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Abstract 
This contribution is about a creation and selection of the visual 
front end speech features. The use of the visual shape and the 
appearance-based visual features are described here. These 
visual features can be used for the visual or for the audio-
visual speech recognition. Before they are used, the features 
have to be normalized and selected in such a way, so that the 
recognition rate was high enough. The second task has been 
the use of the fusion of different kinds of visual and acoustic 
speech features. The experiments for the audio-visual 
recognition of isolated words have been created in the 
conclusion of this work. 

1. Introduction 
It is necessary to find good visual and acoustic features for the 
audio-visual speech recognition. The creation and selection of 
the acoustic speech features is well solved compared with the 
creation and selection of the visual speech features at present. 
This work is focused on the parameterization of the visual 
speech signal. A lot of methods for the visual speech signal 
parameterization exist at present. The visual speech features 
are extracted from the video pictures where the human speaker 
is camera-scanned from the front most often. The extraction of 
the visual speech features from approached 3D real space is 
developed in the newer works [1]. The approached 3D space is 
created from two video pictures that were scanned from two 
video cameras. The video cameras are scanning the human 
speakers from the different angles. One camera with the 
system of the mirrors is used sometimes. The head of the 
human speaker is in two positions in one video picture if the 
system of the mirrors is used. The visual features have to be 
normalized after their creation. The visual features are used 
for the visual or audio-visual speech recognition after 
normalization of the features. The recognition is based on the 
HMMs or ANNs techniques. The fusion between visual and 
acoustic speech features has to be created before audio-visual 
speech recognition. The HMMs or ANNs are trained on the 
acoustic and visual features after the fusion. The HMMs or 
ANNs are used for the speech recognition in the final step. 

2. Visual features 
The visual speech features could be split into two bigger 
groups. The shape or contour visual speech features are in the 
first group, and the appearance-based visual speech features 
are in the second group. 
 

2.1 Shape (contour) visual features 
 
The shape visual features are taken from the found shape of 
the lip object from the video picture most often. The mostly 
used visual shape features are: horizontal and vertical 
expansion of the lips, the area of the lips and the lip rounding 
[2]. The next visual features are developed from the analyzed 
bound of the lip object [3]. The direction of the lip edge is 
monitored or the lower and upper part of the lips is 
approached by means of the useful spline, for example by the 
parabola. The shape or contour visual speech features are not 
very useful because we they require high-quality video 
recordings. The video picture should have low-noise level and 
no image disturbances because the lip boundary has always to 
be found very accurately. The outer horizontal h (1), vertical 
v (2) expansion of the lips, the area a (3) of the lips and the lip 
rounding r (4) were selected as the shape visual features in 
this work.  
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where (x,y) are the coordinates of the pixels from the binary 
image of the lip region, f(x,y) is image function of the binary 
image with the values 0 or 1. M x N are the pixel dimensions 
of the picture. 
 
The lip rounding visual feature has the biggest levels for the 
Czech visemes u, o, ř. The inner vertical and horizontal 
expansions of the lips were used in the research too. But it is 
very difficult to find these inner visual features because some 
human speakers open the lips too little. The inner visual shape 
features were lowering the resulting recognition rate and 
therefore these inner shape features were not used. 
 

2.2 Appearance-based visual features 
 
The appearance-based visual features are used most often at 
present. The use of the colour levels from the region of 
interest with the lips as the appearance-based visual features 
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would be the most trivial solution. This solution is not very 
practical and useful because one region of interest with the 
sizes 128 x 128 pixels should have 16 384 visual features. A 
lot of information about the picture would be in this large 
feature vector. It would be difficult and time-consuming to 
create the reliable HMMs or ANNs from these data. Therefore 
the picture of the region of interest is transformed using some 
useful image transform, and the components are separated 
from the transformed picture. These components should be 
good enough to describe the informative content of the 
picture. The most often used image transforms for the finding 
of the visual features are: The Discrete Cosine Transform (5) 
DCT [4] and the Principal Component Analysis PCA [5]. 
Another image transforms are used rarely, they are for 
example: the Discrete Wavelet Transform DWT [6] or 
Hadamard and Haar Transform [7]. Some works exist, where 
the combination of the shape visual features and the 
appearance based visual features have been used [8]. The DCT 
visual features have been used in this work. The 
computational time consumption of the DCT is low with the 
help of the fast cosine transform FCT. The DCT visual 
features were computed from the squared region of interest 
with the sizes of 128 x 128 pixels. The lips were in the middle 
of this region. 
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where f(m,n) are the values from the original picture with the 
sizes  N x N pixels, F(u,v) are the coefficients of the trans-
formed picture, 0 ≤ u, v ≤ N-1, and c are the coefficients (6): 
 

⎪⎩

⎪
⎨
⎧

>

=
=

1
2

1

01

0
2

1
)(

kpro

kprokc                                             (6) 

 

The use of the whole transformed space of the DCT 
coefficients would be very problematic and time-consuming. 
Therefore a smaller space of the features is found in this 
space. This smaller space of the visual features is used for the 
speech recognition then. Several methods exist for the 
extraction of this smaller space at present. The computation of 
the energy E  (7), variance V (8), and standardized variance SV 
(9) from the DCT coefficients are used for these purposes 
most often [9].  
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where µ is mean value from the DCT coefficients F(u,v). 
 
P visual features with the highest value are selected from these 
re-counted DCT coefficients. The mutual-information-based 
methods are used for the selection of the visual features 
latterly [10]. The computation of the mutual information is 
more time-consuming than the computation of the energy or 
variance and we have the same recognition rate for larger 
vector of DCT visual features. Therefore the use of the energy 
or the variance is more useful and it has been used in this 
work. The level of the DCT visual features sharply drops with 
increasing index. The normalized methods are used for the 

suppression of this effect. These methods equalize the level of 
single DCT features. The simple logarithmic calculation of the 
feature values by the natural logarithm has been used in this 
article. The mean value of the visual features from the time 
area has been taken from the visual feature vector in the next 
step. The different visual feature means from the different 
video recordings have been eliminated with the help of this 
method. The dynamic (delta and acceleration) features have 
been computed from the static shape or DCT visual features in 
the last parameterization step by means of the simple causal 
difference. The dynamic visual features improve the resulting 
recognition rate. 
 

 
 
Figure 1. The time boundaries of the single phonemes for the 
Czech word „prezident (president)“, the relevant acoustic 
signal, its energy and relevant levels of the visual shape 
features (h ,v). The phonetic transcription of the word 
“prezident” is in the upper part. The character „-“ is the 
silence. The time of the single phonemes in the tens of ms is 
stated bellow the phonemes. 

3. Acoustic features 
The parameterization of the acoustic speech signal is well 
solved at present. 13 Mel-Frequency Cepstral Coefficients 
MFCC have been selected as the acoustic features. These 
acoustic features together with the relevant dynamic features 
are used for the acoustic speech recognition. The number of 
MFCC is different in the different works and papers. We have 
been using 13 MFCC in our laboratory successfully, therefore 
this number of acoustic features has been used in this work. 

4. Audio-visual Feature Fusion 
Several different methods for fusion of the visual and acoustic 
speech feature vectors have been published and developed up 
to this time. The most frequently used method with the use of 
the HMMs or ANNs is the method where the acoustic and 
visual speech signal is recognized separately. The HTK 
Toolkit [11] has been used for the training and recognition of 
the HMMs in this work therefore the fusion methods for the 
HTK ToolKit are described here. 
 
4.1 Fusion and audio-visual speech recognition with the 
help of the HTK ToolKit 
 
Two methods for recognition of the parameterized audio-
visual signal are possible to be used where the HTK Toolkit is 
used for the training and recognition of the HMMs. The 
HMMs are trained as one-stream or two-stream ones. The 
acoustic and visual features are collected to the one-feature 
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vector for one-stream HMMs. The HMMs are created from 
this feature vector. The resulting output function of the state 
S of the HMM is: 
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where  is a feature vector, P is the number of the features, x
r

sx
r

 is a vector of the mean values of the features, sΣ  is a 
covariance matrix, M is the number of the mixtures of the 
normal distribution, and csm is the weight factor of the single 
mixtures. 
 

The acoustic feature vector is used for the first stream and 
visual feature vector is used for the second stream for two-
stream HMMs. The resulting output function of the state S of 
the two-stream HMMs is: 
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where T is the number of the streams (T = 2) and γt is the 
weight factor of the single streams, for T = 1 and γ1 = 1 (one-
stream HMM) is formula (10) the same as (11). 

5. Experiments 
The experiments and their results for the recognition of the 
isolated words from the Czech audio-visual database 
AVDB2cz are described in this part. The main area for the 
audio-visual speech recognition is the Czech language in this 
work. But the most of the methods and algorithms (that are 
described in this paper) are used for the other languages too. 
The technique of HMMs has been used for the training and 
recognition of the whole-word HMMs. The HTK Toolkit has 
been used for these purposes [11]. 35 human speakers have 
been camera-scanned in the Czech audio-visual database 
AVDB2cz. Each speaker narrated 50 Czech words. 1500 
words from the 30 speakers are in the training part of the 
database and 250 words from another 5 speakers are in the 
testing part of the database. The quantity of the speech data is 
not high enough but it is adequate for the next audio-visual 
experiments. The video frame in our video recordings rate was 
30 pictures per second. The time length of one frame for the 
visual speech segmentation was 33.3 ms without overlap. The 
time length of one frame for the acoustic speech segmentation 
was the same as for the visual speech segmentation. The size 
of one video picture was 640 x 480 pixels. The sample rate of 
the acoustic signal was 16 kHz and one acoustic sample had 
16 bits. The minimal number of the frames has been obtained 
from the initial test as 14. The maximal number of the states 
for the HMMs has been determined from the minimal number 
of frames. It has been 14 too. The best number of the states 
has been found out as 14 for acoustic and visual streams in the 
next experiments. The signal to the noise ratio SNR had to be 
determined from the acoustic signal of the single words before 
the audio-visual speech recognition experiments. The 
segmental arithmetic SNR (SASNR) has been used for the 
estimation of the SNR [12]: 
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where s[n] are the speech signal samples without noise 
(estimation), n[n] are the samples of the noise from the signal 
(these samples are taken from the signal w
number of speech samples in one frame, F is the number of 
the frames in the acoustic speech signal 

added step by step to 

ith the silence), N is 

 

The resulting mean value of the estimated SASNR has been 
computed from the acoustic signals from the training part of 
the database and it has been 19.5 dB. The mean value of the 
estimated SASNR from the testing part of the database has 
been 18 dB. The white noise has been 
the acoustic signals from the testing part of the database in the 
next step. The conditions of the speech recognition in the 
noisy environment have been simulated, because it is very 
difficult to obtain the recordings from the noisy environment 
where the SNR would be fixed. The SNR have been estimated 
for each acoustic signal, and the white noise has been added to 
the signal with the help of the beforehand determined relative 
change of the SNR: 
 

SNRSNRSNR en ∆−=                                            (13) 
 

where SNRn is the new value of the SNR after the addition of 
the additive white noise, SNRe is the estimated value of the 
SNR from the original acoustic signal, and ∆SNR is the 
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where PNx is the power of the original acoustic speech signal 
 PNa, PNna is the power of 
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here N is the length of the 

computation of the powers from the signals of the noises n, 
and na. c is the coefficient dependent on the value of SNRn: 
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The resulting acoustic speech signal with additive white noise 
 means of the beforehand estimated SNR  (13): 

 

is created by n
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where xn[n] are new values of the samples that are computed 

The resulting experiments have been done 
of the visual speech signal only, for the 

 features) have been used and 

from the original samples of the acoustic speech signal x[n] 
with additive white noise na. 
 

for the recognition 
recognition of the 

acoustic speech signal only, and for the audio-visual speech 
recognition, see figure 2. The shape and appearance-based 
visual features (DCT energy
different kinds of the fusion of the visual and acoustic signal 
have been used in these experiments. The algorithms for the 
face detection, lip finding and region of interest extraction 
have been presented in previous paper [13].  The best number 
of the DCT visual features (15 features) and the weights for 
acoustic (2.3) and visual (0.6) stream have been determined in 
the previous work too [14]. The influence of the use of 
different combinations of the static, dynamic, and acceleration 
visual features has been researched too, see table 1. 
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Figure 2. The recognition rate for audio or audio-visual 
speech recognition with the help of the shape (S) and DCT (D) 
energy visual features  
 
 

DCT Features Feature Shape 
combinat. Features Energy Variance S. Var. 

s 27,6 36,4 35,1 25,4 
d 21,2 35,6 34,2 20,1 
a 8,8 19,2 18,8 13,4 

s + d 34,8 44,4 41,3 29,3 
d + a 22,0 31,6 29,8 27,6 
s + a 30,4 40,4 39,2 28,7 

s + d + a 33,2 45,2 44,0 31,6 
 

Table 1. The resulting reco n rate rom the visual 
recognition only binations of the static s, 
dy d and acceleration l shap  energ T 

CT rdized ce) fea

signal with the use of H ve been investigated 
too. The recognition rate for the two-stream audio-visual 
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6. Conclusion 
The possibilities of the different shape and appearance-based 
visual features have been researched in this work. The 
different kinds of the fusion of the acoustic and visual speech 

 the TK ToolKit ha

speech recognition has been higher than for the one-stream 
audio-visual speech recognition for the video recordings from 
our audio-visual Czech database AVDB2cz. The recognition 
rate has been higher for the audio-visual speech recognition 
than for the audio speech recognition only in the simulated 
noise conditions. The visual part of the speech can improve 
the recognition rate in the noisy conditions. The recognition 
rate for one-stream HMMs is the same as for two-stream 
HMMs where the weight of the visual stream has been 1.0 and 
the weight of the acoustic stream has been 1.0 too. It results 
from the next experiments that it would be better to change the 
stream weights in dependence on the evaluation of the SNR in 
the acoustic stream. The characteristic of the stream weight 
change according to the SNR is possible to create 
experimentally by means of the maximal value of the 
recognition rate for the different settings of the stream weights 
for the given value of the SNR. It is necessary to create bigger 
audio-visual database for these purposes. This bigger audio-
visual database is created in our laboratory now. New 
experiments will be carried out on this database in the near 
future.   
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