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Abstract. In this paper we analyze walking sequences of an actor performing walk under eleven diﬀerent states of mind. These walk sequences
captured with an inertial motion capture system are used as training data
to model walk in a reduced dimension space through principal component analysis (PCA). In that reduced PC space, the variability of walk
cycles for each emotion and the length of each cycle are modeled using
Gaussian distributions. Using this modeling, new sequences of walk can
be synthesized for each expression, taking into account the variability of
walk cycles over time in a continuous sequence.
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1

Introduction

Modeling of all kind of human behaviors is a very challenging ﬁeld of study, as
those behaviors which are so natural for the human eye are very often extremely
diﬃcult to model, and even more diﬃcult to mimic. It is also the case for human
motion, which is a complex phenomenon involving our physiological structure as
well as our capacity to adapt to external constraints and to feedbacks from our
body.
In the ﬁeld of virtual human animation, various approaches can be taken to
synthesize realistic human motion. In particular, there has been a lot of interest
in the ways of using and re-using motion capture data [5], a technology that
brings the movements of real humans into the virtual world. The main problems
encountered with motion data are its variability and its high dimensionality;
which make it hard to retrieve, analyze, adapt and modify motion patterns
either made “on demand” or coming from an existing motion database.
Two main approaches are encountered regarding the use of motion capture
data for animation. The ﬁrst one consists in building a database, developing
techniques to retrieve motion parts in this database, editing these motion parts
if needed, and blending them together [6].
The second one uses various machine learning techniques in order to build
models based on training motion capture data. The models can later be used
to synthesize new motion sequences without resorting to the database initially
used for training [2,7,1].
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In this paper, we focus on the second approach. We model walk cycles performed with eleven diﬀerent styles as well as the cycle variation over time during
each walk sequence, using a ﬁnite number of parameters. Contrarily to most
studies addressing this topic, we do not only model style variations but also the
variability of motion cycles over time, as these variations are an intrinsic part of
the plausibility of the synthesized motions.
Our method, based on the method by Glardon et al. [7,8] uses principal component analysis (PCA) to reduce the dimensionality of each walk cycle and to
model the diﬀerent style components. A Gaussian modeling of the data represented in the PC space is then conducted and enables us to model the variability
of the walk cycles over time and thus to introduce some randomness in the synthesized sequences.
This paper is organized as follows. Section 2 makes a brief review of related
work. The recording of the database is then presented in Section 3 and is followed
by the preprocessing of the data prior PCA in Section 4. Section 5 presents the
PCA of the original data and in Section 6 we explain how the PC subspace
was modeled. Section 7 presents how this modeling enabled us to extrapolate
and synthesize new motion sequences and the results are discussed in Section 8.
Section 9 will conclude this paper by presenting future work.

2
2.1

Related Work
PCA for Dimensionality Reduction

PCA [13] is a widespread technique, consisting in ﬁnding, by rotation of the
original set of axis, the best set of orthogonal axis (corresponding to principal
components) to represent the data. Variables in the PC space are thus uncorrelated. The principal components are ordered so that the ﬁrst ones retain most
of the variation present in all of the original data.
This approach is widely used as a ﬁrst step in motion data analysis and
synthesis, mainly to reduce the dimensionality of the data vector needed to
describe the pose of the character at each frame (see for instance [17,2,4,10]).
This is based on the assumption that despite the high dimensionality of the
original motion description space, most human movements have an intrinsic
representation in a low dimensional space [3].
Only a few studies use PCA not for reducing the dimensionality of the angle
data, but as a way of modeling motion units composed of a sequence of frames.
Thanks to their periodicity, walk cycles are especially well suited for such an
algorithm. This approach as been taken for instance by Glardon et al. [7,8] and
Troje [18].
2.2

Statistical Motion Data Modeling

Walk synthesis techniques taking into account the variability of the walk cycle
over time also exist. They use statistical learning techniques to automatically
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extract the underlying rules of human motion, without any prior knowledge,
directly from training on 3D motion capture data. Starting from the statistical
models trained that way, new motion sequences can be generated automatically,
using only some high-level commands from the user. Two movements generated
by the same command (for example executing two walk cycles) will never be
exactly identical. The result presents a random aspect as can be found in the
human execution of each motion, and becomes potentially more realistic than
the repetition of the same motion capture sequence over and over. The motions
produced that way are thus visually diﬀerent, but are all stochastically similar
to the training motions.
In order to take into account the high dynamic complexity of human motion,
most of the researches in this path base their training on variations of hidden
Markov models, Markov chains or other kind of probabilistic transitions between
motions [17,20,14].

3

Database Recording

The performance of models trained on data will highly depend on the quality
of the data and its accuracy of description of the phenomenon that has to be
modeled. As motion capture is the only way to obtain realistic 3D human motion
data [15], it is the only way to obtain representative training data for statistical
modeling of human motion.
Most motion capture recordings are performed using optical motion capture
devices. This technology very often implies space constraints and treadmills have
to be used to record walk databases, which impairs the naturalness of walking.
Our database was created using the IGS-190 [11], a commercial motion capture
suit that contains 18 inertial sensors consisting of a three axis accelerometer, a
three axis gyroscope and a three axis magnetometer. This kind of motion capture
suit has no space limitation and walk can thus be recorded in a more natural
way. This is especially interesting for expressive gait where the subject does not
always follow a perfectly straight trajectory and is thus given more freedom when
he is not constrained to a given speed and trajectory like he would be with a
treadmill.
The inertial motion capture suit captures directly angles between the body
segments hence no mapping is necessary between tracked 3D positions of markers
and joint angles.
Each motion ﬁle contains two parts: the skeleton deﬁnition and the motion
data. The ﬁrst part consists in deﬁning the hierarchy of the skeleton, an approximation of the human body structure used in all motion capture systems which
consists in a kinematic tree of joints modeled as points separated by segments
of known constant lengths.
In the motion data part, the ﬁrst three values of each frame give the 3D
position of the root of the skeleton. They were discarded, as they depend on the
displacement and orientation of the walk and can be recalculated given the foot
contact with the ground and the leg segments lengths. The pose of the skeleton
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Table 1. Database walk styles and corresponding number of cycles recorded
Walk Nbr

Style

Number of Cycles

1
2
3
4
5
6
7
8
9
10
11

Proud
Decided
Sad
Cat-walk
Drunk
Cool
Afraid
Tiptoeing
Heavy
In a hurry
Manly

21
15
31
25
38
23
16
18
23
19
18

Total

Sad

247

Afraid

Drunk

Decided

Fig. 1. Four example postures taken from the motion capture database (sad, afraid,
drunk and decided walks)

at each frame is then described by 18 tridimensional joint angles, which gives 54
values per frame to describe the motion. In our database, the data was recorded
at a frame rate of 30 fps.
For the recording session, an actor wore the motion capture suit and walked
back and forth on a scene. Before each capture sequence, he was given instructions about the“style” of walk that he had to act.
The walk sequences where then manually segmented into walk cycles (one
cycle including two steps, one with each leg). We deﬁned arbitrarily the boundary
of our walk cycles as the ﬁrst contact of the right foot with the ground (heel or
toe depending on the walk style). As the actor walked back and forth, a turn
was captured after each straight walk trajectory. Only the perfectly straight walk
cycles were kept in this database, removing the turn steps and the transitions
between turn and straight walk. Depending on the style of walk performed and
its corresponding step length, a diﬀerent number of walk cycles was recorded
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for each style. The eleven styles and their corresponding number of cycles are
presented in Table 1. These eleven styles were arbitrarily chosen as they all have
a recognizable inﬂuence on walk, as illustrated in Fig. 1.

4

Data Preprocessing

First of all, in order to avoid discontinuity problems associated with Euler angles,
our original joint angle format, the motion data is converted in its quaternion
form. In addition, this conversion enables us to interpolate between two motion
poses using the SLERP algorithm [16].
The actor moved across a scene, walking back and forth. The global orientation
of the actor, encapsulated in the joint angle values of the root of the skeleton,
were rotated so that the walk sequences in the database always face the same
direction.
As the number of frames for each walk cycles varies broadly across styles and
over time for a single walk sequence, the time length of the walk cycles was normalized in order to give the same weight to each cycle in the subsequent PCA.
This data resampling was performed using the SLERP algorithm for interpolation and all cycles were resampled to 40 frames. Furthermore, the same number
of cycles had to be kept for each walk style when building the PC space. As 15
is the maximum common number of cycles (walk number 2 (decided style) has
only 15 examples (see Tab. 1)), the ﬁrst 15 cycles of each walk were kept for the
PCA step, for a total of 165 cycles out of 247.
Unfortunately, PCA is a strictly linear algorithm and cannot be applied on
quaternions as they do not form a linear space. The non linear quaternion rotations have thus to be converted into a linear parameterization. Our quaternion representation of joint rotations was reparameterized into exponential maps
[9,12] that are locally linear and where singularities can be avoided. In addition
to that, this transformation maps the four values of quaternion angles to three
values for exponential map representation and reduces the dimensionality of our
data before PCA. Each walk cycle is thus represented after data preprocessing
by a vector with a ﬁxed number of variables:
40 f rames ∗ 18 joints ∗ 3 dimensions f or exponential maps = 2160 values.

5

Principal Component Analysis

Given a set of numerical variables, the aim of PCA is to describe that original
set of data by a reduced number of uncorrelated new variables. Those new variables are linear combinations of the original variables. Reducing the number of
variables causes a loss of information, but PCA ensures that loss of information
to be as small as possible. This is done by ordering the new variables by the
amount of variance of the original data set that they capture.
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In our case, the variables of the original data matrix on which the PCA will
be performed are the 2160 values representing each walk cycle. The observations
of these variables are the:
15 cycles per style ∗ 11 walk styles = 165 observations of the walk cycle.
When performing PCA, a mean centering is ﬁrst necessary for the ﬁrst principal component to describe the direction of maximum variance and not the mean
of the data. We thus compute the mean vector out of our 165 walk cycles and
remove it from our data matrix before PCA. The PCA can then be carried and
the subspace of the principal components is calculated. Given that in our case
the number of variables (P =2160) is higher than the number of observations
(N =165), the number of principal components is reduced to the number of observations minus one (N -1=164). The new variables in the PC space can then
be expressed as follows:
Z = XA
(1)
with X the original data matrix minus the mean of size N xP , Z the matrix of
principal component scores (or the original data in the PC space) of size N xN 1 and A the loadings matrix (or the weights for each original variable when
calculating the principal components) of size P xN -1.
As was stated before, PCA orders the principal components according to
how much information (or variance from the original data) they represent. The
contribution of each component to the whole original information is represented
as a cumulative percentage in Fig. 2.

Cumulative information percentage

100
90
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60
50
40
30

0

20

40

60
80
100
120
Number of principal components

140

160

180

Fig. 2. Cumulated percentage of information contained in the 164 principal components

As PCA is performed in the ﬁrst place to reduce the dimensionality of the
original data, one has to decide how many principal components are to be kept.
A very usual way of doing this is to keep the ﬁrst k principal components that
represent 80% of the cumulative percentage of information. Unfortunately, this is
an empirical criterion as, depending on the variation present in the original data,
80% of these variations will represent very diﬀerent levels of detail in the original
motion. In our case, 80% of cumulated percentage was reached with 10 PCs but
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Fig. 3. Scores of the ﬁrst four principal components, for the 15 occurrences of each of
the eleven diﬀerent styles (see Tab. 1)

the data reconstruction using only 10 PCs was visually signiﬁcantly impoverished
compared to the original data as the style variations were smoothed. So we
chose to increase the cumulated percentage of information in our PC subspace
by using more principal components. Taking into account 90% of the cumulated
percentage of information, which corresponds to 23 principal components, gave
data reconstruction that was very diﬃcult to diﬀerentiate from original data by
the human eye.
As our original 165 walk cycles diﬀer mainly in their style, the ﬁrst PCs that
represent the more variation in the original data will represent mainly the style
variations. This assumption is veriﬁed and represented in Fig. 3 where the scores
of the ﬁrst four principal components for 15 sequences of each of the 11 diﬀerent
styles are illustrated. We can choose any pair of styles: one or several of the PCs
will always enable us to diﬀerentiate them. For instance even if the ﬁrst style
(decided) is very similar to the second one (sad) if we look at the 2nd or 4th
PCs, the 1st and 3rd PCs enable to diﬀerentiate those two styles very well.

6

Principal Component Space Modeling

Once principal component analysis is performed, both Z, the matrix of variables
expressed in the new PC space (scores matrix), and A, the transform matrix
from the original space to the PCA space (loadings), are available. In Section 5,
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Fig. 4. Variations of the durations and of the scores of the ﬁrst four PCs for 15 walk
cycles with a decided style. The diﬀerent windows in one row show the cycles that
follow each other in one straight walk trajectory between two turns (i.e. the continuous
walk sequences).

only 15 examples of walk cycle were kept for each motion style so that each
walk style was represented by the same number of cycles. Once the PC space is
determined giving the same importance to each style, the transformation matrix
A can be used to transform the remaining walk cycles, that were not used for
principal component analysis, into the PC space. This enables us to take fully
advantage of our database for the analysis of the inter-cycles variability of each
motion style.
As we have seen in Section 5, PCA enabled us to capture the style variation of
walk cycles in a reduced number of principal components. But as could already
be seen in Fig. 3, the principal components do not only vary according to style
but they also vary along several occurrences of walk cycles for a given style.
This phenomenon can already be noticed in straight natural walk, but is heavily
ampliﬁed in these acted style walk sequences. In this kind of walks, the variability
of walk cycles over time is an intrinsic part of the plausibility of the whole
sequence. A single walk cycle repeated again and again will rapidly loose all
believability in the eye of the spectator. This is why we decided to model the
time variability of each style expressed in the PC space rather than taking only
one sample of each style for building the PC space or taking only the mean of
the principal component scores for each style.
Following the same reasoning, the time variability of the duration of each walk
cycle before time normalization to 40 frames per cycle was also modeled for each
style independently.
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Figure 4 shows the variability of the scores of the ﬁrst four principal components and of the cycle duration over the ﬁrst 15 examples of walk cycles for style
4 (drunk walk).
We analyzed how principal component scores varied over time for walk cycles that follow each other but there appeared to be no obvious law directing
the variations, except that they always stayed in the same range and that the
variations between two adjacent cycles did not exceed a given threshold. We
decided to model these variations using a very basic description. Each principal
component score is modeled as a Gaussian distribution, whose mean M eani and
standard deviation StdDevi are computed using all the available walk cycles for
the style being modeled. The maximum variation between two adjacent walk
cycles is also calculated and used later in the motion synthesis step. The same
process is repeated with the time duration for each walk style.
Once this is done, our whole database is modeled using a ﬁnite number of parameters, that can then be used to produce walk sequences that vary accordingly
to the original data at each cycle.

7
7.1

Walk Synthesis
New PC Space Variable Production

Once all our models are trained, they can be used to produce new sequences
of motion that have the same characteristics as the original data and make
thus new plausible motions. In this work, we did not study the possibility of
morphing one walk style into another one in the PC space, so we only produce
walk sequences for one given walk style at a time. Once the style is chosen,
the ﬁrst step of this synthesis is to produce new values of the scores in the PC
space for each cycle of the walk sequence to be synthesized. Given the Gaussian
distributions calculated in Section 6 and a RandGauss function that outputs
Gaussian distributed random values with mean zero and standard deviation one,
the new score corresponding to the ith PC of the tth walk cycle is calculated as
follows:
t
Zsynth
(i) = M eani + StdDevi ∗ RandGaussti
(2)
To help synthesizing plausible walk sequences and cycles that can be smoothly
concatenated, a post-processing step is then performed to ensure that the variation between the scores of two subsequent cycles does not exceed the threshold
of the original data, and reduce the gap by recalculating the concerned score if
it was to be the case.
7.2

From PC Space to Original Data Format

Once we have our synthesized scores in the PC space for each one of the walk
cycles, the transformation from the PC space to the original motion space can
easily be performed using the following equation:
t
t
= M eanOrigData + Zsynth
∗ AT
Xsynth

(3)
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t
The data Xsynth
can then be brought from its exponential map form to the
quaternion representation of joint angles. In the quaternion space, a resampling
of the walk cycles can be performed using the SLERP algorithm, according to
the synthesized durations obtained in the same manner as the PC scores:

DurationtSynth = M eanDur + StdDevDur ∗ RandGausst

(4)

The cartesian coordinates of the root of the skeleton can then be computed.
Using our knowledge of the boundaries of the synthesized walk cycles and calculating the height of each foot thanks to the known leg segment lengths, we
determine which foot is in contact with the ground. From that ﬁxed 3D position, we calculate the position of the whole body until the other foot becomes
the reference, and so on for the whole sequence.
This method enables us to ensure that no foot sliding eﬀect can occur, as
the displacement of the whole body is driven by the foot contact point with the
ground.
7.3

Cycles Concatenation

Given that the M eanOrigData of the PC space to original space recomposition is
the same for all sequences, and that the variations between PC scores from adjacent motion cycles were kept under values encountered in the training database,
no huge diﬀerences appear between the end of one cycle and the beginning of
the following one. A very simple smoothing was thus suﬃcient to ensure that
the cycle transitions were not disturbing for the human eye.

8

Results

Thanks to the method presented in Sections 5 and 6 we modeled our original
data in a PC space that makes obvious the style diﬀerences in our walk cycles. In Section 7, these diﬀerent styles were then modeled in that PC space
and the use of random Gaussian values enabled us to introduce variability over
time into the synthesizing process in a very simple way, while keeping the new
motion data plausible. With a ﬁnite and reduced number of parameters we are
now able to produce an inﬁnite number of new motion sequences, as one cycle is not looped over and over for each style but a new cycle is produced
each time. Some examples of synthesized motion sequences can be found at
http://tcts.fpms.ac.be/˜tilmanne/.
The method presented in this paper uses very simple algorithms and modeling
techniques but still outputs very interesting results even convincing to the human
eye, which is very sensitive to motion naturalness. In this study, we analyzed
motions presenting very diﬀerent style characteristics, which is quite unusual for
such a study but still very interesting as characters in the virtual world very often
present exaggerated or over-acted behaviors. With as low as 23 components,
eleven completely diﬀerent walk styles were represented, some of them like the
drunk walk presenting a very high intra style variability.
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Future Work

One recurrent problem with motion data analysis and synthesis is the diﬃculty
to evaluate the produced motion sequences. The next step for this study will
thus be to perform an user evaluation to assess the naturalness of the produced
motion and whether the loss of information when reducing the dimensionality of
the data using PCA is perceived by the user. Several factors inﬂuencing the ﬁnal
results have to be studied, like how diﬀerent from each other the original walk
styles appear to the subject, how the subject perceives the diﬀerence between
original motions and synthesized motions, how time variability inﬂuences the
naturalness of the motion compared to a single walk cycle looped, and how the
number of principal components inﬂuences the reconstructed motion.
With very simple algorithms we were able to build a perpetual walking synthesizer. As we performed our principal component analysis on the whole database,
all walk styles are represented in the same PC space. Even if we did not use this
property here, the aim is now to be able to produce smooth style transitions
into the PC space, so that our perpetual walker could not only walk with time
variability but also move its expression from one style to any other style. This
could include direct trajectories in the PC space or a transitional neutral walk.
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