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Abstract

A Grasp-basedViotion Planning Algorithm for Intelligent Character Animation

Maciej Kalisiak
Master of Applied Science
Graduate Departmert of Electrical & Computer Engineering
University of Toronto
1999

The automated animation of human characterscontinuesto be a challengein com-
puter graphics. We presei a novel kinematic motion planning algorithm for character
animation which addressesomeof the outstanding problems. The problem domain
for our algorithm is asfollows: given an ervironment with designatedhandholdsand
footholds, determinethe motion asan optimization problem. The algorithm exploits
a combination of geometricconstrairts, posture heuristics,and gradiert desceh opti-
mization in orderto arrive at an appropriate motion sequence.The method provides
a singleframework for animated characterscapableof animating the model using an
assortmem of modes of locomotion and capable of solving complex constrained lo-
comotion tasks. We illustrate our results with demonstrationsof a human character
using walking, swinging, climbing, and crawling in order to navigate in a variety of

ernvironmerts.
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Chapter 1

In tro duction

1.1 Motiv ation

The animation of human gures hasbeena challengesincethe advert of computer
graphics,and thus hasseenthe ewlution of many tools, operating at seweral di erent
levels of abstraction and user-cotrol. A method which consistetly animates the
human form in a natural fashionacrossa wide range of scenarioss still lacking.

Human motion is very complex,asdemonstratedby the duration of time it takesa
human baby to learn how to walk on its own, with more complexmotions taking even
longer. From a computational point of view, the di cult y of locomotion stemspartly
from the many potentially feasiblesolutions, from which the most natural variation
must be chosen. In choosing a particular motion, a character must strike a balance
betweena number of complexconstrairts, which include balance,comfort, and joint
limits. This motivatesthe castingof characteranimation asan optimization problem,
and is alsothe approat we take in this thesis.

Methods for generatinghuman motion can be subdivided into a number of cate-
goriesor specializations. Someare intendedfor generallocomotionin simpleterrains,
while others are more pro cient in constrainedenvironmens. Certain algorithms are
limited to reproducing unique movemerts, sud asdiving. Others specializein dealing
with secondarytasks, sud as object manipulation. Yet others concernthemsehes
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with generatingexpressie gestures. Of all these categories,our planner dealsonly
with the rst two: human locomotion through free and constrainedernvironmerts.

To date, the majority of character animation techniquesuselocal methods which
focus on what to do here and now in order to keepa character balancedor moving
forward. By their nature, these solutions tend to be limited to a speci ¢ mode of
locomotion and do not help to plan the motion over larger distancesor constrained
situations. Intelligent motions in sud environmens require a planning processin
order to properly articipate obstaclesand potertial dead-ends.Oncea plan hasbeen
formulated, a motion needsto be syrnthesizedwhich follows the plan closely It is this
planning, in combination with a method for generatingpath-adhering motion, which
forms the focus of our work.

Motion planning in the cortext of human animation is not new but the current
state of the art does not deal adequately with generalervironments and motions.
Current motion syrthesistools are predominartly focusedon walking, while treating
other motions, sud as bending to pick up an object, as secondarymotions to be
executedwhenthe character is stationary. Yet other motions requiring movemert in
tightly constrainedenvironmerts, are not handled at all.

An example of the type of problem that we would like to solve is presened in
Figure 1.1. We would like to be able to automatically navigate a character through
sud varied environmens by using a number of di erent modesof locomotion. The
small boxes on the obstaclesurfacesrepresen points which the character is allowed
to grasp, pull, or step on.

The intended audienceof our animation tool consistsof animators who require
a more abstract method of animating characters, one which will alleviate the need
to fully specify the motion, requiring only high level constrairts sud as starting and
ending con gurationsY. This work would therefore be of use in computer games,
simulators, virtual worlds, as well as secondarycharacter animation for production
animations, i.e., Im and video.

YA character's con gur ation describesthe position as well asthe arrangemert of the body.
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Figure 1.1: A sampleenvironmen we would like to be able to solwe
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limb trajectory filter

Figure 1.2: A block diagram of our planner

Y

1.2 High-lev el overview of work

The block diagramin Figure 1.2 outlinesthe structure of our approad. The heart
of the planner is the planner core, also sometimesreferredto asthe scribe. Its main
function is to collate the motion segmets handedto it into a single stream which
represets an initial motion plan. Eadh sudh motion segmen consistsof a sequencef
con gurations or posesfor the character. The sourcesproviding the corewith these
segmets are the \gradient desceh step" module, the random walk generator, and
the nite state madine(FSM). We provide a brief overview of ead of thesebelow.

The simplestway in which the planner generatesmotion is through the gradient
desent of the con guration space potential. The con guration spacepotertial, writ-
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ten as P(q), denotesthe shortest collision-freedistance of the character's certer of
mass(COM) from its position in con guration g to that in the nal con guration.
The gradiert desceh employed di ers from the traditional algorithm in that we do
not compute analytic gradierts of the eld asthis is expensive and complicated. In-
stead, at eat stepwe sampleP (q) for a number of slightly perturbed versionsof the
current con guration, and proceedwith the one which resultsin the largestdrop in
this potertial. The \gradient desceh step” module performsa single step using this
method.

Sincegradiert desceh hasthe drawbadk of becomingstudk at local minima, we
userandom walks to esca these. This consistsof perturbing the character's con-
guration for a prespeci ed duration. In essenceBrownian motion is applied to the
gure. The intention of this is that the character will lie outside the in uence of the
local minimum in the endingcon guration, and hencewill proceedon a di erent path
to the goal.

Finally, we employ a nite state maching(FSM) to model di erent character gaits.
In this FSM ead state represeis a di erent locomotion mode while the edgesrep-
resen transitions betweenthem. Ead sud edgehas somegeometric preconditions
which must be satis ed prior to traversingit, aswell asa number of post-traversal
e ects, most of which result in a motion segmen being generatedand passedto the
scribe. Thesee ects deal with altering the character's grasps an abstract represen-
tation of the attachmert of an extremity to a handhold or foothold. Most of these
regraspingoperationsare usually followed by a posture correction step. This consists
of a gradiert desceh through the discomfort space. This is a potential eld similar to
the one usedin the \gradient desceh step” module, but one that is computed with
the useof a heuristic systemwhich implicitly models human comfort. The result of
this latter gradiert descen is to array the character into the most comfortable pose
currertly possible.

At ewery iteration the planner core acceptsa motion segmeh from one of these
componerts. The sourceis chosenbasedon the following order: FSM, gradiert de-
scen step module, randomwalk generator. If a particular componert cannot provide
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a meaningful motion segmen to follow the current solution then the next module is
consulted. The random walk generatorcan always provide a motion segmen If the
planner core noticesthat the character is not making any progressit assumest is
studk and performsa badtracking operation. This consistsof regressingo a previous
point in the solution, throwing the subsequen portion of it away, and restarting the
collating process. Once an approximate solution has beenfound joining the initial
con guration to the nal one,it is passedn sequencehrough the \whole body" and
the \lim b" trajectory lters. The purposeof these lters is to make the character's
motion smooth and uid.

1.3 Layout of thesis

In the next chapter we discussa collection of methods that have been applied
to the problem of human motion syrthesis. In Chapter 3 we introduce se\eral of
the prerequisite conceptsneededfor the understandingof our algorithm. Chapter 4
descrikes the complete planner. We presen and discussour results in Chapter 5.
Finally, we summarizeour cortributions and proposefuture work in Chapter 6.



Chapter 2
Previous Work

In this chapter we review a wide variety of existing character animation tech-
niques. We rst discusskeyframing and motion capture methods. Both of these
canbe classi ed askinematic animation techniquesand they are both widely usedin
practice. This is followed by a discussionof ongoingresearb into the useof dynamics
for character animation. We concludeby discussinga path planning algorithm best
suited to our researt and its application to character animation.

Tools and algorithms for character animation can be evaluated accordingto a

number of di erent criteria, which caninclude:

interactivity

amourt of animator cortrol

amourt of automation

the conceptsexplicitly modeled

the time scaleon which the method operates

robustnesswith respect to variations in ervironment

Interactivity rangesfrom complete, sud as required in game systems,to none,
asin Im production. Animator cortrol can likewisebe complete, sud as a orded

7
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by keyframing, to none,asin the caseof autonomouscreature simulation. Inversely
related to that is the amourt of automation, which speci es the level of demandfor
animator's input. Someof the conceptsthat can be modeledby a given method are
physics, sensing,memory and knowledge. The method can operate either on the
global time scale,or locally. Finally, a given approad can be genericand adept at
working with ernvironmernts of varying structure and complexity, or it canbe designed
and ne-tuned for only a limited subsetof terrains.

The primary criteria for our researt arethe o oading of the work to the computer
while providing a useful amourt of animator cortrol, and the ability to operate in
diverse,and especially constrainedervironmerts.

2.1 Kinematic animation

While the human form is di cult to animate, the many possibleapplications of
character animation have led to the creation of a variety of animation tools. These
can be broadly categorizedas being dynamic or kinematic. Dynamic approades
model the forcesand torquesinvolved in a motion, while kinematic approahesusea
combination of constraints and other model-speci ¢ rulesin order to generatenovel
motions. It isthis latter categoryof animation methodsthat we discussan this section.
The two most prominernt approadiesin this areaare keyframing and motion capture.

2.1.1 Keyframing

Keyframing is perhapsthe best known animation technique, one which has its
origins in traditional mediaand onewhich is still widely usedtoday. In this method
the user completely positions the character at key instancesof time. Piece-wise
cortinuous splines,which model individual joint anglesover time, are then tted to
the provided keyframes. Subsequetty, any intermediate frames can be arrived at
using interpolation.
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In the handsof an experiencedanimator, keyframingis an e ective tool for creat-
ing motion, allowing completecortrol over ewvery detail of the motion. The drawbad
of keyframing is the e ort required in specifying a large amourt of information and
the considerableskill requiredto adhieve natural-looking motion with this technique.
Further discussionon the topic can be found in [Stu84].

2.1.2 Motion capture

Perhaps the most popular and most direct kinematic method of creating ani-
mations is the use of motion-capture data. This consistsof having a real human
actor perform a set of desiredmotions, which canthen be mapped onto a computer-
animated character.

There are a variety of ways of recording the motion data. In one approad the
actor is out tted with visual markers at signi cant points on his or her body, the
motion is Imed usingmultiple cameras,and the character con guration is extracted
through computation from the 2D positions of the markers. Another approad re-
quiresrequiresthat the actor be out tted with 3D sensors.The 3D trajectoriesof the
sensorsare recordedand inversekinematic are then applied to derive the correspnd-
ing joint trajectories. Yet other methods rely on sensorsvhich are capableof directly
measuringthe joint anglesthemsehes. Whatever the method usedfor capturing the
data, appropriate noisereduction stepsmust be taken beforeit canbe usedsincethe
data is usually noisy due to the limitations of sensorsand extraction methods used.

Onekey issuein usingmotion capture data is that the virtual characterquite often
doesnot have the samedimensionasthe original actor. Applying the captured motion
unmodi ed violatesimportant constrairts, resulting for examplein feet not touching
the ground or the character \skating". Gleicher [Gle98] as well as Ko and Badler
[KB92] both presenn a method for adapting motion data to di erently proportioned
characters.

Another seriouslimitation of motion capture is that any character animated with
this approad is only capable of the motions which have been previously recorded;
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there is no simple way to generatenovel motions. Furthermore, even though addi-
tional motions could be captured for any lacking movemen types that have been
identi ed, oneis limited to motions which are recordable. For example, it is not
obvious how to obtain motion capture data for imaginary creaturessud asa dragon.

Recen work attempts to addressthe reusability of captured motions. Bruderlin
and Williams presen in [BW95] a method for applying signal processingmethods
to the character'sjoint motion curves, allowing the userto amplify or attenuate dif-
ferert portions of the frequencyspectrum of thesesignals,resulting in the emphasis
of di erent characteristics of the original motion. [UAT95], on the other hand, out-
lines a method for interpolating aswell as extrapolating betweentwo related motion
sequenceso smoothly blend betweenthe two, or to exaggeratethe characteristics
of one of them with respect to the other. Witkin and Popovic proposein [WP95]
a method to alter or warp a given captured motion by acceptingkeyframe-like con-
straints which dictate a smooth deformationsof the original motion curves. The main
limitation of thesemethods is that the amourt of deformation or extrapolation that
canbe appliedis limited aslargewarpswill causethe characteristicsof the motion to
be lost, and will result in a pronouncedarti cial look. Furthermore, these methods
are not well suited to complex environmerns since collision avoidanceand planning
are not easily integrated.

2.2 Dynamic animation

In this sectionwe presem methods which fall under the dynamic animation cate-
gory. In general,these methods focus more on the local planning aspect of motion,
concelrating on achieving physically correct movemen. As the problemthey under-
take is a much moredi cult onethan that of kinematic methods, none of them take
global planning into consideration,a trait crucial to the task that we are studying.
These methods are therefore presened for completenessas their resenblance and
applicability to our work is very limited.
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2.2.1 Controller-based metho ds

The principal ideabehind the dynamic approad to human animation is to employ
physical simulation for the purposeof obtaining physically correct motions. The use
of physicsimposesa constrairt on the possiblemotion, but in the caseof character
animation, it does not sene to uniquely de ne the motion. Instead, the use of a
physical simulation transformsthe animation probleminto a cortrol problem, namely
oneof determining the muscleactionswhich are necessaryn order to achieve desired
movemerts. The simulated musclesaretypically abstractedasbeingrotary actuators
capable of exerting torques at the joints. Designing appropriate cortrol functions
is a dicult task for an animator, howewer, in large part becausethe relationship
betweenthe applied cortrol and the resulting motion is indirect. A torque applied at
aparticular joint producesa resulting setof accelerationswhich needto beintegrated
twice in order to generatethe resulting changein position. Hence,one cannot easily
modify the torquesto incremenally modify someexisting motion. An animator using
torque as a function of time to provide cortrol is also further handicapped because
these functions cannot typically be copied for reusein another situation. This is
becausethe motion is a function of both the initial state and the applied cortrol
inputs.

Torque basedcortrollers are further plaguedby usually being capableof only a
very limited classof motions. To make a character capableof a substartial repertoire
of motions one hasto endawv it with a large collection of cortrollers, but this leads
to the problem of deciding the timing of transitions from one cortroller to another.
Furthermore, controllers are usually speci ¢ to the creature they were designedfor,
although a method is proposedby Hodginsand Pollard in [HP97]for adapting existing
cortrollers to new models, onesthat are similar to someextert.

Closed-lo op

Controllers can be roughly categorizedas either open- or closed-lmp. A closed-
loop cortroller di ers from anopenonein that it usesfeedba& to monitor its progress,
and if needbe, adjust its operation.
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One of the most successfuapplications of closed-lmp cortrollers to the animation
of locomotion are the hopping bipeds,quadrupedsand kangaraos of Raibert [RH91].
Herethe animator provideshigh level input, sud asthe desiredspeed,direction, and
gait type, which the cortroller uses,along with the current state of the subject, to
computethe necessaryforcesand torquesthat needto be applied at the actuatorsto
keepthe character balancedand moving in the desireddirection. This approad has
also beensuccessfullyapplied to robots.

[Sim94]presens a method for simultaneously ewlving a creature'sanatomy and
the correspnding cortroller through the use of genetic algorithms. Although the
resultsareinteresting, this method haslimited usesinceit doesrequirealargeamourt
of computing power, and the virtual creaturesproducedare highly abstract, of little
resentlanceto any real life forms.

SensorActuator Networks (SANs) [vVF93] are a collection of units whoseoutputs
are a non-linear function of the sum of the weighted inputs. The parameters of
the SAN are chosenusing a variant of simulated annealingin order to optimize the
performanceas measuredby xed-duration simulations of the SAN providing cortrol
to a given creature.

Open-loop

Open-loop cortrollers tend to be rare sincethey are very delicate and unstable.
They are speci ¢ not only to the character they were designedfor, but alsoto the
ervironmert and initial state. Any perturbation or anomaly in the system risks
upsetting the motion and renderingthe cortroller output ine ectiv e.

One dynamic method which can be consideredopen-loop is that of PoseCorntrol
Graphs [vKF94,van96]. This approad consistsof a nite state machine(FSM) which
speci es a number of posesas well as the hold time for eatr. The FSM then uses
PD cortrollers to drive the character's joint anglesduring a physical simulation.
Although the PD cortrollers themseles are closedloop, the overall FSM approat
doesnot make useof any feedba&. [Las96]and [LvF96] further introduce a method
for adding a layer of cortrol which attempts to improve balancein unstable PCG
cortrollers.
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2.2.2 Trajectory-based metho ds

Smcetime Constraints(SC) [WK88] is an alternate approad to incorporating
physics into motions. It involves directly optimizing motion trajectories in order
to satisfy physics constrairts as well as user constraints and objectives. This ap-
proadh ts nicely into the keyframeparadigm; the userspeci es an initial motion by
hand and then lets the algorithm optimize this approximation to yield a physically
plausible motion. This approad has a further bene cial property that if no sud
solution could be found, the motion which most resentles a physically-correctoneis
returned.

The SC method hasseeral potertial disadvantages. The approad can often lead
to an enormousoptimization problem proneto local minima. As a result, most im-
plemertations make concessiongnd adopt certain limitations. As applied to human
motion, this approad su ers from requiring complex and unintuitiv e input on the
part of the user, since numerousconstrairts are neededto keepthe motion in line
with what a human would producein reality, aswell asthe daunting task of trying
to expressall the traits and eccettricities of human motion in the objective function.
This approad also hasthe undesirablequality of providing perfect anticipation due
to the global nature of the optimization and the absenceof a sensingmodel.

In [Coh92], Cohen extendsthe SC approad by using a B-spline represetation
for the joint trajectoriesaswell as by localizing the optimization through the useof
time windows. This wasfurther improved upon through the usewaveletsin [LGC94].
Also, in [LC95] Cohenand Liu allow the timing of the keyframesto be relaxed. This
approad is basedon the obsenation that although most usershave a good idea
what posesshouldbe assumedn a desiredanimation, they often do not have a good
intuitiv e feelasto when theseposesshouldbe assumed.The work presens a method
for generatingmotion from a set of keyframesin which most lack timing information.

A trajectory-basedrepresetation is alsoadopted by [van97,Tv98,Tor97]in their
work on a footprint-driven motion generationmethod. In this casethe problem size
and the potential for local minima is reducedthrough the useof a simpli ed physical
model. Oncean optimized trajectory hasbeenobtained for the simpli ed model, the
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remaining details of the motion are lled in by taking advantage of a priori knowledge
of the footprint locations and footprint timing, which together form the animator's
motion speci cation. The speci cation of footprints can also be automated with the
useof a simple path-planning algorithm.

2.3 Strongly related work

In the following two subsectionswve discussthe two kinematic systemswhich most
resenble our own work in terms of motivation and desiredgoals, although they do
so through di erent methods. They are the Motivate 3D Game Systemby Motion
Factory, and the Jadk systemfrom the University of Pennsyhania.

2.3.1 The Motivate system

The \Motiv ate 3D Game System" [Fac,KAB *] is a commercial 3D gamedewel-
opmert system. It o ers a novel way for generatinggameconent through the useof
real-time motion syrthesis and dynamic evernt-based programming. The production
cycleusually consistsof importing externally generated3D modelsfor the characters,
the de nition of character skills, and the speci cation of behaviours hierarcial nite
state madines with enbedded procedural code describing the actions or tasks the
character is to perform in particular situations.

The real-time motion syrthesiscomponert preserts an interesting mix of the pre-
viously descriled kinematic methods and motion warping. Here, the animator rst
builds up a databaseof atomic actions for the character using keyframing or motion
capture. Theseare referredto as skills or actions. Once a su ciently large reper-
toire hasbeengathered,the solution is assemled by stringing together a sequencef
theseactions. Eadc of thesemotion segmets is chosenfor its closenessn t to the
motion requiremerns at the current point in the solution. A form of motion warping
is subsequetly applied sothat thesemotion segmets meetthe constrairts precisely
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Although this method performsadmirably for simple scenariossigni cant discon-
tinuities in the motion canbe seerwheneer two substartially di erent atomic actions
are put together, or whenthe databaselacks a suitable skill for a particular required
movemen. In essencethe result is highly dependent on the quality and diversity of
the \skill' database,which in turn dependson the experienceand expertise of the
animator. The available demonstrationsof this technique depict the charactersusing
only variations on walking gaits, sud astipto eing, running, bounding, and jumping.
The actions are usually performed in relatively unconstrained spaces. It is there-
fore uncertain how well this systemwould cope with constrainedervironmerts, and
whetherit could be usedequally well for other forms of locomotion, sud as crawling
or climbing.

This systemdi ers from ours not only in the method employed, but alsoin the
goalsand requirements it is trying to satisfy. Whereaswe concertrate on uid nav-
igation through constrainedernvironmerns, the Motivate system placesthe emphasis
on real-time character animation at the expenseof motion cortinuity and sophisti-
cation, as the former are demandedby game playing ervironmerts, which are the
target application for this planning system. Motivate is also concernedwith object
manipulation, which subsequetly a ects the capabilities of a path planner.

2.3.2 The Jack system

The other kinematic approad that aimsto achieve someof the samegoalsasour
method is the Jadk system[BPW93,PB91,LWZB90]. This is a very complex, multi-
faceted system, mainly used for ergonomicstudies. It allows the userto perform
eld-of-vision analysis,comfort assessmdn as well as testing readability. Recertly
it hasbeenfurther out tted with strength modeling and collision avoidance. Like the
Motivate system[Fac], the Jadk systemis capableof graspingobjects. Although de-
veloped at University of Pennsyhania, it is now a commercialproduct madeavailable
by Transom Tednologies[Tra].
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Ergonomic analysiscan be performedon static posturesof the character, as well
as when it is in motion. Sud dynamic behaviour study rst requiresthe user to
script a task { the movemerts and operations which are to be performed. Motion
is generatedby way of dragging body segmets to new locations. A natural and
aesthetically pleasinglook is achieved by employing or following behaviours during
the generationof limb and body motion. Theseare procedural implemertations of
empirical properties obsened in humans. One sud behaviour is that of balance: in
order to keepthe character balanced,the behaviour attempts to keepthe character's
projection of its certer of masswithin the support polygon. It doesso by adjusting
the character's posture, perhapseven taking a step forward or badkward if necessary
A task may consistof any number of sud generatedmotions conbined. Once the
scripting is complete,the task can be saved and the simulation rerun any number of
times, with di erent parameters.In this way the usercan study the task's ergonomic
gualities for varying body typesand sizes.

Although the Jadk systemworks quite well in solving the local motion planning
problems found in ergonomicstudies, it does not solwe the problem that we have
undertaken to researb. The main de ciency is the low level of automation: the user
needsto manually input the motions that make up the task, whereaswe would like
to input only high level motion constrairts, sud asinitial and nal con gurations.
Even if the systemwas capableof sud planning, and the motions in a given task
were generatedprocedurally, the resulting locomotion would probably be limited to
walking-type gaits only. This is due to most of the behaviours having beendesigned
basedon this assumption.

In cortrast to Jadk, the approad that we are proposing is a motion-planning
method suitable for constrainedenvironmerts, one capableof autonomouslymaking
use of many types of gaits, one that can use seart techniquesto esca possible
local minima, and one that can handle motion transitions as well as being able to
determinewhena transition might be warranted. With the singleframework outlined
in our approad the character can be automatically animated over a wide range of
complex landscapes, using a variety of human motions, limited only by the number
of motions built into the implemenrtation.
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2.4 Path planning

The path planning problem has someinteresting qualities to it. On the one hand
it can be viewed as a discrete decisionproblem: the choosing of which handholds
and footholds to use, aswell asthe matching of limbs to the said points of cortact.
On the other hand, it also has a signi cant cortinuous componert: the nding of a
smooth motion for the body and limbs in betweenthe discretedecisions.

[BL91], aswell asparts of [LPW91] descrike the RandomizedPath Planner(RPP).
This approad consistsof denoting certain key points on the object being animated
as control points. A navigation function potertial eld, spanningthe ervironmert,
or worksp@ace, is constructed for eat sud cortrol point. A linear conbination of
thesepotertial elds arethen combined into a con guration spacepotential function,
denotedby U. This potential function essetally can be considereda rough metric
of how far the character is from the goal con guration. The navigation functions are
specially chosensothat the occurrenceof local minima in U are kept low. The path
planning then consistsof performing a gradiert desceh through U, using random
walks as a meansof esca from local minima. This method has many bene ts: for
simpler problemsit is sewral orders of magnitude faster than previous methods, it
works well with obstaclesof arbitrary complexity, and is capableof solving problems
for robots with large number of DOFs aswell as multirob ot scenarios.

This RPP algorithm has been extendedto deal with 3D manipulation tasks in
[KKKL94], which, at least in part, has later beenincorporated into the Motivate
system[Fac]that we have already discussed.This work concetrates on the problem
of cooperative multiarm manipulation of objects, suited especially well to taskswhich
require regraspingof the object being manipulated. Even though we draw on some
RPP conceptsin our work, this particular extensiondoesnot have much in common
with our researt sincethe robots hereare xed to the ground; robot locomotion is
not addressed.Tasksillustrated in the [KKKL94] paper are the human manipulation
of a chesslmard with the aid of a third robotic arm, aswell asthe task of picking up
and putting on a pair of sunglassesising two arms.

Y [BL91] describesa 3D solution to 31 DOF problem, aswell assome2D problemswith 2 robots,
3 DOFs ead.
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Our work in the following chapters takesits inspiration in part from the Ran-
domizedPath Planner algorithm. We found it's ability to handle modelswith many
degreesof freedom (DOFs) very appropriate for our work, and the researb shoved
that it was quite fast. Both thesefactors madeit ideally suited for our purposes.A
number of adaptations were necessaryto this algorithm, sinceour requiremerns for
the path plannerwereslightly di erent from thoseoriginally intended. The main ad-
dition wasthe ability of the characterto intentionally comeinto cortact and \attac h"
to the environment (signifying a foot- or hand-hold), which resultedin the character
always traveling in closeproximity of somesurfacein the environmert, which is in
direct cortrast with the RPP algorithm where the subject tries to stay equidistart
from all surrounding walls and obstacles.

In the following chapter we will take a deeper look at someof the basic concepts
and methods involved in RPP and its predecessorsWe will alsopresen a simpli ed
version of the RPP planner, which forms the basisof our planner, which we presen
in chapter 4.



Chapter 3
Underlying Concepts

In this chapter we descrile the fundamertal conceptsof the classof randomized
path planning algorithms upon which we baseour own work. We further illustrate
these conceptsby describinga simple, precursory planner for solving the free-space
motion problem for a human character.

This chapter doesnot presen any signi cant novel cortributions, although occa-
sionally it might apply previouswork in newways. Much of this material is a review of
ideaspresetied by Latombe et al. [LPW91] and Barraquand and Latombe [BL91] in
their work on randomizedpath planning. As our work builds on theirs, it is necessary
to review the conceptsof this particular prior art in somedetail.

3.1 Notation

This section provides a conciseoverview of the notation that we will be using
throughout this work. It is borrowed directly from the work on the RandomizedPath
Planner algorithm in [LPW91, BL91]. Additional notation will be introduced and
explainedasthe needfor it arises.

We represen the character being animated with A.

The character's ervironment, also called the works@ace, we denotewith W.

19
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B; refersto a particular obstaclesin W.

S .
B = ~ B;, alsocalledthe obstacleregion.
|

p represets a speci c point on A.
A particular con guration(x1.1) of A we denotewith q.
A sequencef q represets a path, and is usually denotedby

When A hasthe con guration g, A(q) denotesthe region that the character

occupiesin W.

C denotesthe con guration space of A,
i.e. the spacedescriked by the union of all the possibleq.

G ree denotesthe free spacein C,
i.e. Gree=fq2 CjA(q)\ B = 0g.

When givena con guration q, X, the forward kinematic map, mapsa particular
p to its positionin W (X :A C! W)

3.2 Overview of metho d

Figure 3.1 illustrates what kind of problem we want our simplied plannerto be
ableto solve. We wart it to y the character (with the handy jet-pack strapped to
his bad) from the starting point to the nish, assuggestedy Figure 3.2. This is the
free-spacanotion problem, akin to that of the \piano-mover". We can characterize
this task as nding a free path through the workspaceW, preferably of minimal
distance, that avoids collisionswith obstacles. This can be equivalertly stated as
the problem of nding the shortest path from Qg 10 Gfinisn  through G ee. One

YSince the con guration includes both measuresof linear and angular distance, \minimal dis-
tance" is ambiguous. In this thesis the term always pertains strictly to the linear distance metric,

unlessexplicitly stated otherwise.
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Figure 3.1: A sampleproblem for the simpli ed planner of this chapter

Figure 3.2: One possiblesolution; jet-pack not shown for clarity
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Input Solver Output

Ostar t
a
ds

Ostar ¢ | U inish
G inish | plannercare :

Figure 3.3: Systemblock diagram of the precursoryplanner

nd neighlour q generaterandom
with lowest P (q) walk

way to do this is to compute a potertial eld * for C, which we will referto asP, and
then to apply the gradiert desceh algorithm. Unfortunately this approad, like most
methods which rely on potertial elds, is proneto becometrappedin local minima. A
practical solution to this problemis to apply a random walk through G . Whenewer
this happens,asoutlined in the work on RPP [BL91].

The remaining sections of this chapter descrike the conceptsoutlined in the
overview above in greater detail. Figure 3.3 shavs a block diagram of the simpli-
ed planning system. The details of this diagram will be discussedshortly, and the
readermay wish to refer bad to it.

The algorithms in this and the following chapter deal only with 2D motion plan-
ning problems, instead of our desired goal of 3D animation. This lends clarity to
the explanations, as well as re ecting the current state of our implemertation. We
beliewe that our method as described within thesepagesis easily extendibleto three
dimensions,hencethe concessiormadedoesnot limit the scope of application of the
algorithm. We further discussthe extensionto three dimensionsin x6.2.1.

ZWe will examinethis potential eld shortly. For readersfamiliar with the conceptit should be
noted that this potential eld diers slightly from the traditional onein that ours doesnot include
an obstacle-repelling componert.
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Figure 3.4: The 10link skeleton

3.3 Skeletal description

Figure 3.4 illustrates the skeletal represetation that we have chosenfor the char-
acter. Sincewe are working in two dimensions,we have naturally adopted the side
view. An evidert aw is that we have no links represeting hands and feet, which
should be explicitly modeledfor purposesof animation. This choiceis a compromise,
allowing for the reduction of the con guration space(and hencethe sear® space)by
four dimensions,onedimensiondiscardedper eat extremity, with negligiblein uence
on the nal solution. The missingextremities could be reinsertedby post-processing
the solution obtained usingthe simpli ed gure. We have not yet implemerted suc a
post-processingstage,instead focusingour e orts on the more fundamertal elemens
of planning motions in constrainedenvironmens.

Figure 3.5 displays the joints in the model and speci es the joint limits which
constrain their motion. As we are working in two dimensionsfor the time being, we
usejoints with a singlerotational degreeof freedom,which thus restrict the skeleton
to motion in the xy-plane. Figure 3.6illustrates the corvertion that we have adopted
for represefing joint angles.

There are many possiblechoicesfor represeting q, the skeleton's con guration.
Our represemation will build upon onewhich is well known in the kinematic literature.
It consistsof the x andy coordinatesof a speci ¢ point on the skeleton, which we will
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joint || linky | linkp | min | max

1 1 2 -20 | 90
2 2 3 90 | 360
N 3 2 5 90 | 360
) 4 3 4 0 170
5 5 6 0 170
6 2 7 -10 | 170
7 2 9 -10 | 170
8 7 8 |-160| O
9 9 10 | -160| O

Figure 3.5: The joints of the skeleton and their limits

link 5

Figure 3.6: The cornvertion usedfor joint angles

referto asthe root*, arelated orientation angle and all the joint angles. Weillustrate
this in Figure 3.7. Sincewe have left the choice of the root point unspeci ed, this
leavesus with an in nite number of possiblerepresetations of q. This exibilit y is
useful, asit allows us to vary the represetation of g over time. This provesto be
conveniert whenconstrainingafoot or handto maintain cortact with the ervironmernt
while the rest of the gure is allowed to move. (x4.2, page40)

The orientation angle denotesthe orientation of somearbitrarily chosenlink in
the skeleton, usually the root link{, with respect to the horizortal, or someother
imaginary line which is usedasreference.The purposeof this angleis to descrike the
global orientation of the skeleton given the remaining DOFs.

It is often useful to visualize the skeleton as a tree.
{The root point of the con guration is constrainedto lie on one of the links; we refer to this link

asthe root link.
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orient

0 = (Xroot; Yroot; orient; 1;:5 9)

Figure 3.7: Composition of q, for a particular choice of root

3.4 Environmen t description

The spacethrough which the model is to navigate is the works@ce W. In our
work we have found it necessaryto augmern this conceptin a number of placeswith
additional information. We shall refer to this augmeried workspaceas the world.
Speci cally, the world is the rectangular region of spacein which the navigation
task is to be solved, together with the description and relevant characteristicsof the
obstaclesfound within. We will usethe W notation for both, workspaceand world,
exceptin situations where this results in ambiguity, in which casewe will use the
explicit terms.

For other reasonswhich will becomeapparert later, our planner works with a
discretized appraximation of the workspace,which we shall refer to as the bitmap.
As the nameimplies, the bitmap is a map of binary valuesspanningthe rectangular
regionof W, whereead bit is setto falseif the the correspnding cellliesin free-space,
and true if occupiedby an obstacle. There are two ways of judging cell occupancy:
a cell can be consideredto be occupied when the overlap between the cell and B,
denotedby , is either > 0 or when > 0.5 of the cell area. The former would
be preferablefor physical applications where collisions must be avoided at all costs.
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The latter is the onethat we usein our implemertation. It allows usto usecoarser
grids at the expenseof occasionalshallov limb-obstacleinter-penetration. Figure 3.8
illustrates the relationship betweenthe world and its bitmap.

O

Figure 3.8: W and it's bitmap, at a resolution of 16x16

Constructing a bitmap requiresthe choice of an appropriate resolution. This is
a function of the desiredquality of motion, its accuracy as well asthe relative size
of the world to the sizeof the character. For a workspaceand character dimensions
sud asthosein Figure 3.1, a reasonableresolution would be 64x64. For rectangular
workspaceghe key issueis to keepan aspect ratio of 1.

There is a compromiseinvolved in choosing the bitmap resolution. Fine grids
lead to large memory requiremerts and can greatly slov down the progressof the
planner. Coarsegrids can fail to capture the detail of the terrain for the > 0:5 cell
occupancy case,causing the character to occasionally move limbs through narrow
obstacleswhich have not registered on the bitmap. An additional problem with
coarsegrids is that footholds and handholdswill appearwith increasingfrequencyto
be completelyengulfedby obstacleson whosesurfacethey lie. For optimum e ciency
the resolution should be therefore chosenas low as possible,without incurring the

coarsegrid penalties.
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3.5 P and the distance map

One of the primary functions of the bitmap describked in the previous section
is to aid in the construction of P, a potential eld over the con guration spaceC.
The planning processusesthis eld's gradiert to determinethe direction in which it
should proceed. Instead of building the complete eld aheadof time, it is corveniert
to compute particular valuesof it on the y, asneeded.We usepartial con guration
information to measurethe character's linear distanceto the goal, and this is then
usedasthe value of P. This partial con guration speci cation is a projection of the
full con guration, and in our caseit is chosento be the certer of mass(COM).

A particular value of P is computedby rst building the distanae map, which is
constructed using the \w avefrornt expansion™algorithm descrited in [LPW91]. The
distancemap is discretized over the workspace,much like the bitmap. Every cell in
this map denotesthe L, or \Manhattan" distanceof the character's COM to the gaal
cell, the one occupied by the COM in g, - This distance measuresthe shortest
path onewould have to travel, in terms of cellstraversed,in order to read the goal
cell by either vertical or horizortal single-cellhopsthrough the free-space.The value
of P for a particular q is then equalto the value of the cell in distancemap in which
its COM lies.

Figure 3.9 shawvs an example of a distance map as well as how it is built. The
construction processconsists of assigningthe goal cell a value of zero, and then
assigninga value one greater to all the unvisited 1-neighboursX recursively and in
a breadth- rst fashion, but only for cells which lie in free-space. Equivalertly, if
one considersthe discretizedmap as a graph of free-spacecells, with adjacen cells
connectedby arcs(only the 1-neighbours) then the generationof the distancemap is
analogousto Dijkstra's \shortest path" algorithm, using arc weigtts of 1.

KA 1-neightour is onethat diers only by a single coordinate; in like fashion, an n-neightour is
onewhich candier in all 'n' coordinates.
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Figure 3.9: The wave propagation processfor a distance map; the state of the map
after three, and then nine iterations

3.6 A precursory planner

3.6.1 Gradient descent

Given the bitmap, distancemap, and P as building blocks, we now examinethe
algorithm for a simpli ed planner. The badkbone of this planner is an optimization
technique known asthe gradient desent, which is augmered by seeral re nements
borrowed from previouswork [BL91,LPW91].

Intuitiv ely, this processconsistsof iteratively improving the character's posture
using small variations in its con guration until the destination is readied. At eat
step of the processthe variation is chosensud that P (q) is minimized. Formally, a
gradiert desceh consistsof iterativ ely evaluating the subject's position in the poten-
tial eld, computing the correspnding gradiert r , and advancingin the direction of
the steepest descehy namely r . We stop this processoncethe global minimum is
reated, which correspndsto the goal con guration. Figure 3.10 provides a visual
abstraction of the gradiert desceh algorithm, using an improvised three dimensional
P.

The choiceof stepsizecanvary over time. At any point in time during the desceh
the character is allowed to alter any of the coordinatesin q forward or badkward by
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Figure 3.10: Gradiert desceh in an imaginary two dimensionalpotential eld

a setamourt, which we will referto as ¢, wherej denotesone of the coordinates
of q. Usually this amourt is calculatedto be sud that all points on the character
traverseat most a distanceof 2 cellsin the bitmap. The purposeof this is to make
any transition betweentwo consecutie con gurations, q,, and q,,,, , Small enoughso
that we can be assuredthat this will not result in parts of the character traversing
through obstacles. The readeris referredto [BL91] for a more detailed explanation
and the calculationsinvolved.

The direct application of the above algorithm to the task of manipulating the
character with the jet-padk does not work very well for seeral reasons. The rst
problem comesfrom our formulation of P. The gradiert desceh will stop when
P(g) = 0, i.e. when the location of the character's certer of massmatchesthe one
that would result from the character beingin the q;,,s, con guration. This doesnot
guarartee though that g = g;;,, Whenwe nish the desceh A practical solution
to this is to simply do a linear interpolation from q to Qs i,ish -

Another problem that we have to cortend with is the high dimensionality of C.
In an ideal situation, onewould compute a gradiert and follow it. However, for high
dimensionalproblemswith potential non-linearities, the random sampling approac
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is in fact oneof the fewworkable solutions[LPW91,BL91]. Herewe evaluate P (q) for
a number of randomly selectedneighbouring con gurations and choosethe one with
the lowest poterntial asthe successor.Although the resulting path will not strictly
follow the gradier, it typically providesa suitably closeapproximation.

The remainingissuethat needsto be addresseds the classicalproblem of the local
minima. Due to the imposedconstrairt that the character'sbody is not to penetrate
obstacles,our gradiert descen is limited to inspecting and using only con gurations
which lie in G,ee. As the planner follows the negative gradiert it will occasionally
cometo a point where this constrairt invalidates the use of any of the neighbour-
ing con gurations that have a lower potertial value. Sinceany further progressis
impossible without violating the \no-collision” constraint, this constitutes a local

minimum.

3.6.2 Random walks

To cortinue solving after reacing a local minimum, our planner needsto resortto
any of the local minimum escapingmethods. The approad that wetakeis the random
walk, as detailed in [LPW91, BL91]: we apply Brownian motion to the character's
con guration for a prespeci ed duration. The random walk might not be successful
in escapingthe minimum on the rst attempt soit might have to be performed a
number of times. For a thorough discussionof Brownian motion in the context of
RPP we refer the readerto [LPW91,BL91]. Our implemenrtation of the random walk
is asfollows: at eat step of the walk ead coordinate j of the currernt con guration
hasa uniform chance(%) of being either increasedby g, decreasedy the same,or
left alone. If the resulting con guration resultsin a collision with B then we discard
this latest g and try again.

In the caseof deeplocal minima this tactic can sometimesstill prove ine ec-
tive. Thesecan occur in constrainedernvironmens wherethe inter-obstacledistances
are smaller than the subject being animated, as in the caseof a deepcave with a
small aperture at the badk of the cavern, through to the other side of the mountain.
Although in theory one could extend the length of the random walks with the ex-
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pectation that this would enhancethe chancesof succesf esca, this probability
does not scalelinearly with respect to the walk length. Hencewe needa better,
more e cient way to deal with the problem. We thereforeresort to backtracking as
outlined in the RPP algorithm [BL91,LPW91].

3.6.3 Backtrac king

Backtracking consistsof restarting the planner at an earlier point alongthe solu-
tion trajectory we have already determined. The choiceis performedrandomly with
a uniform distribution over the domain of all randomly generatedcon gurations in
the current solution, i.e. onesderived from a previousrandom walk. The rationale
for choosing from theseis that the complemen of this set consistsof con gurations
generatedby a gradiert descefly theseare morelikely to lie nearlocal minima aseadt
gradiert descen unfailingly endsin one. By choosing from the randomly generated
set we therefore increasethe probability of a successfukesca. If no random walks
have beenyet undertaken, we use the whole solution as the domain for randomly
choosing a point.

Oncethe character is placedin the con guration as chosenby the badtracking
code, a new random walk is performed. The purposeof this is that hopefully the
above processwill placethe character on an alternative down slope of P, one which
will ultimately lead to a di erent path taken towards the goal. The probability of
di cult-to-escap e local minima is a function of the frequencyof sub-daracter sized
inter-obstacledistances,as well asthe degreeof environment con nemert.

Figure 3.11illustrates a scenariowherebadktracking might be likely. The charac-
ter starts at point #1. He ies towardsthe cave, passingthrough point #2, and ends
up studk in a deeplocal minimum at point #3. A number of random walks followed
by gradiert descets still do not yield any progress.The solver then badtracks, ran-
domly choosingpoint #2. A random walk is performedwhich happensto succeedn
escapingthe local minimum of the cave (point #4). The character cortinues using
gradiert desceh until he arrivesat the nish, point #5.
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Figure 3.11: Badktracking example,using a jet-padk (not shawn). 1) start; 2) inter-
mediatecon guration; 3) studk in adeeplocal minima, despitea number
of random walks; we badtrack to 2 and perform a random walk there;
4) the walk succeedsn escapingthe minimum; 5) nish

3.6.4 Planner summary

We summarizethe operation of our precursory planner using pseudaode in the
following gures. Figure 3.12 shaws the pseudaode for our now complete simple
planner, with somesupporting functions shavn in Figure 3.13. Table 3.1 descrikes
the remaining subroutinesnot covered by the two gures.

The simple planner that we have preserted in this chapter is capableof solving
the free-spacemotion problem for a human character in arbitrary ervironmens. Its
solving processconsistsof an alternating sequenceof gradiert descets and random
walks, with an occasionalbadtracking operation. In the following chapter we adapt
and extend this planner to deal with locomotion modesother than igh t.
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/[ the ‘'precursory’  planner

function simp_plan(A, W, Ostar t» innish) {
dist_map preprocess( A, W, Ufinish );
sol Ostar t s
qcur Ostar t s

/I while not at the global minimum
while P(Qcyr, dist_ map) > 0 {
Peur P(dcy» dist_map);

q grad_desc( A, qg, . dist_map);

if q
sol soly O
else {
/[ local minimumhit; try somerandom walks
for i =1 to max_walks {
i rand_walk(q ., P, max_walk_len);
if P(last( ), dist map) < Pgu {
walk_success true;
break;
}
}
if walk_success
sol sols iy
else {
/[ random walks failed; backtrack
sol backtrack( sol);
sol sol, blind_rand_walk(last( sol), Mmax_walk_len);
}
Qeur last(  sol);
}
}
/I solution found; now smoothly interpolate to final (¢
sol sol, linear_interp(q ¢y Gt inish );
return o

Figure 3.12: Pseudaode for the \precursory" planner
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/I configuration  space potential

function P(Qcyr, dist_map) {
(Xcom, Ycom) cent_of_mass(q ¢, );
return dist_map[X com, Ycowm l;

}

/I single step of gradient descent
function grad _desc( A, qcur, dist_ map) {
Peur P(deyr» dist_map);
Pmin 1;

/I stochastic sampling of configuration  neighbourhood
for i =1 to max_neighs {

qi rand_neigh(q cur);

if P(qg;, dist. map) < Pmin {

Umin Qi
Pmin P(q;, dist_map);
}
}
if I:’min < F)cur
return  Qmip ;
else
return ;;

}

/I random walk over a given potential field;
Il stops early if it reaches a q of lower potential than g,
function rand_walk(q ., pot_field, max_walk_len) {

q qCUI’;
for i =1 to max_walk len {

q rand_neigh(q);

v O
if pot_field(gq) < pot_field(q )
return

}
return

Figure 3.13: Pseuda@ode of supporting functions
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preprocess()

last()

backtrack()

blind _rand_walk()

linear _interp()

cent _of _mass()

rand_neigh()
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Given the description of the character and the workspace,
aswell asthe goal con guration, this routine computesthe
bitmap and the distancemap.

This routine returns the last con guration of the supplied
path.

Given a path, choosesa point using the method descrited
in the text and discardsthe portion from that point to the
end.

This routine returns a random walk path of the speci ed
length, starting at the requiredcon guration. It di ers from
rand_walk() in that it doesnot chedk any potertial eld
valuesfor the purposesof a premature termination of walk.

This routine performs a linear interpolation between the
rst and secondcon guration it has beenhanded, and re-
turns the resulting path.

Returns the certer of massof the character for a particular
con guration.

Returns a random neighbour of the supplied con guration.

Table 3.1: Description of the remaining \precursory" planner functions



Chapter 4

The Path Planner

In order to apply the path-planning algorithm to character animation, it needs
to be augmerted in seweral ways. Theseadditions are the core cortributions of our
thesisand are descriled in detail in this chapter

The precursory planner is de cient in seweral ways. The primary inadequacyis
the lack of the ability to comein cortact with obstacles;human locomotion requires
usto apply forcesto courter the e ect of gravity aswell asto propel us forward. The
secondaryquality missingfrom the simpli ed planner is the notion of aestheticand
comfortable postures. Our character needsto use hand and foot holds, and do soin
a manner be tting typical human motion.

In this chapter we will rst de ne the concept of grasp points and how they
in uence the character's interaction with its ervironmert. We then proceedto look
at the application of heuristics in order to infuse the character's motion with the
desirednatural form. A secondmeansof re ning the syrthesized motions involves
the useof a smaothing post-process.Finally, we descrike the useof alocomotion-male
nite-state madine that is usedto endav the character with an arbitrary number of
distinct behaviours or locomotion modes.

36
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4.1 Grasp points

Realistic locomotion of any kind, whether walking, climbing, or crawling, involves
contact with the environment. Grasppoints locatedin the environment areintroduced
in our algorithm as an explicit meansof specifying allowable points of cortact. They
may be speci ed by the animator, or may be createdby an automatic process.Grasp
points are not an absolutespeci cation of wherea hand or foot will be at somepoint
during an animation | ead onerepresets a potential cortact that may or may-not
be usedby a syrthesizedmotion. Grasp points have the important property that they
reducethe number of ways in which a character can interact with its ervironmern,
which helpsto shape a complex motion planning problem into one which is more
tractable.

Koga et al. [KKKL94] also make use of graspsbut their use of the term di ers
from ours. Like usthey limit all graspingto a prede ned set of allowed grasps,called
the grasp set, but in their cortext, a grasp descriles which arms of the robot make
contact with the object being manipulated, as well as at which points. In cortrast,
using our terminology, a character making contact with the ervironment in n points
hasn grasps,not 1.

We de ne three typesof grasppoints: pendent load-tearing, and hybrid. Penden
grasp points represen points which the character can grab with his handsand hang
from. Load-bearing graspsare points on which the character can stand and are
therefore the most commontype of grasp point. Finally, hybrid grasp points allow
for both types of cortact. Figure 4.1 demonstratesrepreserative examplesof the
grasp point types.

The classi cation of grasp points provesto be useful in sewral ways. First, it
immediately eliminates wildly unrealistic scenarios,sud as a character deciding to
walk on its hands?Y Secondly, grasp point properties provide useful information to
the locomotion-made nite state machine, discussedater, about the immediate envi-
ronmert. This is more expediert than directly analyzing the surrounding obstacles.

Y...unlessthis is desired;thesetypes of decisionsare handled by the LFSM described in x4.7.
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pendent F\/\
hybridi

_ﬁ load-bearing

Figure 4.1: Classi cation of grasppoints

Finally, by having thesedi erent types of grasp points we give the animator a bit
more cortrol over the planning processby allowing him to restrict the possiblegrasp
typesat di erent points in the ervironmert.

Although in this work we assumeand implemert a systemwherethe grasppoints
are hand positioned by the animator, it is foreseeablethat this processcould be
automated. A simple method to accomplishthis would be to distribute a number of
grasppoints equidistartly over all surfacesegmets, andto selectthe point type based
on the surfaceorientation. Figure 4.2 illustrates the sthemeusedfor type selection.
Speci cally, if we de ne ¢ to be the up vector, &t = (0; 1), and N the surfacenormal,
then the grasp point type choiceis madeas follows:

load-bearing: ¢ N > p&

pender: & N < 54

hybrid: pl—§> g N > pl_é

During locomotion, the handsand feet of the skeleton attach and detach from the
grasp points as needed. This allows a rich set of motions to be generated,although
grasp points do not directly allow for certain motions, sud assitting, becauseother
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Figure 4.2: Selectionof grasppoint type for populating a surfacebasedon its orien-
tation

points of cortact areinvolved. In sud circumstancest is nonethelessisually possible
to adjust the plannerto achieve the sameresult through creative useof the heuristics
(seex4.3).

4.2 Local planning

The algorithm descrited in the previous chapter focusedon global motion plan-
ning. In the following two sections,we considerplanning problemsof a more local
nature, focusingon the details required for the motion to have appropriately human
characteristics. Although we usewalking asthe examplemotion, one should keepin
mind that the methods descrited below are applicableto all classesof movemer.

The useof recognizablegaits is an important characteristic of natural locomotion.
A rst appraximation to walking can be adieved by requiring that one foot be in
contact with the ground at all times. This is introduced into the motion planning
algorithm by constructing the character'spotential movemeris usingthe grasppoints.
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Foot cortact is initiated by grasping attaching the foot to a suitable grasp point.
Figure 4.3 illustrates the walking process.The decisionto switch the graspsis made
when the airborne foot has a suitable grasp point within read, onethat is slightly
ahead. Sinceit is highly unlikely that the gradiert descetnwill producecon gurations
in which the freefoot corveniertly passeshrough the desiredgrasppoints, we employ
rudimentary inverse kinematics on just the two links of the free limb to place it's
extremity at the required position, if possible.

a) b)

c) d)

Figure 4.3: The walking cycle; a) starting posture; b) after a few gradiert descen
steps; c¢) IK usedto read the next grasp point; d) grasp switched to
other leg and gradiert desceh cortinued

The represetation of the character's con guration, d, is adapted accordingto
the current grasppoint(s). The root is chosento be the graspingextremity, and the
random neighbour generatingroutine, rand_neigh() (seeFigure 3.13and Table 3.1),
is modi ed to only vary the con guration in DOFs other than X,qot and Y;qe. This
allows for easyenforcemen of the graspconstrairt, aschangesto the joint angleswill
not a ect the position of the constrainedpoint on the root link.

This method requiresa slight extensionthough to handle con gurations having
more than one grasp. In this casewe set the root to be one of the grasps, and
rand_neigh() is augmerned to userudimentary, two-link inversekinematicsto bring
the remaining grasping extremities to their correspnding grasp points in the new
con guration. Figure 4.4 givesthe pseudaode of the modi ed rand_neigh() . In this
pseudaode fragmert, the function simp_IK() takesas parametersan extremity of
the character aswell astwo con gurations, and returns the result of applying simple
inversekinematicson the the rst con guration to obtain the sameextremity position
asin the second.
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/Il the ““grasp-aware" version of rand_neigh()
function rand_neigh_wgrasps(q ., grasps) {
/I guaranteed to terminate: in worst case it will find qg,
forever {
/[ call the older version to get a random neighbour
g rand_neigh(q g );
q[o] eur [O];
ql1] Qeur [1];

foreach grasp in grasps {
If X(q' pgrasp) 6 X(qcul’; pgrasp) {
q simp_IK(grasp, d; dey);
if :q
/I couldn't reinstitute grasp;
/[ choose another random
continue;

}

/I all the grasps have been restored
return (;

Figure 4.4: Pseuda@ode for rand_neigh _wgrasps(), the \grasp-aware" version of
rand_neigh()

Theseprecedingmodi cations result in planned motions that advancethe charac-
ter towards the target con guration, q; s, » but the motion remainslargely unnatu-
ral. It is reminiscen of a shaky but unusually nimble and acrobatic personwalking
againsta strong wind. The most glaring problem of the motion planner as descriked
thus far is an absolute disregard for balanceand gravity. Figure 4.5 illustrates the

dominarnt posturesassumedby the motion planner.

4.3 Heuristics system

In orderto achieve morenatural motions, we employ a systemof heuristicsto guide
the character towards the desiredposturesat key points in the solution. We de ne
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Figure 4.5: Typical posturesfor a character without the heuristics system

thesekey points to be the time instancesat which any changeof graspoccurs. Each
heuristic analyzesthe character's posture and provides feedba& on one particular
property or characteristic, returning a value ranging from 1to +1 , 1 being optimal
and +1 being unacceptable.For a completediscussionand listing of the heuristics
that we have implemenied pleaseseex5.2. Multiple heuristics are combined into a
singlediscomfortfunction D in a multiplicativ e fashion,asshavn in 4.6. This function
is similar to P in that it is alsoa potential eld spanningthe con guration spaceC.
To correct a character's posture we perform a gradiert desceh through D, with the

e ect of minimizing the character's discomfort level.

heuristic 1
heuristic 2 \
A euristic D(A, q): -
discomfort
; - /
heuristic n

Figure 4.6: Computation of the discomfort function

The optimization of the discomfort function su ers from the sameproblemasP,
namely the existenceof local minima. To esca these we therefore use the same
approad asin the last chapter: we apply a brief Brownian motion and attempt to
cortinue with the desceh An additional optimization we perform is to halt the
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gradiernt desceh processbeforethe desiredminimum is readed, by stoppingwhena
prespeci ed comfort threshold is passed.As the stochastic gradiert desceh nearsa
minimum, it's progressslovs down aslower poterntial con gurations areharderto nd,
while the visual improvemert in comfort is lessand lessnoticeable. The premature
halting of the descenh therefore savesthe planner from unnecessarycomputation.

Figure 4.7 shows the pseudaode for the gradiert desceh through the discomfort
space, while Figure 4.8 preseits the complete posture correction routine.

4.4 Interaction between comp onents

Global-local interaction lies at the heart of human motion planning in constrained
ervironmerts. The best global solutions may require temporary local discomfort.
Howe\er it is not clear how bestto explorethis necessarycompromise,asthe global
solution is not known in advance.

It might be usefulat this point to stepbadk and analyzehow the two componerts,
the global and the local, interact and relate to eat other. To reiterate, the global
componert of our planner consistsof the gradiert desceh through the con guration
spaceC. The local componerts are twofold: the constraint requiring a grasp be
presen, and the heuristics,which are usedto reposition the character at key instances
in time. Note, howeer, that the graspconstrairt is directly integratedinto the global
planning gradiert descen

To understand how the grasp constrairt a ects the operation of the gradiert
descen it is helpful to visualize the addition and removal of graspsas constarily
adding and subtracting available regionsfrom the potential eld that the global part
is working with. At any particular time, the gradiert desceh doesnot have the whole
Cavailableto it sincethe characteris not completelyfreeto assumeany con guration
dueto the presenceof the graspconstraints. In fact, only a small subregionof C can
be reached. When a new graspis made and an old one released,this subsequetty
makesa cluster of new con gurations attainable sincethe character canread further.
At the sametime, someof the previouscon gurations are now unattainable sincethe
character has essetially moved away from them.
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/I the discomfort gradient descent
/I returns the resulting path
function discomf_grad_desc(q) {

discomf D(q);

/I we return from within when progress stops
/[ or the comfort threshold has been passed
forever {
/I sample neighbourhood
for i=1 to max_samples{
q rand_neigh_wgrasps(q);
if D(q) < discomf
break;
}
if D(g) < discomf {
/[ found a g with lower discomfort
C
discomf D(q);
if discomf < comfort_threshold
return
}
else
/I could not get any more comfortable; done
return

Figure 4.7: Pseudaode for the discomfort gradiert descen
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/I routine to correct character's posture

/I returns the correcting path

function get_comfy(q) {
discomf_grad_desc(q);

/I will  return from within when progress stops
/[ or when comfort threshold passed

forever {
if D(gq) < comfort_threshold
return

cur_discomf D(q);

/[ try to escape the current local minimum
for attempt = 1 to max_attempts {
i rand_walk(q, D, max_len);
i i, discomf_grad_desc(last( {));
if D(ast( ) < cur_discomf {

break;

}

}
if D(q) cur_discomf

/[ could not get any more comfortable
return

Figure 4.8: Pseuda@ode for the complete posture correction process
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The heuristic systemis not astightly coupledto the global planner asthe grasp
constrairt, so herethere is a potertial for cortention betweenthe two componerts,
in terms of directing the character. Nonethelessgwen though the posture-correcting
path suggestedy the heuristic systemmay courtermand someof the progressacieved
by the global planner, the extert of the heuristic system'sability to modify the path
is sewerely limited by virtue of the character being constrainedby the current grasps.
Unlike the extended global componert, it does not have the ability to changethe
character's grasps.

4.5 Body tra jectory smoothing

The systemdescribted thus far producesresultswhich still have a detrimental aw:
the character's motion cortains a lot of noiseasa result of using stochastic sampling
during gradiert descefy and worse, any random walks or posture corrections are
presen in their ertirety in the nal solution. In short, the motion enbodies the
history of the seart processusedto produceit, and asa result doesnot exhibit the
degreeof anticipation requiredto achieve natural uid motions. A separateprocess
is therefore introduced in order to cull any unwanted motion segmets as well as
optimize the subsequentrajectory, thereby making the result more uid. We referto
this processasa \smoothing pass”,and it is carried out on the intermediate solution
producedby the planner. The smaothing algorithm we presen is directly borrowed
from the work on RPP [BL91], with somemodi cations necessitatedby the addition
of grasps.

The algorithm consistsof attempting to substitute sectionsof the path with linear
segmets. A particular substitution is only allowed if the linear path segmen does
not causethe character to collide with the ervironment at any point. Sectionsof
diminishing length are iterativ ely consideredfor substitution, starting with the full
length of the path. All subsetsof length | of the path are tested beforeany of length
lessthan |. Figure 4.9 represetts the processvisually in only two dimensions. The
processs identical whenappliedto the 12 dimensionalspaceof C; the linear segmets
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Figure 4.9: The smaothing processillustrated; only three substitutions were needed
in this example

correspnd to simultaneous linear interpolation of all the DOFs of q. Figure 4.10
preseis the pseudaode for the algorithm.

The original algorithm cannot be applied directly becausethe grasp constrairts
will be violated by the interpolation process. We therefore restrict the application
of the smaothing algorithm to motion segmeits having no changeof grasp con gu-
ration. In the caseof a singlegrasp, the interpolation is easilyimplemened because
the root position is de ned to be at the grasppoint, and is sharedby both con gu-
rations usedas endpoints of the interpolation. The caseof multiple graspsrequires
further considerationin order to properly maintain the current set of grasps. We
amendthe linear _interp() routine sothat it returns a path represeting the linear
interpolation betweentwo con gurations, but onewherethe graspinglimbs have been
repositionedto maintain their grasps. This is doneby usingrudimentary 2-link inverse
kinematicsat ewery step of the linear interpolation to reposition the graspingextrem-
ities to their proper locations. If the IK operation fails at any step, linear _interp()
fails and returns an empty path.
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/I routine for smoothing a path
function smooth( ) {
for len=length( ) to 2 {
/I NOTE:the current values of and len are always
/[ used in the condition below
for start=0 to (length( ) - len) {

lin linear_interp( [start], [start+len));
if : collides( in) and 0 < length( in) < len {
[0..start-1], lin, [sStart+len+1..length( )-1];

if len = length( )
I got smoothed into a single line
return
if len > length( ) {
len = length( );
break;

Figure 4.10: Pseudaode for the smaothing process

4.6 Lim b tra jectory smoothing

Following the smaothing passdescrited in the previous section, we apply a sep-
arate smaothing passindependerily to ead limb. Prior to this lItering, limbs not
actively involved in graspingat a smoothed segmetis endpoints exhibit unnecessary
movemen. Figure 4.11illustrates this problem. In this situation the full body trajec-
tory smoother will proceedto smaoth the motion segmets betweenthe consecutie
character con gurations shown in the gure. This will result in the right foot (the
right leg is drawn with the solid line) to proceedto its next grasppoint in a zig-zag
pattern. The purposeof this secondarysmoothing passis thereforeto make sud limb
motions uid.

This secondarysmaothing consistsof subdividing the path into segmets delimited
by con gurations in which the particular limb assumesa key pose. We de ne a key
pose asonein which the limb assumesan important con guration, onewhich should
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Figure 4.11: An animated climbing motion. The right and left legs are indicated
with solid and dashedlines, respectively. We desire the right leg to
swing smoothly from its con guration in frame 2 to that in frame 6.

be presen in the nal smoothed solution, and not optimized away. The trajectories
assaiated with the joints in question are then smaothed over these segmets using
the method descriked in the previous section. This processis performed separately
for eat limb. The most obvious key posesare those in which the limb engagesor
releasegyrasps. Other key posesmay be introducedby a particular implemenation

asneeded.Using Figure 4.11as an example,the right leg, drawn with the solid line,

assumeskey posesin frames2 and 6, while the right arm, alsodrawn with the solid
line, doessoin frames3 and 5. Figure 4.12 illustrates this limb smaothing process
visually.

Generatingarm motion for walking requiresspecial attention. This is achieved by
employing a heuristic which makesthe arms track the motion of the legs, using the
obsenation of footfalls to mimic the typical courter-balancingaction of the arms (see
x5.3.1). In orderto smooth the arm swing motion on a per walking-step basisinstead
of it beingoptimized into a singleslov arm swingthe duration of the full solution, we
needto mark the arms' con gurations as\k ey" poseswheneer the supporting foot
is changed.
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Figure 4.12: The limb smoothing process.Joints assaiated with the limb arelinearly
interpolated betweenthe appropriately chosencon gurations. All other
con guration parametersremain unaltered.

4.7 Locomotion modes

Although our discussiorof characteranimation hasthusfar certered around walk-
ing, we desireour plannerto be ableto make useof other modesof locomotion when
appropriate, sud as climbing or crawling. We implemert the notion of locomotion
modesthrough the useof a nite state maching(FSM). We further represem obvious
preferencesamong locomotion modes, sud as a strong preferencefor walking over
other modes,or a preferencefor climbing with handsand feet over climbing with the
handsalone.

Without an explicit model for locomotion modes, the character will typically
progresstowards its goal in a seeminglyhaphazard fashion, given the randomized
nature of the path planner. For example,in the caseof at terrain whereonewould
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Figure 4.13: Suggestedsimple locomotion mode nite state machine; precedencedn
precondition testing is indicated by line thickness

expect the character simply to walk it's length, the subject will likely walk some
portions of it normally, someothers ape-like, haphazardly propping itself up with a
hand or two, sometimeswalking like a spiderwith all four limbs, and sometimeseven
trying to walk onits hands. This clearly di ers from what we might expect in reality,
wherethere is a strong preferenceto adhereto a number of xed locomotion modes.

Figure 4.13 presens a robust and straight-forwvard FSM for the walking, climb-
ing, crawling and swinging modesof locomotion, while Figure 5.4 in the next chapter
represets the FSM that we have actually implemerted (the disparity arisesfrom
historical reasons). In the FSM ead state correspnds to a particular mode of lo-
comotion, while the edgesbetweenthe statesrepresen the transitions betweenthe
modes. Each sud edgemay carry a number of preconditionsthat must be met for it
to betraversed,and its traversalspeci es a set of actionswhich result in the addition
to or subtraction from the current solution. The preconditionstypically consistof a
number of geometricalconstrairts that must be satis ed. The resultant setof actions
can be of varying degreeof complexity: for simplee ects it canbe nothing more than
a single grasp switch, while for more complex casesit can consist of a sequenceof
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regraspsand posture corrections. Other casesnay make useof unusual functionality,
sud as badtracking. There are neither guidelinesnor limitations for the creation of
edge-e ects.

The added motion segmets consist of the required changesto the character's
posture to bring it into compliancewith the dominant characteristics of the new lo-
comotion mode. Of particular note are the self-loops in the graph. Even though
their transition doesnot alter the mode of locomotion they provide the necessarye-
graspingoperation which allowsthe characterto keepadvancingusingthat particular

mode.

There is no unique choice of FSM. Although we will gointo further details on our
particular implemertation in the next chapter, it is worthwhile to briey expandon
the details of a speci ¢ FSM state transition for illustrativ e purposes.The edgethat
we will consideris the the self-loop for the walking state. A useful precondition for
it might be: \is there a grasp point within read of the airborne foot that we could
attach to, and is it alsocloserto the goal position than the other foot, and is it at a
comfortable distanceaway from the other foot?" The correspnding action, executed
upon the satisfaction of the precondition and hencethe edgetraversal, would be to
bring the airborne foot down into cortact with the newly found grasppoint, e ect a
grasp, and releasethe other foot.

The FSM is integrated into the existing randomized path-planning framework
by being consulted after eat gradiert descen step. That is, at eah sud time,
all the outgoing edgesfrom the current state are looked at, and the rst onewhose
preconditionsare met is traversed. If noneof the edges’preconditionscanbe satis ed
then no transition is executed. This is often the case,and results in a string of
consecutie gradiert desceh steps, uninterrupted by any regrasp operations. The
relative preferencefor the di erent statesis instituted by the appropriate sequencing
of the precondition tests. These preferencesare indicated on the FSM diagram by
the varying line weighs, with a heavier weight denoting a higher precedence.
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4.8 The complete system

Figure 4.14 illustrates our complete system. The current FSM state dictates
which heuristicscan be used,aswell aswhich set of preconditionsneedto be cheded
wheneer the FSM is consulted. The \precondition cheder" determineswhich edge
should be traversedand appropriately in uencesthe \e ect executor"to generatethe
correspnding sequencef con gurations represeting the state transition. Sinceonly
this componert is capableof regrasping,it is the only onethat draws on the heuristic
system (which is employed to correct posture after most regrasp operations). The
planner core,the heart of the system,decideswhenand in what sequenceo draw on
the paths provided by the random walk generator,the gradiert desceh step routine,
and the e ect executor. It also cortains the badktrack medanism, and becauseof
this it requiresthe capability of modifying the FSM state. This is becausef it decides
to badtrack to a previous con guration which wasin a di erent locomotion mode,
the state hasto be updated. Once the planner core comesup with an answer to
the problem, it is further processedy the full-b ody smaother, and then by the limb
smaother.

Figure 4.15 gives the pseudaode for the planner core, the core segmen of the
planner shavn in the former diagram. One will notice that it is nearly idertical to
our \precursory" planner from the previous chapter. The di erences are hilighted
with a vertical bar in the rst column.

To summarize,in this chapter we have descriked an algorithm that can enable
a character to successfullynavigate towards a goal in a wide range of constrained
environmerts. Chapter 5 now providesthe set of resultswhich validate the algorithm
and illustrate its pro ciencies and de ciencies.
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Figure 4.14:

The completesystemof the planner
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/[ the “heart" of the planner

function planner_core( A, W, Ostart, Gfinish ) {
dist_map preprocess( A, W, Ufinish );
sol Ostar t s
qcur Ostar t s

while P(qcur, dist map) > 0 {
Peur P(dcy» dist_map);

| effect_executor();

| sol soly

q grad_desc( A, qg,, dist_map);
if q

sol sol, O
if :q and = ; {

/I local minimum hit

for i =1 to max_walks {

i rand_walk(q ., P, max_walk_len);
if P(last( ), dist_ map) < P¢u {

walk_success true;
break;
}
}
if walk_success
sol soly s
else {
/I backtrack
sol backtrack( so);
sol sol, blind_rand_walk(last( sol), max_walk_len);
}
Ocur IaSt( SOI);
}
}
sol sol, linear_interp(q  cyrs Gfinish );
return = gq;

Figure 4.15: The pseuda@ode for the \planner core”
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Chapter 5
Implemen tation and Results

In this chapter we review our implemertation of the conceptsand planner dis-
cussedn the previouschapter. We start with a quick overview of the platform used,
the outward appearanceof the implemertation, and a summaryof its capabilities. We
then descrite the details of the implemerted heuristics, as well asall the locomotion
mode nite state madcine(LFSM) edges.Eacd of thesesectionsis further accompa-
nied by a brief overview of the processinvolved in adding more of thesecomponerts.
This is followed by a look at somepractical issueswe found that needto be dealt
with whenimplemerting the planner. We then proceedto demonstratethe resulting
motions produced for sewral environmens. Finally we discusstheseresults, their
run times, and the weaknessegncourered.

5.1 Implemen tation overview

We have implemerted our systemin C++, using egcs,on a 266MHz Pertium
Il machine running Linux. The systemusesTcl/Tk for the graphical userinterface
implemertation, and the TogP padkage in conjunction with the Mesa libraries to
renderthe 3D visual represetation of the character and its ervironment. Figure 5.1
shows a snapshotof the userinterface.

Yhttp://www.ssec.wisc.edu/ ~brianp/T ogl.html
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==l Wiggles v0.1 Bl
i
File Keyframe Mode Planning Diags  Prefs  Heuristics
State; [ SWINGING
U: [ oo
ETA COM | 00
ET# grasps: | 0.0
Balance: 1.16208315413
Uptight spine: | 1183237777748
Limb counter balance: | 1.0
Comfortably-bent limbs: | 111828736722
Head up: [ TDFasavzzez
Hanging dawn: | Ti44z9za7E6z

Knees down: | 1EEE4zIE19E

Total discomfart: 3.57130710054

[
Time: i?'l 2

| a0
] 233 466 639 g3z 1165 1398

Figure 5.1: The outward appearanceof our planner

Our planneris capableof usingwalking, climbing, swingingand crawling motions,
asthe circumstancegequire. It is capableof performing the transitions betweenthese
modes. It has 7 heuristics implemenied to aid with posture correction. The nite
state madine itself is implemerted in a somewhatdi erent structure then preseied
in the previous chapter, but it is functionally equivalert. For the purposesof clarity
and consistencyof presertation, we will descrite our FSM implemertation in terms
of the preconditionsand e ects.
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5.2 Heuristics

The heuristics are usedfor posture correction by the e ect executor componert
wheneer it performsa grasp change,although not always. It is up to the particular
e ect whether it is required or not. The posture correction, as descriked in the
previous chapter, consistsof performing a gradiert descen through the discomfort
spaceD. Only the heuristicsappropriate for the current mode of locomotionare used
in the calculation of D. Table 5.1 providesa summary of the heuristicsimplemerted,

and in which modesthey are employed. Their implemenrtation is descrited in the
following subsections.

| MODE | balance| upright_spine | limb_courter. | comfy.limbs |
walking
climbing
swinging
crawling

| MODE | headup | hangdown | kneesdown |
walking
climbing
swinging
crawling

Table 5.1: Heuristic usageby di erent locomotion modes.

5.2.1 Common heuristics

heur head_up

This trivial characteristic is mear to keepthe character's headlined up with its
spine, but with certain exibilit y. The desirede ect is that of being mournted on a
spring, thus allowing for somehead movemen when trying to clear overhangs,etc.
The heuristic's value is directly proportional to the deviation of the head from its
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\rest” position, whenit is parallel with the spine. The particular expressionthat we

usedis: S
J neck]
180

It should be noted that we referto anglesin degreesand that we measurethem

heur head_up = 1 +

asdemonstratedin Figure 3.6.

heur comf y_limbs

\Comfortable limbs" refersto giving the limbs a slightly bert, comfortable look.
The rest position of the arms and legs has been set at 20 degreesfrom the fully
extended orientation. The direction of this 20 degreesis determined by the joint
constrairts of the limb. The value of the heuristic is simply the sum of the deviation
of all the limbs from this \rest" position:

1+ J 1 restlj + J 2 restzj + J 3 restaj + J 4 rest4j
720

heur coms y_limbs =

heur balance

As the name implies, this heuristic re ects how balancedthe characteris. The
valueis calculatedby rst nding the averagex coordinate of all the current grasps,
and then squaringthe di erence betweenthis value and the x coordinate of the certer
of massof the character.

8 92
grpsps
5 Xj 2

heur =1+ _x =1
balance 5 COM graspsB

heur upright _spine

The purposeof this heuristic is to keepthe character's badk in a vertical oriernta-
tion. The valueis simply taken directly from the di erence betweenthe actual angle
of the spineand the vertical.

j8(¥hip  Mheck) + 90

heur upright _spine — 1+ 90
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r_arm — r_leg

Figure 5.2: The desiredarm position during walking

5.2.2 Specialized heuristics

heur limb _counter _balance

As we mertioned in the previouschapter, the correctarm swingis essetal to the
aestheticappeal of any generatedwalking motion. This heuristic sernesto mimic this
arm behaviour. It measureghe deviation of the limbs from their required position.
The arms are deemedto be in the desired orientation whenewer the angle of the
arm, betweenthe vertical and the line extending from hand to shoulder,is equalin
magnitude but opposite in direction to that of the oposite leg angle,the on between
the vertical and the line extending from foot to hip. Figure 5.2 illustrates this.

_ J l_arm T I_Iegj +j rarm T r_Iegj
heur limb _counter _balance — 1+ 90

heur hang _down

This heuristic is usedto give the impressionof the body being pulled down by
gravity. It is implemerted by comparing the vertical distance between the highest
grasping hand and the ned to the full length of the whole arm. The smaller the
di erence, the lower the heuristic value. A similar calculation is donefor the distance
between the averageposition of the two feet and the hip. Using this heuristic the
discomfort gradiert desceh will tend to favour posesin which the body extends
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yar m

|arm = a+ b

Yieg

- averagdoot position

Figure 5.3: Parametersinvolved in heur nang_down

downwards from the grasp, with the legs hanging down. Figure 5.3 illustrates the
situation.

(larm Yarm) + (Ileg yleg)

heur hang _down — 1+ 4

heur knees_down

The main idea behind this heuristic is to give the impressionthat the character's
shinsare in cortact with the ground. The lower the positions of the knees,the lower
the value. Through the use of this heuristic the gradiert desceh through D will
favour posturesin which the kneesare presseddown as far as possible{ resulting in
the impressionthat the character is kneeling.

heur knees_down — 1+ fJ yl _f oot yl_kneej + Jyr _f oot yr _kneejg2

5.2.3 Adding heuristics

Creating appropriate heuristics can be a non-trivial endeaour as there are no
strict guidelinesto follow. Heuristicsare typically basedon geometricconsiderations.
A newly implemerted heuristic is usually rst tried out in the posture editor, which
is used to provide the planner with the input problem postures, and the value is
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calibrated sothat all the heuristics return roughly the samevalue for similar visual
amourt of deviation from the \ideal".

5.3 The locomotion mode nite state machine

As descriked previously the LFSM performs the vital function of manipulating
grasps. It decideswhen and how graspsshould be modi ed, and implemerts these
changeswhen needed. The FSM is represeted by a weighted directed graph, with
the weight of eat edgerepreseting the traversal preferencerelative to the other
outbound edgesfor a given vertex. The verticesin the graph represen the di erent
locomotionmodes,while the edgesdenotetransitions. Eact edgehasa set of precon-
ditions that must be met prior to traversal,and an arbitrary number of e ects when
it is traversed.

Figure 5.4 demonstratesthe FSM that we have implemerted. In the following
subsectionswe discussead of the edgesof the FSM, starting with the self-lcops.
Theseare the transitions which do not ertail a changeof state, but rather sene to
iterativ ely perform the grasp modi cations that are inherert in traveling cortinually
in that particular mode of locomotion. The purposeof discussingthe self-loops rst
is sothat the readeris familiar with the medanicsof ead locomotion mode whenwe
cometo discussthe transitions betweenthem, represeted by the other, remaining
edges.

The notation we will usein describing the edge preconditions and e ects is as

follows:
refersto the set of all grasppoints
refersto a particular grasp point
¥ refersto the location of somepoint in W
two letter subscriptsby default have the following meaning:

{ rst letters g, f, and b referrespectively to \grasping", \free", and\b oth".

{ secondletters h, f, and | refer respectively to \nand", \fo ot", and\lim b"
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Figure 5.4: The implemerted locomotionmode nite state madine;the line thickness
indicates higher precedencen precondition cheing.

5.3.1 Self-loops

Walking is the most commonly used mode. This mode is intended for terrains
having slopem; 1 < m < 1, with a positive upward componert to the surface
normal. The intuitiv e purposeof this particular edgeis to perform a step.

Preconditions: g
3 reachable ( ;limb¢¢)

type ( ) = load _bearing
3 dist _majgv ) < dist _majfvy )

¥ ¥y ) > minlimb _sep
the posture correction after the regraspleadsto a posein which X; gt 1
Xcom  Xfoot_2

9 2 j

E e cts:
attach the freefoot to
posture correction step
detad the previously graspingfoot
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This mode is intended for scaling vertical walls. Climbing usually requires con-
tinuously maintaining two or three points of cortact, with the former resulting in a
more energeticand nimble appearance. |t is this former approad that we adopt in
our implemerntation. Of the two points, oneis always grasped with the hand, and the
other with a foot.

Preconditions: g .
reachable ( n;limb¢p)

< dist _mayv ,) < dist _maygvg,)

9 n2 2 j¥, ¥ > minlimb _sep
W j¥ . ¥t > min_handfoot _sep
g reachable ( ¢;limbys)
9 .2 dist _mayfv ) < dist _mayfvys )
f 3 j¥, W¥gj> minlimb _sep
j¥,  ¥nj > min_handfoot _sep
E ects:

attach freehandto 4 if it exists, elseattach free foot to ¢
detad the sibling limb of the onethat just e ected a grasp

Notes: the posesgeneratedin this matter are of su cient aesthetic appeal that
the posture correction step is not necessaryAs this operation is very time
consuming,we have omitted it in this case.

The swinging mode can be thought of as the arm-basedanalogto walking, at
least from the kinematic point of view. The essetial quality of the motion produced
while in this mode is that the legstake no active part in locomotion, only the arms.
This mode is primarily usedwhentraversingby way of a sequencef overheadgrasp
points, sud as can be found in a monkey-bar ervironment. The FSM also switches
to this mode in situations which require the character pulling itself up, asthe general
behaviour and governing rules are the same.
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Preconditions: g
3 reachable ( ;limb¢y)

type ( ) = pendent _ type( ) = hybprid
3 dist _majgv ) < dist _mayfvyn)

¥ ¥g) > minlimb _sep
the posture correction after the regraspleadsto a posein which Xpang 1
XcoM  Xhand_2

9 2 |

E ects:
attach the free hand to
posture correction step
detad the previously graspinghand

This self-loop implemerts crawling on one's hands and knees. It requiresthree
points of cortact for the character at all times. The di cult aspect of this transition
is the needto give the character the appearanceof making full cortact with the shin
bone. We adiewe the desirede ect by employing the heur ynees_down heuristic, as
discussedkearlier in this chapter. Without it, the character crawls like a spider, only
touching the ground with the end e ectors.

Preconditions: g
3 reachable ( ;limby,)

type ( ) = load _bearing
3 dist _mayv ) < dist _maygvy)
j¥  ¥yj > minlimb _sep

9 2 |

E ects:
attach the freelimb to
posture correction step
if character\stretchedout", releasewith the foot furthest from goal, elserelease
with the hand furthest from goal
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Notes: the limb denotedwith the subscript\gl" refersto the sibling limb of the
onethat is unattached. Also, the characteris \stretc hed out" if the largest
current distancebetweenany foot and any hand is greaterthan 65%of the
maximum possiblesud length, which is 4.3 for our character asde ned in
Figure 3.4. The purposeof this selectionprocesss to maintain a relatively
comfortable distance betweenthe handsand the feet.

5.3.2 State transitions

In the following we descrike the remaining edgesthe onesresponsiblefor changes
in state. They are sorted by the originating locomotion mode.

walking ! clim bing |

Preconditions: g )
> reachable ( ;limb¢y)

type ( ) = hybrid
Yhead < y

9 2

s

E ects:
attach the appropriate free hand to

Notes: subscript\fh" refersto either free hand.

walking ! swinging |

Preconditions:
dwaracterpasn't advancedin a long while
9 2 reachable ( ;limb¢y)
type ( ) = pendent

E ects:
attach the appropriate free hand to
detach any foot grasps

Notes: subscript\fh" refersto either free hand.
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walking ! crawling

Preconditions:
comfort adjustmert using\w alking" mode heuristicsresultsin character'scerter
of massto lie horizortally outside the two points of contact

E ects:
let = the grasppoint which the graspingfoot is attached to
badtrack in the solution we have asserbled so far until the feet are attached
to two other grasp points
apply Brownian motion until the right hand is ableto readh  using simple IK
attach the handto

Notes: this is a poor implemertation of the transition, but one that works. A
much better onewould be to have the character squatdown and graspany
free grasppoint in front of it, but this would require a full IK engine. We
did not have one available, but any seriousimplemertation of the planner
surely would.

climbing ! walking |

Preconditions:
grasp poiqt type for either the graspinghand or foot is load _bearing
9 2 reachable ( ;limbyy)
type ( ) = load _bearing

E ects:
attach the free foot to
detadh any hand grasps
apply posture correction using \w alking" heuristics
detac the foot furthest from goal

climbing ! swinging |

Preconditions: (

9 2 reachable ( ;limb¢p)

type ( ) = pendent

E ects:
attach the free hand to
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detach any foot grasps
apply posture correction using \swinging heuristics
detad the other hand

swinging ! walking |

Preconditions:
characterpasn't advancedin a long while
9 reachable ( ;limbyy)
type ( ) = load _bearing

E ects:
attach the appropriate free foot to
detadh any hand grasps

Notes: subscript\ " refersto either free foot.

swinging ! clim bing |

Preconditions: g .
> reachable ( p;limb;p)

j S type ( ) = hybrid _ type( ) = pendent
8 ¥, ¥ > minlimb _sep
reachable ( ¢;limbyy)
% type ( 1) = hybrid
9 f 2 J Yhip > Y
Yhip < Yhead
¥, ¥,.]> min_handfoot _sep

9 2

E ects:
attach the freehandto |
attach the appropriate free foot to ¢
apply posture correction
releasethe other hand's grasp

Notes: subscript\ " refersto either free foot.
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crawling ! walking

Preconditions:
character hasadvancedin \crawling” mode for a signi cant distance (this is to
prevert the character from squatting and getting right up again)
there is su cient room to stand up
both feet are grasping

E ects:
detach any hand grasps
perform posture correction using \w alking" heuristics
detad the foot furthest from goal

5.3.3 Adding new modes of locomotion

The addition of a new mode is a multistep process.We rst analyzethe grasping
behaviour of the desiredmovemern: how many graspsarein e ect at a giventime, how
many are performedwith handsand how many with feet, to what kind of grasppoints
dotheseattach, underwhat conditionsandin which order arethe graspschanged,etc.
Using theseobsenations we formalize the self-loop's preconditionsand e ects, aswell
asformulating any new heuristicsthat might be required. A sampleimplemertation
of thesespeci cations is then constructed and tested in an environmert appropriate
to the new mode. Once satis ed with the self-loop's performancewe considerthe
state's connectivity: to which statesshould we be able to transition, and vice-versa.
Ead transition is then analyzedand implemerted in a manner similar to that of the
self-lcop.

The preconditions and e ects for a particular edgeare currertly implemerted
togetherasasingleC++ routine, consistingjust of the geometrictestsand a sequence
of grasp operations. With the necessarj\housekeeping" code the routines amourt
to 20 lines on the average,although this varieswith the complexity of the transition.
All the edgeroutines are kept in a single le, although that is not strictly necessary
Any addition of modesand transitions require additional coding in C++, although it
is possibleto implemernt the LFSM code sud that the edgepreconditionsand e ects
are provided in script or data form. This would facilitate the addition of new modes,
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although any sud implemenation is inherertly less exible and robust sincethe data
or script capabilities are limited to the xed functionality that the LFSM provides.

5.4 Other details

5.4.1 Interp olation over distance map

We have found that a fair number of local minima in the gradiert descen of P
were due to the too coarsediscretization of distance map: any two con gurations
which are relatively similar result in small variations in the location of the certer of
mass,which often map to the samecell in distancemap. If a particular con guration
happensto have its certer of massnear the middle of the correspnding cell, it is
very likely that all of its neighbourswill alsomap to the samecell. This unnecessarily
resultsin a local minimum. Although one could raisethe resolution of distancemap,
a much better solution is to use bilinear interpolation. Figure 5.5 illustrates the
di erence.

5.4.2 Restepping

Our planner considersthe problem assolved whenP (q) = P(Qsinisn ) = 0. As we
mertioned in Chapter 3, this signi es that the character hasreaded the destination,
but not necessarilyg = s .sn - Unlikethe \precursory" plannerof Chapter 3, a linear
interpolation from q to q;,sn IS Unacceptablesincethis resultsin the breakingof any
graspspresen. The solution we have adopted consistsof adding a simple \stepping"
planner. This componern attempts to make q match g;;,s, DYy manipulating the
grasps.In our current implemertation this subplanneris limited to working with the
foot graspsonly, in a\walking" style posture.

There are only two casesthat we needto concernourseheswith: \simple" and
\wrong-footed". Figure 5.6 shovsthe two scenariosand how this simple plannerdeals
with them. In the simple casethe subplannergraspsthe nal grasp point with the
freefoot, setsthe root of q to this foot, and performsa linear interpolation to s isp -
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Figure 5.5: The bilinear interpolation of distancemap

In the wrong-footed case,were the currerntly graspingfoot is attached to the wrong
grasp point, we attach the free foot to the free grasp point, detach the other foot,
attach it to the correct grasp point, detach the originally free foot, and onceagain,
linearly interpolate to Qs inisp -

5.4.3 \T urn-around"” operation

Navigating through ervironmerts sud as the one showvn in Figure 1.1 requires
an operation which would allow the character to turn around. Sincewe are working
in two dimensionsand changing direction inherertly requiresthree dimensions,we
had to improvise a little bit. We have achieved the desirede ect by substituting the
character with its mirror image wheneer a turn around is required. As the soler
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Figure 5.6: The two casesand their handling by the \stepping" planner; we show
only the legs,ead onerepreseted by a singlelink

could badtrack at any point, and do so to any previous posture, it is necessary
to augmer the state information with the character's current direction. The turn-
around motion is not required in a 3D implemertation, asit will comeabout on its

own from the normal operation of the solver.

5.4.4 Multi-part problems

Throughout this thesiswe have always formulated the planning task asa two-point
boundary value problem. This approad is too restrictive for all but the simplest
planning problems. We have therefore extendedthe planner's problem speci cation
capabilities: besidesproviding the starting and nishing con guration one can now
also provide an arbitrary number of \milestone" con gurations and pregenerated
sequence. A \milestone" con guration simply speci es that the solvwed path muss
cortain this g at somepoint. The sameis true of pregeneratedsequencewhich is
just a set of consecutie con gurations. This permits our plannerto work with other
human animation algorithms in constructing the solution, allowing for a much richer

potertial solution space.

The planner handlesa pregeneratedsequenceédy splitting the whole problem into
two subproblems:the rst consistsof nding a path from qg,,; to the rst con gu-
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a) finish b) finish

4 \_4

start start

c) finish. d) finish

4

3

2%
1

start start

Figure 5.7: Multi-part problems visualized in 2 dimensions;a) a simple two-point
boundary value problem; b) the solution after a \milestone™ con guration
is provided; c) the problem with a pregeneratedsequence;and d) the
solution

ration of the sequencewhile the secondlooks for a path from the last con guration
of the said sequenceo q; ., - This is illustrated in Figure 5.7. Using this approad
ewvery scenariois reducedto a number of two-point boundary value problems, and
eat oneis solved separately

A \milestone" con guration is treated asa pregeneratedsequenc®flength 1. The
main advantage of using oneis that it provides the animator with extra cortrol. It
can be usedfor adding gesturesto the motion without the needto provide a complete
sequenceof con gurations, for speedingup the solving processby providing direct
hints on position and posture, and even for forcing particular routesto be taken.
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Figure 5.8: Walking mode, with a \restep" at the end to match g inish

5.5 Results

In this sectionwe presen someof the results obtained with our implemertation.
We rst presemn examplesof the four locomotion modeson their own, followed by a
complex problem which requiresthe useof them all.

5.5.1 Walking

Figure 5.8 presens a simple at terrain scenario. The gure at the extreme
left is the start con guration, while that at the extreme right is the destination
con guration.

Note that although the grasppoints are evenly distributed, the resulting motion
is somewhatirregular. The stochastic nature of the planner, and in particular, of
the posture correction algorithm are the primary reason. This may be considereda
weaknesspr a strength, dependingon the application. Finally, onecanseeat the end
a\shu e" ofthe feet; a restepwasnecessarasthe character waswrong-footed. This
can be seenby looking closelyat the right foot, renderedwith a solid line: it grasps
both of the last two grasp points in sequence. The solving time for this scenario
averagesaround 15{20 secondson our system.



Section5.5. Results 75

L] l|. I/D
///
A

Figure 5.9: Swingingmode

5.5.2 Swinging

Figure 5.9 shows a segmen of swingingmotion. The medanicsof this locomotion
mode are nearly identical to that of walking. The only visible di erence, other than
the limbsinvolvedin grasping,is that no heuristic analogousto heur jimp _counter _balance
is used: the legsare free to swing asthey like. This planner solvesthis problem in
roughly the sametime asthe walking scenarioabove, 15{20 secondson the average.

5.5.3 Clim bing

Figure 5.10 depicts a climbing sequenceas well as the transitions to and from
walking. We only presen the prominert con gurations in which a changeof grasps
occurs. The rst and last framesshaow the starting and nishing con gurations. Run-
ning time for this scenariovaries,rangingroughly from 30{60 secondssometimesewven
longer. The critical point in the solution is the transition from climbing to walking
sincethis is the point wherethe character's motion is usually the most constrained:
asone can seein the bottom-left frame, placing the feetin new graspsmore di cult
sincethe gure is hunched forward. The time requiredto nd a proper transition
large dependson the choice of graspsleading up to this point. The exibilit y of grasp
surfacees(seex6.2.2) will greatly improve the speedof this process.
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Figure 5.10: Climbing mode (selectedframesshown)
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5.5.4 Crawling

Figure 5.11shawsthe character performingawalking to crawling transition, crawl-
ing, and then another transition, from crawling bad to walking. Onceagainwe showv
only important keyframes. One can seehere the limitations of our heur ynees_down
heuristic: although the kneeis very low to the ground, occasionallyit is visibly still
not touching it. Our implemenation of the planner requiresabout 2{3 minutes, or
occasionallylonger to solwe this problem. The vast majority of the time is spert on
the walking to crawling transition; the LFSM hasto exhaustall posture adjustmert
attempts while trying to walk beforedecidingthat crawling is warranted. A more ef-
cient precondition for this LFSM edgeshould make the solving time of this scenario

comparableto that of walking.

5.5.5 Complex problem

Our last example,shovn in Figure 5.12, is the solution to the problem we have
introducedin Chapter 1, in Figure 1.1. All four locomotion modesare used,aswell as
most of the available transitions. Besidesproviding the initial and nal con gurations
we have alsoprovided a cannedsequencef the charactersliding down the ramp, which
the plannerwasto insert at the appropriate point. Since,for clarity, only every 20th
frame is shawvn in the solution, the sliding sequenceappearsonly asits rst and last
frame, with the two character imagessurrounding the downward ramp. The running
time for this problem usually averagesbetween10{15 minutes, and requiresa handful
of manual badktrack operations. Theseare descriked in x5.6.3.

5.6 Discussion

5.6.1 Run times

Our prototypeimplemertation is largely unoptimized. Thereis room for optimiza-
tion both in the codeimplementation aswell asin the formulation of the preconditions
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Figure 5.11: Crawling mode (selectedframesshawn)
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Figure 5.12: A complexproblem (every 20th frame of the solution shown)
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and e ects used. The planner could potertially be improvedto be realtime, although
this will involve a substartial e ort.

| Example | Figure | Time |
Walking 5.8 15{20 sec.
Swinging| 5.9 15{20 sec.
Climbing | 5.10 | 30{60 sec.
Crawling | 5.11 | 2{3 min.

Complex | 5.12 | 10{15 min.

Table 5.2: Summary of run times for the di erent examples

We summarizethe runtimes for all the examplespresered in Table 5.2. The run
times vary from run to run due to the stochastic nature of the planner, the varying
speedsof the di erent locomotion modes used, and the e ciency, or ine ciency,
of their implemertations. Furthermore, for a simple walk the length of a room,
as demonstrated in Figure 5.8, the planner consumesaround 95% of its time in
readjusting the character's posture. This seemdo be the primary areathat needsto
be addressedn any optimizations.

As we mertioned in x4.3, one attempt at optimizing the posture adjustmert pro-
cessconsistsof stopping the discomfort gradiert desceh wheneer a certain accept-
able level of comfort has beenadieved. This works well when the character is un-
constrained and can satisfy all the heuristicsto a large extert. In con ned spaces
howewer, a tradeo must be struck sinceall the heuristics cannot be lowered su -
ciertly. This results in D(q) newer falling belov the comfort _threshold and the
planner therefore cortinues exhaustively until a minimum is readhed. Making this
threshold vary accordingto the current ervironment of the character would be ideal,
but this appearsto usto bedicult to automate.

The posture readjustmert could be further improved by requiring it rst to try
some common posturesfor the character, or somesubpart of it. The posture cor-
rection stagewould take much lesstime if, for example,the gradiert descen of the
discomfort spaceD was started with the badkbone already vertically oriented, thus
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eliminating the lengthy processof bringing it upright. Thesecommonposturescould
be provided as a priori knowledge, or alternatively the planner could learn them
during the solving processitself.

5.6.2 The solver's stochastic nature

The stochastic nature of our motion planner is a double edgedsword, especially
when dealing with the gradiert desceh optimizations. It makes optimization possi-
ble in the high-dimensionalspaceswhich de ne a character's motion, but the false
identi cation of local minima can be problematic.

Our useof Monte Carlo samplingduring the gradiert descen of D often resultsin
the planner not nding the con guration which best satis es the heuristicsin e ect.
That is, the true absoluteminimum is often not readed, despitea number of attempts
to esca any encourtered local minima, whether true or false. This visually results,
for example,in the kneesbeingslightly o the ground whencrawling, or the armsnot
swingingfully to their optimal positionswhile walking. Although providing the soler,
and the gradiert descets in particular, with moretime generallygivesbetter results,
much could be done to improve the situation, consideringthat a human obsener
can usually immediately suggesta number of possiblemodi cations leadingto lower
discomfort when the planner is stumped.

The above weaknessccasionallyescalatedo be an even greaternuisance.Due to
the gradiert descetis inability to read the optimal con guration, adi erent decision
is madein the nite state macdine, onethat puts the planneron a wrong path. Even
though the plannerwill nd this out soconer or later and badtrack, it may take some
time and this is wasting computing cyclesunnecessarily For example,it may happen
that during awalk in an inclined yet unconstrainedervironmert that the soler fails
to bring the character to the most comfortable con guration, which may trigger a
transition to climbing or crawling. As the spaceis unconstrainedthis looks puzzling.
Sud occurrencesare more likely in constrained environments. If careis taken, it
should be possibleto formulate preconditionsfor the transition edgeswhich are more
discriminating and lessoften fooled.
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5.6.3 Man ual backtrac king

An alternative and practical solution to the problem mertioned in the previous
subsectionis to allow the userto stop the solving processat any time, and specify a
point to badktrack to. In ourimplemertation wedisplay a pushbutton which stopsthe
solver at any time, and onecanthen usethe time slider and a meru option to provide
the point. The solver then throws out any con gurations past that point which are
not part of the original problem speci cation, while the con guration marking the
badktrack point is marked asq,,;, Soany further runs start at that point.

5.6.4 Simple IK limitations

The use of the simple, 2 link inversekinematicsis quite limiting. First, it adds
signi cantly to the total running time: posture adjustmert aside,a full implemerta-
tion of IK would be able to completely bypassany gradiert descets through C for
unconstrainedmotions sud aswalking and swinging sincethe planner could simply
step from grasp point to grasp point by the useof IK alone. The more constrained
locomotion modeswould alsobene t in a similar mannerbut to a lesserextert since
somegradiert desceh stepsmight be necessarythere.

The secondlimitation is illustrated in Figure 5.13, which depicts a section of
the complex problem showvn in Figure 5.12, except that one of the obstacleshas
beenremoved, which is shovn with the dashedoutline. In this situation the descen
through C\attracts” the character's certer of massin the direction indicated. This
results in the hip being likewise pulled in the samedirection, which preverts the
establishmen of the next grasp since the simple 2 link inverse kinematics cannot
make the free foot read the next grasp point. The only possibility of advancing is
a orded by a randomwalk nishing in a con guration which brings the hip closerto
the ground in front of the character, but this usually takes a long amourt of time.
It is for this reasonthat we have inserted the additional overhangingobstaclein the
nal problem. The useof a full IK enginewould, onceagain, remove this weakness
sinceit would be able to drag the character down as needed.
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Figure 5.13: A weaknes®f the plannerdueto the useof simpli ed inversekinematics;
the arrows shaw the gradiert of the distancemap



Chapter 6

Conclusions

6.1 Summary of work

The algorithms described in this thesis provide a novel planning method for au-
tomated character animation. They are particularly well suited for planning motions
in unstructured, constrained ervironmens and for generating plausible transitions

betweenvarious modesof locomotion.

Our work integratescon guration-spaceplanning methods with the requiremens
of character animation. At the heart of this problem is how to e ciently exploit
knowledgeof a character'smotion preferencesvhile solvingpotentially complexglobal
motion planning problems. The use of grasp points senesto explicitty model some
key aspects of the motion, while a collection of heuristics together implicitly model
motion preferences. A nite state madine is usedto imitate the polarization of
human motion into distinct locomotion modes.

What makesthe algorithms interesting is that they must tread the line between
discreteand cortinuousoptimization problemsbecausehe choiceof graspsis discrete
while the remainderof the motion is cortinuous. Yet choicesin the cortinuousdomain
aect the discrete domain, and vice versa. Thus the algorithm must optimize a
combined set of discrete and cortinuous choices. Secondly the algorithm exploits
both deterministic and stochastic methods. The FSM and heuristicsare deterministic,

while the core of the planning algorithm has a signi cant stochastic componert.
84
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The previouswork whosegoalsresenble that of our systemare the Jadk system
and Motion Factory's Motivate 3D GameDewelopmert System. Our work di ers from
the former in that it hasa strong planning componert and is able to handle complex
motion in constrainedenvironmerts and simple oneswith equalease.It di ers from
the latter in that it doesnot restrict the character's motionsto prerecordeddata but
is capableof adapting to any terrain, and any required movemen mode.

6.2 Future Work

6.2.1 Three dimensions

The most seriouslimitation of the plannerthat we have presened is the restriction
of the current implemertation to motion in two-dimensionalervironments. Howeer,
the extensionto three dimensionsshould ertail only a limited amourt of additional
complexity. The main componerts which are a ected are the proceduresthat seart
P and W. Searting of the con guration spaceis performedby the gradiert desceh
as it stochastically samplesthe neighbourhood of a particular q. The additional
complexity herewould be dueto the higher dimensionality of the con guration space
which in turn is due to the character's joints now having more degreesof freedom.
P is also seartied by the heuristic systemwhen correcting the character's posture.
Since both routines use stochastic sampling this should have a limited impact on
running times. Searding of the workspaceis performedby the nite state madine
preconditionswhich look for suitable new grasp points. The impact here can alsobe
maderelatively small through the useof an e cient grasppoint searting algorithm.

The distance map likewise gains a dimension, which considerably increasesits
generationtime. Howe\er, this is not really critical sincethe map canbe precomputed
and the result caded for future runs of the planner. It is also probable that the
distance map could in many situations be substituted by the distance-to-the-goal
computations having a more local scoe.
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6.2.2 Grasp surfaces

Although the conceptof a grasppoint is very practical, there are situations where
it would be corveniert to be able to mark ertire regionsas being graspable. The
most commonexampleof this is any at terrain which is meart to be walked upon;
sinceany point on sud a surfacecan be theoretically usedto support the gure, it
seemsawkward to have to restrict graspingto only individual points upon it. This
extensionhasthe potertial of enablingbetter quality for motions using sut surfaces,
given that the character would be freeto chooseits own, preferredstride length.

A signi cant problem that would needto be resoled when implemerting these
grasp surfacesis how the planner should choosethe point at which to grasp. We
would like to perform the graspsud that the resulting stride length, or arm span,is a
comfortableone. A working initial solution consistsof choosingat randomwithin the
givenregion, and usingan additional heuristic during character posturereadjustmert
which would specify how comfortable the stride and arm span lengths are. The
comfort-adjusting gradiert desceh would then tend to corverge on the best stride
possibleunder the given circumstances.

6.2.3 Arbitrary skeletons

The planner as currertly implemerted is limited to animating anthropomorphic
skeletons. Although one canvary the lengths of the links in the skeleton, any vertex-
graphalterations, sud asappendingathird legfor example,arecurrertly not allowed.
This constrairt arisesfrom the \precondition cheder" andthe \e ect executor” parts
of the FSM, which implicitly assumecertain geometrical properties of the skeleton,
sud asthe number and type of limbs. After someconsiderationthis seemdlike an
acceptableand even necessaryconcessionfor example,the logistics of walking di er
between a human with two legsand a certip ede with a hundred. Human motion
planning is challenging; the broader problem even more so.

Although any given implemertation of the planner assumescertain geometrical
properties of the skeleton, the generaltheoretical approad doesnot. That is, one
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can make an implemenation for a certip edejust aseasilyasan implemertation for a
human. The only constrairt is that in generalthe certip ede-plannercannot be used
with a human character, and vice-versa.

It would be interesting to ewlve the planner sothat it was more genericin terms
of skeletal structure, to allow the use for both, the human and the certip ede, as
well as any other skeleton. This then would require that the structure-speci ¢ parts
of the planner be implemerted separately and pluggedinto the planner as needed,
depending on the model currently being animated.

Alternativ ely, if oneis interestedin animating imaginary creaturesfor which we
have no preconceied notion of their locomotion dynamics,it might be interesting to
adapt the plannerto be able to handle arbitrary skeletal topologieswithout the need
for the specialized FSM componerts. The role of the heuristic system here would
only then be to give the appearanceof physically-correct motions, and not to give
\characteristic" behaviour.

6.2.4 Motion speed control

Sincethe plannerhasno explicit notion of time nor speed,we perform a one-to-one
mapping betweenthe con gurations of the solution's path and the keyframesusedin
playbadk. This is not necessarilythe best approad. The resulting motions could be
made more uid by altering this mapping sothat the speedsof the di erent parts of
the character's body changein a cortinuous manner. Sud a medanism could also
accepta parameter,wherely the animator speci es the desiredspeed. This parameter
could be time varying, allowing the speedto vary throughout the animation.

6.2.5 Complex grasping

A limitation in our planneris that only the end-points of the limbs are allowed
to grasp(i.e. handsand feet). Although this is typically su cient, there are motions
which require more complexgrasps. Two examplesof this are using the butto cks as
a support whensliding on the o or, and leaningthe bad of one'sshouldersagainsta
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wall alsoas a meansof support. Thesetypesof motions cannot be generatedby the
planner at this point in time. Furthermore, it might be interesting to allow complete
links to attach to the ervironmert. Crawling on the handsand knees,and sitting, are
exampleswheresud graspswould be useful. A number of solutions are possiblebut
further researt is neededinto which onewould be the most appropriate in terms of
exibilit y and robustness.

6.2.6 Learning

Further improvemers in the planner could perhapsbe obtained from the judi-
cious application of madine learning algorithms in di erent parts of our method. A
prime candidatefor their usewould be the heuristic system. Currently ead heuristic
routine cortains a number of parameterswhich require tuning when the routine is
constructed. Optimal valuesfor thesecould be easily determinedthrough someform
of training. Further learning methods could be usedfor the purposeof automatic
or semi-automaticgenerationof edgepreconditions. In the semi-automaticapproad
the planner might start with all the preconditionsinitially prespeci ed and through
time improves upon them basedon what it has learned on previousruns. Finally,
learning could also be applied to a certain extert in the dewelopmen of edgee ects:
given footage of human motion in di erent locomotion modesand performing di er-
ert transitions, a learning algorithm could derive on its own what kind of regrasping
operations are necessaryand how they should be performed.

6.2.7 Keyframe Timing Relaxation

A very interesting addition would be someform of keyframemotion optimization
as suggestedoy [LC95]. Our method generatesposesfor the model to assumein its
motion towards the goal, but it doesnot specify explicitly whentheseposesareto be
assumedand what the time delay should be betweentwo consecutie con gurations.
This ts the description of a keyframe motion optimization's problem, in that we
know what posesshould be struck, but we do not know when, nor the velocities
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involved. By applying this method on top of our planner's solution, one should be
able to obtain improved results.

6.2.8 Smoothing using splines

As illustrated in Figure 4.9, the smoothing processusesstraight line segmets
when smoothing out the original path. When this method is applied to paths rep-
resening the movemert of our model it hasthe undesirablee ect of introducing G*
discortinuities at ewery straight line juncture, which causesthe model to appear to
be walking like a robot, with parts of its body changing velocities in a discortinuous
manner. It would be interesting to seehow much better the results would be if we
useda more cortinuous smoothing method, perhapsonethat relieson splines. Even
with this addition, howeer, it is important to note that there will still be discorti-
nuities due to limbs graspingthe obstaclesbut we considertheseto be desirableand
being part of the \natural" look of human motion.
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