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Abstract 
The present work describes a new method for modeling 3-D 
motion capture data of speech movements. 27 markers on the 
face of a speaker uttering 27 VCVs were tracked by a Vicon 
motion capture system. The 3-D coordinates of the markers in 
all frames of the recording were modeled in four ways: 1) a 
plain PCA, 2) a guided PCA where each component is 
determined on a subset of markers that represent an 
articulator and the component is used to reconstruct the data 
by linear regression, 3) a cubic model where the components 
are determined by a PCA and the components are used to 
reconstruct the data by a polynomial of third order, and 4) a 
guided cubic model where each component is determined by 
a PCA on a subset of markers and the components are used to 
reconstruct the data by a polynomial of third order. Results 
show that the latter method – called guided non-linear model 
estimation (gnoME) with cubic regression leads to 
meaningful articulatory parameters like the guided PCA while 
the variance explanation equals that one of the plain PCA and 
the accuracy of the 3-D data reconstruction is higher 
compared to the plain PCA. 
Index Terms: Visual speech synthesis, parameterization, 
guided PCA, non-linear modeling 

1. Introduction 
Visual speech synthesis systems (Talking Heads) have many 
applications like language learning [1], articulation training 
[2;3;4], or in avatars e.g. in ambient assisted living 
applications [5]. Most 3-D Talking Heads use a parametric 
control of the face. Whether the parameterization is derived 
from measurements such as marker-based optical motion 
capture (e.g. [6]) or from phonological knowledge [7] – it is 
beneficial or necessary, respectively, to use parameters that 
correspond to articulatory movements. If the control is 
derived from measured data the parameterization is important 
to reduce the dimensions (the degrees of freedom) of the 
possible movements of the synthetic face. In this case another 
requirement is that the parametric model represents the 
original data as accurate as possible.  

The commonly used method for dimension reduction is 
the principal component analysis (PCA). It rotates the 
parameter space so that the first component (rotated axis) is 
oriented in the direction of maximum data variance, the 
second component to the maximum of the remaining variance 
and so on. When applied to real data this often leads to 
components that are not meaningful in terms of the process 
under investigation (here: speech movements in 3-D). The so-
called guided PCA [8;9;10] defines subsets of markers or 
facial regions for the analysis which leads to better 
interpretable components compared to a non-guided (plain or 
"blind") PCA. However, the guiding results in lower variance 
explanation as the non-guided PCA always finds the optimum 
with respect to this measure. 

2. Data Acquisition 

2.1. Corpus 
The corpus contained VCVs built from the consonants C = 
{b,C,d,f,g,j,k,l,m,n,N,p,R,s,S,t,v,x,z,Z} each in V = {a:,i:,u:, 
E,O} context. (During the recording session more data were 
collected for future purposes but not used for the present 
work.) 

2.2. Recordings 
30 semi-spherical infrared reflective markers of 3mm 
diameter were glued on a female speaker's face (see Figure 1). 
6 markers were attached to the forehead, the temples and the 
root of the nose as reference for rigid movements of the head 
as a whole and to cover the whole face for a later full face 
synthetic display. A five camera Vicon system was used to 
record the utterances. An external microphone placed 
underneath the face was used for audio recordings. A video 
from front view was simultaneously recorded with a MiniDV 
camera. See Figure 2 for the recording setup. The speaker 
uttered the VCVs in isolation. 

 

 
Figure 1: Cylindric texture of the speaker with 
markers on the face. Robustly (and thus used) 
markers are encircled black, discarded markers are 
encircled white. 

2.3. Data Preparation 
During the data cleaning it turned out that not all markers are 
robustly tracked in all utterances. 27 markers were reliably 
captured in a set of 27 VCVs built from C = {d,g,j,l,p,R,S,v, 
z} and V = {a:,i:,u:}. The marker coordinates of these VCVs 
  

Accepted after peer review of abstract paper
Copyright © 2008 AVISA

26-29 September 2008, Moreton Island, Australia59



 

 

 
Figure 2: Recording setup. The five Vicon cameras, 
the MiniDV camera, and the display for prompts. 

 

were merged to one data set. The final data consist of 5743 
rows of values in the form (x1 y1 z1 x2 y2 z2 … x27 y27 z27) 
each representing one frame of the motion capture recordings. 

The four markers on the temples, the forehead (only 
center) and the root of the nose were used as reference to re-
move the rigid movement of the head from the data: For each 
frame of the VCV dataset the homogenous transformation 
from the positions of the four aforementioned markers to the 
positions of these markers in a reference frame (that was not 
contained in the VCV dataset) was determined. The inverse of 
this transformation was applied to all marker positions. 

3. Data Modeling 

3.1. Basic Procedure 
Four different articulatory models were built. The modeling 
implementation was done in Matlab with the additional 
bbtools toolbox. The basis of all models is a parameterization 
of the data by a PCA. The articulatory parameters are 
determined in an iterative procedure as follows. 

1. The first principal component – that one that is 
responsible for the highest variance in the data – is 
computed by a PCA. 

2. The component score of that component (i.e. one 
value per data row) is used to optimally predict the 
original data in an RMS sense by regression method. 

3. The data is reconstructed by the one component and 
the result is subtracted from the original data. 

 The procedure is repeated with the residual data for 
the desired number of components. 

3.2. Variations 
Two variations are applied to the above procedure (that 
describes a standard PCA). On the one hand a linear 
regression and a cubic regression are used alternatively to 
predict the original data by the component score in step 2 and 
to reconstruct the data in step 3. 

On the other hand, besides the plain PCA on the 
(residual) data, a subset of variables that is intended to 
optimally represent the expected articulatory parameter was 
manually defined to guide the analysis in step 1. The 
component and its score was determined on that subset of  
data only; the component score was then used to predict the 
whole data. The determination of the subset is embedded in 
the iterative procedure: In each step the subjectively most 
important articulatory parameter is identified. To do so, the 
articulatory range that is described by the component derived 
from the whole data was synthesized by a textured mesh built 

from the marker positions. The articulatory parameter was 
varied from its minimum to its maximum and the synthesized 
movement was visually inspected. The subjectively most 
outstanding articulatory movement was chosen and a subset 
of variables (coordinates of markers) was selected that best 
represents the chosen movement. 

3.3. Resulting Articulatory Parameters 
The guides were determined separately for the linear and for 
the cubic model but the articulatory parameters that emerged 
visually were the same in both cases. The first two 
components of the plain PCA can already be seen as mainly 
jaw opening/closing and lip spreading/rounding. The sub-
sequent components are more mixed up and cannot be clearly 
identified as single articulatory parameters. The components 
derived by the iterative guiding procedure are interpreted as 

1. jaw open/close 
2. lip spread/round 
3. jaw retract/advance 
4. tongue root lift/drop 
5. lip open/close 
6. horizontal jaw shift left/right 

where the latter is not considered as an articulatory parameter.  
The first three parameters could be clearly identified. 

Candidates for the fourth component were tongue root lift/ 
drop, lip open/close and upper lip lift. The fifth component 
could have been interpreted either as lip open/close or as upp-
er lip lift. In these cases that parameter was chosen that ac-
counted for a higher amount of variance. Figure 3 (next page) 
shows the first 5 components of the guided linear model in 
their extreme positions with all other components set to zero. 

4. Results 

4.1. Variance Explanation 
The amount of variance of the original data that is explained 
by a model is calculated as the ratio between the variance of 
the residual data (for a given number of components from 1 to 
6) and the variance of the original data. Figure 4 shows that 
the guided linear model performs worst and the "blind" cubic 
model performs best. The guided cubic model and the "blind" 
linear model show comparable variance explanation. 
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Figure 4: Cumulative variance: amount of variance of 
the original data explained by each  type of model 
plotted against the number of components. 
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Figure 3: Extreme positions of the first 5 components  
(top to bottom) of the guided linear model. 
Parameters are interpreted as jaw open/close, lip 
spread/round, jaw retract/advance, tongue root 
lift/drop, and lip open/close. 

  

A PCA guarantees that the components are computed in 
descending order of variance they explain. For the modified 
procedures this is not necessarily the case. However, it 
remains the case for the first five components. As Figure 5 
shows, the guided analyses lead to a higher variance 
explanation of component 6 compared to component 5. 
Nevertheless, the articulatory parameter lip open/close was 
chosen as fifth component due to the experimenter's 
subjective preference of articulatory parameters over 
parameters that are not directly connected to speech 
movements. 
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Figure 5: Absolute variance (as parts of the variance 
of the original data) conveyed by components 5 and 6 
per type of model. 

 
When inspecting the relative variance explanation, i.e. 

the amount of variance explained by a component in relation 
to the overall remaining variance, the first two components 
(jaw open/close and lip spread/round) arise as more 
prominent than the following components. Figure 6 shows 
that each of the first two components explains nearly 60% of 
the respectively remaining variance whereas the third 
component conveys about 34% and the others about 25%. 
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Figure 6: Relative variance (as parts of the variance 
of the residual data) conveyed by components 1 to 6 
per type of model. 
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4.2. Mean Euclidian Marker Error 
The Euclidian distance between the measured marker position 
(in the original data) and the marker position that was 
reconstructed by a model were averaged for that model over 
all markers and all frames of the data. Figure 7 shows the 
results.  
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Figure 7: Mean Euclidian marker error of the data 
reconstructed by the four types of models, for 1 to 6 
components each. 

 

As expected the "blind" models reconstruct the marker 
positions more accurately than their guided counterparts and 
the cubic modeling achieves higher accuracy than the linear 
modeling. However, the guided cubic model performs better 
than the "blind" linear model. 

5. Conclusions and Discussion 
The presented method to build a guided cubic model (called 
gnoME – guided non-linear Model Estimation) leads to a 
model that combines the advantages of a plain ("blind") PCA 
and the guided PCA. Variance explanation and mean 
Euclidian marker error were used as objective measures. The 
variance explanation reveals that the guided cubic model 
explains about the same amount of variance of the original 
data as the plain PCA with respect to each of the first six 
components. The mean Euclidian marker error shows that the 
guided cubic model reconstructs the marker positions more 
accurately than the plain PCA. As expected the guiding itself 
leads to a less accurate model with lower variance 
explanation whereas the cubic modeling leads to higher 
variance explanation and  more accurate data reconstruction 
which is achieved by a higher number of free model 
parameters. The cubic regression might cope for deformations 
of parts of the face that occur when an articulator is moved. 
Further investigations especially addressing the capability of 
modeling facial deformation in speech movements will 
follow. 

The first two components – jaw opening/closing and lip 
spreading/rounding – are outstanding in two respects: They 
are already observable in the plain PCA and they explain a 
likewise high relative variance (i.e. a major part of the 
remaining variance) compared to the subsequent components. 
This confirms that jaw opening and lip rounding are the most 
important articulatory movements. The identification of other 
articulatory parameters depends on the data and the method. 

In contrast to Fagel et al. [10] the upper lip lifting was not 
found as an articulatory parameter. 

The linear modeling – whether plain PCA or guided 
PCA – ensures that the determined components are 
orthogonal. One consequence of this is that the order of 
component determination does not matter mathematically. In 
case of the plain PCA the components are determined in 
descending order of variance explanation. In case of the 
guided PCA this order is nevertheless useful as articulatory 
movements can be identified more clearly in the visualization 
if the preceding component of higher influence is removed 
from the data. In case of cubic modeling the orthogonality of 
the components is no longer guaranteed. Hence, their 
determination in descending order of variance explanation is 
recommended. 

The data acquired and described in the present work 
must be seen as of limited quality. The set of VCVs and the 
number of markers had to be reduced due to tracking 
problems. The accuracy of the data finally used unclear. 
Despite this, the method of guided non-linear model 
estimation has demonstrated to lead to a model that describes 
facial motion capture data by means of interpretable 
parameters whilst preserving accuracy in terms of objective 
measures such as variance explanation and mean Euclidian 
error in reconstruction of 3-D data. 
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