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In this paper, we propose a method to select an appropriate
Abstrac® This paper addresses the problem of selecting and motion in a small database in order to reduce precomputation,
adapting a mot.ion in order to.make a virtual human interact Wlith search and manual editing time. To us, an appropriate motion
a user in reaLtlme.. We de;crlpe a methgd that is able to retrieve should deal with the morphology of the character and
the most appropriate motion in interactive environments where . . :
both the constraints and the character's morphology are not unpredictable Canth |mposeq in reaime by the “S?r-
known in advance. The methoddescribed hereis based on a  \ndeed, the size of an avatar is not always known in advance
morphology-independent representation of motion to perform fast iN VR applications and the environment induces many
motion retargetting and retrieval. Because the size of the database adaptations of its original captured motion. In this work, we
is not infinite, even the best candidate motion may not satisfy illustrate our method on a kug fighter that has to kick and
precisely all the imposed constraints. As a second step of thepunch targets that are interactively displaced. 75 #ung
algorithm, the selected motion is _locally adapted in order to  motions were performed by 4 actors and will be used by virtual
accurately sdisfy these constraints. This adaptation allowslealing  fighters with different sizes and proportions. We so allow the
\C/jvnh a large set of.possmle movements even if no candidate in the morphology of the virtual fighter to change durirtge
atabase exactly fits the constraints. . . . ; . .
simulation. The method will adapt the animation according to
Index Terms Virtual human, Morphology independent this new character: The target is dri_\{en by a-tiead motion
representation, Motion retargetting and retieval, Interactive ~Capture system which tracks the position of the head of the user
animation. in an immersive environment. This example demonstrates the
ability of our method to deal with averagi&ze databases in an
L INTRODUCTION interactive application without requiring long preprocessing.
Virtual reality has become a popular tool for studying human I
interaction with his environment and with other characters. It
enables scientists to caroyt experiments where the virtual Several solutions have been proposed to deal independently
world is totally under entrol which is impossible in real life. With the morphology of the character and with sp@we
However, this kind of application requires dealing with a widgonstraints. For selecting most convenient motions, two main
variety of constraints and subjects, leading to difficul@PProaches have been proposed. The first one leads to organize
challenges for animating avatars and autonomous virtiHatabase of motions as a graph, called motion ¢ta@] in
humans. Animating virtual humans inckuhighly interactive Which nodes are poses and links are possible transitions. After
applications implies to deal with two main issues: controllin§recomputation of the links using a cost function, the resulting
the motion of the character and obtaining natloeking graph can be used to find a path between the current state of the
movements. In computer animation, controlling motions igharacter and a desired dd¢. However, the large size of the
generally solved by associating spdicee constraints hiat graph leads to numerous computations in order to find a correct
generally requires applying inverse kinematics. This proceBdth. On one hand, the larger the number of motions, the higher
strongly depends on the morphology of the character that hadhe quality of the result. On the other hand, the larger the number
perform the task. Naturalness can be addressed by using mofibinotions, the higher the computation time for searching into
capture data for which the movements are perceived as realisfi€ graph. Then, methods have been proposed to create
However, several suproblems occur when using motionConstraned —motions from  motion graphs.  Hence,
capture data, such as finding the most appropriate motion cfgll-connected motion graph on rather small graph[Sizand
according to the situation and adapting the resulting trajectori@éerpolated motion grapff] both use interpolations to satisfy

to the morphology of the virtual human and to its environmen@ccurate by predefined ewdfector constraints.
A second approach to retrieve a motwamich fits the current

X _ o situation consists of defining motion templates or pattigfnst
Bunraku is an INRIA jointed team enables the retrieval of a set of candidate motions that best
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must associate a dual representation ef rtiotion wih each
motion clip. Liuet al.[8] thus partitioned a motion library and
constructed a motion index tree based on a hierarchical mot
description. The motion index tree serves as a classifier
determine the subbrary that contains the pmnaising similar
motions to the query sample.

All the above methods generally assume that t
anthropometric dimensions of the virtual character al
compatible with those of the actor. However, in many VH
applications, these dimensions are generally differés a
consequence, the motion selected by these methods will nof
compatible with the morphology of the virtual human. Motio
retargetting[9] has been introduced to solve this problem. |
assumes that the problem is mainly solved by satisfyi
kinematc constraints. Displacement mgdf€] can then be used
to solve the constraints for the whole sequence as they adgi @ three charactersith different morphologies satisfy the same constraint
continuous trajectory to the current one. However, it means thaching the blue sphere) by performing different natural looking motions.
all the constraints are known in advance for the whole sequence
in orderto calculate the trajectory. In interactive applicationpetween the poses and the constraints. Hence, when designing
the user can act at any time which may change the constraintthia database, we do not know in advance which type of
reattime. Let us consider our virtual fighter that has to punceonstrain will have to be satisfied in the retaine application.
and kick a target interactively displaced by a user. The targetliberefore, deleting the information about the morphology of the
continuously moving in an unpredictable way and the motion @fctor seems to be inappropriate for such kind of problem. In this
the fighter has to be adapted at each frame. In that capeper, we propose a new search algorithm (sectie@)lthat
displacement maps are inappropriate. Inverse kinematics carepebedsa very fast retargetting process (sectionrBl)l that
adapted and used in a gflemme constraint solver. Using inverseenables us to solve this problem (sectiorD)I
kinematts is necessary because constraints are generally
expressed in the Cartesian frame whereas the pose of the m
skeleton is modeled as a set of joint angles. One alternative
consists in replacing this model by a set of mixed Cartesian a8q oyerview
angular values that@anormalized to become independent fro
the morphology of the character. These morphclo

METHODS

e first part of the method is a retargetting process, the second
. . T gBf)art is a motion retrieval algorithm and the last part is a motion
mdependent reprt_asentatlm[ﬂsl_, 12] lead to very efficient adaptation module. The role of the retargetting process is to
algorithms for motion retargetting and adaptation. adapt the current posture of the animated virtual fighter to the

The above approaches can locally adapt the motiogit®a  morphologies of the actors who performed the motions. The
set of constraints whereas the original motion may be badlyje of the motion retrieval algorithm is to search the database to
chosen from the morphological point of view. Let us considgfnd the motion most suited to the virtual character's posture and
again a kundu fighter that has to kick an opponent. The kicko the reatime constraints. The role of the last module is to
selected for a twaneter high fighter to hit a targetrieter awst ~ adapt the selected motion in order to satisfy the constréaints.
is certainly not the most convenient motion for a small fighteour example of a kunfu fighter, the inputs are the currgrise
Another motion of the database may be more adapted to thisd morphology of the virtual fighter and the position of the
character in this particat situation, as shown in Fig. target. The overall process is depicted inFig

Let us consider now a database of motions performed byln our experiment, the motion of the subject's head is
various actors ith different morphologies. Imagine that thecaptured in reafime with an ARTracking system composed of
synthetic character is manually tuned by the user, as commonRlynfrared cameras cadeed at 60Hz. With these data, the
observed in video games or virtual reality application$t€reoscopic vision and the point of view of the camera are
Retargetting motions of the database to this virtual hum&QTrected in realime. The target that the fighter should punch
cannot be performed efine. Hence, the database cannot bePr kick is assumed to be the middle of the 5 reflective markers

preprocessed with a classical retargetting algorithm as we do Rlﬂced over the head of the m. A supervisor interacts f%t any
know in advance the morphology of the character. But thn(gloment thanks to a keyboard in order to command the fighter to

database could be stored in a morphology independ L{nch or kick the head of the subject using its left or right limbs.

; : o . : is example demonstrates the ability of our algorithm to deal
representation. However, if the constraint is agpt® a point

L : . with averagesize database in an interactive application
that is different from the extremity (such as touching a targgkihq,t requiring long preprocessing

with the middle of the forearm), it would require to transform
this representation to a classical one to evaluate the distance
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Fig. 2. Synopsis of the morphology independent retrieval and control using an as@egatabase of motions.

Once a corresponding motion is retrieved from the databaseS#condly, the motion selected by the motion retrieval algorithm
is adapted to the skeleton of the virtual character. At any tinme,adapted to the morphology of the kefodighter in realtime.
the supervisor can changdhkis character from a library and To solve these problems, people usually apply joint angles from
immediately visualize the result. The kinematic constraintharacter #1 to character #2 while dealing with gadme
(such as avoiding foetkating and reaching the target) areconstraints[9] in order to avoid fooetkating and other
solved on the fly. The resulting motion of the virtual fighter isinwanted artifacts. However, this conversion is generally
displayed on a “®neter wide screefor immediate feedback. time-consuming and implies a complete knowledge of the
The motion database is composed of files stored with a standaeothstraints in advance which is not possible in interactive
format (Biovision's BVH files) including the motion and theenvironments.
definition of the skeleton. The database gathers clips performedAn alternative consists in using a morphology independent
by 4 various actors. 3 males (1.20m, 1.62m 1.83m tall) and representation of a character, as presentddilin As motion
1 female (1.56 tall) have performed multiples kuifig motions  retargetting generally involves solving geometric constraints,
leading to 75 sampledhotions (138 with a 30Hz sample this representation is based on Cartesian data instead of joint
frequency). Each motion clip is linked with one semantiangles. Hencethe arm is modeled as a line between the
information (to state if it is a left/right punch/kick) andshoulder and the wrist and an angle to locate the elbow. Finally,
necessary quantitative data (such as the hit ti&). now only the relative position of the wrist in the shoulder reference
present how to deal with the morphology independerfitame and the angle are stored. The relative position is divided
representation and its use by the modules involved in thg the uppetimb total length (arm and forearm) leading to
process. nondimensional data. The same way, all the intermediate body
parts are modeled with relative position of the distal point in the
proximal reference frame, divided by the total lengile use
” _ this approach to mod#ie legs, the arms, the feet, the hands and
Retargetting is a major issue of this paper because e head. The torso is modeled with a spline that can be sampled
morphology of the character is a key point in the selection of thg 55 many segments as one wishes. Our model is thus based on
motion. Retargetting is used at two different phases. Firstly, e lengths of the limbs, and not on their shapes (the

adapts the current pose of the kdndighter to the skeletons of cjrcumferences are not useticause these parameters are the
the actors that participated in the motion captussisa.

3.2 Dealing with morphology
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most influential on the retargetting of a motion. The conversion Secondly, the current pose of the virtual charaq@r is

into the classical representation, based on joint angles, igedargetted tahe actors belonging to the database, providing a

reattime process. To illustrate this, let us play two motions (set ofg,. Consequently, the distance calculated between a pose

kick and a punch) on four viaus characters. The average valuén each clip and the associatgds based on the same skeleton.

of the conversion is about 24 on a common laptop: PentiumMotion retargetting is performed by the method described in

M 2.4GHz (configuration used during all the experimentsection Ill-B. Hence, the inpst of the moton retrieval

described in this paper). This value is almost the same for thigorithm (denotedSearchin Fig.3) arec, and the set of;.

two motions (differs from @ds), and onlydepends on the Searching the database for the motion that corresponds to both

configuration of the motiori;e. if some adaptations are neededthe constraint and the current pose could lead to lot of

This value is also almost the same for the four characters (diffe@mputation time. To speed upetlprocess, we propose to

from up to 31s) because the multiplications due to the scalingrganize the database in an efficient manner.

are equivalent but the resulting positiontloé extremities can

lead to different types of correction. 1) Design of the dtabase

. . Since the quality of the output motion mainly depends on the

3.3 Motion retrieval content of the database, we have carefully selected a set of
As described above, our morphology independefighting motions which are suitable fahe boxing scenario

representation of motions is suitable when we have to deal W'(Elmch and kick). This selection is preprocessed among a large

several virtual characters. Thus, for the same reason, we will y8gtion database composed of motion capture data stored in the

this representation to retarget the motions of the database WhigsliH format. With toolkits developed in our lab, the user can

were performed by several actors. Our motion retrieval procegsiract the most important subsequences fronttglemotions

using the advantages of such a representation, is depicteqsliich as times during which the actor is punching or kicking).

Fig.3. For each resulting subsequence, the user specifies the name of
the hit segment (such as the right hand or the left foot) as well as
— the semantics (such as punching or kicking). Eystem
Supervisor User Virtual human automatically calculates the trajectory of the hit point. For each
[] [acspunchly [ncadposiion | |morproIoEY motion, the system also automatically calculates the bounding
e box of this trajectory, as shown in Fg The Searchalgorithm
quantitative data 5 will then eliminate motions within which the boundingdxoes

not contain the constraint.
search | G addt)

the database i
v v P

Normalization of
the constraint

+ adaptation to actor ’

Appropriate motion

Fig. 3. Overview of the motion retrieval process.

As the simulated character is different from the actors which

performed the motions, some adjustments are required. Firsiy 4 Bounding box of the hit point trajectory modeled with red spots (such as
the position of the constraint has to be scaled to fit the size of thetrajectory of the wrist). The constrainis modeled by the green spot. If the
character. For example, a constraint placedrageter in fronof constraint is out of the bounding box of thajéctory (blue dots), the motion

- ' . . ich has this trajectory will be discarded, otherwise the distance between the
the virtual character does not have the same influence if tH&° i -

. . . A . trajectory and the constraint will be calculated.
latter is 2m or 1.5m tall. To prade a sizerelative constraint,, : Y

we define the following normalization: 2) Precomputation

) ] In order to perform the motion retrieval process in real time,

=c3 SizgLimb, o) we adopt a preomputation technique based on clustering. The

' siz€Limb, ,,.cer) (1) main idea of this algorithm is to divide the motion database into
groups where all the motions inside one group have similar

where c is the relative (to the root referencearfre) initial postures. Furthermore, the bounding box of the hit
threedimensiorl position of the constrainsjze(Limi.,) and ~ trajectory in each motiois used in order to make the hit point
size(Limbharacte) are the cumulative sizes of the limbs from thdilter process fasteilhe clf_issm_Kmean clustering algorithm is _
root to the constrained joint (for example the right foot if th€hosen to group the motions in our database. The goal of this
request is a right kick\We divide the relative pasin of the algorithm is to gather poses of various motions into clusters in
constraint by the cumulative sizes of the character's limbs. TREler to minimize theotal intracluster variance. The algorithm

result is a nondimensional constraint which is multiplied by théfarts by randomly partitioning the input motion poses into k
cumulative sizes of the actor's limbs. initial sets. It then calculates the mean value of the constraint for
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each cluster (the mean value is also naoedroidPosé ). It

builds a new partition by associating each pose with the clost ~—
centroid. Then, the centroids are recalculated for the resulti
clusters. The method (building new partitions and computir

the centroids) is repeated until convergence. Convergence I [
assumd when the motion frames no longer switch from on

cluster to another. We also stop the algorithm when centroi
are not modified aftean iteration [13]

We introduce a distance valudqqr to compare the similarity

Initial pose q, » Selectionofthe G Comparison
best cluster l each pose of G;

[+

Constraintc, — 5 Filtering hit point_-_ Comparison _d;'_|_
bounding box distanceto c, l

between two postureSince the frames of the motion clips have
variety of orientations and absolute positions on the horizoni
plane, to define this distance is not obvious. One solutic
consists of moving the root node of the two correspondir

motions to a unique positiomd, then, rotating them alore Selection
verticalaxis in order to align them along the same orientation. Translation + rotation
better solution proposed by Kovat al. [14] consists of l
minimizing the distance between the two poses by tuning tl
alignment parameters of the two maiso Appropiate motion
. 2
d, = min W, H - T ¥ H Fig. 5 Overview of theSearchalgorithm.
% gz a. | P 9.%0.2y Pi (2)
where Even if Pos§ seems to be the best candidate according to
-- C 1 = = . . . .
a;w(xzi-x;z)- w (XZ'- X2) the dlstancedqr toq, it may not be the optimal choice fother
q= afCtan(__ . T — — ) (3) criteria. For example, this pose may correspond to the beginning
a;w(xXi-7;z)- ——(xx'- 22) of a punch or a kick but not to the time when the strike occurs. In
i I . . . -
and that case, the similar poses are referencedibylar(Posé&)
1 - — _ and can be rapidly analyzed in order to decidthey better
Xy = +——(X- X'cosg) - zcosg)) (4) correspond to a strike. Let us suppose that one of these similar
W poses better correspond to a strike tlhaeé . This latter is

1 - = - . finally selected even if its distance to the constraint is larger than
% = Aw (z- X'sin@) - Z'sin@)) (5)  the one ofPosén in order to avoid unrealistic punches and
i I

kicks. This selection only uses the ialtipose but solving

constraintc, is also an important problem. The resulting

, candidate poses need to be filtered in order to eliminate those

%02 P which the corresporidg trajectory of the hit pgat is not

a translation t@x,, yo) and a rotation along the vertical axis withcompatible withc,. This task is performed by eliminating the

angled. motions whose the bounding box does not cordaifror each
remaining pose, we calculate the minimum Cartesian distance

3) Search algorithm d. between thérajectory of the hit point ang. As the number

After clustering, th drganiz f gr o . . :
fter clustering, the databaseerganized as a set of g oupsof candidate motions after this heuristic is low (due to the size of

G associated with a typical pose (or centj@!ds€ . Themain  the database), we choose to adapt only the best motion. With
principle of theSearchelgorithm is depicted in Fig. It consists |arger databases, building an interpolation space between
of selecting a cluster which besircesponds to the initial pose geyeral resultingnotions could be dor{@5]. The pose (and the

g- and in associating the distand%r to each pose of this corresponding motion) that is finally here selected is the one

_ L Tuse] that minimizes the weighted sum of the two distances:
cluster. To this end, all the cenite Posé of clusterG

arecompared with the initial posg. LetG; be the cluster which d= Vo, ’ dqr W : dcr ©
typical posePosé is the one that best correspondsitds; is where Wc, anqur are setat the initialization process in the
then selected for carryingut a comparison between all thegpplication. In our experiments, the distances on the posture are
corresponding pose®osg'; and g.. The poses are stored asaimost 30 times larger than the distances on the constraint in an
leaves of a hierarchical tree data structéiethe pose nodes average scald@.he motion associated with the lowest distashce

are associated with a set of most similar peEmHar(Pos@ ). is then rotated and tnalated to fit the initial posg;.
As theSearchalgorithm is performed for every input posture

These ones are neighbors in the data structatetfows direct according to the morphologies of thectors, then a sequence
addressing of all the similar poses. of local minimal distances isatculated, which is denoted as

In these equationsy, is a weight associated to potof a
trajectory andT, 7 is another trajeory transformed with
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D={d;,é ,d,} and finaly the global minimal distance consequence, the hand/faitthe virtual fighter will reach the
dgioba=min(D) is selected. The corresponding motion and actgosition of the head of the user when the request was made. It
are found accordingly and are provided to theotion enables the userto dodge the punch/kick if its head moves in the
adaptationmodule. meantime. Updating the position of the target during the
adaptation phase can be donesiattime as it requires only few
i . ] computation time. Indeed, andt. would not change, onlg(t.)
The goal of this modulesito adapt the selected motilto il be updated. The result of the interpolation will take the
the current situationAs shown in Figg, it involves: i) same amount of time in both cases.
synchronizing and blendirigs with the current active motion, ii) At any timet, we thus have to adapt the joint angles ef th
retargetting the motion to the animated character, and igharacter in order to make the wrist befoot reacheshe new
solving all the constraints (such as guiding the wrist to the targedsition p(t)+d(t), wherep(t) is the initial position without
and correcting feet artiéas). adaptation. To solve this problem, inverse kinematics with
) ) Jacobian and prioritized constraints is generally used. However,
Appropriate motion it leads again to computations that may be incompatible with
| interactive animation. In our system, the pose is not described
l \ with joint angles but with a mixed representation (using both
Synchronization angular and Cartesian values, as shown in sefitid@s). Thus
Bler:ding we can ge the position of the constraints instead of the joint
angles in order to solve this problem. Hence, modifying the
position of an extremity is immediate if the constraint is directly

3.4 Motion adaptation

Virtual human Resulting pose

morphology ¢ reachable. o .
current state Constraints However, theconstraint is often not reachable by only using
TrmmmmEILles] Retargeting  —* the corresponding limb. In that case, we use an iterative

> [ algorithm derived from the Cyclic Coordinate Descent method
\\ ' [16] (denoted CCD). The method tries to reach the target
| sequentially for all the body parts involved in the motion. The
classical CCD gearally leads to unrealistic poses and requires
numerous iterations to converge. Lee and SHi@] have
Fig. 6 Overview of the motion adaptation process. proposed a hybrid inverse kinematics method in order to
overcome this limitation. It has been again improy&d in
Retargetting mainly consists of multiplying theorder to speedp the process by daring bodysegments into
corresponding nondimensional data by the dimensions of tgeoups allowing a local analytical solution. Hence, the distal
animated character and correcting the feet artifatse groups are tried first (using a direct analytical solution) and then
resulting pose is compatiblaith the morphology of the the proximal groups until the root. If the constraint is still not
character and respects the ground surface but does not satiafisfied, a new iteration isgressed. Each iteration is very fast
the other constraintket us recall here that the database is smadlecause the alignment leads to either solving one ofimo
compared to motion graphs or other classical approachk#ematic sukchains. Finally, kinetic adaptations are applied in
Consequently, the selected motion istai@ty not accurately order to ensure overall naturalness through a balance strategy.
adapted to the constraints and has to be modifieclr virtual During the adaptation, ibnly one segment (arm or leg) is
kungfu application, we have to satisfy one constraint: th#volved, the method only requires |84 including time for
position of a limb reaching the target at the hit time. But ouetargettingFor a constraint that need to use three body parts
method is generic enough to involve sevekahematic (such asthe arm, the clavicle and the torso), computation time is
constraints on any part of the body simultaneously. approximately 4fs. For unreachble constraints, at worst,
Solving kinematic constraints is generally performed witkomputation time is about 11§ which is still compatible with
displacement maps. The main advantage of such a method g 30Hz frameate commonly used in computer animation.
ensure continuity in the resulting motion while satisfying the
constraintsHowever, displacement maps are supposed to know V.
all the constraints in advance in order to ensure continuity. In . - ) .
our case, when the supervisor provides an order, the syst@nfubject was asked to participate in this study. He was
should react rapidly, as a real human does. We consequently @@eipped with stereo glass (Crystal Eyes glasses for active
a frameby-frame ®lver driven by continuous constraints. In thestereovision). 5 reflective markers were attached to the glasses
selected motioM, the duréion between the current framg ©n a rigid body. The subject took position in the immersive
and the one corresponding tiee contact with the target is environment in order to interact with virtual fighters.
known. At t, the constint corresponds to the vectdtt,) When the subject moves into the enviremt, the opponent
betweenM(t) and the aimal targetX. At to, this distance is also moves to stay at a reachable distance for punching and
d(to)=0. In betweeng(t) is an interpolation betweed(t;) and kicking him. Its behavior is implemented with a simple finite
d(t). In our example, we choose to keep tirgét to the original State machine driven by the distance between the virtual fighter
position X at t, even if the head of the user moves. As &nd the user. In Fig, the head of the user is deled by a blue

New state

EXPERIMENTS AND RESUOS
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sphere and the motions (selected into the database) are ada

to reach the position of the sphere. » L) "
i " : R - ﬁ» ,._w«' . Ve
oty
Fig. 7. Adaptation of various punches and kicks selected into the database. ~
modified posture is represented in light blue and éingett is the blue sphere. !
) : ) )
As we can observe from the taldlethe global computation
time linearly depends on the size of the database. The requi
time from the beginning of the search algorithm to the retfirn o
the selected motion is abdub4s with aur full database. But as (a) A kick with the left foot
we use two separated threads to search and to display, the
@ R

process, leading to a continuous animation.

TABLE 1: COMPUTATION TIME ANALYSIS AGAINST THE NUMBER
OF MOTIONS IN THE DATABASE

NUMBER OF MOTIONS 75 60 45 30 15

COMPUTATION TIME (S) 054 052 046 038 0.34

system continues animating the virtual human during tt (A

L

%

(b) A punch with the righband

: n
: ‘R
Table2 shows computation times according to the clusterin .
parametrization. In our experiments, the algorithm gets be
performance whenthe number of clusters is set to o
approximately 100. This value, related to the number of pos
(i.e. number of frames), may change according to the size a
diversity of the database, or to the required constraints.

A
1

TABLE 2: COMPUTATION TIME ANALYSIS AGAINST THE NUMBER

OF CLUSTERS USING THE 75 MOTIONS Fig. 8 The morphological difference of the characters can lead to different
choices.

NUMBER OF CLUSTERS 10 50 100 200 1000

COMPUTATION TIME (9) 568 124 054 156 487 require large databases in order to deal with a large variety of
constraints. Moreover, motion graphs are generally based on a
S o ) homogeneous database obtained onurdque actor or
Cqmputatlon time is not the only criterion to consider. Let USreprocessed with retargetting algorithms. A classical
consider now some examples waehe morphology of the jternative is to adapt some selected motions using
subject significantly influences the choice of the motion in th&isplacement maps. In the example of the kiurfighter, in the
database. If we consider a unique constraint expressed relativg#ine process, the constraints imposed to the character are
to the root position, then different morphologies of the virtuglnknawn. They will be known in the redime application only.
human lead to different results dfet motion retrieval module \joreover the position of the constraint changes in an
(as shown in Fig8). These results illustrate the fact thay,npredictable way, depending on the displacement of the user.
constraints are normalized using the morphology which enablggpce. it is impossible to sohapacetime constraints in this

the system to produce more appropriate motions. highly interative application.
Because of the wide variety of constraints that may be
\V2 CONCLUSION imposed by the user in retine, most of previous methods fail

Th thod dinth . t bi Hicientl in dealing with a heterogeneous database. One of the main
€ method proposed In the paper aims at SeaeEMciently  , ,plems js to design a convenient distance metrics that

a.mot|o_n Into a heterogeneous datapase obtained with ac.lp\rlgrcome the problem of using different morphologies. Some
with various morphologies and according to a set of constrai

. di time b Moti h Id Wethods have proposed normalizations by the body size but
IMPposed in realime by a user. viotion graphs wou they cannot handle actual changes in morphology, such as big
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differences in proportions. Instead of searching a distanc®] M. Gl ei cher, fARetargett iPogofAGM i on t
metrics, we have insertedfast conversion module that ensures SIGGRAPH Jul. 1998, pp. 3312. 3 R :

0]J. Lee and S. Shin, AA hitenmediting hi c al
compatibility between the current pose of the character and for humanl i k e f Rrageedings af ACM SIGGRAPH 99p.

those stored into the database. This approach avoids performing 3948, Aug. 1999.
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