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Abstract 
In this paper we present a novel way of processing the video 
signal for lipreading application, and a post-processing data 
transformation that can be used alongside it to improve the 
audiovisual speech recognition results. The presented Lip 
Geometry Estimation (LGE) is compared with other 
geometry- and image intensity- based techniques typically 
deployed for this task. It can be applied at post-processing 
stage to any other feature extraction technique. We show to 
what extent different ways of processing the video signal are 
equivalent under appropriate transformations.   
  

1. Introduction 
The automatic lipreading (or multimodal speech processing in 
general) quickly becomes a mainstream part of the speech 
related research. In the recent years some prototype systems 
have already been presented or announced. The need for lip-
reading in human computer interaction is no longer questioned 
as the speech recognition based only on audio signal hits its 
limits. Several experiments show that lip-reading can be 
efficiently applied in limited-vocabulary speech recognition 
[1],[2], recognition of speech uttered by speech impaired [3] 
and also in case of continuous speech signal [4]. The benefits 
of multimodal processing outweigh the increased system 
complexity as soon as the signal to noise ratio drops to levels 
typical for the setups that do not rely on a close talking 
microphone or laboratory environment. Techniques developed 
for automatic lip-reading find their way also in the world of 
computer generated facial animation and multimodal speech 
synthesis [5]. There is however one substantial problem that 
limits the broader acceptation of lip-reading for the real-life 
applications. It is the lack of consensus about the way that the 
visual data should be processed before it reaches the 
recognition system. Contrary to the audio processing which 
settled on use of frequency domain for representation of the 
speech signal, the representation forms used in lip-reading are 
varied and usually not directly convertible between each other. 
The lip movements and other visually distinguishable changes 
in articulatory system are represented by different researchers 
in multitude of possible geometric and non-geometric models 
[6],[7]. While one can assume that geometric models are to 
some extent compatible with each other, there is no obvious 
method to relate the geometric models to the intensity based 
models for example. It is certainly possible [8], but nontrivial 
and such methods do not guarantee accuracy of conversion. 
The multitude of the processing models is not bad per-se, but 
it heavily limits the possibilities for fair comparison of the 
methods for higher level processing of the visual speech. It is 

near to impossible to compare two lip-reading system 
architectures that are based on different processing techniques. 
In this paper we present a new method for processing the 
video signal which we call lip geometry estimation (LGE). 
This method is conceptually a middle way between purely 
geometrical models of lip and the image intensity based 
representations. In order to explain this approach properly, we 
present in Section 2 an overview of different processing 
techniques. Section 3 presents analysis of data streams 
obtained from various feature extraction techniques, together 
with their correspondence to the auditory signal of speech.  

2. Feature extraction techniques  
 
Every lipreading system must somehow process the incoming 
video data. Obviously, that kind of data is stored and 
transmitted in a way that is most suitable for decoding it and 
showing it to the human observer. This data representation 
does not guarantee that it will be optimal with respect to the 
automatic processing and recognition. It is therefore essential 
to pre-process the data in such way that the resulting data 
stream becomes more suited for further processing. The 
obtained data stream is not necessarily the final stream of 
extracted features, but rather the intermediate form that is 
suited for feature extraction. In this section we present an 
overview of already existing techniques that employ a wide 
range of lip-geometry representation paradigms.  
 

 
Figure 1: Extracting a 512 dimensional vector of raw image 

data from the video sequence (RI - Section 2.1). 
 

 
Figure 2: Tracking specific points on the mouth contour (PT -

 Section 2.2). 
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Figure 3: Fitting the geometrical model on the mouth image 

(MBT - Section 2.3). 
 

 
Figure 4: Lip Geometry Estimation (LGE - Section 2.4). 

2.1. Image intensity based processing  

One of the most basic approaches to gather data needed for 
processing visual speech is to use pure and only slightly 
preprocessed video frames. One then uses a fixed resolution 
window centered on the mouth region and treats the intensity 
values of the raw image (RI) from this window as an extracted 
data vector (see Figure 1). This widely used method [9], [10], 
[11], [12] has some serious drawbacks. Firstly, although it is 
very straightforward at data extraction level, it produces a vast 
amount of data that pushes a heavy computational load down 
the processing pipe. It cannot really be seen as a feature 
extraction method; it is rather a preprocessing stage for the lip 
reader. The data of the original image are only reduced with a 
factor around 20-50 depending on the choice of representation 
resolution, which makes it hard to store them in uncompressed 
digital form for off-line processing. The second disadvantage 
of this method is that it discards most of the geometric 
dependencies in the gathered dataset. Two images that are 
only slightly displaced, for example, will produce highly 
distant data vectors. The problem here lays in the fact that the 
two-dimensional function of image intensity must somehow 
be sampled into the single vector of data. Another problem 
with the approach is that it is highly dependent on the 
illumination condition. Although the image itself may be 
normalized in order to compensate for this, the resulting 
changes in contrast, shadows and reflections on the lips are 
directly transferred into the gathered data. That means that 
two images of the lips taken from the same person, uttering 
the same sound, but taken with different light sources will be 
totally different (in the sense of the distance between extracted 

data vectors). To remedy this, it is possible, for example, to 
incorporate a shadow compensation [13], [14], which utilizes 
specific properties of the image of the mouth, but those 
obviously introduce additional computations and therefore 
remove one of the biggest advantages of the method in 
question: its simplicity. This way of representing visual data 
for lipreading systems also preserves all of the person-
dependent features such as skin complexity, skin texturing and 
person-specific geometric features of the mouth. This could be 
an advantage for person identification purposes, but it is a 
substantial overhead for a lip reader. As a consequence of the 
above-mentioned drawbacks, the lipreading systems based on 
such data extraction must be trained on a disproportionately 
large set of examples. The training set for the system must 
comprise a wide range of illumination conditions and a wide 
range of subjects. This could be compared to performing 
speech recognition based on raw waveforms instead of on 
well-defined features such as LPC.  

2.2. Tracking specific points  

It is possible to define a set of points to be tracked which 
would represent the mouth shape [15], [16] (point tracking - 
PT). It is important to choose the points such that they are 
both representative and easy to track automatically in the 
sequence of images. Using points as a method for describing 
the shape of the mouth allows for an enormous data reduction 
and independence of the illumination conditions. The 
illumination conditions - even though they are by no means 
represented in the resulting data - have a big impact on the 
robustness of the tracking algorithm. There is no 
straightforward method for obtaining positions of the selected 
points in the image. One has to use more or less sophisticated 
edge detection algorithms and/or pattern recognition 
techniques. It can be argued that in good illumination 
conditions, tracking points on the inner lip edges is easier than 
on the outer edges, which is a welcome coincidence as the 
inner lip edges are more representative of changes in the vocal 
tract. For comparing the different feature extraction techniques 
presented in Section 3, we implemented a simple color-based 
point tracker that tracks 10 points on the mouth contours (see 
Figure 2). The points are located on different ascending or 
descending edges of the color filtered image of the region of 
interest. The outer contour of the mouth is described by the 
mouth corners and the points laying at the contour of the 
mouth.  

2.3. Model-based tracking  

It is possible to extend point tracking algorithms conceptually 
and to assume that we actually want to track all of the points 
on the lip edges (see Figure 3). In this case, we may easily put 
constraints on the geometric features by assuming that those 
points lay on some predefined type of curves [17], [18]. By 
defining the type of the curves we constrain the tracker to 
some model of the mouth, hence the name: model-based 
tracking (MBT). This approach allows for more robust 
tracking as it uses non-local segments of the image. Most of 
the image distortions are at a local level of detail, so they are 
discarded by this method. The model-based trackers may vary 
greatly depending on the complexity of the model being used. 
In the simplest case, the mouth can be represented by just two 
parabolas that approximate the outer edges of the lips. This 
simple representation may be further expanded by adding 
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models for inner lip contour or allowing for higher-degree 
curves. Moreover, the models can be extended with the 
internal dependencies that limit their appearance to some 
predefined shape ranges. This allows for more robust mouth 
tracking as it eliminates shapes that cannot occur in a real 
situation. Such models with their constraints can be seen as 
physical structures with joints, springs etc. [19]. The tracking 
process of such models then consists of minimizing the model 
energy given internal and external constraints. At the highest 
complexity end of the spectrum we find fully-fledged three-
dimensional models of the lips. We have implemented a 
relatively simple model comprising four parabolas that 
approximate the inner and outer contours of the lips (see 
Figure 3). The model is constrained with respect to possible 
configurations, so that the inner contour is limited to the 
positions within the outer contour and some degree of 
symmetry is preserved with respect to the vertical axis.  
 

2.4. Lip Geometry Estimation  

In this section we will describe step by step a feature 
extraction method called Lip Geometry Estimation (LGE). 
The presented technique is unique because it does not rely on 
any a-priori geometrical lip model. At the same time it differs 
from totally unstructured approach of raw image extraction by 
the fact that it retains the notion of the lip geometry as the 
observable. 
As the first step in video processing, we have to locate the 
mouth in the image somehow. Fortunately for us, in a video 
containing only the face, the lips have a distinct coloring that 
allows us to find them without the need for complicated object 
recognition techniques. In order to utilize this fact, we need to 
apply some sort of lip-selective filter to the image. In our 
current research we use several different filters depending on 
the illumination conditions and the quality of the recorded 
video sequences.  
Even with optimal filtering of the mouth, in some cases the 
filtered image contains unwanted artifacts. In order to reduce 
the impact of such occurrences, we must extract a region of 
interest (ROI) from the whole image. We do this by using 
vertical and horizontal signatures of the image. Each signature 
is a vector containing sums of the pixel values for a specific 
row or column. The boundaries of the ROI can be found by 
looking for raising and falling edges in each of the vectors. 
Even if the artifacts are big enough to appear on the image 
signatures, their influence can be removed by assuming 
temporal consistency of the ROI boundaries between 
consecutive frames. Only the part of the filtered image that 
falls within the ROI was further processed.  
After extracting the appropriate ROI, the filtered image is 
treated as a bivariate distribution I(X,Y) (after normalization). 
The mean of this distribution: [EX,EY] approximates 
accurately and in a stable way the center of the mouth. Using 
this value, we transform the image into polar coordinates. 
Next we take the mean and variance values for any angle α. 
As the image is discrete rather that continuous, all of the 
values are obtained from summation rather than integration, so 
we only operate on estimations of those values, namely M(α) 
and σ2(α). The vectors resulting from sampling of those 
functions for one of the video sequences can be seen in 
Figure 5.  

 
 

Figure 5: Pairs of M(α) and σ2(α) vectors extracted from a 
video sequence. The periods of silence around two spoken 

sequences can be seen clearly. 
 
The value of M(α) for a specific angle relates directly to the 
distance of the lips from the center of the mouth in a given 
direction. Therefore a vector constructed from those values for 
a number of angles describes the shape of the mouth on a 
given image. Such shape profiles were gathered from a video 
sequence of spoken Dutch and grouped based on the visemes. 
Figure 6 shows three profiles for visemes [A], [o u O y Y 
2: 9:] and [p b m]. In order to obtain scale 
independence, the vectors were scaled so that all their values 
fit in the <0,1> interval. It can be seen that the [ou] viseme 
can be distinguished from the others by its relatively high M 
value in the middle. There is however no feasible way of 
distinguishing between [A] and [p b m] visemes. The lip 
shapes that correspond to those visemes are completely 
different (mouth closed versus mouth opened), but scaling of 
feature vectors removes all of those differences.  
 

 
Figure 6: Average M(α) values for specific visemes in a video 

sequence. 
 
As the values of M alone are not sufficient for extracting 
useful data from the video sequence, we use additional 
information about the variance of conditional distributions 
(σ2). Those values are also scaled in order to obtain size 
independence, but the scaling factor is directly determined by 
the values of M rather than σ2. Therefore the resulting feature 
vectors provide additional information about the lips. As an 
example, the [A] viseme clearly shows much lower σ2 values 
than the other visemes (see Figure 7). Obviously, the lips of a 
wide-stretched mouth, appear thinner than those of a closed 
mouth when related to the overall size of the mouth.  
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Figure 7: Average σ2(α) values for specific visemes in a video 

sequence. 
 
The last stage of feature vector extraction is sub-sampling of 
the M and σ2 functions into vectors that can be further 
processed. Obviously, the chosen sampling rate (vector 
dimensions) is a compromise between accuracy and 
processing efficiency. The longer the vectors, the more 
information on the original distribution they contain but the 
longer it takes to extract and process them. After some 
experiments with the data we chose to use the 18-dimensional 
vectors for both M and σ2 (see [20]).  
 

3. Principal Component Analysis  
In a post processing stage, the features obtained by any of the 
above described feature extraction techniques are transformed 
using Principal Component Analysis (PCA). The rationale 
behind this kind of linear transformation is that it allows for 
grading the newly obtained features according to their 
contribution to the overall variation in the dataset. It is also 
very common that the main Principal Components (PCs) relate 
to some properties of the data that can be intuitively named. 
For example, in the dataset obtained from tracking the points 
on the mouth contour, the first PC can be described as the 
degree of openness of the mouth. The second PC represents 
the degree to which the mouth is stretched. Surprisingly, this 
observation holds independently of the feature extraction 
method and can even be found in three-dimensional 
tracking [21].  
 
Table 1: Correlation between 1st PCs of different tracking 
techniques and LPC coefficients. 
 

  RI  PT MBT LGE LPC 

RI 1.00000         

PT 0.73325 1.00000       

MBT 0.69635 0.98266 1.00000     

LGE 0.65130 0.92246 0.93243 1.00000   

LPC 0.40764 0.38818 0.38349 0.42425 1.00000 

3.1. Visual correspondence between different feature sets 

In Table 1 we summarized the correlation between the first PC 
from the different lip-tracking techniques. The correlation 
between the data based on the geometric properties of the lips 
does not fall below 0.9, which means that there is no 
significant difference between those methods. The raw-data 
extraction path is totally different from the geometric one and 
therefore the correlation between its first component and the 
others is significantly lower; just above 0.65. Table 1 also 
contains the first principal components of the data from the 
audio channel. We provide here the figures for audio features 
extracted as LPC coefficients. The correlation between those 
measures of the audio signal and the data extracted from the 
visual modality is not substantial enough to provide us with 
the conclusive remarks here. The overall picture, however, is 
that the raw extraction method and LGE score a bit higher 
than other methods (see the highlighted values). 
 

 
Figure 8: Estimating the original image from different 

representations of the lips. 
 

In order to differentiate between the different feature 
extraction methods, we might ask how well they describe the 
real visual changes. Obviously, raw-data extraction will have 
the biggest advantage here as it hardly simplifies the visual 
information at all. Starting with the first PC, the consecutive 
components explain the smoothly increasing amount of the 
original data variation. However, it is interesting to know to 
what extent the geometric models can be used to reconstruct 
the original image data. Figure 8 summarizes the average 
reconstruction error of the original image from the extracted 
features depending on the number of PCs used. We performed 
a search for the optimal linear transformation from the 
extracted data to the image data:  
 
 I(i)=TF(i)+e(i)   (1) 
where:  
i is the frame number in the video sequence,  
I(i) is the vector representing the original image,  
F(i) is the feature vector extracted from the i-th 
 frame,  
e(i) is the residual error vector,  
T is the transformation matrix that minimizes the 
 following error measure:  
  

    (2) 
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Figure 8 contains the error measure (2) calculated for different 
numbers of PCs used in reconstruction. It can clearly be seen 
that LGE outperforms the other geometry extraction methods. 
It is however also evident that we cannot use the extracted 
geometric features and expect a simple linear image 
restoration procedure to work efficiently.  
 

 
Figure 9: Estimating the LPC coefficients of the audio signal 

image from different representations of the lip movements. 

3.2. Correspondence of different feature sets to the 
auditory signal  

The next step in evaluating the compared feature extraction 
methods is to produce the similar results for reconstruction of 
the audio data instead of the original image. Substituting the 
I(i) in the equation (1) with the vector of the audio data audio 
data A(ti) extracted from the appropriate time interval ti we 
can test how well the extracted visual data can be used to 
predict the audio data. Figure 9 shows the results with A(ti) as 
a vector of the LPC coefficients extracted synchronously with 
the image acquisition. We use here overlapping Hamming 
windows corresponding to each video frame. The windows 
have 80ms span and overlap by 20ms at both sides. We obtain 
therefore 25 feature vectors A(ti) per second. In this case, the 
LGE outperforms all other extraction methods. Note however 
that the graph's scale has been stretched substantially as the 
results do not differ enough. The linear prediction of the audio 
signal from the visual data remains very poor independently of 
the chosen feature extraction method. The poor results of 
audio data prediction from the video signal may indicate some 
underlying problems. One of the possibilities is that the 
underlying relation between audio and video is highly non-
linear, which seems a very plausible hypothesis. We could 
also hypothesize that the extracted features do not relate to the 
audio data in any way (linear or not). That would of course be 
very bad and it would make it impossible to develop a 
lipreading system on the basis of such measurements. One of 
the possible ways of testing this phenomenon is to look for the 
mutual information measure [22] of the audio and video 
signals. If those signals are somehow related, we may expect 
that the mutual information measure will peak when they are 
in sync and be negligible when they are far out of sync.  
 

4. Conclusions  
The quest for the most accurate and robust processing model 
for going lip tracking is still on. Many researchers strive to 
achieve the perfect processing pipeline with hopes to 
overcome the inherent problems in lipreading. It is our opinion 

that this noble quest may not be that relevant to lipreading 
recognition results as generally assumed. The entirely 
different methods can be transformed in each other with 
accuracy that is sufficient to preserve the obtained recognition 
rates. This is a very important result for the lipreading 
community. The developers of lipreading systems may now 
start to concentrate on the recognition models themselves and 
assume that they will be able to plug in any mouth tracking 
method that appears to be the most robust one at a later point 
in time. The LGE method developed by us and used in several 
experiments up to now appears to be very competitive with the 
others with some strong points on in its favor. The previously 
mentioned equivalence of different geometry-based methods 
suggests that the results from our current and previous 
experiments also apply to other processing models.  
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