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Abstract 
 
This contribution is about the method for automatic lips 
reading from the video picture. The results of this automatic 
method are used for the next audio-visual speech processing 
and recognition. The simple image processing method for 
finding of the human face in the video picture is presented 
here. The lips are found from the marked human face in the 
region of interest, where the lips are, with the help of the 
mathematical gradient method. This gradient method is based 
on the image histogram. The histogram is computed from the 
colour value of the region of interest. The first results for 
visual speech recognition of isolated words are presented in 
conclusion. The method described here was used for face and 
lips detection to help speech recognition. 
 

1. Introduction 
 
Today’s computer technology makes possible to use also the 
visual part of the data used for  speech processing and 
recognition. The visual part of the speech doesn’t have such 
quantity of information about what has been said as the audio 
part of the speech signal. This visual part can improve, in the 
combination with the audio part of the signal, the recognition 
rate in noisy conditions (in the noisy factory, in the street, in 
the railway station, and so on). We want the recognition 
response to be very short. It means that speech recognition has 
to be done in real time. Image processing and recognition is 
very time consuming compared to audio signal speech 
processing and recognition. Therefore we need some fast and 
simple methods for this. These methods for image processing 
and recognition must be sufficiently robust. The parameters 
obtained from the found outline of the lips are used in the 
visual part of speech most frequently. The finding of the lips is 
done in two steps: The first step is to find the human face in 
the video picture. In this step we want to know if some human 
face is in the video picture or not, and if somebody speaks to 
the camera. The camera is connected to the computer on which 
runs the program for audio-visual speech recognition. The 
second step is to separate the region of interest containing the 
human lips from the detected face. This is very difficult task 
because the skin colour of the face can be the same like the 
colour of the lips. The methods based on colour or shape 
segmentation of the image with the human lips (face) fail in 
certain specific cases. We concentrate on normal cases (with 
normal press and temperature for people, when the person 
isn’t sick, and so on) for lips finding and reading for the 
present. The static and dynamic (from the video stream) visual 
parameters from the detected outline of the lips in the 
combination with the parameters from the audio speech signal 
are used for audio-visual speech recognition than. 
 

2. Finding of the Face of the Human Subject in 
video picture 

 
The face detection is the first task for the quality lips reading. 
A lot of methods of image processing exist that solve this 
problem [1]. They include the methods for face detection that 
work with the skin colour model, shape of the face, and so on. 
The methods based on skin colour model utilize simple 
threshold segmentation or segmentation using Gaussian 
mixture models of the pixels from the skin. Two-mixture 
models for the people with the “bright” or “dark” colour of the 
facial skin are used most frequently [2]. We have used the 
method of segmentation based on one-mixture Gaussian model 
of the human facial skin. Our method is used only for people 
with the “bright” colour of facial skin at present. We would 
like to create a two-mixture Gaussian model for all people in 
the near future. This method combined with the shape 
segmentation is fast and satisfactory for robust face detection. 
The Cr, Cb colour transformation (1) of the colour elements 
RGB from the original colour picture was used for the creation 
of the one-mixture Gaussian model of the human facial skin.  
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The statistical values (mean values µCr, µCb, and standard 
deviation σCr, σCb) was obtained from 50 video pictures of 
human faces. All skin pixels were manually selected from 
these video pictures. The Cr, Cb colour values of the selected 
pixels were used for computation of the statistical parameters. 
In the course of image segmentation we count the normal 
distributions if the pixel belongs to human skin according to 
the formula:  
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where µ

r
is the vector of mean values µCr, µCb, and Σ is the 

covariance matrix with the values of standard deviation σCr, 
σCb. 

This method is safe estimate if the object with the 
similar colour like the human skin isn’t present in the picture. 
This problem can be solved by the shape segmentation that 
follows the colour segmentation. The shape segmentation uses 
the methods of the mathematical morphology (opening and 
closing). The first morphological operation (for this shape 
segmentation) is the opening with a small circle. This 
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operation eliminates the noise and simplifies the picture. The 
second morphological operation is the closing with a longish 
ellipse. This operation eliminates the objects from the human 
face (mouth, eyes, shadows and so on). The last morphological 
operation is the opening with automatically selected ellipse: In 
the first step the found longish ellipse is just as large as the 
input picture is. The ellipse is downsized step by step with the 
help of the simple geometric transformation with the 
brightness interpolations of the nearest neighbour. Than the 
morphology operation of opening with the reduced ellipse is 
performed. The algorithm is finished and the ellipse is selected 
if the resulting sum of the elements from the binary picture is 
bigger than zero. The bottom part of this automatically 
selected ellipse is used like the mask of the region of interest 
containing the lips. We use video pictures with only one 
human speaker at present. The lips reading in pictures with 
more people is more difficult. We plan to solve the task of 
analysing pictures with more people in the near future.  
 

 
 
Figure 1: The automatic detection of region of interest (ROI) 

with the human lips 
 

3. Automatic Lips Reading from the Region of 
Interest 

 
The mask of region of interest with the human lips is 
developed with the help of the method for face detection that 
is described above. The methods for lips detection can be 
more time consuming, because the region of interest with the 
lips is smaller than the original picture with the human face. 
The presumption is used that the human speaker has closed 
lips in the first video pictures in the video stream. It is good to 
use the G1-transformation of the colour for lips detection [3]: 
 

( )BGR

G
G

++
=

3
1      (3) 

 
This colour transformation isn’t countable in the case where R 
= G = B = 0 (absolutely black point). In this point we 
determine that G1 is zero. But this is the special case because 
we have processed a lot of regions of interest with lips from 
video pictures and we have not found any absolutely black 
point there. It is not common to have absolutely black point on 
human face. The resulting G1-histogram from the region of 
interest is two modal (if the human speaker has closed lips). 
The verified hypothesis is that the resulting G1 image 

histogram is a combination of two Gaussian distributions [4]. 
The first Gaussian distribution N(µr, σr

2) describes the 
distributions G1 colour values of pixels from the lips and 
second Gaussian distribution N(µk, σk

2) is counted from the 
G1 colour values of pixels from the human facial skin. The 
lips are the searched object and the human facial skin is 
background for us. We want to find out the statistical values 
(mean values µr (for lips), µk (for skin) and standard deviations 
σr (for lips), σSkin (for skin)) from the analysis of this two 
modal histogram. We have used the mathematical gradient 
method (with the least-squares method) for the estimation of 
the statistical parameters for this purpose. We have chosen 50 
intervals in the histogram axis x for the computation of the 
original G1 image histogram of the region of interest. This 
number of intervals seems to be the best for our purposes. 
Than the deviation (with the help of the least-squares method) 
between the original and estimated G1 image histogram is 
calculated. The estimated histogram is created from the 
parameters µr, µk, σr, σk, Pr, where Pr is the estimated number 
of pixels belonging to the lips in the image. Pk is the number 
of skin pixels in the image:  
 

rkrk PPPP −=⇒=+ 11     (4) 
 

The estimated histogram is counted according to formula: 
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The sum of squared deviations has equation:   
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The gradient of deviation is computed by the formula:  
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The computation for 
kµ
ϕ

∂
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 and 
kσ
ϕ

∂
∂

is similar like for (11) 

and (12), only the letter “r” is “k” and the constant before the 
sum isn’t “.. Pr /...” but “...(1- Pr)/...”.  

The algorithm for calculation of estimated histogram 
is the following: The first estimation of the statistical 
parameters µr, µk, σr, σk, Pr is set. We initialise this first setting 
as:  
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where IntH is the range of the original histogram, maH is 
maximal G1-color value of the pixels from the region of 
interest and miH is minimal G1-color value of the pixels from 
the region of interest. 
 
Then the algorithm proceeds according to diagram: 
 

  
 
Figure 2: The diagram of the algorithm, c is small number of 

the step, we use c = 0.01  
 
The algorithm is closed if the deviation between the original 
and estimated histogram is minimal. We can set the threshold 

of the minimal deviation in advance but it isn’t practical and 
exact. It is better to pass the explicit number of iteration steps 
(1000 is quite enough). From these steps we choose the step 
where the deviation between the original and estimated 
histogram was the least. This is the procedure for the obtaining 
of the estimated parameters µr, µk, σr, σk, Pr.  
 

 
 

Figure 3: The original histogram (dotted curve) and the first 
estimated histogram (solid curve). Both histograms are 

normalized.  
 

 
 

Figure 4: The resulting estimated histogram (solid line). 
 
The threshold T for image segmentation is automatically 
selected as (from the equation):  
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We can use a simple method for image segmentation for all 
video pictures from the video stream with the help of this 
threshold. The shape segmentation is made after the colour 
segmentation like the one that was a part of the face detection. 
The first morphology operation is opening with a small circle 
here. This operation eliminates the noise and simplifies the 
picture. The second operation closing with a small circle that 
eliminates the objects from the background.  
 

 
 

Figure 5: The region of interest with the detected lips (right 
picture)  

 
The simple test has been created for the verification of the 
method for automatic lips detection. The database of 50 
pictures of different persons (where the region of interest with 
lips is present) has been developed.  The lips were manually 
selected in these pictures. The same database (without the 
manually select lips) was used for automatic lips finding of the 
lips with the help of the gradient method described above. 
91.4 % of automatically selected pixels of lips were found 
compared to manually selected pixels using this gradient 
method. The visual static parameters h1i, w1i [5] and dynamic 
parameters ∆h1i = h1i – h1i-1, ∆w1i = w1i – w1i-1 were obtained 
from the outlines of the detected lips. These parameters were 
used in our first test of the visual speech recognition of 
isolated words. The dictionary of 10 words was used for this 
purpose. 10 human speakers narrated each word from the 
dictionary to create the training database. The video file was 
created from the pictures of the size of 320 x 240 pixels and 
the sampling frame rate was 30 frames per second. The hidden 
Markov’s model was trained for every word from the visual 
parameters. This HM model had 6 states and it used 4 visual 
parameters in every time frame. The time length of each frame 
was 33.3 ms. The same dictionary for visual speech 
recognition was used in the creation of the testing database. 5 
other human speakers narrated this database. The recognition 
rate was 53.8 % of words for this simple initial test. This test 
has shown that the single visual part of speech is a very poor 
carrier of information for robust speech recognition [6]. The 
resulting recognition rate is very low for this small dictionary 
of 10 words. 
 

4. Conclusion 
 
 
We are developing the system for audio-visual continuous 
speech recognition at present. This system utilises the audio-
visual HM (hidden Markov’s) models of single phonemes . 
We have found the acceptable visual parameters for finding of 
the lips. These visual parameters are used for training of the 
audio-visual HM models of single phonemes now. The 
methods for automatic face and lips detection (that are 
described in this contribution) are used in this system. These 
methods and algorithms are very fast, simple and robust. The 
algorithm for lips detection has found 91.4 % of pixels of the 
lips from the video picture. The complete recognition can 

work in real time. The time response (where we get the array 
of audio and visual parameters) is hundreds of milliseconds 
(computer-Barton 3000+, 1GB RAM). It is necessary to use 
some better methods for estimation of visual parameters of the 
lips. The simple parameters computed from the horizontal and 
vertical opening of the lips isn’t satisfactory. We are looking 
for some better method for this task at present. The single 
visual part of speech isn’t good for robust continuous speech 
recognition or speech recognition with the large vocabulary. 
Nevertheless, the visual part with the combination of the audio 
part of the speech signal can improve the recognition rate in 
the noisy conditions. 
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