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Abstract
In this work, a system of audio visual speech recognition will 
be presented. A new hybrid visual feature combination, which 
is suitable for audio -visual speech recognition was
implemented. The features comprise both the shape and the 
appearance of lips, the dimensional reduction is applied using 
discrete cosine transform (DCT). A large visual speech
database of the German language has been assembled, the
German Audio -Visual Database (GAVD). The conducted
experiments using only visual features resulted in a high
recognition accuracy and improved the audio-visual speech 
recognition drastically.

1. Introduction
Existing approaches of visual feature representation for

speech recognition generally fall under two main categories: 
the high-level features and the low-level or video pixel-based
category [3]. Other approaches combine low-level and higher-
level features [6,5].

For the low-level pixel based approach, the features are 
either directly computed from images or from discriminant 
analysis of the pixel intensity such as the Eigenlips [6].
Discrete cosine transform (DCT) coefficients of the mouth 
region have been exploited for speaker-independent large -
vocabulary [4] audio-visual speech recognition.

In the high -level approach the used features are the lip 
width and the height of mouth opening (and their temporal 
derivatives) [7], for example. Deformable templates [1],
snakes [2], and the Active Shape Model [3] are other examples 
of the high -level approach. Parametric curves such as the
cubic B-spline model were also used [7].

The high -level feature approach is more intuitive, but there 
is typically a substantial loss of information because of the 
data reduction involved [7], compared to the low-level, but the 
curse of high dimensionality is a computational disadvantage.

In this work, we well consider two types of features. The 
geometric features represented by the Bézier curve model
parameters of the lip contours, and the second depends on both 
the geometry and the intensity profile of the lips. We also 
propose a novel visual feature representation that combines
both geometric and pixel-based features. Intensity and gradient 
values in the mouth area are integrated along the contour of 
the lips. This hybrid combination reduces the dimensionality 
of the feature vector and improves the recognition.

For the fusion of audio -visual information, we used two 
schemes for audio-visual feature integration. The first is the 
augmenting of audio video features in one vector using in a 
simple left to right HMM. Here, the audio and video features 
are assumed to be synchronous. For the second scheme, two
separate audio and video vectors were applied to multi-stream
HMM, where the audio and video streams are assumed to be 
synchronous at the phoneme level.

For training and recognition large data sets are needed. 
Most of existing databases deal with English language, but 
effort has also been spent for other languages as German [10],
French [11]. We have constructed the German Audio-Visual
Database (GAVD). It consists of isolated words containing the 
phonemes of the German language.

This paper is organised into two parts, the visual front-end
implementation and the audio-visual speech recognition
experiments. In Sec. 2, the visual front end is presented. It 
comprises lip modelling and detection, visual speech feature 
extraction. In Sec. 3., the evaluation of the implemented visual 
front end is presented using GAVD. Sec. 4 summarises the 
work.

2. Visual Speech Feature Extraction

Extraction of visual speech feature starts with face and
then lip detection, detection of corners of the mouth, upper and 
lower lip detection, fitting of the lip boundary, and finally
results in visual speech features extraction. A detailed
description of the face extraction method is given in [12].

We use the detected position of the eyes and forehead to 
detect the lips. The lip model Tl is scaled using a pre-
determined ratio between the lip width w and the face size. 
The scaled and rotated T l’ is then used to find a coarse upper 
lip position ulc beneath the nose in a corresponding region of 
interest Aulc, whose dimension is proportional to bd (Figure 1
a). Once ulc was found, two search windows Alc and Arc for 
each mouth corners are set using ulc and the approximated 
width w. The dimension of the two windows are proportional 
to w (Figure 1 b).

The corners of the mouth, lc and rc, have varying
appearances while speaking, resulting from rounded, closed,
or open sounds. For the precise detection of a mouth corner, 
we model these cases with different appearance mode ls
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Figure 1 Detection of lc, rc, ul, and ll. (a) Region of interest 
Aulc for upper-lip detection with scaled model T l (b) Lip 
sub-model with corresponding regions of interest 
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Trounded, Tclosed, Topen, and additionally use an average model 
Tlc of them.

Within these areas of interest the left and right corner of 
the mouth are found using coarse then fine search see (Figure
2).

2.1. Geometric Features

For modelling of the lip boundaries, we propose a new
approach deploying Bézier curves. Each Bézier curve is
defined by two end points P0, P2 and one control point P1

(Figure 3a) . It can be written as

P(t) = φ0(t)P0 + φ1(t)P1 + φ2(t)P2 = [ x(t),y(t) ]. (1)

with φ0(t) = (1-t)3, φ1(t) = 3t(1-t) 2, and φ2(t) = (3t2 -2t3) and the 
parameter t → [0, 1].

The model consists of five Bézier curves defined by four 
end points e1,e2,  e3, and e4, and five control points c1,c2,c3,c4,
and c5 (Figure 3 b). Where the end points e1 = lc, e2 = ul, e3 = 
rc, and e4 = ll. The point e2 is used as origin of the shape. The 
model fits to the lip shape with sufficient accuracy, and is able
to capture the variation of the lip shape.

A given set of Bézier parameters of a certain lip shape can 
be written as a vector v = [e1,e2,e3,e4,c1,c2,c3,c4,c5]

T. Along 
each Bézier curve, we select 30 uniformly distributed points
(Figure 3c) such that t ∈  {t1, t2,…, t30}. For each point, we 
define a texture model Tj normal to the curve (Figure 3d),
which is used to fit the shape model to the lips.

The geometric features represented by the Bézier curve 
model parameters.

2.2. Integrated Visual Speech Feature

We propose a novel visual feature representation that 
combines both geometric and pixel-based features. Intensity 
and gradient values in the mouth area are integrated along the 
contour of the lips. 

In order to extract the features, consider the modified
Bézier curve defined by (1). We set P0 = lc and P2 = rc. Then 
we shift the point P1 along a strait line that is perpendicular to 
the strait line connecting the points lc and rc, such that P1

cover the distance from –0.7w to +0.7w (Figure 4).
This selected distance guarantees that we cover the mouth 

maximum opening. The set of shifted P1 points is P1i =
{P11,…, P1N}, i = 1,…, N. For each point P1i we calculate the 

integrated intensity and gradient profile IP(i), GP(i) as
follows. By (1) the modified Bézier curve at the point P1i is
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Figure 2. (a) Mouth corner for rounded, closed, and 
open sounds (b) the average lip-corner T lc, (c,d) coarse 
search area Alc for T lc.
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Figure 3. The  Bézier curve lip model (a) Bézier 
curve, (b) lip model, (c) textures of the boundary, 
(d) texture template Tj at a boundary point j.
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Figure 4. Computing of the integrated features vector IP.
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Figure 5. (a) Variation of the Bézier curve on the lips (b) 
the average intensity profile IP (c) the average gradient 
profile GP (d) the linear combination LC = IP + 0.5 GP (e) 
first 24 and (f) first 16 components of the DCT of LC.



Pi (t) = φ0(t)P0 + φ1(t) P1i + φ2(t)P2

= [ xi(t),yi (t) ],
t ∈ {t1, t2,…, tN}.

(2)

Given the image I(x,y) of the mouth and its absolute gradient 
G(x,y) = |∇I(x,y)|, then
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The values of t0 and tf  are selected such that the starting point 
of the integration will be above 0.2 w measured from lc and 
the end point of the integration below 0.2 w measured from rc
along the direction of w (Figure 4). These heuristic distances
were selected to avoid the integration near the mouth corners.
The resulting vectors of 1.4w length IP and GP are properly 
sub-sampled and linearly interpolated onto a dimension of 64. 
The intensity profile IP, the gradient profile GP, a linear 
combination LC of LC = a IP+ b GP where a and b are real 
numbers. By using DCT, the length of each feature vector is 
further reduced to 24 or 16 (Figure 5e,f). IP and GP captures 
sufficient detail of the appearance of the teeth and tongue. This 
shall assist the discrimination of spoken words. In addition, the 
classification of the tongue and teeth is left to the recogniser, 
and the error-prone estimation of the visibility of teeth and 
tongue is avoided, which causes information loss [5].

3. Experiments and Results
In this section the evaluation and verification of the

developed methods and algorithms are presented. The speech 
recognition performance based on our audio-visual feature set s
and a newly collected database is presented.

3.1. The German Audio-Visual Database (GAVD)

For the German language, we have constructed the
German Audio-Visual Database (GAVD). We selected 100
names of German cities such that the occurrence of each 
phoneme was at least 5 times. These words comprise an
average of 6.8 phonemes per word resulting in 40 phonemes, 
320 diphones, and 535 triphones of the German language.

The data was collected in a normal office environment 
under constant illumination in a relatively clean audio
environment only with little background computer noise. The 
city names were recorded with full-face frontal video for 5 
female and 5 male native German speakers. Each subject 
repeated all 100 words 30 times resulting in a total of 3000 
words per speaker. The video data are stored in DV format. 
The frames contain 720 x 576 pixels at 25 frames/sec. The 
audio stream is sampled with 16 bit at 48 kHz.

3.2. Speech Recognition Results

For the purpose of speaker-dependent speech recognition 
we carried out different experiments. 83% of the data in 
GAVD was assigned to the training set and the remaining 17% 
to the test set. For each speaker 2500 words were assigned to 
the training set and the remaining 500 words to the test set. 

Speech recognition is performed by using the Hidden
Markov Toolkit (HTK) [8]. In addition, we deployed the 

HADIFIX system and BOMP dictionary [9] in order to 
convert text to phonemes.

We tested the recognition accuracy for the following
configurations: audio input only, video input only and
integrated audio-video input. In addition, two feature
integration schemes were examined. 

3.2.1. Audio-Only Speech Recognition

For audio features, we used Mel-frequency cepstral
coefficients (MFCC) with delta and acceleration coefficients. 
In order to study the impact of our lip-reading features on 
recognition tasks under adverse acoustic conditions, we have 
added Gaussian noise to the audio signal. The recognition
accuracy WRA is defined as

 wordsutteredNo.
wordsrecognizedcorrectlyNo.=WRA (5)

Figure 6 shows the effect of adding the noise to the audio 
signal and its effect on WRA. When we use the MFCC for 
audio only-recognition, an increasing noise decreases the
accuracy drastically.

3.2.2. Video-Only Speech Recognition

We have carried out the recognition experiments using the 
following arrangements of visual features
• 24 DCT IP: 24 discrete cosine transform (DCT)

coefficients of the IP vector ,
• 24 DCT GP: 24 discrete cosine transform (DCT)

coefficients of the GP vector,
• 16 DCT IP: 16 DCT coefficients of the IP vector ,
• 24 DCT LiC: 24 DCT coefficients of the linear

combination vector LiC of IP and GP,
• and the Bézier Parameters.

The comparison between these arrangements is shown in 
Figure 7.  The geometric Bézier shape parameters contain only 
information about the shape of the lips and not the full
information about the tongue, the teeth, and the mouth region. 
Therefore, it resulted in a low accuracy. The 24 DCT IP video 
only visual features yield the best accuracy of 41% among the 
other configurations.

3.2.3. Audio-Visual Speech Recognition

For audio-visual feature integration, we used two schemes. 
The first is the augmenting of audio video features in one 
vector using in a simple left to right HMM. Here, the audio

SNR (dB)

Audio Only Recognition

Word
Recognition
Accuracy
(WRA ) %

- - -

Figure 6. Audio only word recognition accuracy vs. 
audio SNR. 



and video features are assumed to be synchronous. For the 
second scheme, two separate audio and video vectors were 
applied to multi-stream state synchronous HMM, where the 
audio and video streams are assumed to be synchronous at the 
phoneme level.

The 24 DCT IP has delivered the best recognition results 
among the other features. Therefore, we selected it for audio -
visual speech recognition. Figure 8 shows the recognition
accuracy for video only, audio only and audio-video
integration.

The accuracy of joint audio-video performs better than 
either audio -alone or video-alone. The simplest strategy of 
augmenting audio video features in a single vector performs
better than separating the two channels into a two-stream
HMM.

4. Conclusion & Summary
We have presented our experiments and algorithm for lip -

reading including face and lip detection, lip modelling and
tracking, and visual feature extraction. We also proposed a 
new model of the lips using Bézier curves. We have presented 
a novel visual feature representation based on both lip shape 
and mouth-region visual intensity profile. We have gathered a 
characteristic data set in order to study the implemented
algorithms. The system demonstrated significant performance
improvement over an audio only subsystem. This gain is most 
distinct in low SNR, where traditional ASR performs poorly.
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