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Abstract of the Dissertation

Motion Composition for Character Animation

by

Anna Dagna Majkowska
Doctor of Philosophy in Computer Science
University of California, Los Angeles, 2007

Professor Petros Faloutsos, Chair

Motion composition is a motion synthesis approach which allowisr the creation
of new animations by joining together existing motion fragm&s. Because it
preserves the naturalness and the richness of detail of the anigl motion cap-
ture animations, motion composition is becoming increasinglyopular with the

growing availability of motion capture data.

In this dissertation, we present three novel motion synthesis teoiques based
on di erent composition strategies. First, we propose a method fancorporating
unexpected impacts into motion-capture driven animationsThis technique au-
tomatically generates a reaction to an impact by using physidsased simulation,
and then switches to the most appropriate response clip selectedrh a motion
capture library. By using motion capture jointly with dynamic simulation we

obtain motions that are both physically valid and human-like

The second technique presented generates complex acrobatictions that

adhere to the laws of physics. Multi- ip jJumps are created fronsingle ip an-

XV



imations by rotating and composing together fragments of ing motion while
maintaining the property of momentum conservation. Our appryach also allows
an animator to interact with the system by introducing modi cations to a ballis-
tic phase of a motion. Our algorithm then automatically adjuss motion rotation,
timing and trajectory, to assure physical validity of the motia after the modi ca-
tions. In our approach, masses and inertia moments of the chatacs body parts,
necessary for momentum computations, are computed directlyoin the data us-
ing a novel estimation method based on the conservation of limemmomentum.
To validate our approach we present the results of a study of usernsgivity
to errors in angular momentum and take-o angle. The study shos/that small
changes of these parameters introduced by our method are natrpeptible to a

viewer.

The nal proposed method adopts a di erent approach - layerig motions
in time to obtain a multi-resolution e ect. By synchronizing hand and full-body
motions recorded in separate sessions, our technique createsati@r animations
with detailed hand movement. In addition, we provide a methd for supplying
user input, which provides an animator with variable degreefaontrol over the

synchronization process.
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CHAPTER 1

Introduction

Human motion is remarkably complex; 206 bones and more than@Gfuscles pro-
duce a seemingly in nite number of possible movements and bodgrcgurations.
However, if one was to attempt the Herculean task of simulating & exquisite
machinery of the human body for the purpose of generating humanotion, the
hardest organ to simulate would not be bones or muscles but the rhan brain.
It is the brain that allows humans to create movements so conmgt, so rich in

minute detail that sometimes they require years or decades toaster.

In the face of such a tremendous intricacy of human motion, ore@n hardly
hope to construct an universal algorithm that would generate lapossible vari-
eties of human movement. Instead, three di erent motion syntésis approaches
have been devised for use in computer animation: handcraftinghysics-based
simulation, and motion capture adaptation. Handcrafting, tle most traditional
approach, requires an animator to generate movements matiyafrom observa-
tion and their knowledge of human motion. Like any other fornof art, the results
can be poor or outstanding depending on the skills of the creatdout the process

is always time-consuming.



Another solution is simulation that, out of necessity, ignores athe trouble-
some complexities of human body and brain, and settles for ddedly simpler
models as an approximation. Control and optimization methds fall into that cat-
egory. The control technique attempts to model the motor-adrol function of the
brain as an algorithm. This in essence amounts to creating a soglicated virtual
robot. Predictably, results are physically valid but roboticlooking. This is due
to the fact that there are many ways to transition from one bodycon guration
to another and only a few of these transitions look human-like Optimization
methods attempt to solve this problem by adding an objectiveuhction which
measures the naturalness of all possible transitions in order taxd an optimal
one. The objective function typically includes many compants such as energy
expenditure or joint preferences. The optimization approdcoften produces good
results. However, unsurprisingly, there is no single objectiveriation that would

work well with all types of motion.

The nal approach - motion capture adaptation, became possiblthanks to
an increased availability of motion capture technology, wkh allows accurate
recording of human movements and their transfer to animatedharacters (see
Chapter 3). However, with the in nite variety of possible humanmotions it is not
possible to record them all. Hence the need for motion adaptatianethods which
allow for modifying existing motions to match an animator's émands. Amongst
them are interpolation between motions, style transfer, techques for retargeting
existing motions to new characters and motion composition - aapproach for

obtaining new animations by joining together multiple moton segments. Our



work falls into the last category.

Just like the other approaches, motion composition does not area one-
size- ts-all solution and di erent composition methods have ben developed for
di erent motion types and animation tasks. To date, the main faus of research
in the area of motion composition is the development of new nteids for creating
motions that meet space and time constraints. Composition algtinms typically
search the motion database to nd appropriate motion segmentsaording to an
animator's speci cations and join them together. Increasinghe search e ciency
and assessing the quality of transitions between motion segmentg ather areas

of focus (see Chapter 2).

In contrast, our work concentrates on exploring new tacticsof joining mo-
tions which allow us to achieve novel e ects and obtain motits that cannot
be generated by simply "gluing” motions together (Figure 1.1R). These tactics
are: interjecting physical simulation between motion segmesnt(Figure 1.1 b),
rotating, repositioning and retiming motion segments to consee momentum
(Figure 1.1 c), and layering motions (Figure 1.1 d). Duringhe composition pro-
cess special care is taken to maintain the physical validity okesulting motions.
Unlike most methods based on gluing motions, our techniques prace physi-
cally valid and natural-looking animations even when the coposed motions are

signi cantly di erent from each other.

First, we introduce a technique for incorporating unexpecteimpacts into a
motion capture-driven animation. This method automaticaly generates a reac-

tion to an impact by using physics-based simulation, and then swites to the



most appropriate response clip selected from a motion capturdodary. (Fig-
ure 1.1 b). Creating a believable response following an impast challenging
for an animator, as it entails changes to a character's bodievelocities and ac-
celerations. Further, the handcrafting of motion is often aidds with the goal
of maintaining interactivity. With our method an animator can automatically

create physically valid and natural-looking impact responses.

Next, we propose a technique for creating complex multi- ip aobatic mo-
tions from simple, single- ip animations. To obtain this e ect our algorithm
rotates and composes fragments of motion while maintaininghpsically valid
momentum pro les (Figure 1.1 c). However, simply rotating andoining motion
fragments is often not su cient, as multi- ip jumps vary signi cantly from their
single- ip counterparts. In the multi- ip motions the rotati on is faster and the
ight phase longer. The challenge here lies in modifying theooistructed motion
to assure proper momentum build-up and release. Our techniqudjasts motion
timing and modi es ight trajectories to guarantee physicaly valid momentum
pro les. Additionally, we present a method for adapting ballisic motions after
user modi cations to assure their physical validity. An animatorcan change a
character's joint angles and body parts' positions during theight. Our system
then automatically adapts the modi ed motion by rotation and retiming to en-
sure conservation of momentum. To validate our approach we @ent the results
of a study of user sensitivity to errors in angular momentum and te-o an-
gle. The study shows that small changes of these parameters irdteced by our

method are not perceptible to a viewer.



While the previous two techniques combine motion fragmentsong the time
axis, the last proposed method of motion composition layers mons that occur
simultaneously (Figure 1.1 d). This technique takes as an inpuotion capture
data of hand and full-body motions recorded in separate sessi@rgl splices them
seamlessly together to create character motion with detailecahd gesticulation.
Although it is possible to record hand movement together with wi full-body mo-
tion in a simultaneous capture, there are compelling reasonsr frecording hand
motion separately. These include greater exibility in re-useof hand motions
across animated characters and scenes and increased accuraay @ntrol over
the hand capture. Obtaining correct synchronization betwaethe two motion
capture sources can be a challenging problem due to di eresc® motion execu-
tion. Our matching algorithm eliminates these di erences byapplying dynamic
time warping in combination with a novel distance measure, baden research on
human gestures. Additionally we provide a mechanism which all@enanimators

to guide the synchronization process.

The three proposed methods target di erent types of motion. fis is due to
the fact that each of the methods utilizes unique propertiesf a particular motion
type to simplify the synthesis process and make the generation mbvel motions
possible. In case of the dynamic response technique it is the cqotoef burst - a
short time period before a human reaction takes place, that gles our simulation
of the impact response. In motion composition for acrobatics, ¢hsimple form
of momentum conservation laws during the ballistic phase all@aws to create

and modify acrobatic motions in a physically-valid manner. ally, during the



splicing process for hand and full-body animations we use ourdwledge of human

perception of gestures to correctly align hand and body motis.

While the proposed techniques apply to di erent kinds of motins, they share
the same goal: to use existing animations for creating motionsdt would be
either impossible or dangerous to record with motion captureethnology. Our
dynamic response method (Chapter 4) creates reactions to stgoimpacts that
would be unsafe and painful for an actor to perform. Motion coposition for
acrobatics (Chapter 5) allows for e cient generation of corplex acrobatic jumps
that that lie near or outside the limits of human athletic abilties. Automatic
splicing for hand and body animations method (Chapter 6) pragces full-body
motion with detailed hand gesticulation that would be dicult to record with

motion capture technology due to technical limitations.

The main contributions presented in this dissertation are:

A novel technique for incorporating unexpected impacts int 0 a
motion capture-driven simulation . Our system combines physical sim-
ulation, which responds to contact forces, and a specialized sgaroutine
which determines the best re-entry point to create animatedharacters

which can respond to unexpected impacts.

E cient methods for creating and editing complex, physical ly
valid acrobatic motions. Our algorithm takes as an input a simple
ballistic motion, such as a single somersault, and creates a mo@mplex

motion, such as a multiple somersault, by rotating and repeatmfragments



of motion, while maintaining physically valid momentum pro les. The pro-
posed approach also allows for user motion modi cations durirgy ballistic
of motion. Our algorithm adapts the modi ed motion to assure is physical

validity.

A method for estimating mass distribution from motion captu re
data. Taking advantage of the momentum conservation laws, our teclque
applies linear least squares optimization to the motion datawuting the ight

segment to estimate a character's mass distribution.

A simple and e ective technique for hand and body motion alig n-
ment. Our method uses dynamic time warping together with a novel dis-
tance metric to align motions with signi cant amplitude di e rences. Key
features of human gesticulation, supported by research on gess, create

the foundation for our distance metric.

A method for incorporating user-specied constraints dire ctly

into the dynamic time warping algorithm. By modifying the shape of
the dynamic time warping band our method allows a user to easithoose
from a continuous spectrum of control options: from fully autmatic match-
ing with no user input, to partial control, where the user suggestmatching
regions, to complete control, with the user listing speci c pas of frames to

be matched.

The remainder of this dissertation is organized as follows: Cpeer 2 reviews

relevant research in motion capture editing. Chapter 3 preseman overview of



motion capture technology. Chapter 4 describes a techniquerfincorporating
unexpected impacts into a motion capture-driven animation Chapter 5 details
a method of creating complex, multi- ip acrobatic motions fom simple, single-
ip animations and an algorithm for adapting motions after uiser modi cations.
Chapter 6 presents a technique of creating motion with detatl hand gesticula-
tion by layering hand and full-body motions. Chapter 7 concldes the disserta-

tion.
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Figure 1.1: Motion composition techniques. a) Simple motim "gluing” with smoothing

lter (SM), prevalent in most composition methods. b) Inter jection of physical simula-
tion into composed motions allows incorporation of impactsinto motion capture-driven
animation. c) Rotating and repeating of motion fragment B creates complex, multi-
- ip acrobatic motion. Repositioning and retiming assure correct momentum pro les.

d) Layering of full-body and hand motions produces characteranimation with detailed
hand movement. Dynamic Time Warping (DTW) assures correct gnchronization of
the two motions.



CHAPTER 2

Related Work

Researchers have introduced numerous techniques for synteesi new motions
by editing and combining existing motion data. The most basic fon of mo-
tion composition involves "gluing" together multiple motion segments along a
time axis to obtain new, more complex movements that meet amanator's con-
straints [33,67]. To remove motion discontinuitiestransitions between segments
are created by blending motion frames. Generation of the traitions and as-
sessment of their quality is an active area of research. Wang anddenheimer
propose a method for evaluating an optimal length of the trangon [71] and for
computing a set of optimal weights for the cost function whichdenti es good
transition points [70]. Matsunaga and Zordan present an alteative algorithm for
computing weights based on character's physical propertie$?]. Kovar and Gle-
icher propose a blending algorithm which automatically detenines relationships
between input motions to increase the range of motions that neébe successfully
joined together [30]. lkemoto et al. o er a di erent algorithm which enforces foot
constraints to avoid sliding [22]. Safanova and Hodgins show thaimple linear
interpolation can be used in many cases to produce natural-kiag transitions

[56].

10



In large motion databases, testing all possible motion compositiozariations
would be prohibitively expensive. A structure know as anotion graphorganizes
multiple motions into a directed graph form in order to make lhe motion synthesis
process more e cient. Typically, a node in the a motion graph entains a single
motion frame and a directed edge denotes a possible transitiorettyeen two
frames, as proposed in [3,32,36]. Alternatively, nodes contdragments of motion
[37,55] or even clusters of motions representing similar task9]. In order to
assess the quality of a generated graph Reitsma and Pollard prgeaan algorithm
for determining how many goals in a given environment are relaable [53]. A
number of techniques address a problem of e cient search in moh graphs:
[3,32, 35, 36,64,66]. Other works integrate motion intergetion into the graph

design or search process to create novel motions [19,57].

Motion composition often involves synthesis of motions that nieh a user's
speci cations detailing the type of movement to be used (such asinning or
jumping). Therefore it is often necessary to e ciently retrieve a given motion
type from a large motion collection. Kovar and Gleicher pres¢ a method for
an e cient retrieval of motions similar to a given motion sampk [31]. Their
algorithm aligns motions in time to eliminate timing di erences and utilizes a
root-invariant similarity measure for motion comparison. Fobes and Fiume use
weighted PCA to reduce motion dimensionality and improve seel e ciency [17].
Muller et al. use logical predicates that describe the motiomnstead of motion

samples which can sometimes be di cult to obtain [46].

11



2.1 Work Related to Dynamic Response for Motion Cap-

ture Animation

While many works concentrate on e cient search and creating atural-looking
transitions, fewer researchers present composition approackdsch combine mo-
tion capture with other motion generation methods, such as plsycal simulation.
Our dynamic response method falls into that category. We use moh capture
jointly with physical simulation with the goal of creating a responsive charac-
ter. Most of the other works in this area focus on balanced mains and propose
methods suited for weak impacts [4, 29,48, 74]. More closelyated work, pre-
sented by Shapiro et al. [62] introduces hybrid methods for mimg between
motion capture and dynamic simulation. In contrast, we proposa specialized
method for impact response including a customized search meth@chapter 4).
In addition, in our method we move from and to motion capture wh a mini-
mal, focused simulation phase. Mandel [41] suggests specializedtwllers for
falling and recovery which take over once impact is detectedin our framework,
we give preference to the motion capture animation and use tlsgmulation only
as a vehicle for creating an immediate response. We propose atshivay from
building specialized controllers and instead treat the conttled simulation as an
interim system, with emphasis placed on motion capture examge In a subse-
guent work, Zordan et al. introduce a few improvements to outechnique that

allow it to run in real-time [75].

12



2.2 Work Related to Motion Composition for Acrobatics

Our next proposed composition method creates more complex narts, such as
acrobatic ips and stunts (Chapter 5). These have been typichl generated ei-
ther with physical simulation or optimization techniques raher than with motion
capture editing methods. Simulation with control mechanismbias been success-
fully applied to create a wide range of motions, including aobatics. Hodgins
et al. [20] designed a set of controllers with a state machine, igh allowed a
physically simulated character to perform a somersault over a wd. Wooten et
al. [73] created controllers for high diving and leaping an#aloutsos et al. [14]
constructed a kip stunt controller. Laszlo et al. [34] proposednaalgorithm for
interactive creation of various ips, kips and somersaults. Wi control algo-
rithms create physically valid (though sometimes robotic-loking) motions, the

design of such controllers is still a di cult and time-consumingprocess.

Optimization techniques with physics constraints have becoena prominent
method for generating realistic highly dynamic motions [189,40,50,58,72]. The
e ciency of such methods have been signi cantly improved in reent works by
using a simple set of dynamic constraints [39], or using constraifunctions which
derivatives can be computed in linear time [15], or by redutg motion dimen-
sionality [58]. However, even with these improvements, geneira motions with
optimization techniques typically takes a few minutes, whit limits their appli-
cability in real-time and interactive applications. Many waks apply spacetime

optimization to the problem of editing ballistic motions [243,55,58,65,72]. These

13



techniques allow animators to synthesize new, physically vdlmotions while pre-

serving realism and style of movement. While many of these teclguoies could

be applied to the problem of creating complex acrobatic stusf this work shows
that for such motions time-consuming optimization technique are not necessatry.
High-e ort ballistic motions can be synthesized and modi ed extemely e ciently

using only basic editing operations.

The search algorithm used in our technique compares frames obtion con-
sisting of the character's joint angles and the joints' angulavelocities. Similar
comparison methods have been employed in many motion captwediting works
such as [3,32,36,76] and others. Similarly to [76] we assign l@gtveights to joints
close to the body root, as di erences in limb positions can be &y smoothed
by blending. However, in contrast to the above methods, we rotatthe skeleton
around the momentum vector before the comparison to minimizei erences in

body orientation between compared frames.

The results of our perceptual study contribute to the area of hman percep-
tion of motion. Reitsma and Pollard [52] studied human sensitity to changes in
vertical and horizontal acceleration and modi cations of gavity. Safanova and
Hodgins [56] observed that motion interpolation can cause lagguctuations in
angular momentum which often go unnoticed if the resulting @nges in angular
velocities are small. O'Sullivan et al. [49] studied perceptin of angular distor-
tions and velocity changes in post-collision trajectories fasimple objects such
as spheres, blocks and T-shapes. We contribute to this body of kviedge by

measuring human sensitivity to distortions in angular momentumand take-o
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angle.

Our method for estimating mass distribution is similar to the appoach pro-
posed in [6]. In their work, Bhat and colleagues apply optim&ion to estimate
motion and physical parameters of a rigid body in free ight fom video, given
the body's mass distribution as an input. In contrast, our techigue uses 3D
motion data to estimate not only motion parameters, but mass disbution as

well.

2.3 Work Related to Automatic Splicing for Hand and

Body Animations

While the previously described approaches combine cuts madergy the time
axis, fewer examples in the literature describe methods forykring motions that
occur simultaneously, which is the case in our technique for ateng animated
characters with detailed hand motion (Chapter 6). Most of wdk in this area
has focused on extracting style elements from one motion angdaing them over
another [7,21,51,54,61,68]. In our method we aim our e oriat automatically
combining di erent motion clips onto a single skeleton by allwving each clip to
control its own portion of the skeletal hierarchy. The work oflkemoto et al.[23]
shares the characteristic of integrating two motions, which edrol di erent parts

of the character skeleton, into a single hierarchy. Our techgiie is unique in
that we are interested in combining recordings from di erensources by nding

correlations within the motion clips and synchronizing the iming of the clips to
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align them in a coherent manner. In their work, Ikemoto et altransplant limbs
from one clip to another by selecting random pairs from a librg and forming
an arbitrary transplantation and then accessing the quality bsed on a set of
rules. In contrast, we focus on combining known, user-speci edips, and place
our e orts in the careful alignment over time of the motions ontained in the
given sources. Our technique is also similar to that of Dontchewet al. [12] in
our e ort to align motion sequences recorded in separate motiecapture takes
and to apply them to a single skeleton. However, our approach, iden by the
speci ¢ problem domain, accounts for amplitude di erencediat change over time
in a non-uniform and non-discrete manner. This is crucial inhe area of hand
gesticulation, where di erent recordings of the same gesture qgeence tend to

have large, varying amplitude di erences.

Although other researchers have used time warping for motionighment, for
example [17,30,31], we applied it to a novel domain of humaesgiculation. This
posed new challenges to our system. While existing work conceated on more
dynamic motions, such as walking or jogging, human gesticulat tends to have
more kinematic qualities with signi cantly more variation than motions controlled
to a large extent by physical constraints. Because of these di erees, previously
proposed comparison metrics do not work well in the domain of gfeulation.
Additionally, although the idea of a user controlling the aliggment by specifying
pairs of matching frames has been used before (for example byse et al. [55]),
we are the rst ones to incorporate the constraints directly ito the DTW band

in order to allow for a varying degree of user control.
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CHAPTER 3

Overview of Motion Capture Technology

The development of new methods for motion synthesis, such as nosticompo-
sition, has been spurred on by an increased availability and vaty of motions
recorded with motion capture technology. Motion capture, dechnique for digi-
tally recording three-dimensional motions, is becoming ineasingly popular in a
wide range of applications. Aside from use in computer animatipmotion cap-
ture has been employed in sports training, biomechanics resgaand medicine.
For example, spinal capture was performed on astronauts in a gjgastation to
observe the e ects of zero gravity on their spines [45]. The diast applications of
motion capture were in the military technology, where it wasised to track targets
and troop movements. Motion capture can be used on a wide vayedf subjects.
Apart from humans, it has been used to record movements of horseangaroos,
iguanas and even ants [45]. Recording environments also varyotion capture

has been used in space, under water, on climbing walls, even in Néavk City.

During motion capture recording, a performer typically wees a leotard with
multiple markers, which are positioned near joints on all bodyarts. Special-
ized, high speed cameras track the markers' positions throughtdhe performer's

motion. In the post-processing step positions of body parts andifb angles are
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calculated from the recorded marker data. While most motionapture tech-
nologies employ markers or sensors, there are also other solusioRor example,
mechanical systems employ skeleton-like structure, calleckoskeletonwhich is

attached to a performer's limbs.

The two most commonly used motion capture technologies are agl and
magnetic systems. In our work we utilized motions recorded withpassive optical
systems, in which markers covered with retrore ective materiae ect light that
is emitted by specialized cameras. In contrast, active opticalystems markers
contain small LEDs which emit light. Magnetic systems employ seors which
measure the magnetic eld created by a source to obtain body gafpositions and
joints angles. Typically, the recording range in magnetic sysins is signi cantly

smaller that in optical ones.

The main reasons for motion capture popularity in computer amation are
the rapid (sometimes even real-time) generation of results drthe high quality
of obtained motions. Employing motion capture technology careduce both cost
and time of producing an animation compared to traditional rethods, where
motions are handcrafted by an animator. The resulting motio are typically
more detailed and natural-looking than the ones created wittraditional methods

or physical simulation.

The disadvantages of motion capture include high cost and speciecording
space and equipment requirements. The recording space needsddarge enough
to make it possible to record a wide variety of motions, such as ramg, jumping

and matrtial arts moves. Typically 120Hz cameras are used to adedely capture
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fast (high frequency) motions. Additionally, cameras' resolutin must be high
enough to accurately record secondary motion details. The twmost common
artifacts that make motion capture process challenging am@cclusionand marker
swapping Occlusion occurs when a marker is obstructed from a view of agera.
In order to compute a 3D position of a marker in space, the markdras to be
visible to least two cameras. When this is not the case (for exangplwhen a
marker is obstructed from view by a body part), it leads to a losef data. Another
artifact - marker swapping can occur when two (or more) markermove so close
to each other that the tracking system of the cameras confuseseomarker for

another.

However, perhaps the most signi cant limitation of motion captire systems
lies in the fact that they produce simply a recording of motios. Unlike in the case
of physical simulation techniques, generated motions cannotl@pt to new envi-
ronments or respond to new interactions. The in nite variety ® human motions
makes it impossible to record and store them all. This is where ron adapta-
tion techniques such as motion composition step in. In this worlwe present a

number of techniques that address some of motion capture's liations.
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Figure 3.1: Dancer in a motion capture suit with passive optcal markers.

20



CHAPTER 4

Dynamic Response for Motion Capture

Animation

With the increasing popularity of motion capture animation n game and movie
industries, techniques for data synthesis and adaptation haveebome increasingly
important. In particular, methods that allow animated characters to interact
with each other and the environment, and respond to unexpedempacts are
especially useful in gaming applications. Impact reactions edi cult to gener-
ate by manual motion editing as they require making change® the character's
body velocities and accelerations. Changes to motion trajecies that violate the
laws of physics can often cause the motion to appear unnaturahé physically
awed [52,71]. Additionally in gaming applications the handcrafting of motion
trajectories is often at odds with the goal of maintaining iteractivity. Auto-
matic motion synthesis methods that generate physically corce responses are
especially valuable because they allow characters to reactdgimteract with their
environment while maintaining consistency and richness of det in generated

motions.

Physical simulation is commonly used to create responsive chaes by gen-
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Figure 4.1: Example output from our system. The generated mtion (red) lIs in
the gap between the blue and green motion capture segments. He synthesis and
motion selection (of the green clip) are computed automatially by our system given
the interaction which is about to take place in the left panel above. The plot shows the
Y-value of the waist joint before, during, and after the interaction, and two intermediate
trajectories of simulated motion used by our system.

erating a dynamic response to collision forces following the pact. In many
applications, when impacts are detected, motion-capture tven characters are
turned over to a dynamics engine to generate a response. Howevke reaction
of the character is most often passive and dissipates over the tirperiod just
following the impact. The character either resumes follow the original mo-

tion sequence [48, 74] or goes limp and falls to the ground like"rag-doll", as
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Figure 4.2: Our method creates a dynamic response to an impaady interjecting phys-
ical simulation into a motion capture-driven animation.

if rendered unconscious after the impact. Such an approachtrmanly generates
unrealistic reactions but also o ers no procedure for returmg the simulation
to motion capture control once the e ects of an impact are ove In this chap-
ter, we present a technique which automatically computes a dgmic reaction
to an unanticipated impact and returns the character to an aailable clip from a
motion capture repository. In other words our method composéso motion cap-
ture segments with a brief period of simulation in-between toreate a responsive

animated character (see Figure 4.2).

A key observation that makes our approach practical is that dyamic sim-
ulation is often only needed for a short time period (durst) during which the
e ects of a collision change the velocities and accelerat®of a character's body
parts. After that, the utility of the dynamics decreases and wihout a good fall
controller the resulting motion of the simulation becomes lesgliable than a mo-
tion capture sequence. We take advantage of this observatiomdapropose an
automated system which selects a best suited clip from a motion dape repos-
itory for soon after the interaction (the green clip in Figure4.1) and computes
a new motion (shown red in Figure 4.1) that allows the charactdo respond to

the impact and prepare for its newly determined, upcoming amation. Utiliz-
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ing a motion library with a small set of real human reactions (sutas falls and
dodges), we nd good matches given a preliminary, "naive" regmse trajectory
computed using forward simulation (labeled as "Simulation 1in the Figure 4.1).
The second response (labeled "Simulation 2") is generated usitige knowledge
of the selected reaction and acts in anticipation of the foundata. In the last
step, the system generates the nal animation (labeled "Final Bnd") by inter-

polating the dynamic motion so that it matches the selected regmse at the end

of the generated segment.

Our system consists of two main components: a search engine that qares
the initial simulated response with reaction segments from a mion library and a
joint-torque controller that generates the "naive" and acive simulations. In our
implementation on these components, we draw from and contribeito two inde-
pendent areas of previous work, building on reported tectgques while combining
them to meet our speci ¢ needs. Our search engine is similar to tb® suggested
previously for composing motion capture data but is crafted tg@ive importance
to the main bulk of the mass (i.e. the trunk) as well as the groulrsupport body,
targeting relevant dynamic e ects and contact constraintsn the motion compar-
ison. Although our control approach is not novel, our applicabn of simulation to
generate an unexpected forceful interaction in the motionmmediately following

is di erent than solutions presented in previous work.

The main contributions of our system are:

a simple algorithm for creating a physically-valid and naturklooking re-

sponse to an impact,
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a search engine which employs optimizations that reduce theaseh time
without sacri cing the search quality by utilizing the concef of unique

frames,

an active simulation, which creates an illusion of a charactasonsciously

reacting in preparation of the upcoming fall.

4.1 Motion Selection

As the the rst step of our algorithm, we nd a response motion from ar repos-
itory to be used both for generating the active simulation anddr the animation
following the interaction. To do this, we rst use forward simuldion to synthesize
the motion that acts in response to forces present during the ietaction. Next,
we compare the simulated data with sequences in our motion ldny to nd the

best sequence to transition to as well as the precise time and rdansformation

that aligns the found sequence with the simulated trajectory.

pi are the positions and ; are the orientations of each of then body parts. We
compareframe windows similarly to Kovar et al. [32], between the simulation
segment and candidate motion capture sequences. Within windsythe distance
function for pairs of framesf, and f, is computed as the weighted sum of
distances between the positions and orientations of matchirdgpdy parts. The
distance between two windows is found as the sum of distances we¢n the

corresponding frame pairs. To remove coordinate-frame di ences, we normalize
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by aligning the roots in the start frames of each window. The dtanceD between

windowsW; = ffqg%, and W, = ff,50%  is then de ned as:

Xe
D(Wy; W) = d(f1;fa); where (4.1)
i=s |
X1 .. .. . . .
d(fi;fa) = w WpojiPo(f1i)  Po(f2)ii + We jj o(fu)  o(f20)i]
b=1

and w; is the window weight, a quadratic function which returns thehighest
value for the start frame and decreases for subsequent frames e twindow.
The weightswy, and wy, scale the linear and angular distances for each body

(see Appendix A).

To capture the dynamic properties existing in the simulated m@n, we assign
high weights to the trunks. We use lower weights for the limbs, ase found that
di erences in the positions of the limbs can be more easily modd during the
active simulation. Additionally, to reduce the problem of sliéghg ground contact,
we compute the center of mass at the rst frame of each window araksign a

high weight to the closest ground-support body for the duratiorf the window.

To increase search e ciency we pre-process our motion databaseda nd
unique frames This approach takes advantage of the fact that neighborinfjames
tend to be very similar and therefore we can reduce the numbef fsame com-
parisons without sacri cing the quality of the search. We de neunique frames
recursively. The rst frame of a motion is always de ned as unige. For the
subsequent frames, a frame is unique only if it is signi cantly d@rent from the

last unique frame found. In other words for a frame sequenté;g,, we de ne
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unique framesf Fg as:
Fo = fo;

fori> 0: Fy=f; ) Fy 1:fj/\

diFx ;fi))>T ~
8j<|<i d (Fk 1;f|) T; (42)

whereT is a tolerance constant found experimentally (see Appendix A) drthe
distance functiond() is de ned in the Equation 4.1. In our search we rst compare
windows starting at unique frames. Once we nd a best matching jra we test
all possible windows in the surrounding intervals between thesighboring unique

frames to nd the closest match.

4.2 Transition Synthesis

Given the motion capture response we found in the previous stepe must gen-
erate a reaction to Il in the burst between the beginning of tle interaction and
the time the found motion is played. We synthesize this transitin with two
goals in mind: to create a physically-valid reaction and to net the desired state
(found response) as closely as possible. Our system nds the transitiin two
steps based on these goals. We create the second simulation utitizi joint
controller which uses the information of the upcoming motiorsequence in its
desired state calculation. The joint-torque controller allars the character to ap-

pear conscious during the transition but lacks the knowledgeotmake directed
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coordinated adjustments to the motion. Therefore, as a last gtewe perform
interpolation between the simulated motion and the found reaion clip to create

the nal motion.

During the transition period, our controller follows a sequete of joint an-
gles, 4(t), blended between the initial motion capture segment and theesponse
clip. The controller uses an inertia-scaled PD-servo [74] at@ajoint to compute

torques as:
= I(koCa(t) ) ku(9); (4.3)

where and _are the simulation's current joint angles and velocitiesl is the
inertia matrix of the outboard body for each joint. 4(t), is generated by interpo-
lating the intermediate postures from the two motion capturesequences before
and after the transition. The blend is generated with spheriddinear interpo-
lation (slerp) with an ease-in/ease-out weighting parameterver the transition
interval. A hand-crafted values ofk, and k, are held xed for the entire transi-
tion (see Appendix A). (After an initial tuning phase, we found satsfying results
across many examples without the need to modify these values.uCcontroller
does not include joint limits as it is expected to make relately small adjustments

and would likely break for poor matches.

Timing is a critical factor in making the character's actionappear realistic.
To render the character's reaction more human-like, we inbiduce a deliberate
delay before the introduction of the active response simulatio With a small
delay or no delay, the character appears to be anticipatindhe contact and with

a large delay, the character responds slowly, as if stunned. Weed the delay time
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of 0.1-0.2 s (which falls in the range of real human response &jn which made
the character's response to the interaction much more belies@. Because the
controller acts while the impact is happening, our system créss both active and
passive dynamic responses simultaneously. The generated actegponse is then
blended into the found response clip using interpolation, to reove remaining
di erences. We linearly interpolate the root node position, thtributing the global
position error across the simulated sequence. Joint angles anterpolated by
slerping using a simple linear weighting in time across the trangin. While
this approach is extremely simple, it produced equivalent dvetter results when

compared to more elaborate optimization schemes we investiga.

4.3 System Implementation

The character we chose included 16 body parts connected by Ib@lints (see
Appendix A). The joint angles together with the global positionconstituted 51
degrees of freedom. We selected a skeleton with the proporohetween the
two recorded subjects, both medium build with heights of 5' 114nd 6' 2". The
search engine intermittently selected motions from both acte and does not show

a preference towards motions of a particular performer.

4.3.1 Dynamic Simulation

The dynamic simulation with collisions was generated by OpenyDamic Engine

(ODE) [63]. We chose 3D ball joints so that we could easily switchetween
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motion capture and dynamics. Mass and inertial parameters werderived from
basic geometric models for the bodies similar to those seen in tlygires (see
Appendix A). The same model parameters were used for all motionadain our

custom collision handler for the foot/ground contact. The hadler used a penalty
method with Coulomb friction plus additional rotational friction to impede free
spinning movement between the foot and the ground. Since nollegions were
computed during the nal blend, some inter-penetration is \8ible in the nal

animation results.

In order to create believable exchanges between charactehgavy impact-
based interactions required impact simulation of both the regient and the at-
tacker. When the aggressor simply followed the original attackotion sequence
it typically lead to unrealistic collision forces. This forcedus to include the ad-
ditional e ect of the response for the attacker into our simulaion. Conveniently,
we observed that rst following the simulated motion for a few oframes after the
impact and then blending back to the original motion throughinterpolation lead
to a convincing attack motion. With a quick but visible perturbation, the hitter

responded to the impact and then continued to complete the atk motion.

4.3.2 Motion Capture Database

A wide variety of believable responses in the motion library igmportant for
producing high quality results. In our motion collection we icluded recordings
of two actors sparing as well as practicing kenpo and judo stek and recover-

ies. The repository contained segmented strikes and pushes asl\asl various
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reactions based on contact varying from light to heavy. Althogh strong strike

reactions were not recorded to avoid injury to the actors, stray pushes were
captured without any harm to the performer. Front, side and bak pushes were
recorded with reactions ranging from balanced recovery thaequired minimal

foot repositioning, to a leap or step recovery, to a loss of balem resulting in a
forward or backward judo-style somersault. Strikes includedavious kenpo kicks
and punches. In total, our library contained 110 single-actoelips which ranged

from 3 to 10 seconds each.

4.4 Results

With our system we are able to create a variety of dynamic resporsender
various conditions. Figure 4.3 shows a range of such responsesegaied from

a pair of motion clips found by simply varying the facing direton of one of
the characters. Figures 4.1, 4.4 and 4.5 show several di erenttack scenarios
and their resulting responses. The scenarios shown in our resultseveet-up to
assure strong impact. However, our system can as well manage the a&iibns

when the contact leads to small disturbances. In such cases the ioml solution

for the attacked is often to complete the current motion capire playback after a
brief period of simulation, as done by the attacker. For heagr impacts, we also
anticipate good performance with the limiting factor beinghe collision handler.
ODE's collision solver uses constraints to resolve collisions whican lead to

undesirable inter-penetrating bodies for large contact foes.
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During run-time, the search was the slowest part of the system, talg about
seventy percent of the computation time, and the results shownehe were com-
puted at approximately one minute each (without graphics.) Wiile this is admit-
tedly too slow for games, we note what Mandel describes in det#il his thesis
[41]: that search time can be controlled directly by choosindhé number of re-
action examples in the search database. And indeed, when we wdexeloping
our system, we found searching over a core set of reactions leaddas much
closer to real-time. We did choose to include our entire databa of reactions to

produce the highest quality motion and our timing re ects ths extreme.

45 Discussion

We propose a simple method for generating physically plausiblesponse to an
unexpected impact by composing motion capture fragments wita brief inter-
jection of dynamic simulation. Our approach takes advantagef the concept of
a burst following an impact to create natural-looking responseithout the need
for a complicated implementation. It may seem tempting to futher simplify our
method by performing basic interpolation following the rst, naive rag-doll-like
simulation trajectory described. However,the active contrak critical for generat-
ing realistic, lifelike motions. Our active simulation's contoller follows a changing
trajectory (based on the found response motion) and creates tlilusion of the
character moving in a conscious manner. And since the active silation moves

towards the desired posture found in the selected response, bothagtive reaction
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Figure 4.3: Range of examples deriving from a single pair of mtion clips with varying
facing direction of the kicked character.
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and a passive response to the collision are simultaneously incorgted into the
synthesized motion in a physically-based manner. Additionallythe active sim-
ulation produces visible secondary e ects, such as physically $&d foot slipping
which is more desirable than the foot skate caused by interpolah. Sometimes
physically based slipping is appropriate, when a reaction calfor a fast correc-
tive change in stance for example. Similarly, the active cordl produces correct
changes in momentum when certain actions are performed, suah throwing out
an arm or leg for balance. These physically based characteristican change the
resulting motion in a manner consistent with the upcoming motio, but are only
achievable if the simulated character is actively moving inrdicipation of the
chosen response in addition to passively responding to the collissohappening

based on the current interaction.

Currently, our system does not manage multiple contacts in a ges which
would require a secondary search (or beyond) to nd a good trarigin-to clip.
Therefore a one-two punch would likely lead to an undesirableehavior since we
do not anticipate the subsequent contact in the motion search. 86, sustained
contact, like holds in wrestling, remains unexplored and pwides an interesting

direction for future work.

In this chapter we presented a method for generating physicgiValid impact
responses by incorporating physical simulation into the motionomposition pro-
cess. In the next chapter we show that certain types of motion, du@as acrobatic
ips and jumps, can be generated in a physically correct mannewxithout the

need for physical simulation. This can signi cantly improve tle performance of
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motion synthesis, as dynamic simulation remains a computatiohbottleneck.
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Figure 4.4: Three sample animations (vertically top to bottom) show a range of possible
uses for our technique.
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Figure 4.5: More animation examples (vertically top to bottom) and a comparison of
generated motion with original motion capture recording (in yellow).
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CHAPTER 5

Motion Composition for Acrobatics

5.1 Introduction

In 1905 Francis Gouleau of France achieved the rst double blagard somersault
from a stand [69]. Many modern acrobats have tried to repeat thfeat and failed.
On the other hand, a single backward somersault from a stand can performed
by even a beginning gymnast. In this chapter we propose a techoe that can
recreate Gouleau's performance in a fraction of a second usegnotion capture
recording of a single backward ip (see Figure 5.6a). Our algthm takes as an
input a simple ballistic motion, such as a single somersault, andeates a more
complex animation, such as a multiple somersault, by rotatingral repeating
fragments of motion, while maintaining physically-valid menentum pro les (see

Figure 5.1).

Our algorithm automatically applies simple motion editing @erations to cre-
ate superhuman motions or acrobatic stunts that would be di cut to record in
a motion capture studio. Because it does not employ computatially expensive
algorithms, our work can produce complex acrobatic motions imilliseconds af-

ter a pre-processing step of two seconds. Therefore, our techréqan be used to
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Figure 5.1: Rotating and repeating of motion fragment B credes complex, multi- ip
acrobatic motion. Repositioning and retiming assure corret momentum pro les.

create multiple animated characters performing acrobatimotions in real-time.
At the same time, by exploiting characteristics of ballistic mbons, the proposed
technique creates animations that satisfy the laws of lineamd angular momen-
tum conservation. Our algorithm can be applied to a variety oballistic motions
but is especially useful in motions with a signi cant amount of otation during the
ight phase, such as acrobatic ips and twists, skiing and snowboding tricks,

or martial arts moves.

Additionally, we present a method which allows an animator to radify an
existing motion by changing the character's poses during igh Such pose modi-
cations can cause changes in the character's center of masssipion and overall
body inertia. Our algorithm automatically adapts the modi ed motion to assure

conservation of linear and angular momentums.

Reusing motion capture data allows us to preserve the unique kyof a per-
former more easily than with other methods, such as physical sination or op-

timization techniques. While new optimization methods, for xample the one
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proposed by Liu et al [38] based on joint preferences, go a longywawards ex-
plaining biological aspects of motion style, there are still ements of style that
cannot be easily characterized and are best captured by dataingn techniques.
For example, acrobatic coach and human motion researcher Hast D. Price com-
pliments Russian athletes on their skills: "Russians were not caeit to merely
perform the skill. They went one step farther and added a breataking avor to

the performance, leaving no doubt where the complete undeasiding was." [69].
While highly skilled athletes can add certain avors to theirperformance, begin-
ners often make small errors which also make their motion uniguand di cult

to create with generative methods.

The challenge of reusing motion capture data lies in the fachat complex,
multi- ip jumps di er considerably from their simple, single- ip counterparts.
While the take-o and landing poses do not change signi cantlywith a varying
number of ips (see Section 5.4.3), in the multi- ip motions he rotation is faster
and the ight phase longer. This results in the need for a more @d build-up
of momentum in the take-o phase and its quicker release durintanding. To
account for these di erences, our technique adjusts motion timg and modi es
ight trajectory. The trajectory modi cations can introdu ce small changes in
the take-o angle, while numerical approximations during he retiming step can
cause small errors in angular momentum computations. Howeverewiound that
these changes are not perceptible in the motions generatedttwour method.
To validate this result, we conducted a user study. We knew fromrevious

research that most humans have di culties noticing even signicant discrepancies
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in angular momentum when observing motions of simple object4d]. We were
curious to nd out if these results could be extended to human ntimn as well.
Our results show that motions with small changes in angular mom&im (both

smooth and abrupt) as well as changes in take-o angle were nperceived as
less correct than the original motions. In fact, surprisingly, snetimes they were
perceived as more correct. The detailed results of our studyeapresented in

Section 5.7.

In this chapter we present the following contributions:

an e cient technique for creating complex acrobatic motios with multiple

ips from simple jumps, while obeying momentum conservation la&s,

an algorithm for adapting motions modi ed by an animator, toassure the

conservation of linear and angular momentum after the modiations,

a method for estimating mass distribution from motion capture dta, which

increases the accuracy of momentum computation,

results of a study on human perception which measures sensitivity errors

in angular momentum and take-o angle.

5.2 Overview

Our algorithm works in two stages: a pre-processing stage, whicleads to be
executed only once when a new motion is added to the system, andua-time

jump generation stage (see Figure 5.2). In the pre-processinggtawe rst nd a
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ballistic phase in the input motion. Next, taking advantage ofihear momentum
conservation, we estimate our character's mass distribution dninertia tensors
for each body part. Finally, given the masses and the inertias,eaxcompute the

linear and angular momentum in each motion frame.

In the run-time jump generation stage (see Figure 5.3), we rstraploy a
search algorithm to identify fragments of motion that can beatated and joined
together to create a more complex performance. Next, we re@the resulting
motion to maintain continuity of momentum curves. As a last steppur algorithm

repositions the character so its center of mass follows physigatorrect trajectory.

We also provide functionality for user motion editing. An animé&or can, for
example, change the position of the legs from tucked to straigto create a more
di cult jump. When legs are straightened, their distance from the center of
mass increases and the jump rotation must slow down. Additionallyf limbs are
positioned asymmetrically, changes in body inertia can a ecdthe body's axis of
rotation. Our algorithm can automatically adjust the edited motion to assure
physical correctness. Furthermore, di erent jumps can be joad together during

the ight and adjusted to ensure correct momentum pro les.

We describe the preprocessing steps of our algorithm in Sectior® @and the
run-time jump generation stage in Section 5.4. The user moticediting function-

ality is presented in Section 5.5.
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Figure 5.2: Schematic diagram of our method's pre-processinstage (top) and the
run-time jump generation stage (bottom).

5.3 Pre-processing Stage

In the pre-processing stage, our algorithm computes motion @Emeters such
as mass distribution, linear and angular momentums, and jump dation (see
Figure 5.2). These parameters need to be computed only once éach motion
and can then be used multiple times in the run-time jump genetian stage to

create various ballistic motions.

5.3.1 Ballistic Phase Detection

In this step of our algorithm we determine where ballistic phaseoccur in the
input motion. This information is rst used to estimate the character's masses,
then to run the search algorithm, and nally to create a new mabn and retime
it correctly. Our jump phase detection algorithm is based on t& constraint
method proposed by [39]. That is, we recognize that during theake-o and
landing phases the character's feet or hands remain planted ¢the ground for

a certain amount of time. We don't know the exact position of te ground in
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our motions (there can be multi-level environments). Howevemwe can assume
that intervals where at least one end e ector is not moving sigrcantly are good

candidates for border frames of the ballistic motion.

Sometimes during the ballistic phase, one of the limbs can reman the same
place for signi cant time. Therefore, we add an additional aodition, based on
the pattern of linear momentum build-up and release. Typicé}, during take-o ,
linear momentum slightly drops and then suddenly increases. Siarly, during
landing, there is rst a sudden drop in momentum and then a slighincrease.
We used the momentum change conditions ( rst down, then up) tagther with
the constraint method to nd the longest ballistic interval in each motion. With
this technique we managed to correctly nd jump phases in allfoour motion
clips. Because in this step we do not yet know the character's estated mass
distribution, we use an average mass distribution of a human bodypbtained
from [11]) to compute the linear momentum. In our results thisapproximation

did not a ect the accuracy of the output.

5.3.2 Estimating Mass Distribution

Applying momentum conservation laws to motion capture data ia key element of
our approach. The knowledge of a character's mass distributipthough typically
not provided with the motion data, is necessary for the computen of linear
and angular momentums. Since we are working with motions witlong ballistic
phases, we have the advantage of being able to compute the massrihution

from the input motion alone. During a ight phase, the characer's center of
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mass (COM) over time follows a line in thex and z dimensions and a parabola
in the y (vertical) dimension due to gravity. Using this property we corute the
masses of the body parts which minimize the distance between thkaracter's
COM calculated from the motion data and the correct COM trajetory, which is

a line in x, z dimensions and a parabola iry.

To achieve this, we formulate a simple linear least-squares apization prob-

lem: I
' 2
. x m;
min — pos(t) COM(t) fort=0:::T; (5.1)
mq;:iiMmnp M
ax ;bx;az;b; i=1
ay ;by;cy

P
with additional conditions that the sum of the masses is constant ., m; = M

and that m; 0. In the above equationsT is the duration of the ight phase,
pos(t) is the position ofi-th body part at time t obtained from the motion data
and COM (t) = [axt + by; ayt?+ byt + ¢,; a,t + b,]" is the correct COM trajectory.
Note that in our optimization we search both for mass distributio and the COM
trajectory parametersay, b, ay, by, ¢, a,, b,. We do not use the real-world
gravity coe cient in our model because in motion capture datathe character's
joint lengths are often scaled compared to the real-world waés. Using the results
of our optimization we can compute the scaling factor ass = 2a,=g, whereg is

the real-world gravity coe cient.

The 3(T + 1) equations constructed from (5.1) don't always have a unige
solution. To minimize the number of optimized variables, we asee perfect sym-
metry between right and left limbs. Even with this modi cation, we found that

the optimization still commonly produced solutions unrealist for human body
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mass distribution. Although our optimization algorithm allowed us to specify a

optimization still su ered from over tting. Over tting occu rred because the op-
timization algorithm attempted to "explain” inherent errors in the motion data.
This caused large shifts in mass distribution, which resulted innty small im-
provements in the optimization results. To alleviate this prblem, we added
another equation to our problem formulation, which made theoptimization al-

gorithm favor solutions close to the initial distribution:

mnW m m? fori=0:::n; (5.2)

mi

whereW is a small constant. This formulation removes the over tting poblem
as only large improvements in the optimization can sway the selts signi cantly

from the initial solution.

Given the mass distribution and the skeleton proportions obtaed from the
motion capture data, we estimate the inertia tensors of all badparts. First,
assuming constant density of each body part, we compute the passlumes. We
obtain typical densities of human body parts from [11]. Next, & approximate
each part as a box, whose length is determined by the skeletoroportions and
whose width and depth remain in a constant ratio. We derive theatio for each
box from human body measurements ([11]) and use it to calculatbe depth
and width of the box. Finally, given the body parts’ dimensionsaand masses, we

compute inertia moments for each part using the formula for sdl cuboid:

1
= om w6 2 G W (5.3)
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wherel;, w; and d; are i-th body part length, width and depth respectively and

m; is its mass.

In our method we take advantage of the regular shape of COM tragtory
during the ight phase due to the linear momentum conservationWe also tried
to utilize the angular momentum conservation property to incease the number
of constraints in the optimization problem. Unfortunately, @mputed derivatives
contained too much noise, due to numerical errors in our motiodata, to be

useful in our optimization.

Our technique of mass estimation is useful for momentum compuians as it
reduces the deviation of linear momentum during the ight plase from the phys-
ically correct pattern. In our computations the reduction vas 30% compared to
the momentum values computed with the initial mass distributn. It is di cult
to evaluate how well our method estimates the real-world massstribution of a
performer, since we do not know the actual masses of our perfortadody parts
(hence the need for estimation). However, a video recordingtbe motion capture
session showed that the performer of our motions was tall. Tall ries typically
exhibit lower weight of limbs and higher weight of the trunk & the percentage of
total weight, compared to a person of an average height [10].h& results of our
optimization showed the same pattern in the estimated masses coaned to the

average mass distribution (see Appendix C).
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5.3.3 Momentum Computation

Given the mass distribution, computing the momentums is stralgforward. The

linear momentump at time t can be computed as:

X
p(t)= mvi(t); (5.4)
i=1
wherem); is the mass oi-th body part and v;(t) is its velocity at time t. Angular

momentum L for a system of rigid bodies can be computed as follows:

X
L(t) = Ri(t)liRi()" + mi(pos(t) COM(t)) vi(t); (5.5)

i=1
whereR|(t) is the rotation matrix for i-th body part in world coordinates, pos(t)
and |; are thei-th body position and inertia matrix respectively, andCOM (t) is

the character's center of mass at timée.

5.4 Run-Time Jump Generation Stage

In the run-time jump generation stage, our algorithm creates complex multi-
ip motion from an easier, single- ip jump using basic motion eding operations
(see Figures 5.2 and 5.3). These operations and their impact oromentum are
described in Section 5.4.1. The jump generation stage startstiva search, which
nds and joins together fragments of motion to produce a lorgr sequence (Sec-
tion 5.4.2). Next, the resulting motion is retimed to assure comtuity of angular
and linear momentums during take-o , ight, and landing phases (Section 5.4.3).
Finally, the motion frames are repositioned to maintain a caect COM trajectory

in the ballistic phase (Section 5.4.4).
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Figure 5.3: Outline of the run-time jump generation stage of air algorithm. a) Input
motion. b) First, the search algorithm nds a self-looping sequence B; root positions
are ignored. c) Next, the sequence B is rotated around the angar momentum vector
and repeated to obtain a double-ip. d) The resulting sequene is retimed to assure
continuity of linear momentum during take-o and landing. €) In the nal step, the
character's COM is repositioned to follow a correct trajectory under gravity.
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5.4.1 Editing Operations and Their Impact on Momentum

In our algorithm, we employ three basic motion editing operabns: repositioning,
rotation and retiming by interpolation. In this section we aralyze their impact
on linear and angular momentums. We also show how these operasare used
in our method to maintain the momentum conservation propertyduring ight

and assure continuity of momentum during take-o and landing.

Repositioning of the center of mass. Changes in the COM trajectory do
not a ect the character's angular momentum, which is compugd with respect to
the character's COM. We use this property in the last step of theun-time jump

generation stage, when adjusting the COM trajectory to the loger ight phase.

Rotation around the angular momentum vector. Rotating a fragment
of a ballistic motion around the axis de ned by a character's enter of mass
and the angular momentum vector will not a ect the angular monentum within
this motion fragment. Intuitively, angular momentum is a vetor that remains
constant in the given reference frame during the jump duratm If we rotate our
reference frame around the axis de ned by that vector and th€OM, then all
points on that axis will remain unchanged. More formally, agular momentum
of a system around its COM can be de ned as:
X X
L= m(ry vj)= mi(jrijjvij sin if); (5.6)
i i
where m; is the mass of a particley; is the distance from the COM,v; is the

particle's velocity w.r.t. the COM, ; is the angle between; and v;, andrt is a

unit vector perpendicular tor; and v;. If we rotate the reference frame by some
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angle around the axis de ned by the center of mass and the angular mantum
vector the new angular momentum will be:

X

Lmew = m;(jrijjvijsin iR( )n)

'X

R() m(ri vi)=R() L=1L; (5.7)

because the axis of rotation is parallel th.. We use this property in the sequenc-

ing step to increase the number of ips, while conserving angulamomentum.

Motion retiming . Uniform retiming scales the linear and angular momentum
linearly. A motion fragment with linear momentum p and angular momentum
L retimed by a factor ofn has momentums equal taip and nL. This is due to

scaling of velocities during retiming:

new _ d(ri(nt)) _ d(ri(nt)) d(nt) _
Vi T Tar T Tdiy ar (5-8)

While this is true in the continuous case, applying this rule @ motion capture
data, where derivatives are computed numerically, causesrans. However, for
% n 2, these errors in our motions are within 20% range and accondi
to our study (Section 5.7) are not perceptible in the resultingnotion. We use
retiming to assure continuity of linear momentum during takes and landing

and to adjust momentums to motion changes made by an animator.

5.4.2 Search and Sequencing

The search algorithm attempts to nd a fragment of ballistic mdion, which can

be repeated in the new sequence after rotation around the axde ned by the
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angular momentum vectorL and the character's COM. In other words, it nds

a sequence of frameSg = f,,;fn+1;:::f, and an angle , such that:
R(fm;L; ) fn: (5.9)

That is, frame f,, after rotation by aroundL is similar to f, (we describe the
similarity measure in Section 5.4.2.1). We call the jump fragent Fg with this
property a self-looping sequenceFg is then progressively rotated and repeated
multiple times to create a longer jump with more ips. For exanple, in Figure 5.3c

the self-looping motion is repeated four times to create a dble ip.

In other words, we use the initial motion sequence:

F =[Fs; Fg; Fel; (5.10)
whereFs = fq;:::;f 1 and Fg = fh41;:::;feng, tO Create a new, longer se-
qguence with more ips:

F"" =[Fs; Fe; Re( ); Re(2 ); :::; Re(r )]; (5.11)

where Rg () is the sequencd~g with all frames rotated by around L. The
parameterr denotes the number of repetitions ofF g in F™" and depends on the
number of ips we want to obtain in the new motion. For examplein Figure 5.3
we construct a double ip, which involves the root rotation of4 aroundL. The
rotation around L in Fg is 37 and rotations in Fs and Fe are close tos.
Therefore we need to repeat the self-looping sequence fourdésn We computer
asr = d2 num_ips s )= € where g and g are amounts of rotation
around L in Fs and Fg respectively. Note that since we are rotating the self-

looping sequence around its angular momentum vector, the arlgr momentum in
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[Fg; Reg( ); :::; Rg(r )] will remain approximately constant when computed

with respect to the COM.

The newly created sequencé™™" contains a take-o phase and multiple rota-
tions. Next, we perform a second search, to add the landing phaseR&*" . We
nd two frames f 2 [Rg((r 1) ); Rg(r )]and g2 Fg, such thatf g. The
resulting sequencé will consist of Fs, [Fg; Rg( ); :::; Rg(r )] truncated to

end at framef , and Fg, truncated to start at frame g.

If the ballistic motion does not contain self-looping sequensdthere are no
similar framesf, and f,), our algorithm can still be applied. The transition
between any two chosen frames of ballistic motion can be credtiey an animator
or automatically by smoothing. Although during the transition the angular mo-
mentum will not be constant, we can adjust it by applying non-uiform motion
retiming as described in Section 5.5. The same algorithm can basily modi ed
to join two di erent motions during the jump phase. As long as tle two motions
have the same angular momentum direction, the magnitudes cée adjusted by

retiming.

5.4.2.1 Similarity Measure

In our search algorithm we use a comparison function which comjgsg the dis-
tance between two poses while ignoring their positions in spad@ur comparison
method is similar to previous approaches [3, 32,36, 76]. Howevin contrast to
the above methods, before the comparison we rst rotate the ské&ba& around the

angular momentum vectorl. to minimize di erences in body orientation between
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compared frames.

angle aroundL which minimizes di erences between global orientationg, and
g,. To achieve this we project the angle between root orientatns inf; and f,

on a plane perpendicular td_:
=P dy(q) 4L ; (5.12)

where functionP () denotes the projection of the angle de ned by the quateron
() * on a plane perpendicular toL. After computing and obtaining the
guaternion g from angle and axisL, we proceed to calculate the distance
between the two frames as:
X o
D(f1;f2) = w angle(ch(a q) *) +  w angle(cy(ch) ) ; (5.13)
i=1

where function angle() extracts the rotation angle from quaternion representa-

Similarly to [76], we assign higher weights to joints close to éhtrunk, as di er-
ences in limb positions can be easily smoothed by blending. We ddbe same
set of weights Wroot = 2, Wyunk = Wihigh = 0:7, Winee = 0:5, Wspouider = 0:3,

Weibow = 0:1) for all of our motions.
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5.4.2.2 Smoothing

To eliminate small discontinuities in transitions between mabn fragments, we
smooth joint angles by performing spherical linear interpotan (slerp) over small
windows of frames. In most cases this operation causes negligilshanges in
angular momentum. If two adjoining frames are dissimilar, re¢ting changes in
momentum can be adjusted by non-uniform retiming, the same wags in the

case of motion modi cation (Section 5.5).

Given two neighboring transition framesf,, and f ,+1, we smooth joint angles

entations, since the rotation around the angular momentum véar L is already
continuous. To maintain this continuity and avoid introducing undesirable arti-
facts in overall body rotation, we remove the rotation aroud L from our slerp
for global orientations. To achieve this e ect, we split globkorientation ¢ in

framei into two quaternion rotations:
q=qq; (5.14)

whered- denotes quaternion rotation around. and ¢ is a rotation around an
axis perpendicular toL. When smoothing, we slerp only the portion of global

orientation de ned by ¢ .

Smoothing between the rst and the last frame of self-looping sagnce needs
to be computed only once and can be then re-used for all of the fdeloping

sequence repetitions. Root positions will be adjusted in the repitioning phase
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(Section 5.4.4) and are not smoothed.

5.4.3 Retiming

In the search step we constructed a complex motion with multipleotations and
a longer ballistic phase compared to the original motion. Di eences in the ight
phase duration and COM trajectory a ect the momentum build-yp during take-
0 and its release during landing. One of challenges here is @mapt the take-
o and landing phases to re ect the changes in the ight phase ath to assure

continuity of linear and angular momentums.

For low-e ort jumps, changes in momentum build-up are associat with sig-
ni cant changes in take-o poses. For example, a character mig bend the knees
more to achieve a longer or higher jump. Surprisingly perhapte same is not
true for the high-e ort ballistic motions, such as acrobatic ips or long jumps,
where the athletes are operating close to the limit of their prsical abilities.
Research suggests that the approach speed is the main factor dieg the per-
formance in high-e ort motions, while take-o poses vary litle with changing
performance levels. Bridgett and Linthorne [8] evaluate lapjumps performed
by professional athletes with maximum e ort and conclude thawariations in run
up speed account for 96% of the variation in jump distance. Seyth, Blickhan
and van Leeuwen [59] report that the optimal jumping technige de ned by leg
angles is not a ected by changes in approach speed or muscle desi In ac-
robatic motion research, King and Yeadon [26, 27] present datan joint angles

during take-o for a single and double back ip from a round-o (see Table 5.4.3).
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Joint Single Double Ang. vel. Time
ip (deg) ip (deg) (deg/sec) (sec)

a b ! ja b=!

ankle 125 125 821 0.00

knee 174 168 278 0.02

hip 175 202 715 0.02

trunk 78 99 931 0.02

shoulder 154 153 157 0.01

Table 5.1: Comparison of take-o0 poses for a single and doubléack ip. Di erences
between the joint angles in the two take-o s are negligible; with given angular velocities,
it takes less than a duration of one frame to transition between them. Data adapted
from [26] and [27].

Di erences in joint angles are negligible: it would take lesthan 0.02 second to
transition between these two take-o s, due to high angular velties of body

parts.

While there is less scienti ¢ data on the landing phase, our coaxsations with
gymnastic coaches [5,47] reveal that a perfectly executedutbbe ip will have a
very similar landing to a correctly carried out single ip, but will be performed

faster.

Since in high-e ort motions take-o and landing do not vary sgni cantly
with performance level, we can achieve natural-looking monhs and eliminate
momentum discontinuities by simply retiming motion fragmens$ so that they are
performed faster. We retime the take-o, ight and landing phases by the same

factor k. Retiming will scale the angular momentum by a factor ok in all phases
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of motion. During ight, linear momentum will be adjusted by repositioning
of the character's COM, but retiming also increases linear magntum k times
during take-o and landing, and reduces the duration of the hllistic phase by a
factor of k. In Appendix B we show that there exists a single scaling factde
which assures the continuity of the linear momentum curve. Inrnactice however,
small discontinuities in linear momentum are not perceptibléo the human eye.
Therefore we can adjusk to obtain di erent jump heights and rotation speeds.
In our results we typically chose&k  0:7k , as we found higher jumps with slower

rotations to be more aesthetically pleasing.

5.4.4 Repositioning

In this step we adjust the character's center of mass in each ighHrame of
the newly constructed motion, so that it follows a physically vid trajectory.
Computing the COM position alongx and z axes is simple, given values,; b,; a,
and b, computed in the mass estimation step (Section 5.3.2) and reting factor

k chosen in the retiming step (Section 5.4.3):

COM®W(t) = kagt+ by
COM®™(t) = kait+ b
t = 0:::T"Y; (5.15)
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whereT"™" s the duration of the ballistic phase in the new motion.We also set

the COM trajectory after the jump to maintain the continuity of motion:

osety, = COM™(T"™%) COM(T)

COMI™®¥(T"")  COM,(T): (5.16)

o set,

In the case of they (vertical) axis, we need to modify the parabolic trajectory

by scaling the initial velocity b, at t = 0:
COM®(t) = a,t>+ kbyt+ ¢, fort=0:::T""; (5.17)

The change in initial velocity causes a (typically small) chage in the take-o
angle. However, our study indicates (Section 5.7) that such snhahanges are

not perceptible.

Using the above formulas, we can also make non-trivial modi cains to the
character's trajectory by modifying ¢, and adjusting the scaling factork (see
Appendix B). For example in Figure 5.8 we changed the heightdm which the
character takes o . In the original motion the take-o and landing were at the

same level.

5.5 User Modi cations

Our method allows an animator to modify an existing motion by lsanging the
character's poses during the ight. For example, an animatocan extend the
character's arms or change the legs position from tucked to atght. Such mod-

i cations can alter the character's overall body inertia wich in turn can cause
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changes in angular momentum that violate the law of momenturaonservation.
Our algorithm automatically adjusts the edited motion to assue conservation of
linear and angular momentums | and L) after the modi cations. The method
works in three steps. First, we adjust the character's orientatin in each frame to
assure that the direction ofL remains constant during ight. Next, we perform
non-uniform retiming to eliminate changes in the magnitudef L. Finally, we
assure conservation of linear momentum by uniform retiming and repositioning

of the character's COM.

5.5.1 Changes in Direction of L

Motion modi cations can introduce changes in a character'snertia and alter
the axis of jump rotation. For example, high divers often posbn their arms
asymmetrically: one arm above the head and the other one extsd to the side,
to perform a twist around the vertical axis together with a somesault [13]. We
would like our character to respond in the same manner when aniarator adjusts
its arm positions (see Figure 5.10). To achieve that e ect, infte rst step of our
algorithm we modify the character's orientation (di erently in each frame) so

that the direction of angular momentum remains constant durig ight.

In our angular momentum computations we use nite di erenceso estimate
linear and angular velocities. In other words, we compute angu momentum at

a framef (denoted asL;) as a function of the character's pose (joint angles) in
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framesf 1,f andf +1;

Lt = L(pose 4;posg;pose.,); (5.18)

where L () is our angular momentum computation function (see Sectiob.3.3).
Since modi cations are introduced during the ight, at the beginning of the jump

(at frame s) angular momentum remains unchanged:
L =1L; (5.19)

whereL 2" is the angular momentum at frames after the modi cations and L is

the constant angular momentum during the ight phase before th modi cations.

At some point during the ight phase, the introduced modi cations can cause
changes in the angular momentum vector. Ldt be the rst frame at which the
change occurs:

L{* 6 L andL{®", =1L : (5.20)

SincelL{®", is computed based on frames 2, f 1 andf , the character's
orientation in these frames must be correct. Therefore to assutteat the direc-
tion of angular momentum is preserved in the framé , we have to adjust the
character's orientation in the framef + 1. In other words, we need to nd a
rotation R such that:
unit (L(pose ,;pose ;R pose .,)) = unit(L ); (5.21)

whereunit (v) = Jﬁ” is the unit vector in the direction of v.

Although computing the rotation R analytically is not trivial, R can be eas-

ily estimated with optimization methods. In our algorithm we enployed the
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Quasi-Newton BFGS method [9, 16, 18, 60] provided by the Matlafyptimization
toolbox. As a starting point (initial solution estimate) for our optimization we
choose the rotation betweerL{*" and L , which typically assures fast conver-
gence to the optimal solution. Once we ndR and rotate our character in frame
f +1, we repeat the same process for all subsequent frames. At thatipto
we use the rotations found in the previous iterations as startg points. Due to
the small number of optimized variables and the good initial $ation estimate,
our algorithm manages to practically eliminate errors in tk direction of L (see

Figure 5.4).

Figure 5.4: Di erences in the angular momentum direction beween an original motion
and a motion modi ed by an animator (in radians) before and after the rst step of
our algorithm.
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5.5.2 Changes in Magnitude of L

After changes in direction ofL are eliminated, di erences in the magnitude of
L can be removed by non-uniform retiming of the motion. Since omentum in

the modi ed motion changes over time, the retiming factor mat change as well.
We create a new, retimed frame sequence by computing whichrfra should be

displayed next, given the number of the previous frame in theetimed sequence:

1

next_frame = last_frame + — ;
ratio (last_frame)

(5.22)

whereratio (f) = jjL{®"jj5jL jj is a ratio between the angular momentum mag-
nitude in the modi ed motion (after direction adjustments) at a framef and
the angular momentum magnitude in the original motion durilg ight. For in-
between frames, we linearly interpolate the joint angles antbmpute the angular
momentums from the interpolated values. While retiming doesot eliminate all
angular momentum errors, it reduces them signi cantly (see Fige 5.5). Before
the retiming, angular momentum error was over 50% and accang) to our per-
ception study could be detected by most viewers (see Table 5.2pur method
reduces the error to 20% or less, so that according to our study & no longer

perceptible.

5.5.3 Final Retiming and Repositioning

In the two previous steps we assured conservation of angular morhen by ad-
justing the direction and magnitude of the angular momentum e&ctor in the

modi ed motion. In the nal step we ensure the property of linea momentum
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Figure 5.5: Errors in the angular momentum magnitude in a moion modi ed by an
animator before and after retiming relative to the original motion. Retiming causes
signi cant reduction in the relative error.

conservation. The non-uniform retiming described in the pregus section can
cause changes in the jump duration. To ensure proper momentunuila-up and
release, we retime the motion uniformly, similarly as in Seatnh 5.4.3. Next, we
reposition the character's center of mass (as in Section 54b that it follows a

correct trajectory under gravity.

5.6 Results

We applied the described techniques to a variety of acrobatimotions from the
CMU motion capture database [1] and commercial databases. Figlb.6 presents
three di erent double somersaults generated from their singlé counterparts.
The generated motions exhibit faster rotation and more rapithke-o and landing
compared to the original jumps, to accommodate changes in mentum due to

the longer ballistic phase. The ight trajectory is also adjuste, resulting in
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higher and longer jumps. Our method can be also applied to simplenon-
acrobatic motions, such as twist jumps. Although in human twist jurps take-o
poses can vary signi cantly with the achieved twist rotation, small adjustments
of the amount of rotation typically produce natural-lookirg results. Figure 5.7
shows a range of di erent twists generated with our method vaigg in rotation
from 180 to 270 degrees. In the generated motions the take-@angular velocity

and jump height increase with the achieved degree of rotation

Figure 5.8 presents the results of joining together two acroba motions, an
aerial cartwheel and a forward ip, to create a new stunt. The rations are
retimed so that the angular momentums during the ight phase a equal. This
example also shows the capability of our technique to easily aige the height

from which the character takes o.

Figure 5.9 shows the results of user's editing operations thatezt only the
angular momentum magnitude. Tucked forward and backward ps are modi ed
by an animator to become straight-leg jumps. Our system retimesd repositions
the motions to adapt to inertia changes. This causes the ightipase to be longer
with slower rotation and greater jump height compared to the xginal motion.
Take-o and landing phases are also modi ed due to the change Iangth of the

ight phases.

Lastly, Figure 5.10 presents the result of a user's editing opéi@ns that a ect
both the direction and magnitude of the angular momentum. Irthis high dive
our character extends its arms asymmetrically, similarly toeal-word divers, to

achieve a somersault with a twist. In the rst step, our algorithm ceates the twist
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Figure 5.6: Double somersaults generated with our technige (in turquoise) compared
with the original single- ip motion (in yellow). a) A double b ack ip from a stand. b)
A double forward somersault from a stand. c¢) A double side ip.

by automatically adjusting the character's orientation to asure conservation of
the angular momentum direction. In the second step, the motioms retimed
to conserve the angular momentum magnitude. Finally, the regsitioning step
ensures correct trajectory under gravity and guarantees th#he character's body

does not touch the platform during the fall phase.

Running time. The pre-processing stage of our algorithm took about 2 seconds.
The run-time jump generation stage for a two- ip jump took 3.® ms, a three- ip

jump 4.60 ms and a four- ip jump 5.09 ms.
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Figure 5.7: Various twist jJumps generated with our method. g An original 180 degrees
twist jump. b) A 210 degrees twist jump. c¢) A 240 degrees twistiump. d) A 270 degrees
twist jump. e) Comparison of all twist jump motions.
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Figure 5.8: Joining together an aerial cartwheel motion (a) aad a forward ip (b)
creates a new acrobatic motion (c).

Figure 5.9: The results of a user's editing operations that @ not change the direction
of the angular momentum vector. The original motions (in yellow) are adapted by
non-uniform retiming to assure momentum conservation. a) A sraight-leg forward
ip. b) A straight-leg back ip.
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5.7 Experimental Evaluation

We studied human sensitivity to errors in angular momentum andake-o angle,
to nd out how the approximations introduced by our method a ect viewers'

perception of the generated motions.

Participants. The study involved 19 student volunteers (3 women and 15 men)
ranging in age from 20 to 25 years (3 participants did not spdgitheir age). None

of the volunteers had signi cant experience in computer aniation or gymnastics.

Stimuli.  Animations of single- ip forward and backward somersaults werere-
ated as a stimuli. All animations were rendered in the same styleit the same
camera con guration and the same take-o position. Original metion capture
clips were used as base motions. Errors in angular momentum wereated by
the motion retiming during the ight phase. We tested both abryt changes -
sudden introduction of retiming in the middle of the ight phase, and smooth
changes in angular momentum - retiming factor growing linely and achieving
maximum value just before landing. Both abrupt and smooth erms ranged from
-50% to 50% of the original angular momentum magnitude. Thermrs didn't

change the direction of the angular momentum vector. Errors) take-o angle

were introduced by modifying the linear velocity in the ight phase along the

direction of the jump and ranged from O to 40%.

Procedure. Participants were told that they were about to see a sequence of
motions, some of which were physically correct and some of whictere not.

They were not informed how many of the motions contained enmrs or what kind
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of errors were introduced, but they were shown examples of oect motions to
give them a reference point. Participants were instructed tomark each of the test
motions either as correct or incorrect. The test motions weraranged randomly
within each error group and then interleaved to reduce the &ning e ect. Each

motion was shown twice.

Results. Similar to ndings reported by [49] for simple objects, our sulgcts were
not sensitive to even signi cant changes in angular momentum ding ballistic

motion. For example, for both smooth and abrupt changes, a 25%crease in
angular momentum was imperceptible and as likely to be clased physically
valid as the original motion. Surprisingly, motions with smoth decreases in
momentum often scored higher than the original motions. This mght be caused

by humans overestimating the e ect of air friction on the moton.

Likewise, our subjects proved not to be sensitive to errors in thake-o angle.
A 30% change was perceived as physically valid as often as thigimal motion.
Perhaps even more surprising is the fact that the higher erroridh't necessarily
cause increased sensitivity: a 10% change scored signi cantly teg than the
original motion and a 30% change was viewed as correct moréafthan a 20%
change. This shows that most humans have relatively little exgsience with high-
e ort ballistic motions and nd it dicult to estimate their co rrectness. The

results of the study are summarized in Table 5.2.
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Angular momemtum

Error level

modi cations 0% 17 % 25% 37% 50%
smooth 72 71 72 41
increase (.00) (.05) (.00) (.81)
smooth 72 79 78 78 62
decrease (.00) (-.22) (-.18) (-.18) (.27)
abrupt 72 76 78 48 44
increase (.00) (--13) (-.18) (.63) (.75)
abrupt 72 83 68 33 22
decrease (.00) (-.38) (.11) (2.0) (1.4)

Take-o angle Error level

modi cations 0% 10 % 20% 30% 40%
increase 63 81 50 63 18

(.00) (--53) (.34) (.00) (1.3)

Table 5.2: Results of our study: mean ratings (in percent) aml sensitivity levels (in
parenthesis). Sensitivity less or equal to zero means that grticipants could not detect

errors.

5.8 Discussion

We presented a method for creating complex ballistic motionsom simpler jumps

and a technique for adapting user-modi ed motions to assure tirephysical va-

lidity. The proposed techniques are e cient as they use only b&c editing op-

erations. Our approach works especially well with high-e ortmotions, which do
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not exhibit signi cant changes in take-o and landing poses wth varying levels
of e ort. Nevertheless, the presented methods can be also applita low and
medium-e ort motions, provided that the resulting changes inenergy expendi-
ture at take-o are small. However, extreme changes, such as trsfiorming a
45 degree twist jump into a 360 degree one, would be perceivedl unnatural.
It would be interesting to explore the possibilities of using outechnique jointly
with optimization methods, such as the ones proposed in [65] &9], in order to

adapt take-o and landing poses to varying levels of e ort.

Furthermore, our method for adjusting motions after user mod:ations (Sec-
tion 5.5) does not modify the character's poses but only alterotation and timing
of the motion. This may produce unrealistic results, as humangten adapt their
bodies di erently, depending on the direction of the rotaton. In our method,
the burden of assuring the correct positioning of the characterbody lies on an

animator.
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Figure 5.10: The results of a user's editing operations thatchange both the direction
and the magnitude of the angular momentum vector. a) Input mation. b) Motion after

Zznanimator's modi cations. c) First step of our algorithm: the character is rotated in
each frame to assure conservation of the angular momentum diction. d) Final steps
of our algorithm: non-uniform retiming assures conservatiom of the angular momentum
magnitude, repositioning guarantees linear momentum corervation.
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CHAPTER 6

Automatic Splicing for Hand and Body

Animations

The previously described methods compose motion fragments ragothe time
axis. In this chapter we propose a di erent approach - layeringnotions in time
to obtain a multi-resolution e ect (see Figure 6.2). We apply his tactics to add
detailed hand motion to a full-body animation. In computer aimation, hand
motion is typically either keyframed by an animator or addedpainstakingly by
hand, starting from motion capture data recorded during dedated hand capture
sessions. While the development of methods for re-use and modtioa of mo-
tion capture data is an active area of research, little attembn has been paid to
automatic methods for integrating hand motion into full-baly animations. Al-
though it is possible to record hand movement together with fltbody motion in
a simultaneous capture, there are compelling reasons for reing hand move-
ment separately. These include greater exibility in the use ah re-use of hand
motions across actors and animated scenes, and increased acguend control
over the hand capture. The latter is especially true for opta technologies, where

resolution and occlusion are key factors in the quality of theaptured motion.
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Figure 6.1: Mudras in Indian dancing.
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Figure 6.2: Layering of full-body and hand motions produces karacter animation with
detailed hand movement. Dynamic Time Warping (DTW) assurescorrect synchroniza-
tion of the two motions.

We present a motion composition technique that seamlessly splicegether
hand and body motions recorded in separate sessions, while maintag synchro-
nization between the two motion capture sources. Finding theocrect matching
between hand and body motions recorded separately can be al@@aging prob-
lem due to di erences in motion execution. In particular, tming and amplitude
variations can cause two recordings of the same movement to kaxery di erent
numerical representations. Di erences in timing arise when pis of two motions
are performed at di erent speeds. Amplitude variations are caed by di erent
execution of the motion, for example, a performer extendinigis arm further in
one performance over another. This problem is prevalent winénigh resolution
hand motion is recorded with optical systems because the motias often con-

strained to a small, restricted area to avoid marker occlusion.

Despite the timing and amplitude variations, humans can easilyecognize and
interpret di erent executions of the same hand movement. Reaech on human
gestures shows that the hand movement can be segmented into distiphases

using objective measures [28]. Speci callphase boundaries in hand movement
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are marked by an abrupt change of direction with a discontirtyiin velocity pro le
before and after the direction changeExploiting this criteria, we propose a novel
distance metric that assesses the signs of the rst and second derivas of motion

trajectories over time in order to detect phase boundaries.

To nd correct correspondence between hand and full-body mions, we use
our metric for hand motion segmentation jointly with dynamic time warping
(DTW). Our use of DTW for such a task is novel because, although DTWas
been introduced to the graphics community previously for teporal alignment,
the extreme amplitude di erences seen between performancesour case have

not been addressed in previous work.

We employ the DTW algorithm at two levels of re nement. First, we use it
at the coarse level to identify phase similarity. By aligning pases of motion our
method overcomes gross amplitude and timing di erences. Nexbur algorithm
performs a second DTW pass within each matched phase in order toe-tune
timing correspondence. We extended the basic DTW algorithm tallow for user

input in order to guide the splicing process.

6.1 Matching Algorithm

Our technique employs dynamic time warping (DTW) to generat frame corre-
spondences between motions with timing di erences. Our algtrm works in
three stages: rst, using time warping, we match movement phasessed on the

velocity and acceleration pro le. Next, we modify the resuliig match by adjust-

1



ing the alignment of the frames within the phases, again with DW. Finally, we
create the combined hand and body animation, smoothing the selting motion

where necessary.

To match our source motions, we apply DTW with distance functios com-
puted from four marker positions (two on the wrist, one on the had, and one
on the forearm). We found that this set was typically easy enotgto include in
both full-body and hand motion data during our captures, howeer the distance
function can easily be adapted for use with di erent markers owith joint angle

data.

Dynamic time warping: For detailed description of the time warping

technique see [25]. Briey, given the sequencgs = fp;;p;;::i;pmgand q =

= f jgy1 using a recurrence equation:

i = RO oo 1) (6.1)
where 2 3
Vi
R(i;J; v 1;v2;v3) = D(pis ) + min g Vs %; (6.2)
V3
and D(pi;q) is the distance between pointg; and ¢. j represents the the

minimal cost of a monotonic path between points (@) and (i;j ). This path
de nes the correspondences between the frames of two motiowkere each frame

of one motion is matched to one or more frames of the other.

In order to limit the number of frames that can be matched to oa frame

78



and to reduce the computation cost, the search for an optimal gais typically
limited to a restricted area of the matrix, called theband(see Figure 6.3 a)). To

incorporate the band constraint, we compute a new matrix ° as follows:

8
% R Ou o Cos & ) F5 ™0

o jomis

i % (6.3)
- +1 otherwise

P
where = W -1*M and W denotes the width of the band.

We extend the DTW algorithm to add functionality for user input; a user can
specify which pairs of frames in the two motions should be matetd and the algo-
rithm will adapt the search band to the user's speci cations (se€igure 6.3 b)).
A user can choose if frames need to be matched exactly or with sotokerance;
in the latter case the search band will also include neighborifigames. We need
to further modify the Equation 6.3 to accommodate user specid constraints,
which are represented as a set of matching points;f/),_, , wherex; andy; are
frame indexes inp and q respectively,Xo =0 < X1 <X, <:::<X | <X+ =N
andyo=0<y;<y,<:::<y,; <y = m. First we need to modify the band

shape, so it includes the matching points:
8

<. 00 . 00 . 00 3 ki .

% R(@j; Li 10 L i 1) if ji JX_tJ ' ko
i vk +
00— He ‘ (6.4)
+1 otherwise

wherek is an index such thatxy 1 <i  Xg, Whileiy =1 X¢x 1,jk =] Yk 1
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JXk) = Xk Xk 1, )¥k) = Yk Yk 1 and

_ X2+ jyki?
k=W iXk]

Next, we limit the band area so that the minimal path is constraied to pass
in the neighborhood of the points Xk; k), within the user-speci ed toleranceT .

We compute the nal matrix  as follows:
8

R i1 o i i 1) b je ub
T _ (6.5)
-+ otherwise
wherelb and ub are de ned as:

ki

Ib = maxfly 1 TJX_kj Ik xd
ub = minfm;y, +T;% ikt KO
JXk)

The above formula can be easily transformed into an e cient sclmee for
computation of matrix ~ and nding optimal alignment. Algorithm 1 shows a

possible implementation.

6.2 Distance Metrics for Phase Alignment

Phase Matching: Studies of human gesticulation [24, 28, 44] show that human
gestures can be segmented into a sequence of discrete phases efalit types,
based on velocity and acceleration prole (see Table 6.1). Faxample, the
"counting footsteps” motion, (Figure 6.9) contains a repeaté sequence of P,H,R
phases, while the gesture for "Go down the driveway" in the "dirgtions" sequence

(Figure 6.7) can be decomposed into phases P,S,H,R.
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Figure 6.3: Dynamic time warping for motions P and Q. a) We conpute the distance
matrix for pairs of frames from P and Q. We limit our search to a portion of distance
matrix called a band (diagonal region). The darker areas on the band denote lower
cost. The bright path denotes the optimal alignment betweenframes that minimizes
the total cost. b) Our technique allows for user input by modifying the band. A user
can specify pairs of matching frames either exactly (band ited to one point) or with
some tolerance (band limited to a narrow area).

y A y 4

Original motion Our function 4 Delivative values

Figure 6.4: In the rst stage of our algorithm, we align movement phases. For motions
with signi cant amplitude di erences, our distance functi on (center), which compares
the signs of the rst two derivatives over time, produces beter results than a function
using the values of the derivatives (right).

To match the corresponding phases in the two motions we use a dista
function that evaluates the signs of the rst and second derivates over time
for the two motion trajectories. The change in signs of derivates reveals the
changes in direction and velocity discontinuities that sepate each hand motion

phase. We choose to compare signs of derivatives rather than idative values
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Algorithm 1 Compute matrix
initialize all elements of to+1

for all k suchthatO<k [|+1 do

for all i such thatx, 1 <i Xy do

Xk = Xk Xk 1, J¥k) = Yk Yk 1

_ XK i?+jyki?

= W iXk]
ik:i Xk 1

— . Sy
Ib=maxfly 1 zj—tj " k9
ub=minfmyye + T;35 i+«

for all j suchthatlb j yc 1 Jubdo

i1 1
ij = D(plaq)+m|n§ i1 %

because, for motions with signi cant amplitude di erences, tke function based
on derivative values produces non-uniform matching withiphases, where many

frames of one motion are aligned to a single frame of the otheseg Figure 6.4).

To compute our function, we rst subtract in each frame the showler position
from the four hand markers in full-body animation. This isol#es the movement of
the arm and the hand from the transition of the full-body motim. For example,
when the character is walking and gesticulating, subtractinthe shoulder position
will extract the hand gesticulation and remove the transitiore ect from the hand

markers. Next, we apply the time warping algorithm with distane metric de ned
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Phase Type Description v and a

pro le
Stroke (S) More force is exerted than in either a > 0
neighboring phases, indicated ora<o0
by acceleration or deceleration.
Hold (H) Hand held still. a=0,v=0
Preparation (P) Non-stroke phase that departs a=0,v>0
from a resting position or joins
two stroke phases.
Retraction (R) Non-stroke phase that ar- a=0,v<O

rives at a resting position or
switches into preparation (par-

tial retraction).

Table 6.1: Types of motion phases and their accelerationg) and velocity (v) pro les
(adapted from [28]). Positive velocity denotes movements otwards from the body,
negative - towards the body.

as.
P
D(F1;F2) = 1, ksgn@;) sgn@)k?+ ksgn@;)  sgn(ei)k>
ai = Ry() p%

wherep; = [x;;yi;z] and p% = [x9%;y?;z%] are the positions of thei'th marker

(6.6)

in frames F; and F, respectively,p; = [x;(t);yi(t);z(t)]" is the rst derivative
of marker positions over time ande; is the second derivative. The sign function

applied to a vector takes the sign of each vector element: sgn(lyi;z]") =

[sgni); sgnfyi); sgn(@)]" .
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Rotation about the vertical axis,Ry( ), locally aligns two motion fragments in
space and can be computed with formula introduced in [32], ugirsmall windows

of neighboring frames around~; and F:

= arctan P = (6Z0 XPz)  S(xz° x%)
LX)+ ZZ) S (xx0+ 229

(6.7)

P
where barred terms are de ned as = jn:1 j and n is the total number of

marker positions in a window. In our experiments we used windewmvith 20

marker positions (4 markers per frame for 5 frames).

Alternatively, can be computed as an angle di erence between the trunk
orientations. While for the full-body sequence trunk orientiion can be easily
computed from the waist markers, in general it might not be avéable for the
hand motion. However, if the hand data was recorded without sigcant trunk
movement, like in our case, the trunk orientation is easy to ohin and constant
throughout the motion. In practice, the method of computing from trunk
angles is more robust but requires additional information.n our experiments,
obtained from Equation 6.7 worked well for all motions excéphe Indian dancing,
which involves a lot of variation and frequent orientation banges. For this motion

we used the trunk angle method.

Matching frames within phases: The rst stage of the algorithm aligns the
corresponding phases of motions. Next, to re ne the frame correspdence within
the motion phases, we align the forearms of the hands in the twoations and
minimize the angle dierences between the palms of the hana ieach frame

(see Figure 6.6). Speci cally, to compute the cost function een two frames
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F, and F,, we rst compute the forearm vectorsf and f° and hand vectors

h and has:
+ 0 + 0
f=ps p12p2 £0= po, p12p2
+ 0 + 0
h = Pa P1 > P2 hO: p04 pl—ZpZ, (68)

where p1; p2; p3; P4 and p%; p%; p%; p% are the two wrist markers, the forearm
marker and the hand marker for the full-body and hand motion espectively.
Next we compute the rotation matrix R that aligns the two forearm vectorsf
and f%in space and compute the angle between two hand vectors:

h Rh9

D,(F1;Fp) = arcc:os(khkkR Hoc

(6.9)

To adjust frame correspondence, we again use DTW along with thest func-
tion D,. Here we use a narrower band to preserve phase correspondencetewhi
allowing adjustments to frame alignment within the phase. In or experiments
the time warping band width was equal to 30% and 10% of the fuilody motion
length in the rst and second stage respectively. If necessary, wecompute the
user's input so the frame numbers that need to be matched corresp to frames

in the aligned motion.

Merging and smoothing:  The frame correspondence resulting from the previ-
ous two steps goes through a nal smoothing pass before renderirRecall, the
time warping algorithm produces matching sequences which gnalign a frame
from one motion to one or more frames from the other motion. Fahe nal ani-
mation, whenever a single frame from the full-body motion is atched to multiple

frames from the hand sequence, we choose the median position afhemarker

85



P
Q
b) |posP pos Q‘o' angP ang (3,’ b
R ’
. .
c)
d)

Figure 6.5: After aligning phases of motion we re ne frame carespondences within each
phase. a) Sequences of full-body motion (P) and hand motion (RPbelong to the same
phase. b) Graphs show wrist marker positions and hand anglefor sequences P and
Q. c) Because all frames within a given phase have the same waglity and acceleration
pro le, during the rst stage of our algorithm their alignme nt is arbitrary. d) Second

stage of the algorithm re nes frame correspondences basedchangle between forearm
and palm of a hand.

from the frames and use it in the matched sequence. Because thaie averag-
ing process can produce small discontinuities in the hand motipas a nal step,

we blend discontinuities over a window of frames to create a spth animation.
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Figure 6.6: D, denotes the angle between the hands in two motions. First weampute
the forearm and hand vectorst and i for full-body motion (a) and f%and A9 for hand
motion (b). Next we align the forearm vectors ¥ and f2 and compute the distance
function as the angle between hand vectorsii and A9 after the alignment (c).

Figure 6.7: Example of directive gestures.

6.3 Results

We test our algorithm on various motions with complex hand ge&tulation, where
synchronization between the hand and body motions is crucialWe show sample
frames of the resulting animations in Figures 6.1, 6.7 and 6.&xamples include:
a series of counting animations, where the hand keeps count bétfoot steps, an
animation of a person giving a complex sequence of directionadian dancing

motion where elaborate hand gestures (mudras) are used to tellstory and a
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more light-hearted animation of a charade for "peeling a bana'. Each sequence

contains multiple examples of aligned gesture phases (see Eabl2).

All motions were captured with Vicon optical capture equipmen( www.vicon.
con). While the full-body animation was recorded without spaceastrictions, the
hand motion was captured in a constrained area, roughly a 20'ube, where
the arm's movement was severely limited. In all test scenariosuoalgorithm
produced good results without the need for additional user inp. For Indian
dancing motion we speci ed 3 matching points to further incrase the accuracy
of the alignment. In the obtained motions the hand gestures arcorrectly syn-
chronized with corresponding full-body movement. In the acenpanying video
we compare the resulting animations to the original human p&armer's moves
during the motion capture recording. We also show an example dbw user-
speci ed constraints can be employed to achieve special e ectjch as counting

every left step.

Motion Length Number of Number of Matching
Sequence (sec) Gestures Phases Points
Directions 18 6 16 0
Counting 16 8 20 0
Dance 18 34 52 3
Charade 9 4 6 0

Table 6.2: In our experiments we used 4 motion sequences wittiarying number of
gestures, from a simple charade to a complex Indian dance. Amotions were aligned
without user input, except for the Indian dance, where we spei ed 3 matching points.
Numbers of gestures and phases are reported collectivelyrfboth hands.
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Motion Sequence Number of Frames Matching Time (sec.)
Directions 569 10.95
Counting 503 8.72
Dance 560 10.81
Charade 280 2.75

Table 6.3: Running time of our algorithm using Matlab implementation.

Figure 6.8: Peeling a banana charade.

6.4 Discussion

Our straightforward but e ective technique for composing had and full body mo-
tion exploits characteristics of human gestures in order to pperly align motions
with large amplitude di erences that were captured separatg, and at di erent
resolutions. Thanks to its simple design, the proposed algorithm e cient (see
Table 6.3) and easy to implement. We have shown the power of owachnique on
motions with complex gesticulation and obtained correctly sychronized, natural-

looking animation results.

There are several classes of motions for which our solution wilkdly fail.

While our algorithm found appropriate matches for many freespace gestures,
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Figure 6.9: Counting example shows good synchronization dfand and body movement.
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Figure 6.10: Indian dance: side by side comparison of the aginal motion and our
results.
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gesticulation which involves speci ¢ spatial cues would req special consider-
ation. For example, generating a motion with a constraint with ensures that a
nger makes contact when touching the tip of one's nose lies wide the scope
of the proposed solution. Additionally, motions which rely heagly on dynam-

ics may not be amenable to the splicing described here. An exampf such
a motion may include shaking hands energetically, where theavement of the
arms directly dictates the motion of the hands. Finally, animations generated
using our approach require that the motion be reasonably perfoed in a limited

workspace for the hand capture. This is not the case in certainations, such as

performing a gymnastic routine.
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CHAPTER 7

Conclusion

In this work we have presented three novel motion synthesis tedlques based
on di erent strategies of composing motion data. By interjeahg motion cap-
ture animation with dynamic simulation we created realistic himan responses
to an unexpected impact (Chapter 4). We have shown how to creatcomplex
acrobatic motions from simpler animations by composing fragemts of motion
capture data and how to adjust these motions after user modi c&ins to assure
conservation of momentum (Chapter 5). Finally, we layered mimns in time
to obtain a multi-resolution e ect: detailed hand gesticulaton with full-body

movement (Chapter 6).

The presented motion composition methods create novel aninais from ex-
isting motion capture clips while maintaining the natural look, richness of detalil,
and physical validity of the original motions. Our methods areuseful as they
generate motions that cannot be replicated with motion capire recordings, due

to high level of motion di culty, safety concerns or technicd limitations.

The proposed techniques are specialized - they create natul@bking and

physically valid motions in an e cient manner by taking advantage of proper-
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ties particular to a given motion type. This specialization s downsides - our
methods cannot be applied across the range of all possible maso Due to the
immense complexity of human movement, we try to solve the pradsh of human
motion synthesis step by step, one motion type at a time. With the posed
techniques we have expanded the space of human motions thahdse generated
with automated synthesis. We believe that experiences and leamgs acquired in

the process will allow us to develop general techniques in th&ure.

Perhaps, thanks to such techniques, one day it will be possible teate virtual
actors that are indistinguishable from human ones. Simulatecharacters that
acted and moved naturally in a wide variety of situations woul deeply a ect the
movie industry. They could be used to perform dangerous stuntshus avoiding
the risk of injury to a human actor while still maintaining the actor's individual
style of movement. Long gone movie stars could be brought baakltfe by virtual
actors who looked and moved just like their human counterpast In video games,
life-like characters that reacted naturally in di erent scanarios would signi cantly
improve games' interactivity and players' satisfaction. Hopefly, these advances,
once developed, will bring us more enjoyment and an enrichexperience of

viewing human motion on the screen.
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APPENDIX A

Dynamic Response for Motion Capture

Animation: Implementation Details

In our search function we use a similarity function which compas windows
of frames. Recall that the distanceD between windowsW; = ff;gi, and
W, = ff,0% is de ned in Equation 4.1 as:
I
Xe X“ e .. .. ..-
DWyi;Wa) = w, WobJiPo(f1i)  Po(f2)f + Wo Jj o(fsi)  o(f2)jj

i=s b=1

wherew; is the window weight and the weightsw,, and wy, scale the linear and

angular distances for each bodi.

We computew; as:

w; = — +1; (A1)

wheres and e are respectively the start and end frames of the window. Weight
Wy, and wy, are provided in Table A.1. The constantT used in the computation

of unique frames (Equation 4.2) is de ned in our system ab = 0:5.

Once the search function nds the best motion to transition to, he transition
between the motions is created by the torque controller (se@&ion 4.2). We use

the following constants in the controller formulation: sprig constantk, = 1:0,
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positional damping constantk, = 2:0 and rotational damping constantk, = 0:05.

Timing is a di cult aspect of the problem we address. Because we wato
minimize the time spent in simulation, we limit our motion searb to a short
time window just after the initial impact from 0.1 to 1.0 s. During operation,
the system automatically shrinks this window by increasing the att time for
the search (up to a limit of 0.25 s) based on contact to ensure thatmatch is
not found in the time before contact is over (as the dynamic ects have not yet
fully changed the state of the character.) The upper limit maages cases with
very long or sustained contact. We found that good contact redgued running the
collisions at a simulation time step of about 0.0005 s and to speafd the system,
we built in an automatic rewind that looks for the rst contact at 30 fps and
then turns back time to the last motion capture frame, compute the simulation
state and begins the simulation at the reduced time step. Grounfitiction was
another sensitive parameter in our system and we chose to set it inethrst naive
simulation calculation to 1.0 (a rough surface) but dropped té friction to 0.5 for

the second pass to allow foot slippage.
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Body Part Mass Linear weightwpy, Angular weight wy,

Head 3.66 0.1 0.01
Left Upper Arm 2.16 0.5 0.05
Right Upper Arm 2.16 0.5 0.05
Left Forearm 1.37 0.2 0.02
Right Forearm 1.37 0.2 0.02
Chest 12.83 1.0 0.10
Stomach 8.61 1.0 0.10
Pelvis 8,70 1.0 0.10
Left Thigh 5.17 0.5 0.05
Right Thigh 5.17 0.5 0.05
Left Shank 2.14 0.2 0.02
Right Shank 2.14 0.2 0.02

Left Foot 1.88 0.1/1.0 0.01/0.10

Right Foot 1.88 0.1/1.0 0.01/0.10
Left Hand 1.48 0.1 0.01
Right Hand 1.48 0.1 0.01

Table A.1: Weights and masses used in our implementation. Fet weights are higher
for supporting limbs.
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APPENDIX B

Motion Composition for Acrobatics: Computing

Retiming Factor Kk

The retiming process a ects the linear momentum in two diregbns. First, it
shortens the take-o and landing and increases momentum in tee phases (as-
suming that the retiming factor is positive). Second, it also shitens the duration
of the ight and decreases the necessary momentum build-up. Dte these two
consequences of motion retiming, there exists a single retirgifactor k which

assures continuity of linear and angular momentum curves dug all jump phases.

To computek we rst observe that retiming scales the take o velocity lin-
early:

Vo = Kk Vo; (B.1)

wherevy is the take-o velocity along the y axis in the original motion. Next,

we note that the ight duration is also linearly scaled, by the &ctor 1=k :
T =T=k; (B.2)

where T is the duration of the ight phase before retiming. The motionof the
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character's center of mass along the axis is described by a parabola:
1 2
y (0= 59U+ Vol + Ystart ; (B.3)

with the end condition: y (T ) = VYend, Whereygat and yeng are the take-o and
landing levels andg is the gravity coe cient. Substituting (B.1) and (B.2) in the

parabola equation (B.3) we obtain:

1 T °?
ég K + Vol + Ystart = Yend: (B.4)

After solving for k we receive:

; (B.5)

where Y = Yend Ystart -

Height changes. We can use the above formulas to adjust the take-o and
landing levels. In the retiming step we substitute "y = yg&t  yian when
computing k , whereygt and ygsy are the new take-o and landing levels re-
spectively. Next, in the repositioning step we usgl. to compute the parabola
equation. We can even eliminate the need for retiming by apppriately changing
the take-o and landing levels to assure that "y = %gT2 + voT and therefore
k =1. There are however limits to the height changes if "*"y > 0. When com-

puting k we need to ensure that the radicant in (B.5) is positive and thefore

"Wy must be less tharvgT.
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APPENDIX C

Motion Composition for Acrobatics:

Implementation Details

Table C.1 presents body parts' densities and width to depth rabis that we used
in our mass optimization algorithm (Section 5.3.2). The inial mass distribution,
which was a starting point of our optimization, was computedrbm the typical
body parts dimensions and densities (obtained from [11]) scdléo match our
skeleton. Note, that since the skeleton we used (provided with moh data) was
not symmetric, the initial weight distribution between the Idt and right limbs
is not fully symmetric either. However, during the optimizaton process we as-
sumed symmetry to reduce the number of optimized variables. Trefore in the
resulting distribution, the body parts of the left limbs have gual weights to their

right limbs' counterparts.
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Body Part

Density Width/Depth

Initial Mass

Optimized Mass

Ratio Distribution %  Distribution %
Root 1.029 1.40 7.4 6.7
Left Femur 1.040 0.86 10.2 11.8
Left Tibia 1.079 0.89 7.9 5.3
Left Foot 1.066 2.00 0.3 0.0
Left Toes 1.066 3.00 0.1 0.0
Right Femur 1.040 0.86 9.8 11.8
Right Tibia 1.079 0.89 7.6 5.3
Right Foot 1.066 2.00 0.3 0.0
Right Toes 1.066 3.00 0.1 0.0
Lower Back 1.029 1.20 5.8 5.8
Upper Back 1.029 1.08 7.4 7.4
Thorax 1.009 1.00 8.9 8.8
Lower Neck 1.009 1.00 1.0 0.9
Upper Neck 1.009 1.00 0.6 0.8
Head 1.171 1.00 5.9 7.4
Left Clavicle 1.009 1.17 5.9 6.5
Left Humerus 1.068 1.00 3.6 3.9
Left Radius 1.102 1.17 2.6 3.1
Left Wrist 1.102 1.00 0.7 0.5
Left Hand 1.070 4.00 0.0 0.0

Continued on next page
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Body Part Density Width/Depth Initial Mass  Optimized Mass
Ratio Distribution %  Distribution %
Left Fingers 1.070 8.00 0.0 0.0
Left Thumb 1.070 2.00 0.0 0.0
Right Clavicle 1.009 1.17 7.5 6.5
Right Humerus | 1.068 1.00 3.5 3.9
Right Radius 1.102 1.17 2.3 3.1
Right Wrist 1.102 1.00 0.6 0.5
Right Hand 1.070 4.00 0.0 0.0
Right Fingers 1.070 8.00 0.0 0.0
Right Thumb 1.070 2.00 0.0 0.0

Table C.1: Weights and masses used in our implementation. Feetmghts are

higher for supporting limbs.
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APPENDIX D

Automatic Splicing for Hand and Body

Animations: Data Acquisition

Figure D.1: Our camera setup for hand capture.
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We captured our motions with Vicon optical capture equipmen{www.vicon.
con). The full-body animations were recorded in a large studio, ithhout space
restrictions (see Figures D.3 and 6.10) with a standard cameratge. The hand
motion was captured in a constrained area, roughly a 2&ube, where the arms
movement was severely limited (see Figure D.4). Additionallyfor the hand
recording we positioned the cameras close together (Figurellpto increase cap-

ture accuracy and reduce artifacts such as occlusion and marlssvapping.

Figure D.2: Hand markers used in detailed hand capture. Foumarkers: VLA, VWRA,
VWRB and VH1 were common for both hand and full body capture.

Full-body motions were recorded using 41 markers. For hand ddtwe em-
ployed 22 optical markers (see Figure D.2). For the alignmempiurposes we used

four common markers on each hand: VLA, VWRA, VWRB and VH1, which
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Figure D.3: Capture of full body motion. Dancer moves in a lage room.

were attached to actors' hands during both full-body and handecordings.
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Figure D.4: Capture of detailed hand motion. Dancer movemeiis restricted to a small
area.
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