p i n g [ F e r n a n d e z 9 7 , Fernandez 98, Fernandez 99] follows from our earliera n a l y s i s o f s i m p l e b u t e f f e c t i v e m u l t i f i n g e r e d h a n d designs in nature [Walker 95].

3 . A P P L I C A T I O N O F G P T O ROBOTIC GRASPINGG e n e t i c P r o g r a m m i n g c o n s i s t s o f s e v e r a l i m p o r t a n t components. They are the representation of the solution,m u t a t i o n , c r o s s o v e r a n d t h e f i t n e s s f u n c t i o n . T h e following sections explain all of these components.3.1. REPRESENTATION TREESThe solutions are represented in a tree format [Koza 92].A sample solution in a tree format is illustrated in Figure1. Each tree has a root node from which three nodesbranch out. The root node represents the entire hand.Each of the nodes that branches out represents a differentfinger. The finger nodes have three additional nodes thatrepresent the position of each joint. The joint nodes arekinematically chained together.HandFinger 1Finger 2Finger 3Yaw JointdegreesProximal JointdegreesDistal JointdegreesYaw JointdegreesProximal JointdegreesDistal JointdegreesYaw JointdegreesProximal JointdegreesDistal JointdegreesFigure 1: A graphical illustration of a GP tree thatrepresents a robotic hand.3.2. MUTATIONMutation is an important feature of GP. Mutation consistsof creating a new node or set of nodes for one tree. Forexample, mutation may give a new value to the distaljoint of the second finger. This may be a good mutationwhich may cause a better grasp of the object, or it mightbe a bad mutation. Figure 2 illustrates this concept.HandFinger 1Finger 2Finger 3Yaw JointdegreesProximal JointdegreesDistal JointNew ValueYaw JointdegreesProximal JointdegreesDistal JointdegreesYaw JointdegreesProximal JointdegreesDistal JointdegreesFigure 2: An illustration of a mutation. In this case anew value is created for the distal joint of the secondfinger. The node in bold illustrates the swapped node.3.3. CROSSOVEROne of the most powerful features of GP is its ability tocombine two trees to form a new tree. This feature iscommonly known as crossover. Crossover consists ofswapping one or more objects from one tree for the sameobjects of another tree. Suppose, for example, theprogram currently has two trees. Crossover swaps theposition of a few objects from the first tree for the sameobjects of the second tree. One offspring tree is createdwhich might be better and a second offspring is createdwhich might not be as good as the first offspring. Theprogram rejects the worse tree. Figure 3 illustrates theconcept of crossover.Crossover OperationHand 1Finger 1Yaw Joint 1,1Proximal Joint1,1Distal Joint 1,1Finger 2Yaw Joint 1,2Proximal Joint1,2Distal Joint 1,2Finger 3Yaw Joint 1,3Proximal Joint1,3Distal Joint 1,3Hand 2Finger 1Yaw Joint 2,1Proximal Joint2,1Distal Joint 2,1Finger 2Yaw Joint 2,2 Proximal Joint2,2Distal Joint 2,2Finger 3Yaw Joint 2,3Proximal Joint2,3Distal Joint 2,3Offspring from Crossover OperationNew Hand 1Finger 1Yaw Joint 1,1Proximal Joint1,1Distal Joint 1,1Finger 2Yaw Joint 1,2Proximal Joint1,2Distal Joint 1,2Finger 3Yaw Joint 1,3Proximal Joint2,3Distal Joint 2,3New Hand 2Finger 1Yaw Joint 2,1Proximal Joint2,1Distal Joint 2,1Finger 2Yaw Joint 2,2 Proximal Joint2,2Distal Joint 2,2Finger 3Yaw Joint 2,3Proximal Joint1,3Distal Joint 1,3Figure 3: Illustration of how crossover works between 2different trees. The proximal and distal joints in finger 3of hand 1 are swapped for the proximal and distal jointsin finger 3 of hand 2. The swapped nodes are in bold.4 . F I T N E S S F U N C T I O N COMPONENTSThe fitness function is one of the most important aspectsof GP. The fitness function determines what is a �good�or �bad� tree, which in turn produces a �good� or �bad�s o l u t i o n . A c o m b i n a t i o n o f t h e f o l l o w i n g f i t n e s s functions are used to obtain a grasp for the robotic hand.4.1. VIRTUAL SPHERESEach finger has one mathematical virtual sphere (VS)attached at the end of the finger or at the fingertips. Theprogram calculates the area of intersection between thesurface plane of the object to be grasped and the spheres.T h e p r o g r a m a t t e m p t s t o m a x i m i z e t h e a r e a s o f intersection. Figure 4 illustrates the concept of the virtualspheres on a two dimensional diagram. Intuitively, weexpect that the greater the area the firmer the grasp.Figures 5 illustrates the virtual spheres on each of thefingers.Three possibilities exist for the intersection of the VS andthe desired objects. The first one is the easiest tocalculate, this is the intersection of the VS and a plane, inwhich the resulting area is a circle. The second case iswhen the VS attempts to grab an edge of the object. Inthis case the resulting area consists of two semi-circles.Finally, the third case is when the VS attempts to grab acorner of an object. The resulting surface area consists ofthree semicircles. In this paper we only considered objects with flat surfaces and angles of 900 degrees.However this technique also applies to irregular shapedobjects.

Area of IntersectionTop View of Virtual SpheresVirtualSpheresObjectto begraspedFingerSegment

Figure 4: A two dimensional illustration of the virtualspheres (VS). The left-most figure is the intersection ofthe tip of the VS and the object. The middle figure is theintersection between the object and a partial area of theVS. The right-most figure is the intersection between theobject and the VS. In this case the intersection occurs atthe center of the VS, which gives the greatest possiblearea, and thus the best fitness.Figure 5: The top view of a simulated Salisbury handwith the virtual spheres at the ends of the three fingers.4.2. TRIANGLE AREAThe program attempts to maximize the area of the trianglegenerated by the tips of the three fingers. The greater thearea of the triangle the further apart the fingers are fromeach other.Figure 6: The top view of a simulated Salisbury handgrasping an elongated object. The triangle represents thetriangle created by the tips of the three fingers.4.3. TRIANGLE ANGLESThe program attempts to minimize the standard deviationbetween the angles of the triangle generated by the tips ofthe three fingers. This further ensures that the fingers areequally separated from each other. The ideal in this caseshould be all angles equal to 60 degrees.Figure 7: The top view of a simulated Salisbury handgrasping a rectangular object. The angles of the triangleare illustrated in the figure.4.4. MULTIPLE OBJECT PLANESThe program attempts to maximize the number of planesgrabbed by the fingers. Each finger can grab a maximumof three planes at once, by grabbing the corner of theobject (soft finger assumption). Two important reasonsleads to this criteria. First we do not want the fingers allgrabbing the same plane. In this case the hand obviouslydoes not have a grasp on the object. Secondly, it isthought that a grasp at a corner is more stable than a graspon a side of the object. The fingers on the right areholding one edge and a corner, while the finger on the leftis holding a different corner.Figure 8: The side view of a simulated Salisbury handgrasping a rectangular object. This figure illustrates thehand grasping an object from multiple planes.4.5. RACCOON GRASPINGRaccoons use successful �tapping and levering� strategiesto compensate for having limited kinematic functionalityin their five-fingered hands (relative to humans). In thisway, they learn about the dynamic properties of an objectof interest with a series of �learning grasps� before finallycapturing the object. A typical feature of raccoon-typegrasps is that the fingertips are aligned perpendicular tothe surface of the object. This maximizes the dynamicimpact of the grasp. We have attempted to capture thisbehavior by utilizing a fitness component that rewardsthis type of grasp.

Figure 9: The side view of a simulated Salisbury handgrasping a small object. This figure illustrates the handusing the raccoon-style grasp.4.6. FINGER INTERSECTIONSIt is necessary to modify the initial fitness functions toprevent intersection of finger links. This is done by asimple modification of the fitness function to include ageometric constraint inhibiting finger collisions. We alsofind it necessary to modify the fitness functions to preventthe strong intersection we sometimes see between thefingertips and the object. We are assuming soft fingers,so some intersection between fingertips and object isreasonable, but in our early examples we have observedexcessive intersections.Figure 10: Illustration of an overlap between fingers oneand two. These class of solutions are not allowed, sincethey are physically impossible.Several simple rules were applied to prevent the fingerintersections from occurring. First, if two endpoints arecloser than twice the sphere radius that means there is anintersection. This rule prevents the fingertips fromintersecting. Second, if the second finger is to the right offirst finger then there is an intersection. This intersectionoccurs with the first two fingers. In some cases these twofingers intersect each other. This type of intersection isillustrated in figure 10. Third, if the first or secondfingers are in front of the third finger then there is ani n t e r s e c t i o n . T h i s r u l e p r e v e n t s t h e t y p e o f f i n g e r intersections of the thumb intersecting the other twofingers.5. FITNESS FUNCTIONT h e f i t n e s s f u n c t i o n i s s i m p l y t h e a d d i t i o n o f t h e previously defined components. The pseudo equation forthe fitness function is:Fitness Function = Area of intersection of virtual spheres(sum in square inches) +Triangle area (in square inches) +Triangle angles (sum in radians) +Number of contact planes (Maximum = 9) +Angle between fingers and object (sum in radians)Configurations with an intersection are deleted from thepopulation.6. RESULTSThe results have been excellent. The Genetic Program hasworked well, and consistently generates meaningful andpractical grasps. We have found it straightforward to tunethe fingertip �spheres� to generate �tighter� or �looser�grasps. In addition, a key feature of the approach is thatthe initial �population� of grasps is essentially hand-independent, making the initialization straightforward.However, the most exciting aspect of the work has beenthe ability to �tune� the grasp selection process by meansof the fitness functions chosen for each run.T a b l e 1 : T a b l e a u f o r t h e G P s o l u t i o n t o t h e biologically inspired robotic grasping.Objective:Find the best grasp for the desiredobject.TerminalSet:Finger1: Yaw, Proximal, Distal,Finger2: Yaw, Proximal, Distal,Finger3: Yaw, Proximal, DistalFunctionSet:Not ApplicableFitnesscases:1) Maximize contact area betweeneach of the 3 virtual spheres and thedesired object.2) Maximize area of triangle formedby the 3 fingertips.3) Minimize the standard deviationbetween the 3 angles of the triangleformed by the 3 fingertips.4 ) M a x i m i z e n u m b e r o f c o n t a c t p l a n e s a t e a c h v i r t u a l s p h e r e . Maximum of 3 per virtual sphere.5) Maximize the angle of contact ofthe distal segment and the desiredobject. Maximum p/2.6) Prevent finger intersections.Raw fitness:The addition of the 5 fitness cases.Standardizedfitness:Same as raw fitness.Parameters:Population = 400Generations = 5000Successpredicate:Best solution after 5000 generations.

By using different types of fitness function (which areeasily input and modified by the user) we have been ableto generate very different types of grasps, for a givenhand and object. For example, by looking at the exampleof the raccoon in nature, we have been able to synthesizegrasps which would be more dynamic in practice thanthose generated using fitness functions based on moreconservative grasp stability measures. This change in thenature of grasps is easily and intuitively guided bychanging the fitness function. This ability of the approachto allow the user to input the fitness function (basicallyspecifying how the candidate grasp populations will beallowed to �breed�) gives the method its most powerfulfeature.7. EXAMPLESIn this section, we present various examples showing thegrasp choices selected by GP. In each case, a summary ofthe grasp and its interesting features is followed by apicture of the grasp seen from different angles.7.1. EXAMPLE 1In this example, the Salisbury Hand is to grasp a longobject as shown in figure 11. We have found this type ofobject to be particularly useful for investigating theproperties of our algorithms. The long length (relative tothe hand workspace) allows us to consider grasps atdifferent orientations in an intuitive fashion. The figureshows the grasp with highest fitness function value amongthe final, or terminal, population for one run of the GP.Figure 11: Grasp of long object in a vertical position.Here the �fingers� are essentially supporting the object,and the �thumb� is configured in a way that would allowsignificant movements of the object for small thumbmovements. This grasp is reminiscent of the way humanshold a pen or pencil in a dextrous grasp. Notice that thereis a strong intersection between the fingertips and theobject in this example. This would make the graspimpractical for hard fingertips (we have assumed softfingertips in most of our work). However, we have foundt h a t i t i s s t r a i g h t f o r w a r d t o r e g u l a t e t h e a m o u n t o f intersection between the fingertips and the object byvarying the radius of the �virtual sphere� in the fitnesssub-function which checks for finger/object contact.7.2. EXAMPLE 2In this example, the Salisbury hand grasps the same objectas in example 2, but in a different orientation. The fitnessfunction here was the same as in example 1. In this case,the �thumb� assumes a more opposing role (no specialemphasis was placed on the thumb relative to the fingershere), and the two opposing fingers are placed a the endsof the object, which would allow it to manipulate theobject dexterously with only small motions of the fingers.Figure 12: Grasp of long object in a horizontal position.7.3. EXAMPLE 3This example shows how the fitness function adjusts itselfto different kind of objects. The fitness function is theexact same as in examples 1 and 2. The only difference ishow the genetic programming evolves to apply onecomponent more over the other components.As can be seen in figure 13 (compare with figure 11 forExample 1) the grasp in this case features quite differentf i n g e r c o n f i g u r a t i o n s . N o t i c e t h a t t h e f i n g e r t i p s a r e aligned in a much more perpendicular fashion than inExample 1. This is much more representative of raccoon-like grasping, where the grasp in Example 1 is morerepresentative of cautious human grasping. This alterationof the �behavior� of the grasp demonstrates how easilyd i f f e r e n t g r a s p n e e d s a n d t a s k s t r a t e g i e s c a n b e incorporated for quite simple changes in fitness functionelements.

Figure 13: Raccoon-style grasp.8. CONCLUSIONSThis paper has presented a fundamentally new approachfor guiding grasp selection choices for multifingeredrobot hands. The method is based on GP or GA which�evolve� candidate �populations� of grasps to reach a bestchoice. The evolution is guided by a user-defined �fitnessfunction�. The method is very intuitive and effective, andprovides a way to incorporate the best features of existinggrasp analysis tools in one framework.The key feature of the approach is the ability of GP toarrive at sensible (in the context of the fitness functionc h o s e n ) g r a s p s f r o m a n i n i t i a l s e m i - r a n d o m s e t o f candidate grasps. While it can be argued that the methodis not formally repeatable (the algorithm does not produceprecisely the same final grasp population over differentruns), we have observed that the nature of the graspschosen are very consistent in character. In addition, theapproach often results in grasps which would not havebeen initially selected by the user (but are consistent withthe fitness function�s measure of �goodness�). In thisway, we feel that the problem of robot hand grasps e l e c t i o n i s a p a r t i c u l a r l y i n t e r e s t i n g a r e n a f o r t h e application of GP techniques to robotics.We presented a new and novel fitness function for roboticgrasping. The fitness function consists of six simplecomponents that collectively define a �good� grasp. Thec o m p o n e n t s a r e : t h e t r i a n g l e a r e a f o r m e d b y t h e fingertips, the triangle angles formed by the fingertips, thenumber of planes of the object to be grasped, the angle atwhich the fingers touch the object, and a component toprevent finger intersections. These six components of thefitness function were obtained from studying at commonsense human and raccoon grasps. In addition, it is quiteeasy add a new component for the fitness function basedon a different type of desired grasp. For example, none ofour objects included any information about hardness orweight. Thus, objects could be used with differentamounts of hardness or weights, such as an egg, a piece ofwood and an iron object. These objects would require anew component that compensates the amount of forceapplied depending on the objects characteristics.AcknowledgementsPrimary funding for this work was provided by Office ofNaval Research under contract # N00014-96-C-0320.Professor Walker was also supported by that NationalScience Foundation under grants CMS-9532081 and IRI-95266363, and NASA under grant NAG 9-845. Theresearch was conducted while Mr. Fernandez worked atMetrica, Inc. and Dr. Walker was an associate professor atRice University.References[Bicchi 96] A. Bicchi. Hands for Dexterous Manipulationa n d P o w e r f u l G r a s p i n g : A D i f f i c u l t R o a d T o w a r d s Simplicity. In 1988 IEEE International Conference onRobotics and Automation: Workshop on Minimalism inRobot Manipulation, pages 1-13, Minneapolis, MN, 1996.[ F e r n a n d e z 9 7 ] J . J . F e r n a n d e z a n d I . D . W a l k e r . B i o l o g i c a l l y I n s p i r e d C o n t r o l f o r S e m i - A u t o n o m o u s R o b o t i c G r a s p i n g . I n W o r k s h o p o n E v o l u t i o n a r y R o b o t i c s , 1 9 9 7 I n t e r n a t i o n a l C o n f e r e n c e o n G e n e t i c Algorithms, page 1, East Lansing, MI, 1997.[ F e r n a n d e z 9 8 ] J . J . F e r n a n d e z a n d I . D . W a l k e r . Biologically Inspired Robot Grasping Using GeneticProgramming. In Proc. of the 98 IEEE InternationalC o n f e r e n c e o n R o b o t i c s a n d A u t o m a t i o n ( I C R A 9 8 ) . Leuven, Belgium, 98.[F e r n a n d e z 9 9 ] J . J . F e r n a n d e z a n d I . D . W a l k e r . Biologically Inspired Robot Grasping Using GeneticAlgorithms. Accepted for publication in the InternationalJournal of Intelligent Mechatronics, 1999.[Grupen 89] R.A. Grupen, T.C. Henderson, and I.D.McCammon. A survey of general-purpose manipulation.Int. Journal of Robotics Research, 8(1):38-62, 1989.[Jacobsen 86] S. Jacobsen. et. al. Design of the Utah/MITDextrous Hand. In IEEE Conference on Robotics andAutomation, pages 1520-1532, San Francisco, CA, 1986.[Kato 87] I. Kato and K. Sadamoto. Mechanical HandsI l l u s t r a t e d . H e m i s p h e r e p u b l i s h e r s , S p r i n g e r - V e r l a g , 1987.[Koza 92] J. Koza. Genetic Programming. MIT Press,1992.[Mason 85] M.T. Mason and J.K. Salisbury. Robot Handsand the Mechanics of Manipulation. MIT Press, 1985.[Salisbury 82] J.K. Salisbury and J.J. Craig. ArticulatedHands: Force Control and Kinematic Issues. InternationalJournal of Robotics Research, 1:4-17, 1982.[Walker 95] I.D. Walker. A Successful MultifingeredHand Design The Case of The Raccoon. In Proceedings1995 IEEE/RSJ International Conference on IntelligentRobots and Systems (IROS), pages 186-193, Pittsburgh,PA, 1995.