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Abstract 
In this paper four different approaches of parameterization 
(dimension reduction) applied to facial speech movements of 
3D motion captured speech data were compared. The three-
dimensional coordinates of 27 markers glued on the face of a 
speaker articulating a series of German VCV sequences were 
extracted and parameterized. As methods of dimension 
reduction a principal component analysis (PCA), and a guided 
PCA were used. Additionally, we used a newly proposed 
method called guided non-linear Model Estimation (gnoME). 
For a better comparison between the methods (especially for 
comparison with the plain PCA) we also used a non-guided 
version of gnoME (in the following called noME). In order to 
evaluate the different approaches of parameterization the 
speech data was reconstructed by each method using the first 
five components, respectively. Furthermore, the original 
motion capture data was re-synthesized. The reconstructed 
and re-synthesized visual speech stimuli, the original video 
and the audio signal without video presentation were 
compared in a perception experiment with respect to 
intelligibility. As objective measures the explained variance 
and the mean marker deviation (mean Euclidian error) were 
used. Results of the objective measures show that the non-
linear Model Estimation represents the data more accurate, 
while the intelligibility scores from the parameterizations 
equal those of the original data.  
 
Index Terms: Facial speech movements, parameterization, 
visual speech synthesis, speech perception, guided PCA 
 

1. Introduction 
The face movements during speech (especially movements of 
jaw and lips) lead to highly correlated marker based motion 
capture data. The principal component analysis is a 
commonly used method for reducing such multidimensional 
data sets to lower dimensions for analysis. The PCA 
transforms the data to a new coordinate system such that the 
greatest variance by any projection of the data comes to lie on 
the first coordinate (the first principal component), the second 
greatest variance on the second coordinate, and so on. The 
PCA is commonly applied in analyses for facial animation [1] 
[2]. Results have shown that the first six components explain 
about 90% of the data variance [3]. Usually the resulting 
components are not interpretable, i.e. they do not represent 
physiological deformations and cannot be interpreted as 
mimic or articulatory movements. Therefore, the guided PCA 
was introduced. The guided PCA structures a set of speech 
data by identifying much better interpretable components. For 
the linear decomposition an a priori knowledge is used. A 

selected part of the data set is specified for extracting 
correlations. This selected part may be only the z-coordinate 
of one marker [4] or a defined subset of markers [5][6]. Thus 
an insight into the underlying organizations of facial 
movements can be obtained. Nevertheless, the two versions of 
principal component analyses (non-guided or plain PCA and 
guided PCA) only extract linear dependencies. We assume 
that facial deformations of speech gestures (e.g. the lip 
closure while forming a bilabial plosive) can only 
insufficiently be described by linear models. Therefore we 
propose a method called guided non-linear Model Estimation 
(gnoME) [7]. In gnoME marker positions and movements are 
modeled by non-linear functions of articulatory parameters. 
As in the guided PCA only a defined subset of data points is 
selected for the iterative extraction of the dependencies. For 
the non-linear Model Estimation it is expected that the 
explained variance is at least as high as for the linear models, 
in both cases the plain and the guided counterparts, 
respectively. In addition, the non-linear approach provides the 
possibility of modeling facial deformations more accurately, 
i.e. the non-linear behavior of flesh points (marker 
movements). The first part of the paper addresses the different 
methods of parameterization and the data collection. In the 
second part the results of the perception evaluation is 
described. 
 

2. Data Collection 
The recorded speech material consisted of 3D motion 
captured speech data of German vowel-consonant-vowel-
sequences (VCVs) with V = [a:, i:, u:, E, O] and C = [b, C, d, 
f, g, j, k, l, m, n, N, p, R, s, S, t, v, x, z, Z]. For the analyses in 
this study a limited set of 27 VCVs were selected: nine 
consonants with different places of articulation [d, g, j, l, p, R, 
z, S, v] were chosen and combined with the vowels [a:, i:, u:], 
respectively. On the one hand this selection was made in 
order to reduce the data set and on the other hand because 
some of the sequences were incomplete due to the loss of 
marker positions while capturing. The sequences were 
produced by one female native speaker of German.  

A Vicon motion capture system with 5 cameras was used 
to record the sequences at 120 Hz. The Vicon system is a 
passive motion capture system. The cameras are equipped 
with a strobe unit that emits infrared light. Markers of retro-
reflective material, which are glued on the target object (here 
the speaker's face), reflect the light back to the camera. In this 
way the marker positions are calculated and stored. From the 
two-dimensional marker positions of at least two camera 
views the three-dimensional marker coordinates are obtained 
by use of the calibrated projection matrices of the cameras. 
Additionally to the motion capture data a MiniDV camera 
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was installed for simultaneous front view video recordings. 
The sound was recorded with an external AKG C4201 
microphone at 48 kHz/16 bit/stereo.  

Altogether 30 semi-spherical infrared reflective markers 
of 3 mm diameter were glued on the face of the speaker as 
shown in Figure 1. From these 30 markers only 27 were 
visible from at least two camera views (round markers in 
Figure 1), which are necessary for calculating the 3D 
coordinates. Positions of the markers for which the three-
dimensional coordinates could not be calculated for all frames 
are displayed as crosses in Figure 1. The 3D coordinates of 
the remaining 27 markers were extracted and used for 
analyses. The marker positions in all video frames of the 27 
recorded VCV sequences were automatically tracked. 
Afterwards the data was post processed, e.g. the rigid 
movement of the head was removed from the data. 
 

 
Figure 1: 30 markers glued on the speaker’s face. 
Round markers (blackened) were used for analyses. 
Crossed markers were not visible from at least two 
camera views in all frames and thus had to be 
discarded. 

3. Parameterization  
The three-dimensional coordinates of the 27 markers for the 
27 VCV sequences were extracted and parameterized by the 
different approaches of parameterization: the plain and guided 
principal component analysis, and the plain and guided non-
linear Model Estimation. Basis for all models is an analysis of 
the data by a PCA. In order to model the non-linear behavior 
of flesh points (marker movements) a cubic function was 
implemented, i.e. the optimal prediction and reconstruction of 
the original data by the component scores were done by a 
cubic regression.  

The marker coordinates which were used as guides in 
gnoME were derived from a rough specification of the single 
components, which were calculated and visualized by use of 
the PCA and noME. The resulting articulatory parameters are:  

• jaw open/close 

• lip spread/round 

• jaw advance/retract 

• throat (tongue root) lift/drop  

• lip open/close (without jaw). 

Comparable to the procedural method used for the PCA the 
articulatory parameter for jaw opening was determined in the 
whole data by a linear or cubic regression, respectively, of the 
first component of a PCA and the data. The contribution of 
this articulatory parameter was then removed from the data 
and another step of the procedure led to a second parameter, 
and so on. On the contrary to [6] not six but five components 
were found which represent articulatory movements: Whereas 
in [6] lip open/close and upper lip lift/drop were identified as 
two separate articulatory parameters, in this analysis the 
movement of upper and lower lips are merged in the 
articulatory parameter of lip open/close. The sixth component 
could not be interpreted as speech related movements. The 
sixth and all further components were thus discarded. For a 
closer description of the procedure and the model gnoME 
itself see [7]. 

 

4. Objective Evaluation 
As objective measures for evaluating the different approaches 
of parameterization the explained variance and the mean 
Euclidian error were used. The mean Euclidian error 
expresses the mean marker deviation for x-, y-, and z-
coordinate for all markers in all frames, respectively. It is 
calculated as difference between the three-dimensional 
marker positions from the original measurements and from 
the reconstructed data while for the reconstruction the first 
five components were used for all models. Table 1 shows the 
results for the cumulative variance for the first five 
components and the mean Euclidian error. 

For both non-linear models (plain and guided noME) the 
cumulative variance is higher than those of their linear 
counterparts and the mean Euclidian error is smaller. The 
guided versions lead to less accurate values than their 
respective non-guided models, as expected. Nevertheless, the 
mean Euclidian error of gnoME is still smaller than that of the 
plain PCA. Thus the non-linear Model Estimation provides 
the possibility of modeling facial deformations more 
accurately, i.e. the non-linear behavior of flesh points (marker 
movements). Whether this enhancement in the explained 
variance and the decline in the mean Euclidian error has an 
influence on the perception in terms of intelligibility was 
investigated in a perception experiment.   

 

Table 1. Cumulative variance for the first five 
components and mean Euclidian error of the marker 

positions (difference between the original and the 
reconstructed data). 

 
Model Cumulative 

variance 

Mean 
Euclidian 

error 

linear PCA 0.935 0.49272 

non-linear noME 0.945 0.45880 

guided 
linear 

guided 
PCA 0.913 0.53533 

guided  
non-linear gnoME 0.928 0.48785 
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5. Experimental Setup 

5.1. Items and conditions 

For creating the synthetic head a triangular mesh of the 
marker positions was defined (Figure 2). The geometry was 
supplemented by inner lip contour points using manually 
chosen constant vectors from the outer lip contour points. A 
static texture of the face was added to the face shape (Figure 
3). No tongue or teeth were included at this stage as no 
tongue or teeth position data was acquired during the 
recording session. Three-dimensional animations were 
created using the VRML file format (Virtual Reality 
Modeling Language) [8]. The VRML animations were driven 
by the parameter values of the four aforementioned 
parameterizations using the first five components each and by 
the original data. Video clips of the VCV sequences were 
extracted from the front view recordings (markers were 
visible, see Figure 1 above). Audio clips from the original 
recordings were extracted accordingly. This leads to 189 
stimuli (five conditions with synthetic head, the natural video, 
and the audio only condition for 27 VCV sequences, 
respectively). The audio clips in all conditions were degraded 
by adding white noise at a SNR (sound-to-noise ratio) of 
-6dB. 

 

 

Figure 2: Triangular mesh of the face. 

 
 

 
Figure 3: The synthetic head. A static texture applied 

to the triangular mesh of the face. 

5.2. Method 

14 subjects (mean: 29 years) with normal hearing and normal 
or corrected to normal vision participated in the experiment 
voluntarily. All the stimuli were presented to the subjects 
without repeat by use of five different quasi-random orders. 
The test was designed as forced choice test with 27 
alternatives. The recognition of the VCV-stimuli in total were 
analyzed. Additionally the recognition of the vowel and the 
consonant were analyzed separately. Subjects were instructed 
to answer intuitively and to react as quickly as possible. 

 

6. Results 
Without any video presentation (only presenting the audio 
signal) 47% of the VCVs were recognized correctly. The 
audiovisual natural and synthetic stimuli were recognized 
significantly (McNemar test) better than the audio alone ones, 
but without any significant difference in the recognition 
scores among themselves. The natural video was recognized 
best (76%), followed by the re-synthesized original data 
(75%). The reconstructed stimuli of the plain and guided non-
linear Model Estimation lead to non-significantly higher 
recognition scores (74% each) compared to the reconstructed 
stimuli of the PCA (71%) and the guided PCA (73%). 
Throughout the different conditions the vowels were much 
better recognized than the consonants. Vowels were presented 
twice in a stimulus and thus were easier to identify. Almost 
exclusively confusions occurred between /i/ and /u/ (in both 
directions).    
 

Table 2. Mean recognition scores for the different 
conditions (Model) for the VCV and for a separate 

recognition of the vowels (V) and the consonants (C). 

Mean correct recognition scores 
 Model 

VCV V C 

no Video 0.47 0.82 0.54 
natural natural 

Video 0.76 1.00 0.76 

original 
data 0.75 0.95 0.78 

PCA 0.71 0.93 0.75 

guided 
PCA 0.73 0.95 0.75 

noME 0.74 0.94 0.76 

synthetic 

gnoME 0.74 0.94 0.76 

 

7. Discussion 
The recognition score for the natural video was expected to 
be higher than those of the synthetic stimuli. There might be 
two reasons why this difference was not significant in the 
results: On the one hand the markers were still visible in the 
natural video. One test participant reported that this made the 
face look less natural. On the other hand the face in the video 
was smaller presented on the monitor during the test than the 
synthetic head. Visual information might have got lost in that 
presentation mode.  
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Although the explained variance is higher and the mean 
Euclidian error is smaller for the non-linear Model Estimation 
compared to their respective counterparts PCA and guided 
PCA, the intelligibility scores increased non-significantly.  
Nevertheless, the recognition scores are almost as high as 
those from the re-synthesized original data. The recognition 
score of the re-synthesized original data must be considered 
as the maximum possible recognition score that can be 
achieved by the used synthesis method. This condition 
contains the complete information which was obtained from 
the motion capture procedure and which is presented by use 
of the synthetic head. Hence, noME and gnoME have almost 
reached the highest possible intelligibility score. 

   Nevertheless, the mesh defined from the 27 markers 
which were used in the data collection seems to be too low-
grained. The number of markers for motion capture was 
limited by the system's ability to differentiate the marker 
positions for the automatic tracking procedure. Using a higher 
number of markers and thus a smaller marker distance would 
lead to a less robust automatic tracking because of a higher 
number of occlusions and marker confusions. A manual 
tracking is not practical due to a high time effort (assuming a 
length of two seconds each for 27 VCVs with 120 fps = 6480 
frames for which 27 marker positions have to be defined). 
Obtaining accurate three-dimensional data of facial 
movements still poses a great challenge in marker-based 
optical motion capture. Nonetheless, a higher number of 
markers would lead to much more precise data. A fine-
grained mesh of the face could represent articulatory 
movements much more specific.   

 

8. Conclusions and Future Work 
The four different approaches of dimension reduction differ in 
the degree of the explained variance and the degree of 
interpretability of the data. Whereas the explained variance 
decreases from a non-guided to a guided model, the 
interpretability of the resulting components in terms of 
articulatory gestures increases. 

With a plain PCA a compact model of face deformations 
during speech can be derived. The Model is compact because 
only five degrees of freedom (five components) were enough 
in order to describe facial deformations of high complexity. 
With a guided PCA the model is not only compact but also 
rational, because the five components can be interpreted in 
articulatory gestures. Implementing a model that describes 
facial deformations in non-linear terms led to an even more 
accurate reconstruction of the original data (using a set of five 
parameters for the reconstruction). Both methods of the non-
linear Model Estimation represent the original data better 
(increased variance and decreased mean Euclidian error) than 
the linear parameterizations PCA and guided PCA, 
respectively. From the perceptual point of view the 
intelligibility  scores from the parameterizations equal those 
of the original data. The guided non-linear Model Estimation 
is therefore considered as appropriate for the parameterization 
of 3D motion captured speech data. 

It is assumed that a parameterization of speech data that is 
based on a more detailed set of marker positions can represent 
the natural visual speech with higher accuracy and hence may 
have a different impact on the perception. Therefore future 
work will be dedicated to more detailed analyses which will 
start with a high quality data acquisition. The impact of single 
parameters on the perception will be investigated and a more 
detailed marker mesh will be used. The findings gained by a 

better interpretation of the resulting components using the 
guided non-linear Model Estimation will lead to conclusions 
on the perceptive relevance of particular components of the 
observed face deformations during speech production. 
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