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Abstract— Synthesizing human motion signals is dif cult be- As such the general identi cation problem is very challenyi
cause of its multi-dimensional and nonlinear nature. Howeer, pecause of its nonlinearity and multi-dimensional natiliree
the locomotion is a synchronized motion, which means that #8e  .qra contribution of this paper is to show that it can be mod-
signals are related. Using this property, we propose a new rigod . Lo .
for modeling the human locomotion and identifying this modé. eled by linear multivariable SYStem_S thank_s toa _decomgosm
The input signals of our model is the trajectory of pelvis andthe ~ Of the human body structure into simple kinematic chains and
outputs are corresponding motion signals of whole human bod using exponential-map parameterization. The advantatiesf
To identify this system, we considered it as black-box, for Wich  model is that it is easy to manipulate and his computation
we propose an adapted method of identi cation using motion o mpjexity is very small, therefore the locomotion corigol
capture. We show that the identi ed model allows to generate - . L .
various human locomotion in a fast and ef cient way. can _be L.Jsed_for. |nteract|ye applications. _Moreoyer, while
classical identi cation techniques apply for single expent,
|. INTRODUCTION this work required extending them to multi-experimentssas
Locomotion is considered as the basic human motion.
However, this motion which appears simple and naive to us,
is a challenging topic in many sciences domains such As Black-box model
robotics [1], neuroscience [2], biomechanics [3] and com-
puter graphics [4]. Most of the approaches for synthesizing
human locomotion consist in processing a set of motion
capture data. Their objective is to provide a control model
allowing to perform new not recorded motion. Synthesizing
human locomotion is an active research area. Wityal
[5] use a database of motion capture to synthesize a new
motion by classical interpolation motion editing techrequ
Pettre and Laumond [6] use a technique inspired from the
previous method, the main difference is that their space of
interpolation is instantaneous velocities space (corsjpake).
Another method for automating gait generation was proposed
by Sunet al [7]. This method represents the locomotion
into sagittal-plane, which becomes the space of interjomiat
Kwon and Shin [8] have proposed a method based on motion
modeling in the objective of synthesizing on-line locomati Fig 1. A description of the ve open kinematic chains of humap
Unlike these previous approaches, in this paper we propesiulated structure
a new method to resolve the problem of synthesizing and
modeling human locomotion. This method is the result of the We consider the human 3D articulated structure presented in
comprehensive application of the identi cation theory ated Fig.1. It has 23 joints, each joint has three degrees of treed
applications to dynamic system. The identi cation is one dfDOF). They are represented by Euler angles. This structure
the most important elds in automatic and control domairs [9is decomposed into ve kinematics chains. Each chain is
Generally speaking, identi cation concerns with deterimina considered as subsystem, which will be modeled separately.
model of an unknown system subject to measured input-outpufig. 2 shows that the subsyste8;, in reality, contains
signals. In our case, the input signals are human captutad dae physical model with its control unit managed by human's
using a computer vision techniques. These signals are ugedin. The physical model is a complex nonlinear multivialea
to train the model. Our objective is to obtain an input-otitpwne. It can be obtained from biomechanics studies. However,
control model. The inputs are the trajectory of pelvisRA we do not have any information on the control unit. Therefore
during locomotion and the outputs are motion signals of tivee propose to consider the physical model and its control
whole human body. unit aggregate. Such a model can be obtained by black-box

Il. DEFINING MODEL STRUCTURES




We can formulate an exp-map froR? to S° as follows
000" =10:0;0;1]"

and forv60 e = sin(} )0;cosd ) 3)
R
g Jup =[av;awl
L_T_J whereq, is the vector part of quaternion,= jvj and¥¢ = J%J
m-t-- This transformation mapsto a unit quaternion representing a
! N rotation of about¢. The inverse of exp-map, the “log” map
—————— from S to R® is given as follows
2cos !
v = log(e’) = 2c0s _(Gv) (4)
Fig. 2. _A description of the model of subsyste®n related to the chain Jov)
number i As most of the motion captured data are represented by Eu-

ler angles, a conversion from and to Euler angles is negessar

approach [10], [11]. The structure of the model is unknowr-frltgls conversion can be obtained through the matrix of rotati

It takes the following general form

C. Input/output choice
: (1) It is well known that to achieve a good identi cation,
h (Xe; ue) + e the inputs signals should be persistently excited. Theeefo
considering the cartesian positions of pelvis during the lo
comotion directly as input signal hands out a poor model.

vi 2 RP is the output signals and is the measurement noise.However, by analyzing the motion signals, we have observed

The noisev; is considered to be independent of the ian}Pat Lhe three r(zjtatlons Og_gh? pe_IV|s td“T'”g Ithef Io?ﬁmotr:or_l
signal u;. In general, to identify the model in equation (1)Can € assumed as candidates input sighais for the chains

one de nes a subclass of parametric nonlinear system [lhl].jr’2 andd3, and Ijhs :hreg ro:a'u_ons IOff |OV\$I‘ n(;ck. caz bed
our case, such task is dif cult due to the multivariable matu assumed as candidates input signais for the chains & an

of the problem and the lack of informations about the modé. (Fig. 1). This choice is based on the kinematic structure

To solve this dif culty, we use the exponential-map parameqnd the frequency spectrum of these signals. Therefore the

terization [12]. This mapping ensures proper manipulatbn ;cgedma (if |dent||.ca.t|on becl())mef as |[I|_uh§tratet()j n tF'g‘ 3T|m ¢
nonlinear joint-angles quantities by linear multivaraibhodel enotes preliminary subsystem. 1his subsystem aflows 1o

[13]. Therefore the model becomes generate the thr(_ae rotations of pelvis as outputs, then they
are transformed into exp-map representation to play the rol

Xi = AX; 1+ Buy 1 of input signals to the subsyster8d; S2 and S3. The input

yi = Cx¢ + DUt + v (2)  signals ofS4 and S5 are the three rotations of lower neck in

exp-map representation. These signals can be obtained from

whereA;B;C;D are the constant system matrices. This clagie outputs of identied model 0863. To validate the above

sical system identi cation task can be solved by many stashdeassumptions, we should be able to identify the models, which

and robust algorithm [9], such as subspace methods (e.agproximate the outputs of each subsystem (chain) actyrate

N4SID in the MATLAB™ system identi cation toolbox). enough.

Unfortunately this fgnction handles_ only one d:_:lta set (in ou I1l. IDENTIEYING MODELS

case, only one motion captured trajectory). As in ourcase we . of PO-MOESP method

need an algorithm that can handle many data sets in the same )

time, we will shown how to adapt the classical PO-MOESP The PO-MOESP method is a class of subspace model

method [14] (see Section (IlI-A)) to deal with multiple datddenti cation [14]. Given the linear state space model

sets.

Xt+1 = f (X¢; uy)
Yt

wheref andh are unknown nonlinear functiong; 2 R" is
the internal state of the systemy, 2 R™ is the input signals,

Xt = AX¢y 1+ Buy 1

(5)
B. Exponential-map parameterization Yr = Cxi+ Duc+ v
where X¢, Ui, Yt and v; are dened as in Section (lI-A).

The exponential-map maps a vector R describing the e intent of the method is to calculate an estimation of the

axis and mag_nitude of a three _DOF rotatior_ls to the CO"&DadrupIe[A; B:C: D |. First, the input and output are stocked
sponding rotation. Among the various formulations of th@Ex ;. ankel matricea form

map [15], we have chosen the classical one proposed in [12].
Let S® be the set of unit-length quaternion aB®(3) is the
subgroup of orthogonal matrices with determinabt(rotation
matrices). In this formulation, we use rst a map frdR? to
S®, then the standard quaternion map for conversic®@g3). u u 4 un



Fig. 3. An overview of the identi cation schema

where the rst subscript refers to the index of the rst data

sample, stands for the number of rows in the matrix, and

N refers to the index of the last data sample in the matrix. Riz Rag = Yo ;v Q2 Qs

The number of rows should be chosen to be greater than the =( XN at+Vieon ) Q2Qs
system ordem [17]. The output Hankel matrix(;..y and
the noise Hankel matri¥/;. .y are de ned analogously. The L
following input-output equation is then easily derivedrfréhe o L UN _ -
system description (5): N“!lm N Vie: Q2Qs =0 wipd

it is not dif cult to see that

_ wherew:p:1 denotes with probability of one. Consequently,
.. = . + .. + ..
Y Xin o+ Ui Vi (©) the effects of the noise will vanish, thus is extracted from
Where is the extended observability matrix of the systenthe matrix R4, R4z using a singular value decomposition

is a block-triangular matrix (SVD) as follows
2 3 7 oT
CCA Ra2 Rgz = UpSp V) + U7 SV, (8)
= E ) z where the matrixS, contains the principals singular values
: (further than threshold), the dimension of this matrix gigeh
ZCA( b 3 (the dimension of;). Then the matrix can be estimated
D 0 0 0 as follow
CB D 0 0
- CAB CB D 0 = U, Si=2 )
and so we estimate the matric€set A directly from
cAC 2B CB D
C= (1:p) 10
andxl;N +1 = X1 X2 XN +1 - (1:( 1)p;:)A= (p+1: p; :) ( )

PO-MOESP method uses the past input and output data as an )
instrumental variable to remove the effects of the noismter!n order to nd B and D, we consider the least-squares

Consider the following QR factorization: solution to the overdetermined system of equations
2U ’ 2R 0 0 o0 °
1+ ;5N 11 T T
UL N Z _BRy Rp 0 O Z T . Un’ Rs1 Rz Rar = Uy’ R21 R22 Ruy
YN “4Ry Ry Ry 05° @ (11)

Yis oo Rs Rz Ruz Rug which provides a consistent estimate of , from which B

. _ andD are easily calculated.
where theR; are lower-triangular matrices and the column-

unitary matrixQ (QTQ = 1) is partitioned according to the B. Dealing with Multiple Data Sets
dimension of lower-triangular matricés; as It is clear that the model representation (6) holds for an
Q= Q:Q, Q3 Q4 arbitrary non-zero initial conditions. For that, non-zéndial

conditions have no effect at all on the calculations of the
If we consider the quantity quadruple[A;B;C;D]. As a result, dealing with multiple



data sets does not introduce an additional problem. As we

have mentioned, identifying the models of locomotion inves! J (A, k( 1. 0. 1A)R K3 (17)
concatenating multiple data sets corresponding to vati@is
jectory. Therefore we adapt PO-MOESP to deal with multiplesubject to
data sets as follows. Consider the following data sets
. N i P I n X T
Uyt o andi=1;2 ;K (12) X P O2n (18)

where each data set corresponds to a trajectory (expeDimen}1

P i+1) N g gi
For each input/output data set, we obtain the following dafdere i 2R is given by

i 2 .3
equatllon | | | C(A)
Yll; N = XIl;Ni a1t Ui; N + Vll; N (13) EC(A)Hl Z
Then the data equations can easily be combined as follows v :
i
[Yin Yin 1= x11;N 1+l xf;N « o+t C(A)

1 K 1 K
Uim s Yl * Vo Vi« and X , AP . We then computef from X and P as

A= XP L ifweletR , P the problem is converted
g an optimization problem that involves minimizing a linea
unction over symmetric cones (see [18] for more details) .

(14)
The structure of this equation is similar to that of the oradi
data equation (6), for that we still can use the main body
PO-MOSEP algorithm by computing QR factorization of th
following matrix

schema of identi cation process is illustrated in Fig.Note

) ) « 3 IV. IDENTIFICATION ALGORITHM

u:, .. jus, .. i Ul .

U11+ HN 1jU12+ HN 2} :U?N « To identify the model of locomotion, we should identify
YN 2PN 0 SN Z (15) the models of subsystenRS and (S; :i=1; ;5). The
Y11;;N 1 JY12;;N 2 JY1};<;N K
Y. iYe .. iYL .. . . . . .

. BN .} b A IV that we should consider all data sets in the identi cation

instead of that in equation (7). task therefore we use the extension of PO-MOSEP method to

C. Estimating initial conditions deal with multiple data sets. We summarize the identi catio

. . " ) algorithm as follows
The initial conditions are the initial value of internal t&a 9

(xo). Estimatingxo is necessary to have a correct initial 1) !dentifying the model of P'S: The inputs of this model

posture of virtual character. However, this estimationuétio are the cartesian positions of pelus = [Xt;yt?zt_]T
be done for one data set (one trajectory). Considering a data and the outputs are the three rotations of Pelvis
setf u;yig, we estimatex, from the following equation ¢; {; {1 . Estimating can be done directly from
2 3 2 3 the trajectory of pelvis (i.e} is the tangent angle of
Uz the trajectory in the plangy,zg).
Eyzz - ot EUZE (16) 2) identifying the models ofS;: To solve this problem, we
: 0 : use PO-MOESP method with the corresponding inputs-
y u outputs signals as illustrated in Fig. 3. For example, to

identify the subsysten$;. First, we should de ne the
input-output signals. By using the previous identi ed
model of PS, we can generate the three rotations of
D. Dealing with stable models pelvis as output, then these rotations are transformed

On account of concatenating various data sets, we may be [0 €xp-map representation to play the role of input
found unstable models. To overcome this problem we should ~Signals 10 S;. The output signals are the exp-map
choose a stable model verifying{A) < 1, where (A) stands representation corresponding to Euler angles of chain
for the spectral radius oh. Lacy et al [18] have proposed 1 (Fig. 1). Second, we apply PO-MOESP method to

a constrained optimization method to ensure the asymptotic ~ €Stimate the system matricg; B;C;D ). Note that
stability of the identi ed model in the context of subspace @S the subsystems are obviously stable, we enforce the

identi cation methods. The condition(A) < 1 is replaced identi ed models to be stable by applying the method
by equivalent Lyapunov inequalities explained in Section (Ill-D) .

The above explained algorithm of identi cation provides

) T a model, which takes as input a real trajectory (a trajectory

(A)<109 P 1n:P APA L obtained from motion capture) of pelvis and gives the motion

where > 0. signals of whole human body as outputs. As the implemen-
Once we obtain an estimate of the extended observabiligtion of our model will be done on an articial trajectory
matrix , the optimization problem is to minimize Xy = [xt;yt;zt]T (e.g. a composition of Bézier curves),

This equation provides an estimation>af using the pseudo-
inverse of matrix.



a preprocessing of the trajectory is needed. In fact, a real
trajectory can be decomposed into two parts as follows

2 3 2 3 2 3
Xt Xt Xt
X; = 4Yt5:4)’t5+4}#5 = X+ Xy (19)
Zt Zt Z

VI. CONCLUSION

In this paper, we have proposed a new method to model
human locomotion. The basic idea is decomposing the artic-
ulated structure of 3D human body into ve open kinematics
chains, then identifying the multivariable model of sulisys

corresponding to each chain. The rst obtained results are

whereX is the main trajectory of pelvis and; is related
to character zig-zags relative to his trajectory [19]. Huatt
transforming an arti cial trajectory into a real one can bmnd

encouraging, therefore enhancing the results to be morestob
and realism is the intent of our future work. Finally, we be#
that combining the techniques of identi cation and proven

by identifying X;. ExtractingX ; from the real trajectories can techniques of motion editing has a bright future.

be done by lteringx;, y; andz through a low pass lter, so
we obtainXy;.

As X7 is related to character zig-zags relative to his trajectore/
X is oscillated signals. Such signals can be modeled by
subspace representation without input sequence. Thi$amch
of subspace representation has the following form

(1]
(2]

wherez is the internal state. To estimate the matrideand [3]
C, we can use PO-MOESP method. As we know that the
model is not stable, we do not enforce it to be stable. [4]

Zt
Xt

AZt 1

20
CZt + Vi ( )

V. EXPERIMENTAL RESULTS [5]

In this section, we represent the results obtained by our
method. We have used a database of motion capture (4
different trajectories), which corresponds to one indiat
character. Fig. 4 represents a description of the impleatient 7
of locomotion controller using the identi ed models. We aot
that the dimensions of models corresponding to prepraegssi [8]
PSand(S;:i=1;2; ;5) subsystems are 10, 10, 15, 15,
10, 10, 10 respectively, and the computing time for modelingy
and synthesizing was 1250 sec using a PC with 1.5 GHz
processor and 512 MByte of RAM. We have validated thig®!
obtained model of locomotion on two examples

1) First example: In this example, the trajectory of pelviE”]
has been generated arti cially (straight line and arc of

circle). Fig. 5 illustrates screenshots of the obtaindd?]
result. [13]
Second example: In order to verify the generality of the

identi ed model, we consider a real trajectory correfl4]
sponding to another character. This trajectory has been
normalized such as the height of pelvis of this charactgg;
becomes the same of identi ed character. Note that, in

this example the preprocessing subsystem is not us&d!
Fig. 6 illustrates screenshots of the obtained result. [17]

The most observed visible artifact is footskate account for
the kinematic constraints imposed by the environment ate ngg
included in the identi ed model. However, such an artifact
can be corrected by existing methods if the footplants R
annotated [13], [20] as postprocessing. Indeed, this task m
violate the real-time constraints, therefore we can negiigs [20]
artifact in the case of interactive applicationddeos related
to this work are available at http://www.laas.fréuleiman

2)
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Fig. 4. An overview of the implementation of the method usihg identi ed models

Fig. 5. First example: screenshots of the application oflocomotion model on an arti cial trajectory of pelvis (sight line and arc of circle)

Fig. 6. Second example: screenshots of the application ofomomotion model on a real trajectory of pelvis



