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Abstract

This paper presents the evaluation process of the character’s mo-
tion reconstruction while constraints are applied to the covariance
matrix of the motion prior learning process. For the evaluation pro-
cess, a maximum a posteriori (MAP) framework is first generated,
which receives input trajectories and reconstructs the motion of the
character. Then, using various methods to constrain the covariance
matrix, information that reflects certain assumptions about the mo-
tion reconstruction process is retrieved. Each of the covariance ma-
trix constraints are evaluated by its ability to reconstruct the desired
motion sequences either by using a large amount of motion data or
by using a small dataset that contains only specific motions.
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1 Introduction

Even if human motion is non-linear, methodologies for construct-
ing linear models to reconstruct human motion have been proposed.
The primary goal of these models is to constrain the covariance ma-
trix, which is responsible for reconstructing the character’s posture
as naturally as possible at each time step. In addition, because hu-
man motion is high-dimensional data, mixture models that assign
the motion reconstruction process to multiple local regions have
been proposed. The motion models are important because they gen-
eralize the existing motion data to reconstruct human motion natu-
rally. In this case, it has been assumed that the covariance matrix
of the mixture model plays an important role during the reconstruc-
tion process. Its role is to enable the model to reconstruct the human
motion by local regions. Thus the covariance matrix of the model
can be constrained to understand the influence of the reconstruction
process.

This study examines the feasibility of an evaluation process that
combines the importance of the covariance matrix using four dif-
ferent techniques. They are factor analysis, principal component
analysis, k-subspaces, and the isotropic. Based on those methods,
the evaluation process uses motion sequences related to walking,
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jumping, punching, and a golf swing to evaluate the reconstruction
error of each motion model. The proposed evaluation procedure
is implemented using a maximum a posteriori (MAP) framework.
The MAP framework reconstructs human motion by retrieving in-
formation from the current input trajectories, which are constrained
to the previously synthesized postures of the character.

The remainder of this paper is organised into the following sections.
In Section 2, the related work is presented. Section 3 provides an
overview of the methodology that is used for the motion reconstruc-
tion process, as well as an overview of the evaluation process. The
ability to formulate the reconstruction process in a MAP framework
with the four different constraint techniques of the covariance ma-
trix, which are used for the evaluation process, is given in Section 4.
Section 5 contains the procedure of the evaluation process, and the
results obtained from it. Finally, conclusions drawn from this study
and a discussion of potential future work are provided in Section 6.

2 Related Work

Among the most commonly examined methodologies to animate
virtual characters are data-driven techniques. By using existing mo-
tion capture data with those techniques, it is possible to animate vir-
tual characters. In general, during the past, many data-driven tech-
niques to edit, retarget [Gleicher 1998][Lee and Shin 1999][Abe
et al. 2006] or synthesize new sequences of character motion using
pre-captured motion data [Kovar et al. 2002][Arikan and Forsyth
2002][Safonova and Hodgins 2007] have been proposed. The ad-
vantage of those techniques is the ability to manipulate and concate-
nate the data by using techniques such as interpolation [Safonova
and Hodgins 2007], warping [Witkin and Popović 1995], blending
[Ménardais et al. 2004], and splicing [van Basten and Egges 2012]
to enforce parametric constraints on captured motions.

Moreover, various methodologies to animate the whole-body of
virtual characters by using kinematics-related solutions, such as
[Badler et al. 1993][Yin and Pai 2003], are proposed. Alternatively,
in data-driven motion synthesis techniques [Shin et al. 2001][Kelly
et al. 2010], the low-dimensional control signals obtained from
the motion capture device are used to retrieve suitable motion
sequences from a database that contains high-dimensional mo-
tion capture sequences. The reuse of pre-recorded human motion
data requires efficient retrieval of similar motions from databases
[Keogh et al. 2004][Müller et al. 2005], as well as a good under-
standing of how motions must be parameterized in order to yield
smooth transitions between several retrieved motion clips [Kovar
and Gleicher 2003].

On the other hand, statistical motion models are often described as
several mathematical functions that represent human motion by a
set of parameters associated with probability distributions. So far,
using pre-captured motion data to learn statistical motion models
has been used for key frames interpolation [Li et al. 2002], motion
style synthesis [Brand and Hertzmann 2000] or speech-driven facial
expressions [Bregler et al. 1997][Brand 1999], full-body motion re-
construction [Mousas et al. 2014a] and hand motion reconstruction
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Figure 1: For evaluation reasons, given a reference motion sequence (left), the system extracts the necessary trajectories (middle) and
reconstructs (right) the motion of the character based on those trajectories.

[Mousas et al. 2014b], for motion deformation [Min et al. 2009],
interactive creation of a characters pose using a mouse [Grochow
et al. 2004][Wei and Chai 2011] or control of human actions using
vision-based tracking [Chai and Hodgins 2005], real-time human
motion control with inertial sensors [Liu et al. 2011] or accelerom-
eter sensors [Tautges et al. 2011], building physically-valid motion
models for human motion synthesis [Wei et al. 2011], for quantify-
ing natural human motion [Ren et al. 2005] and so forth.

In past years, a number of researchers have developed approaches
that use few constraints provided by sensors to control high-
dimensional human motions. For example, Shotton et al. [Shotton
et al. 2011] and Wei et al. [Wei et al. 2012] used a single depth
camera to track and reconstruct various human motions. Their ap-
proaches acquired no markers attached to a user’s body. However,
no less than 15 control points were needed to segment the human
body. Semwal et al. [Semwal et al. 1998] combined the inverse
kinematics algorithm and the few constraints from eight magnetic
sensors to provide an analytic solution for human motion control.
Chai and Hodgins [Chai and Hodgins 2005] used six to nine retro-
reflective markers as the control points for online human motion re-
construction. Slyper and Hodgins [Slyper and Hodgins 2008] used
five inertial sensors for real-time upper-body control. Recently, Liu
et al. [Liu et al. 2011] achieved full-body human motion control
using the positional and orientational constraints from six inertial
sensors. Tautges et al. [Tautges et al. 2011] utilized few constraints
provided by four accelerometer sensors to control full-body human
motion.

All of these previously mentioned methodologies are responsible
for animating and reconstructing the motion of virtual characters
mainly by using motion capture technologies. In general, motion
reconstruction can be undertaken in both on-line and off-line appli-
cations. The development of those techniques has, as its main con-
cern, implementation on real-time performance interfaces. Hence,
the evaluation process in this paper, even if the motion is generated
off-line, attempts to determine the ability to reconstruct the motion
of the character based on the ability to use four different covariance
matrix constraints. Hence, the results of this evaluation process pro-
vide an understanding of how possible it is to design new statistical
motion models that are able to reconstruct high quality motion se-
quences. Finally, it should be noted that we used in this evaluation
process the standard markerset, which consists of six markers (see
Figure 3(c)), as have been used in various previous methodologies
[Chai and Hodgins 2005][Liu et al. 2011]. We assume that such a
markerset can satisfy the required assumptions to understand how
each of the covariance matrix constraints reacts to the motion re-

construction process.

3 Overview

This section presents an overview of the motion reconstruction pro-
cess that is used for the evaluation process. The motion reconstruc-
tion process is divided into the following steps:

Prior Modelling: The prior modelling is important in human
motion reconstruction because the system should be able to auto-
matically construct the prior learning process. The prior model is
used to compute the naturalness of the human pose. It is also used to
constrain the reconstructed poses to remain in the space of natural-
looking. In this paper, four different covariance matrix approaches
for constraining prior modelling methodology were implemented.

Motion Reconstruction: The reconstruction process can be
performed either in real-time by using sensors attached to the user’s
body or by using off-line methods in which input trajectories recon-
struct the character’s motion. The system extracts the spatiotempo-
ral information that is stored in an off-line process using an existing
sequence of motion data. Then, the system retrieves the input tra-
jectories [c1, ...,ct ] (which, in this case, are trajectories retrieved
from a reference motion) that contain the global position and orien-
tation of each trajectory at each time step. These trajectories spec-
ify the desired trajectories of a certain point on the animated char-
acter. The motion reconstruction process is formulated in a MAP
framework that combines the prior term encoded by the different
distribution models with a likelihood term, which is retrieved from
the control inputs. Figure 1 provides an example of the reconstruc-
tion process based on extraction of the necessary trajectories from
a reference motion. Figure 2 represents the pipeline of the motion
reconstruction process.

Evaluation: The evaluation process has two main steps. First,
a single action of the character is reconstructed by assigning only
actions that are similar to those contained in the database - such as
reconstructing a walking motion sequence by using a walking mo-
tion dataset - to the prior term of the motion reconstruction process.
The same procedure is then repeated although it may use the entire
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Figure 2: The pipeline of the motion reconstruction process.

amount of data. Finally, each reconstructed motion is evaluated us-
ing the leave-one-out cross validation method. Both methodologies
are repeated in various combinations of input data that are retrieved
from the input trajectories.

4 Motion Reconstruction

This section presents both the covariance matrix constraint tech-
niques used for the evaluation process and the MAP framework
used to reconstruct human motion.

4.1 Constraining the Covariance Matrix

A majority of techniques have been proposed in recent years to con-
strain the covariance matrix. Among the best known of those are
factor analysis, principal component analysis, the k-subspaces and
isotropic techniques, which are compared in this evaluation. Var-
ious other statistical models also have been proposed for human
motion reconstruction. Some of them are examined in the articles
by Bowden et al. [Bowden et al. 2000] for reconstructing human
motion from monocular image sequences, and [Bowden 2000] for
learning and reconstructing human motion based on statistical mod-
els. The approaches that were used in this evaluation are described
below. In addition, in the following subsections, I denotes the iden-
tity matrix, Ψ denotes a diagonal matrix, and Λ denotes a D× d
matrix, where d < D. A detailed explanation of the covariance ma-
trix constraints can be found in [Verbeek ].

4.1.1 Factor Analysis

Factor analysis (FA) is a parametric statistical model that represents
high-dimensional data using the low-dimensional data of hidden
factors. In general, the covariance matrices in FA are constrained
to assume the following form:

Σ = Ψ+ΛΛ
T (1)

The d columns of Λ are often referred to as the “factor-loading ma-
trix”. Each column of Λ can be associated with a latent variable. In
the diagonal matrix, Ψ, the variance of each data coordinate is mod-
elled separately, and additional variance is added in the directions
spanned by the columns of Λ. The covariance matrix is specified
by the number of parameters equal to O(Dd). To solve the mixture
of factor analyzers (MFA), the expectation-maximization (EM) al-
gorithm (see reference [Ghahramani and Hinton 1996] for how to

apply the EM) for mixtures of factor analyzers is used. The de-
terminant and the inverse of the covariance matrix are efficiently
computed using two identities as follows:

|A+BC|= |A|× |I +CA−1B| (2)

(A+BCD)−1 = A−1−A−1B(C−1 +DA−1B)DA−1 (3)

Using these identities, the inverses and determinants of d× d and
diagonal matrices are computed, rather than the full D×D matrices,
which would results in a lower performance by the system. Thus,
the equations are computed as follows:

|Ψ+ΛΛ
T |= |Ψ|× |I +Λ

T
Ψ
−1

Λ| (4)

(Ψ+ΛΛ
T )−1 = Ψ

−1−Ψ
−1

Λ(I +Λ
T

Ψ
−1

Λ)−1
Λ

T
Ψ
−1 (5)

4.1.2 Principal Component Analysis

In the principal component analysis (PCA) [Jolliffe 2005][Tipping
and Bishop 1999b], the constraints are similar to those of FA, but
the matrix Ψ is further constrained to be a multiple of the identity
matrix as follows:

Σ = σ
2I +ΛΛ

T where σ > 0 (6)

A mixture of Gaussians (MOG), in which the covariance matrices
are of this type, is termed a “mixture of probabilistic principal com-
ponent analyzers” [Tipping and Bishop 1999a]. Principal compo-
nent analysis [Jolliffe 2005][Tipping and Bishop 1999b] (PCA) ap-
pears as a limiting case if the mixture has only one component and
the variance approaches zero, i.e., σ2→ 0 [Roweis 1998]. Let U be
the D× d matrix with the eigenvectors of the data covariance ma-
trix, where d has the largest eigenvalues, and let V be the diagonal
matrix with the corresponding eigenvalues on its diagonal. Then,
the maximum likelihood estimate of Λ is given by Λ =UV 1/2. For
probabilistic principal component analysis (PPCA), the number of
parameters is also O(Dd), as it is for FA.

To highlight the difference between PCA and FA, assume the fol-
lowing. Using PCA, arbitrarily rotate the original basis of the space.
The covariance matrix that is obtained for the variables that corre-
spond to the new basis is still of the PCA type. Thus the class of
PCA models is closed to rotation, which is not the case for FA. If
some of the data dimensions are scaled, the scaled FA covariance
matrix will still be of the FA type. Thus, the class of FA models
is closed to non-uniform scaling of the variables, which is not the
case for PCA models. If the relative scale of the variables is not
considered to be meaningful, an FA model may be preferable to a
PCA model, and vice versa if relative scale is important.

4.1.3 k-Subspaces

The k-subspaces technique provides the ability to further constrain
the covariance matrix so that the norm of all columns of Λ is equal
to the following:

Σ = σ
2I +ΛΛ

T with ΛΛ
T = ρ

2I and σ ,ρ > 0 (7)

This type of covariance matrix was used in [Verbeek et al. 2002] to
create a non-linear dimension-reduction technique. The number of
parameters is O(Dd).

Using this type of covariance matrix with EM to train an MOG
creates an algorithm known as k-subspaces [Kambhatla and Leen
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1993][de Ridder 2001] under the following conditions: (i) all mix-
ing weights are equal, i.e., πs = 1/k, and (ii) the σs and ρs are equal
for all mixture components, i.e., σs = σ and ρs = ρ . Then, taking
the limit as σ → 0, k-subspaces are obtained. The term k-subspaces
refers to the k linear subspaces that are spanned by the columns of
Λs. The k-subspaces algorithm iterates in the two following steps:

Step 1: Assign each data point to the subspace that best recon-
structs the data vector (in terms of squared distance between the
data point and the projection of the data point on the subspace).

Step 2: For every subspace, compute the PCA subspace of the
assigned data to obtain the updated subspace.

4.1.4 Isotropic

The final constrain process of the covariance matrix is based on
the isotropic technique. This shape of the covariance matrix is the
shape that is most constrained. It is mathematically represented by
the following:

Σ = σ
2I where σ > 0 (8)

This model is termed an isotropic or spherical variance because the
variance is equal in all directions. It requires a single parameter
σ . In general, if all components share the same variance, σ2, and
that variance approaches zero, the posterior of the components for
a given data vector tends to put all of the mass on the component
closest to the data vector by Euclidean distance [Bishop 1995]. This
means that the E-step becomes to finding the closest component for
all data vectors. The expectation procedure counts the term for the
closest component. For the M-step, this means that the centers of
the components, µs, are found by averaging all of the data vectors
that are closest. This simple case of the EM algorithm coincides ex-
actly with the k-means algorithm. Taking the Σ-diagonal, and thus
letting all variables be independently distributed, is also a popular
constraint, which yields O(d) parameters.

4.1.5 The Mixture Model

Considering the covariance matrix that is assigned as Σ and the
mean vector as µ , it is possible to compute the distribution of each
model based on the form of:

p(·) = N(·|µ,Σ) (9)

where (·) is assigned with the reference input posture of the char-
acter. However, because the inputs are existing human poses that
are contained in a database, it is necessary to consider the mix-
ture model because all human poses form a non-linear manifold in
the character configuration space. Thus, a global linear parametric
model is often insufficient for capture of the non-linear structure
of natural human motion. Therefore, a better solution is to use a
mixture model.

The mixture models probabilistically partition the entire configu-
ration space into multiple local regions, and then model the data
distribution in each local region using a weighted variable for each
region. The mixture model of the previously mentioned method-
ologies to constrain the covariance matrix is represented mathemat-
ically as follows:

p(·) =
N

∑
k=1

πkN(·|µk,Σk) (10)

where K denotes a constant of the mixture components used, and
πk is the weighted variable that is assigned to each component of
the mixture model.

4.2 Probabilistic Reconstruction

The motion reconstruction process that is based on the previously
presented covariance matrix restriction techniques can be formu-
lated in a maximum a posteriori (MAP) framework. In this case,
let ct be the input data retrieved from the input trajectories of the
reference motion that must be reconstructed at the current t − th
frame. By combining the current control trajectories, ct provided
by input markerset of the reference motion sequence, and the con-
structed probabilistic model of previous m reconstructed poses
Q̃ = [q̃t−1, ..., q̃t−m], the system reconstructs the current pose, q∗,
in a constrained MAP framework that is represented as follows:

q∗ = argmax
qt

p(qt |ct , Q̃) (11)

where p(·|·) denotes the conditional probability. Using Bayes’ rule,
one obtains:

q∗ = argmax
qt

p(ct |qt , Q̃)p(qt , Q̃) (12)

Now, assuming that qt is conditionally independent of Q̃, given ct ,
the following is obtained:

q∗ ≈ argmax
qt

p(ct |qt)p(qt , Q̃) (13)

In this case, by applying the negative logarithm to the posterior
distribution function, p(qt |ct , Q̃), the constrained MAP problem is
converted into an energy minimization problem as follows:

q∗ = argmin
qt
− ln p(ct |qt)︸ ︷︷ ︸

Elikelihood

+− ln p(qt , Q̃)︸ ︷︷ ︸
Eprior

(14)

where the first term (Elikelihood) is the likelihood term that computes
how well the reconstructed pose, qt , of the character fits the input
trajectories, ct . The term (Eprior) describes the prior distribution of
the human motion data. In this case, the prior distribution is what
is evaluated during the motion reconstruction process.

4.2.1 Likelihood Distribution

The likelihood estimation process is modelled on the basis of input
trajectories, ct , obtained from the input trajectories. If Gaussian
noise with a standard deviation of σd is considered, the likelihood
term is defined as follows:

Elikelihood =− ln p(ct |qt)

∝
‖ f (qt ; s̃, z̃− ct)‖

2σ2
d

(15)

where the vector qt represents the reconstructed pose of the char-
acter at each time step, s̃ denotes the skeleton model, z̃ denotes the
coordinates of each input trajectory, and ct are the observed data
that are obtained from the defined trajectories. The function f is the
forward kinematics function that maps the current pose, qt , to the
global coordinates.
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4.2.2 Prior Distribution

According to Section 4.1.5, the mixture model that handles the prior
knowledge of the existing data is represented as follows:

p(qt , Q̃) =
K

∑
k=1

πkN(qt , Q̃|µk,Σk) (16)

where πk, µk and Σk denote the weighted scalar of the k− th com-
ponent of the mixture model, the mean vector value and the co-
variance matrix, respectively, for each of the four different con-
strain processes of the covariance matrix. In general, the goal of
the model learning process is to automatically find the model pa-
rameters πk, µk and Σk for k = 1, ...,K from the training data qn,
n = 1, ...,N, where N is the number of poses in the database. For
each different constrained model that uses these variables, the pa-
rameters are calculated separately using the EM algorithm. In these
experiments, the number of mixture components (K) that are used
are set at K = 50 and the dimension of the latent space (d) is set
at d = 5. The values of (K) and (d) are determined empirically.
However, cross-validation techniques can also be used to set the
appropriate values of those parameters.

4.3 Trajectory-Based Motion Reconstruction

During the runtime of the reconstruction process, the system should
be able to handle the input trajectories that are assigned to each
marker of the character’s body parts to reconstruct the required mo-
tion. In the evaluation process presented, a simple trajectory-based
motion reconstruction is used, because it uses only the space-time
information of the reference trajectories to evaluate the reconstruc-
tion processes. Each reference motion that is used for the recon-
struction process is represented as M = {(ci, t1), ...,(ci, tn)}, where
ci denotes the marker set that is used, and ti for i = 1, ...,n denotes
the position of each marker at the i− th frame of the reference mo-
tion. Based on this representation, the space-time requirements of
the input trajectories are satisfied for reconstruction of the charac-
ter’s motion.

5 Implementation, Evaluation, and Results

This section presents the implementation details of the methodol-
ogy presented and the results of the evaluation.

5.1 Implementation Details

The evaluation process was implemented on an Intel i7 at 2.2 GHz
with 8 GB of memory. Four types of motions were used. They
were walking, jumping, punching, and a golf swing. Each motion
sequence is represented by S = {P(t),Q(t),r1(t), ...,rn(t)}, where
P(t) and Q(t) represent the character’s root position and orientation
at the t− th frame, respectively, and ri(t)|i = 1, ...,n represents the
orientation of the character’s joints at the t− th frame. The motion
data are stored in the database by executing the root position and
orientation of each pose of the character. The number of poses used
for each motion of the character is shown in Table 1. The sampling
rate for these motions is 120 Hz. This method, although imple-
mented in this application for off-line computations, could easily
be implemented in real time. Based on these experiments, the ap-
plications run in real time with an average frame rate of 42 fps and
a system latency of 0.023 seconds.

Datasets Walking Jumping Punching Golf Swing

Self db 13.672 17.976 9.651 6.324
Whole db 1.1 M

Table 1: The motion sequences used for the evaluation process, for
both self-reconstruction and general motion reconstruction.

5.2 Evaluation and Results

This section presents the evaluation procedure that was used in this
study. In this case, the leave-one-out evaluation procedure was
used. It computes the reconstructed error of a given motion by omit-
ting one sequence from the motion data of the database, to be used
as the testing sequence.

Before beginning the evaluation process, the initial reconstruction
error for each database of motions that is used must be computed by
using the initial skeletal model that contains all 18 markers (see Fig-
ure 3(a)), with each constraint of the covariance matrix. The need
to compute this error arises from the assumption that, when using
statistical models to reconstruct human motion, the statistical error
should be minimized. Because an error may be produced during
the evaluation process, this error is estimated to result in more sta-
ble results. Based on this assumption, the computed error for each
motion database and each constraining process of the covariance
matrix is shown in Table 2.

Figure 3: The initial (a) and reduced (b) markerset that was used
for this evaluation process.

Once the initial error has been computed, the next step is to esti-
mate the reconstructed error for each constraining process of the
covariance matrix, while using a reduced number of markers (see
Figure 3(b)). In this case, the percentage of the error is not com-
puted by comparing the reference motion to the reconstructed mo-
tion, but is evaluated by comparison to the initial measurements
that are outside of the initial reconstruction error. The reconstruc-
tion process was tested on different actions. The average computed
reconstruction error was computed by degrees per joint angle per
frame. That is, the tested motion sequences were pulled from the
training dataset, and simulated the motion by using the defined tra-
jectories that contain both the position and the orientation of each
marker at each time step. For each einitial , which denotes the initial
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Datasets Walking Jumping Punching Golf Swing
Factor Analysis

Self db 0.022% 0.028% 0.03% 0.033%
Whole db 0.036% 0.038% 0.032% 0.039%

Principal Component Analysis

Self db 0.02% 0.019% 0.026% 0.03%
Whole db 0.035% 0.034% 0.029% 0.034%

k-subspaces

Self db 0.024% 0.022% 0.029% 0.035%
Whole db 0.037% 0.039% 0.044% 0.041%

Isotropic

Self db 0.028% 0.032% 0.036% 0.037%
Whole db 0.043% 0.046% 0.052% 0.048%

Table 2: The initial error computed for each motion database that
was used for the reconstruction process, combined with the differ-
ent methods that constrain the covariance matrix.

error based on Table 2, the reconstructed error is evaluated sepa-
rately for each motion as follows:

e f inal = 1− e
einitial ×100 (17)

where e denotes the reconstruction error that is computed while us-
ing the reduced number of markers. Thus, the results obtained from
this evaluation process are illustrated in Table 3.

Datasets Walking Jumping Punching Golf Swing
Factor Analysis

Self db 0.99% 0.98% 0.82% 0.86%
Whole db 1.15% 1.12% 0.99% 1.05%

Principal Component Analysis

Self db 1.02% 1.01% 0.84% 0.92%
Whole db 1.16% 1.17% 1.01% 1.07%

k-subspaces

Self db 1.07% 1.04% 1.09% 1.16%
Whole db 1.22% 1.24% 1.29% 1.32%

Isotropic

Self db 1.11% 1.13% 1.14% 1.19%
Whole db 1.24% 1.23% 1.32% 1.44%

Table 3: This table shows the error that was computed during the
reconstruction process for the four different covariance matrix con-
straints that were implemented.

The results presented in Table 3 show that, when using motion mod-
els such as the factor analysis or the principal component analysis,
higher quality motion sequences can be reconstructed because the
measurement error is minimal in comparison to those of other con-
strained approaches of the covariance matrix. This is especially
true when using the self-database of motion sequences. The second
important result is based upon the ability to reconstruct the char-
acter’s motion using a smaller number of markers. In this case, it
is shown that a less constrained covariance matrix can reconstruct
more valid character motion for particular actions of the character,
including walking, jumping, punching and golf swings. Therefore,
while constraining the covariance matrix using techniques, such as

the k-subspaces and the isotropic, it is possible to reconstruct mo-
tion sequences that have a grater error than with factor analysis or
principal component analysis. Hence, the general advantage of the
FA and PCA is based on the ability to reconstruct motions with less
error while dealing with different datasets.

6 Conclusions and Future Work

The ability to reconstruct a virtual character’s motion based on a
few input signals that are retrieved from a motion capture system
has been thoroughly studied in recent years. Various solutions have
been proposed to reconstruct human motion with different motion
reconstruction techniques. However, in this study, an evaluation
process for human motion reconstruction is presented that is based
on the ability to constrain the covariance matrix of the probabilistic
model that retrieves the prior learning process.

The following conclusions were derived from the experiments.
First, a less-constrained covariance matrix of a probabilistic char-
acter’s motion reconstruction process is able to reconstruct high-
quality motions of the character, while using either a large or a
small amount of data to form the prior knowledge of the system.
The same results are obtained while using a small number of input
trajectories, or when reconstructing a particular action of the char-
acter. Hence, the less that a covariance matrix is constrained, the
less error is produced.

This research was a first attempt to understand how covariance ma-
trix constraints may influence the motion reconstruction process.
Even if other methodologies to reconstruct human poses have been
proposed that are not included in the scope of this study, a roadmap
has been provided to show where future research of human mo-
tion reconstruction should be undertaken. The authors’ future plans
include generating statistical motion models to reconstruct high-
quality motion sequences by reducing the error while designing
a high-quality motion reconstruction model that can be efficiently
employed at every motion-capture interface.
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