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Abstract
The present work is part of a framework to design and 
implement a language laboratory for speech reading/lip 
reading for multiple languages. It is based on the 
interdisciplinary project LIPPS at Technical University of 
Berlin, Germany, which aims to develop a training-aid for 
speech reading by employing a text-driven facial animation 
from a single passport photo with the help of 2D image 
morphing. The LIPPS system may be particularly helpful for 
patients with a sudden profound hearing-loss, enabling them 
to start learning speech reading already in the hospital after 
operation or during subsequent rehabilitation. 
 The present project uses dynamic models for the changes 
of important visual features. We apply the ideas of i) specific 
‘characteristic’ images being related to the sounds or 
phonemes of an utterance and ii) visemes being related to the 
phonemes and represented by the dynamics of linear second-
order models. 
 We aim to extend the idea that visemes are related to 
single characteristic images or poses of the face towards 
temporally varying units, as it is the case for the correlating 
auditory units, the phonemes. 
 We analyzed video clips with moving faces and modeled 
the prediction of certain visual features at locations of the 
characteristic images (the characteristic instances) as well as 
of transitional changes of the feature sets between 
neighboring characteristic instances. Contextual modulations 
of the visual features are described with the help of a 
dominance model. High dominance is given to visemes with 
indispensable features as, for instance, complete or partial lip 
closure (e.g., bilabial or fricative visemes), whereas low 
dominance is given to practically invisible visemes (e.g., 
guttural visemes), when the lips mainly prepare the transition 
towards later dominant phonemes. 
 The described method may also be applied to other types 
of facial animation systems as to the control parameters of 
anatomical face models. 
  
Index Terms: Dynamic lip models, LIPPS, speech reading, 
lip reading, facial animation, visual speech cues. 
 

1. LIPPS, the Berlin Training-Aid for 
Speech Reading 
In the following, some work patterns or algorithms of the 
LIPPS project will be described, before we describe the new 
dynamical model for lip movements. Results as the codebook 
of phoneme-characteristic images, the duration of sounds, the 
temporal placement of the images and contextual modulations 
in form of coarticulatory effects will be needed for later 
computer animation.  
 

 
The LIPPS project was founded in 1991 as an 
interdisciplinary research project between the Departments of 
Electrical Engineering, Linguistics at Technical University of 
Berlin (TUB) and the Department of Rehabilitation Science at 
Humboldt-University Berlin (HUB). It can be seen as an 
extension of a Ph.D. dissertation [1] on the same topic at 
TUB. In the course of the project, several schools for deaf or 
severely hearing-impaired children and rehabilitation centers 
were involved. The project was integrated into national and 
international research consortia. While the official financing 
ended in 1997, LIPPS was kept alive through individual 
student projects. It is now being reactivated at the Centre for 
Applied Hearing Research, CAHR, at the Technical 
University of Denmark.  
 The underlying idea of the project was to design a 
software system that could be used for intensive speech 
reading training for German on a portable computer, for 
instance after operation in hospitals, in rehabilitation centers, 
or at home. A supervisor could design individual lessons 
containing words or complete utterances in orthographic 
transcription from an open vocabulary, which the LIPPS 
software would transform into a respective facial animation 
on the computer screen. LIPPS was developed on the base of 
video recordings with well articulating speakers and was 
evaluated in schools for deaf or hearing-impaired children. 
 Important sub-goals were i) the development of 
sufficiently precise motion models for those facial 
movements that are important for the success of any 
lipreading effort, ii) the design of a model-based facial 
animation system, and iii) the evaluation of respective 
artificial speakers with respect to visual speech intelligibility. 
We decided to use an open input vocabulary, which allows 
the system to present any pre-stored text in orthographic 
transcription on the computer screen. Therefore, video-based 
training systems were not applicable. 
   

1.1. Goals and methods of LIPPS 
There are two principle possibilities for the design of facial 
animation models, i) the modeling of the human head physio-
gnomy on base of a triangulated mesh with concerted 
stimulation of controllable parameters, or ii) the design of a 
codebook with speech-related key-images and a morphing 
algorithm, which emulates a continuous facial animation by 
calculating interim images. 
 LIPPS used codebook models with sets of characteristic 
single face images (or ‘key-images’), also considering 
context-depending coarticulatory effects. Since speech 
reading efforts depend on correct tongue movements, which 
are often not visible in video clips, we included artificial 
tongue movements (a vertically movable bit-image) 
according to guidelines from an evaluation of x-ray video 
clips performed by Lindner [2].  
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1.2. Speech perception 
The smallest speaker-independent auditory perception units 
of speech are the phonemes, which mainly consist of 
consonants as /t/, /d/, /n/, /p/, /b/, /m/, /f/, /v/, or vowels as /a/, 
/e/, /i/, /o/, /u/. Depending on language, particularity, or taste 
of the test evaluator, typical sets of phonemes can be rated 
between 30 and 50. Concrete speech signal units causing the 
auditory perception are the phones. The progression of phone-
related speech signals is subject to strong coarticulatory 
effects. 
 The smallest speaker-independent visual perception units 
are the visemes; they can be related to the phonemes, as both 
auditory and visual speech are caused by the same 
articulatory processes. Early scientific investigations to 
determine the viseme repertoire were carried out by Alich [3] 
for German, Fisher [4] for English, and Abry and al. [5] for 
French. Speaking faces articulating artificial or real words 
were pre-sented without sound to test persons, who evaluated 
similari-ties between the visual perception of the units. The 
resulting confusion matrices yielded sets of 12-20 visemes, 
depending on language, particularity, and taste of the 
evaluator. 
 Visemes are essentially determined by place of 
articulation (lips, teeth, alveoli, palate) and type of 
articulation (closure, friction, and opening). In the literature, 
visemes are often put on the level with phone-related facial 
images, which can be used for a facial animation. The LIPPS 
system also uses a codebook of single facial images; we call 
these units ‘characteristic key-images’ in order to distinguish 
them from perception units that have a certain duration.. 

1.3. Analysis of Video Clips with Prototype 
Speakers
For the development of visual motion models, several video 
clips with well articulating speakers were recorded and 
analyzed. The text material to be spoken consisted of 150 
single sentences with well balanced phoneme frequencies. 
The analysis was done in four interactive or automatic steps, 
i) labeling of the sound sequences and determination of phone 
borders, ii) determination of phoneme-related single images, 
ii) determination of relevant visual features as, for example, 
geometric measures of the mouth region, and iv) 
classification of the calculated feature vectors. Steps i) and ii) 
were interactively performed by linguists whereas for steps 
iii) and iv), automatic contour detectors or classifiers were 
employed. 

Audio analysis 
For the facial animation, the expectation values and the 
variances of the phonemes are needed. Figure 2 shows three 
exemplary statistical distributions of the duration of single 
phonemes or of phonemes grouped according to visemic 
rules. One can clearly see the shorter statistical duration of 
voiced /v/ compared to the unvoiced /f/, which belongs to the 
same viseme. The shortening is caused by a reduced articula-
tory pause during friction. The speaker rests longer in the 
unvoiced /f/ in order to prepare unvoiced-voiced transitions to 
subsequent vowels. The phonemes /t/, /d/, /n/ belong to the 
same viseme and show a regular bell-shaped distribution. 
 One sub-project was concerned with automatic detection 
of phone boundaries with the help of mainly LPC coefficients 
of Parcor type. The algorithm employs a segmentation of the 
multi-dimensional LPC space and an adaptive fuzzy neural  
 

 

Figure 1: Statistical distributions of phone durations for 
above: /f/, middle: /v/, below: /t, d, n/. 

network of ANFIS type [6]. Parcor-type coefficients were 
used since they correlate with the diameters in the tube model 
of the vocal tract for vowel generation and have thus, a 
certain physical relevance for sound radiation at the lips.
 Figure 2 shows typical results for manual (above) and 
automatic (below) generation of phone boundaries together 
with the temporal courses of the first two LPC coefficients in 
relative units. For both diagrams, a certain correlation 
between the coefficients and the boundaries is clearly visible. 
Many boundaries can be predicted precisely and 
automatically, whereas others are temporally shifted or 
missing. Since a precise determination of the boundaries is 
essential for further video analysis and facial animation, the 
boundaries for new video clips must still be determined 
manually. 

Video analysis 
For the automatic search of mouth contours and specific 
points in the speaker’s face, we used a method developed by 
Haugeneder [7]. Lips and single points on chin, forehead, and 
nose were a priori marked with white make-up and during the 
recording, the face was radiated with black light for contrast 
enhancement. The distance chin-nose determines the jaw 
opening and the position of the lower row of teeth in the head 
coordinate system. The reference points on forehead and nose 
are used to reduce the influence of head movements during 
the recordings on the visual features. 

 
Figure 2: Above: manually set phone boundaries, below: 
Automatic generation of phone boundaries on base of the 

first two LPC coefficients of Parcor type. 
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Figure 3: Courses of the geometric features height of inner 
and outer mouth contour. 
 
Different visual features were employed as i) geometric 
measures as heights or widths of inner or outer lip contours, 
distance chin-nose, or area of the lips, ii) eigenvectors of 
closed lip contours, or iii) 2D eigenmatrices as orthonormal 
basis units for the classification of the mouth contours. 
 Typical temporal courses of the features outer and inner 
height of the mouth contours are shown in figure 3, together 
with the spectrogram and the phone boundaries of the related 
speech signal. Clearly visible are the opening and closing 
movements of the two features and their strong correlation. 
Artifacts in the correlation at certain times result mainly from 
a protrusion of the lips. 

1.4. Temporal position of phone-related images 
The relative positions of the phone-related characteristic 
images can be determined interactively by playing the video 
forward or backwards in slow-motion. The images are easy to 
determine and intra- and interpersonal results are very 
reliable. Gutturally articulated sounds and aspirates made an 
exception since they are generally not sufficiently represented 
in the facial pattern. The expectation values (dark) and vari-
ances (light) of relative positions of the phone-related charac-
teristic images within the phone boundaries are shown in 
figure 3. They play an important role in the facial animation 
algorithm described below. 

1.5. Classification of the mouth contours 
The codebook of feature vectors for the characteristic key-
images was designed with the help of Voronoi classifiers, 
which act on the feature vectors of the phone-related single 
images determined by hand for each phone of the utterance. 
We mainly used learning vector quantifiers (LVQ) of Fuzzy-
C-Means (FCM) methods [8]. Figure 4 shows exemplary 
mouth contours determined by a classification with an FCM 
classifier acting solely on the features height and width of the
inner mouth contour. The codebook consists of 38 charac-
teristic mouth contours. Each contour consists of 40 
equidistant connected points. The related analyzed video clip 
showed some over-articulation resulting in widely open lips 
as seen in figure 5. The lip form on the top left shows a 
referential closed mouth. 
  This particular codebook for the animation yielded good 
recognition results in field tests with hearing-impaired 
children and quick improvements in their ability to 
speechread through well distinguishable facial movements. 

 

 

 
Figure 4: Expectation values (dark) and variances 

(light) for relative positions of phone-related 
characteristic images within the phone boundaries. 

1.6. Visual speech synthesis 
LIPPS is a modular visual speech synthesis system. Each 
block can be implemented separately with the connecting 
interfaces being clearly defined. Input to the system can be 
realized by reading from i) a keyboard or ii) a text file or iii) 
directly by a speech signal from a microphone. The heart of 
the synthesis system is a relatively simple facial animation 
driven by a phoneme sequence as input. With the help of a 
selection algorithm, each non-guttural or aspirate phoneme of 
the phoneme sequence to be presented is associated with a 
key-image. The easiest selection algorithm subdivides the 
sequence into overlapping diphones and associates  
 

 
Figure 5: Codebook with 38 generalized 

characteristic mouth images and one closed mouth 
(top left). 

key-images to the phonemes that result from a diphone-
related classification algorithm. The set of selected points on 
the mouth contours and the other facial animation points for 
each phoneme then controls a morphing algorithm, which 
calculates all necessary single images of the facial animation 
clip from a single passport photo image.  
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More natural movements could be gained by using a 
nonlinear artificial network [9] to select the sequence of key-
images from a codebook of images, which was generated by 
a classification that works without any preconditions like 
diphone coupling. 
 The phoneme sequence as input to the facial animation 
can either be produced by a phonematic transcription of 
keyboard or text file input, or with the help of a phoneme 
recognizer, which is itself driven by a microphone input. For 
the transcripttion, a large database of pre-transcribed words is 
used, and several different artificial neural network paradigms 
were implemented and tested to make the phoneme 
recognizer more speaker independent. Best results occurred if 
at first a (text-independent) speaker recognition block could 
determine the speaker and thereby activate a respective set of 
individual parameters for the phoneme recognizer. The 
speaker recog-nition works generally on base of features of 
the speech signal that can theoretically be related to 
individual vocal tract parameters of the speakers, e.g., on LPC 
coefficients. 
 The animation is synchronized with the speech signal with 
the help of the phone boundaries determined by the phoneme 
recognizer, and with the expectation values of the relative 
positions of the key-images within the phone-boundaries. In 
case of keyboard or text file input, an external hardware with 
a speech synthesis system can be connected to the complete 
system; in this case, the facial animation is synchronized to 
the phone boundaries given by the speech synthesizer. More 
detailed descriptions of the complete synthesis system 
including the audio-visual synchronization are given in [10]. 
 Two exemplary images with open triangulation of the 
mouth region and positions of the teeth are shown in figure 6. 
The vertical position of the lower row of teeth is controlled 
by the feature distance chin-nose. Tongue movements are 
realized by vertical positioning of a bit pattern showing a 
tongue image from above in the upper part, a tip of a tongue 
in the middle part, and a tongue from below in the lower part. 
 Figure 7 shows typical temporal courses of the feature 
height of inner contour by a selection principle with a 
diphone table (above) or with an artificial neural network 
(below). The original curves of the video clip are dashed in 
comparison to the respective predicted curves by the 
animation system (bold). It is obvious that the error is smaller 
for the artificial neural network. This can be stated in general. 
 The visual speech synthesis system was extensively tested 
in schools for deaf or severely hearing-impaired children in 
order to evaluate the subjective naturalness or intelligibility of 
the produced animation clips. One of the results shows that 
the children could significantly improve their ability to 
speechread from a human speaker by using the system only 
one hour daily for a period of one to two weeks [11]. 

 
Figure 6: Triangulation of the mouth region and form 

and positioning of the teeth. 

Newer video-related systems are, for instance, described 
in [12] or [13]. 

 

 
Figure 7: Temporal courses of the visual feature 

‘heights of inner lips contour’, diphone prediction 
(above) versus neural network prediction (below). 

2. Dynamic articulatory lip motion model 
The basic idea of the dynamic model is that the visual cues of 
each viseme follow their own dynamics, modulated by 
contextual coarticulation. 
 The new dynamical model for lip movements is based on  
i) Dominance values assigned to each visual cue of each 

viseme, which control the contextual importance or 
indispensability of respective visual cues; for instance, 
high dominance is given to complete or partial lip closure 
of the bilabial or fricative viseme, respectively, whereas 
low dominance is given to practically invisible visemes 
(e.g., guttural visemes), when the lips mainly prepare the 
transition towards later dominant phonemes; 

ii) A neighborhood function, which modulates the influence 
of visual cues related to neighboring visemes, and 

iii) A set of linear 2nd-order dynamic systems, one for each 
viseme. 

It is assumed that all temporal aspects (as the duration of the 
visemes in the phonetic context and the placement of the 
characteristic images) are known or can be predicted by other 
methods, as they were used in the LIPPS system, for instance. 
 
2.1. Video analysis 
 
 The video film to be analyzed consists of a large number of 
English sentences, of which a subset of 20 were used for the 
determination of model parameters or the prediction of visual 
cues. It contains relatively unemotional recordings of a 
female speaker with phonetic labeling and was delivered to 
participants of the AVSP 2008 for reference and training 
purpose in the LIPS contest.  
 The goal of the video analysis is to predict the courses of 
certain visual cues, with the help of which a computer 
animation can be driven later. In principle, any visual cue 
may be processed, as for instance, geometric features, facial 
animation points, or controllable anatomic parameters. In the 
following approach, we apply the method to the two 
geometric features ‘inner hight’ and ‘outer width’ as an 
example. 
 The first step of the video analysis is a determination by 
hand of the phoneme-characteristic images together with 
certain geometric cues/features for each single image of the 
video clip. In the following, we use the features ‘inner height’ 
or the strongly correlated ‘outer height’, plus ‘outer width’ of 
the lip contours. 
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Dominance value 
 
We define the dominance value of a viseme-related visual cue 
as the reciprocal standard deviation of the distribution of that 
cue. When using two visual cues, distribution and  standard 
deviations for the visemes /ih, iy/, /oh, uh, ow/, and /p, b, m/ 
can, for instance, be visualized as in figure 8; the main axes 
of the ellipses represent the standard deviations, the reciproce 
values of which are the dominance values. This means that 
 

  
Figure 8: Exemplary distribution and standard 
deviation sof two visual cues  for three visemes. 

small standard deviations yield high dominance values, and 
large standard deviations small dominance values. 
 
Neighborhood function 
 
The neighborhood function is at the moment fixed by a 
Gaussian function over time; when the course of a visual 
feature in a particular visemic segment is to be predicted, the 
relative temporal positions of the phoneme-characteristic 
images in the neighborhood modulate their dominance values; 
the biggest influence have nearby visemes with a high 
dominance value, and the smallest one far-away visemes with 
a small dominance value. In test runs, 2-5 subsequent 
neighbors are considered. 
 
Second-order linear system for visual features 
 
For either visual cue of a viseme, a linear 2nd-order dynamic 
system governs the principle dynamics. The prediction of the 
courses of the visual features is piecewise controlled by the 
dynamics of the visemes involved and by respective auxiliary 
conditions. Instead of determining any parametric changes 
directly, this is done indirectly through the dynamics of the 
neighboring visemes. 
 Each visemic segment is represented by a differential 
equation of the type 
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Figure 9: Exemplary distribution and standard 
deviation sof two visual cues  for three visemes. 

For � i > 1, the response is given by 
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Figure 9 shows a principle example of the piecewise 
prediction of feature f = ‘inner height’ for a given phonetic 
sequence. EQ is the equilibrium level, in this case equal to 
zero, /cm/ represents the closed mouth, the crosses are 
opening values (in pixels) for the characteristic images of the 
visemes, the drawn curve is the predicted course of the 
feature, and the step function is the control function u(t). 
 The opening value for each characteristic image is given 
by the maximum value of that feature in the feature 
distribution according to figure 8, modulated by a linear 
superposition of the dominance values of the neighboring 
visemes and the neighborhood function. The step function is 
the input to the second-order linear systems and represents the 
desired feature values at the subsequent characteristic 
instances. The step sizes are given by the modulated opening 
values.  
 
2.2. Feature prediction 
 
For feature prediction, the coefficients of the visemes, i.e. of 
the respective dynamic systems must be adapted beforehand, 
which is done on base of the hand-determined video data. For 
this purpose, the eigenfrequencies i� are correlated with the 
duration of the phonemes or visemes so that for each visemic 
segment, only two coefficients must be determined by extra 
constraints. These constraints are that the curve does not 
show any jumps at the two phoneme or viseme boundaries. 
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Figure 10: Measured (-) and predicted (--) courses of feature 
‘outer height’ for one of the sentences of the text corpus.  
 
Then, the respective coefficients of all segments belonging to 
the same viseme are combined by calculating the mean value, 
resulting in exactly one set of coefficients for each feature 
and each viseme. As the dynamic properties of the visemic 
segments and the input step functions are now known, the 
feature courses can be predicted. 
  An example for the quality of a predicted curve is given 
in figure 10. The vertical lines represent the phoneme/viseme 
boundaries, the bold line the measured data from a sentence 
of the video clip, and the dashed line the predicted course of 
the feature ‘height of the outer lip contour’. The close 
correlation is evident and much more precise than for 
predictions on base of diphone tables or those using simple 
unstructured learning algorithms applied to unmodulated key-
images of a codebook, as shown in figure 5. 
 
3.  Future work 
 
The project is ongoing. Momentary results can predict the 
courses of visual features well with given text input. 
 In the future it is planned to evaluate a related facial 
animation by hearing-impaired persons, to analyze, 
‘implement’ and compare several speakers, to analyze also 
emotional visual speech movements, and to include realistic 
tongue movements; further, an extension to different 
languages is planned. 
 This implies that av-speech intelligibility tests must be 
performed with test persons. For this purpose, an av-speech 
intelligibility index (AV-SII) has already been defined in 
cooperation with the Danish hearing-aid company Widex, 
which is to be discussed separately. 
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