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Abstract 

Lip movements and configurations provide useful information which can be utilized to improve 
automatic speech and speaker recognition. However the use of this visual information requires 
accurate lip tracking algorithms. A new technique is outlined that is able to estimate the outer lip 
contour under noisy conditions accurately. It is based on the combination of gradient vector flow 
(GVF) force fields and active shape models (ASM). Results are presented for speech reading using 
a speaker dependent database. The effectiveness of this algorithm on noisy edge maps generated 
from chromatic segmentation is also demonstrated. 
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1 Introduction 

An audio-visual speech processing (AVSP) algorithm 
using lip movements must be able to accurately track 
the labial contour despite variations owing to lighting, 
camera noise and the speaker's appearance. The im-
portance of the labial contour for AVSP applications 
has been well documented [1, 7, 8). Techniques use-
ful for lip tracking include active contours [3, 4, 5) and 
deformable templates (12]. Deformable templates are 
difficult to use for representing fine details in the labial 
contour. Active contour models (ACM) have been used 
extensively for lip tracking as they can provide finer de-
tail about the outer labial contour. 
In this paper, we address the problem of extract-
ing the labial contour from a pre-processed 'edge-
map'/'potential image' (ie. a binary image describing 
the outline of an object) with the edge map f(x,y) be-
ing described as, 

I( ) _ { 1 T{I(x,y)} ~ Th 
x,y - 0 else (1) 

where T is some edge enhancement operator, This a 
threshold and I(x, y) is the original intensity image. 
The extraction of the labial contour from the potential 
image f(x,y) has to be performed in a manner that 
has low sensitivity to the initialisation of the estimated 
contour and any noisy artifacts present in the potential 
image. When an image taken from the mouth region of 
interest (ROI) is pre-processed to gain a potential im-
age, the contour around the labial outline can contain 
unwanted visual artifacts from noise and/or contain 
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broken lines. Using an edge detector alone, however 
good, will not separate the outer labial contour from 
other structures in the image. More prior knowledge 
on the allowable shapes of lips needs to be brought to 
bear on the problem. Previously, active contour models 
(ACM) or 'snakes' have been used to provide syntactic 
restrictions in lip shape with good results [1]. However, 
active contour models have some problems associated 
with them when being used to track lips from a po-
tential image. Firstly, the syntactic restrictions they 
provide for shape deformation are quite general so that 
for noisy potential images the resultant fitted contour 
may itself be noisy. Secondly, the potential force fields 
derived from the potential image, which tell the contour 
in which direction to move, have problems associated 
with the initialisation of the estimated contour when 
noise (ie. unwanted visual artifacts or broken lines) is 
present. 

We present a new class of potential forces, based on 
gradient vector flow (GVF) fields, that can evade some 
of the problems caused by noisy potential images. Gra-
dient vector flow ( G VF) fields (9) are both insensitive to 
initialization and have an ability to move into concave 
boundary regions. These fields are used in conjunction 
with active shape models (ASM) which provide a way 
to vary a contour based on pre-trained syntactic in-
formation about allowable labial contour deformations. 
Using both GVF fields and ASM a technique has been 
developed that can reliably converge to the correct lip 
contour outline whilst maintaining a valid lip shape un-
der adverse conditions. 
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2 Active shape models and po-
tential images. 

Active shape models (ASM) have proved to be very 
good at providing a model for the deformation of lip 
contours and in turn provide an accurate way of track-
ing a speakers lips [7). ASMs have the advantage of 
providing a priori knowledge about typ~cal deformation 
of lips from a training set of labeled lips. 
The lip contour x can be described by n points 

This contour can be approximated using principle com-
ponent analysis (PCA) [7] by, 

x~x+Pb (3) 

where Y is the mean of the training feature vectors, P 
the matrix of the first few column eigenvectors of the eo-
variance matrix which correspond to the largest eigen-
values and b a vector containing the weights for each 
eigenvector. The vector b can be used as a compact and 
decorrelated approximate representation of the original 
contour vector x in which the main modes of variation 
have been preserved. 
Active shape models when used for lip tracking have 
been predominantly implemented within a multidimen-
sional energy minimisation framework [7] that actually 
differs from the original approach given by Cootes, Hill, 
Taylor and Haslam [2]. Cootes suggested that potential 
images could be used to calculate suggested movement 
for each model point such as those used with active 
contour models [4]. This potential image describes how 
likely each point in the image is to be the model point 
and is usually described via a edge map which is created 
using a pre-processing step described in Section 3. 
Adjustments to the position of each point can then be 
derived from the potential force field generated from the 
potential image. Convergence can be achieved in fewer 
iterations with the model constrained to vary within 
valid lip shapes as dictated by the ASM. 

3 Extraction of an potential image 
from the mouth ROI. 

The mouth ROI image that is used for visual feature ex-
traction can be a grayscale or colour image. Grayscale 
images suffer from lighting problems and it has been 
reported that the variation of the gray levels around 
lips is small [1). Colour images of the mouth ROI have 
greater class distinction between human lips and the 
predominant skin background allowing for far more ac-
curate modeling of the labial contour when compared 
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to their grayscale counter parts. However, using colour 
as a feature has several problems. Firstly, the colour 
representation of a person obtained by a camera is in-
fluenced by ambient light and background. Secondly, 
different cameras produce significantly different colour 
values, even for the same person under the same light-
ing condition [10). These variabilities make the genera-
tion of edge-maps through chromatic features problem-
atic, with the resultant binary images often containing 
noisy artifacts. 
In this paper we have chosen to use a technique of 
thresholding using the ratio of red to green pixel values 
in a RGB image to produce a binary image of candidate 
lip pixels as described in [1, 6, 81 A binary image is 
created by finding a threshold in 0 space, as described 
by Chiou [1], that best segments the much redder lip 
pixels from the skin pixels as is demonstrated in Fig-
ure 1 (b). After some morphological operations to get 
rid of spurious pixels a edge map f(x,y) is created by 
applying a standard edge kernel to the binary image as 
demonstrated in Figure 1 (c). 

(a) Orlglnal Mo.rlh AOI lb) Blllal)' Mo.rlhROI (o) Polonllal Imago 

Figure 1: Demonstration of how potential image is cre-
ated. 

4 Gradient vector flow. 

The generation of a suitable potential force field v (x,y) 
from a potential image f(x,y) can be error-prone. 
First, the initial contour must, in general, be close to 
the boundary or else it is likely to converge to a wrong 
result. Second, most potential force fields have prob-
lems progressing into boundary concavities which can 
sometimes restrict a contour from being fitted accu-
rately to a potential image. 
Recently, a new class of potential forces has been pro-
posed that overcomes these problems. These fields, 
called gradient vector flow (GVF) fields, are dense vec-
tor fields derived from images by minimizing a certain 
energy functional in variational framework [9). When 
used with active contour models they have been shown 
to be insensitive to initialization and have an ability 
to move into boundary concavities. The theory be-
hind GVF can be found in [9) which gives a thorough 
overview of the process. A gradient vector flow field can 
be defined as v(x, y) = (u(x, y), v(x, y)) that minimises 
the energy functional 

E = JJ JL(u; + u! + v; + v;) +I '\7 /l2 lv- '\7 /l 2 dxdy 
(4) 
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Where p. is a regularization parameter governing the 
tradeoff between the first term and the second term in 
the integrand. This produces the desired effect of keep-
ing v nearly equal to the gradient of the edge map when 
it is large, but forcing the field to be slowly-varying in 
homogenous regions as can be demonstrated in Fig-
ure 2. The solution to Equation 4 is found via a nu-
merical implementation which is outlined in (9]. 

(b) OVF bca field fc) Normal•tld QVF tore. I-'d 

Figure 2: Process of calculating normalised GVF force 
field. 

To make the process of fitting a contour via the poten-
tial force field v as linear as possible it is convenient to 
normalise the magnitude of the fields such that the force 
field contains only directional information as demon-
strated in Figure 2(c). This normalisation process was 
undertaken for all our tests. 

5 Calculating movement for each 
model point. 

The method we used for calculating the adjustments to 
shape parameters based on the GVF and ASM are very 
similar to the technique used by Cootes in (2). Given 
an initial estimate of the positions of a set of model 
points which we are attempting to fit to an lip image, 
and the GVF potential force field v(x) which points to 
the proposed outer labial contour, we need to estimate 
a set of adjustments which will move each point toward 
a better position while maintaining a valid lip shape. 
These adjustments can be calculated for each model 
point which can be denoted as 

dx= (d:c0 ,dy0 ,dx1.,dy., ..... ,dXn-.,dYn-1.) (5) 

Where n denotes the number of points representing the 
contour. Before deforming the ASM itself we have to 
first find the approximate centre of the lips (:cc, Ye), 

(6) 

The need for calculating Xc is due to the ASM of the 
lips being trained in such a way that the centre of the 
labial contour is at the origin. This was done to ensure 
the ASM modeled only the allowable lip shape variation 
and not translational variation. As an initial estimate 
of the lip shape the mean lip shape of the ASM was 
used x as per Equation 3 with centre Xc being the po-
sition at the centre of the image. 
The approach for finding the approximate centre of the 
labial contour is as follows:-
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1. Calculate adjustment vector dx from the 
GVF force field v(x + Xc)i 

2. Calculate centre adjustment vector 
dxc= (dxc, dye) 
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where dxc = ~ :E?=o dxi and dye = ~ I:?=o dyi; 

3. Update Xc by new centre adjustment vector such 
that ,Jt+t) = ,Jt) + 8dxc where 8 is step size; 

4. Repeat steps 1-3 for n iterations; 

For our experiments we chose a step size 8 of one pixel 
and performed the above steps for twenty iterations as 
this assured convergence. Once the initial shape esti-
mate is positioned correctly we can then make adjust-
ments to each model point within a ASM framework so 
as to give an optimal fit to the potential image. 
We aim to adjust the shape parameters so as to move 
the points from their current locations x and be as close 
to x+dx as can be arranged whilst still satisfying the 
shape constraints of the ASM. In (2) it was shown that 
the optimal way to calculate adjustments to the shape 
parameters db of an A,SM described by the weights b 
in a least squares sense is 

db=PTdx (7) 

Using the result obtained in Equation 7 we can deform 
the ASM contour via the following steps 

1. Calculate adjustment vector dx from the 
GVF force field v(x + Xc)i 

2. Calculate db as per Equation 7; 

3. Update b(t+t) = b(t) + sdb 

4. Get new estimate of x R:: x + Ph; 

5. Repeat steps 1-4 for n iterations; 

Again for our experiments we chose a step size s of one 
pixel and performed the above for forty iterations as 
this assured convergence. 

5.1 Qualitative performance of algo-
rithm. 

The fusion of ASM based contour deformation and 
GVF gives excellent tracking performance in a num-
ber of trying conditions. This is particularly true when 
the labial contour outline in the potential image is ob-
structed by noise. 
Typically there are two types of noise present in seg-
mented mouth ROI images that cannot be treated ef-
fectively through conventional means:-

1. Binary image of lips with unwanted artifacts at-
tached to the binary lip cluster as seen in Fig-
ure 3(a); 
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2. Binary image of lips with missing lip pixels in the 
binary lip cluster as seen in Figure 4(a); 

Using GVF force field in conjunction with an ASM of 
the lips, fits a contour to the model that gives an excel-
lent estimation of the labial contour circumventing the 
noisy artifact present in the potential images shown in 
Figures 3(a) and 4(a) the final results of which can be 
seen in Figures 3(d) and 4(d). 

(a) Potential image 

(c) Fllted contour on 
potential image 

(b) Normntlood GVF 1iold 

(d) Fittod contour on 
mouth ROI 

Figure 3: Demonstration of robust contour fitting on a 
potential image with unwanted lip pixel artifacts. 

(c) Atled contour on 
potential image 

(d) Fated contour on 
mouth ROI 

Figure 4: Demonstration of contour fitting on potential 
image with missing lip pixels. 

6 Lip tracking results. 

Comparison of different lip tracking algorithms is diffi-
cult, one method of judging the quality of the extrac-
tion is to evaluate the effectiveness of the contours when 
used in a specific application. Luettin [7] has recently 
proposed that an accurate measure of the quality of 
visual features is indicative of how well it performs in 
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a given lip reading application (ie. the recognition of 
visemes or words). Through automated lip reading we 
are able to quantitatively gauge the effectiveness of this 
lip tracking algorithm. 
We tested this algorithm on our own speaker depen-
dent database to evaluate its effectiveness for a speaker 
dependent word recognition application. We chose to 
test our algorithm initially within a speaker dependent 
framework so as to gauge the effectiveness of the GVF 
with a speaker dependent ASM of the lips due to its 
natural insensitivity to visual noise. From our own ex-
periments we found speaker dependent ASMs are more 
robust in noisy circumstances, because they have fewer 
modes of variance in their shape, in contrast to speaker 
independent ASMs which have many more modes of 
variance making them further prone to the effects of 
visual noise. In this paper it was not our purpose to 
quantitatively compare our algorithm to other lip track-
ing algorithms. We thought it more instructive to get 
a qualitative measure of how effective the algorithm is 
within a speaker dependent word recognition applica-
tion. To this end we have recorded our own database 
ensuring we have large amounts of reasonable resolution 
speaker dependent visual data captured under typical 
lighting conditions for the purposes of word recognition. 
We chose ten words for the recognition task where the 
data was collected from a single speaker using SGI 02 
workstation and Panasonic VSK0537 digital camera. 
The recordings had the following characteristics: 

• ten words from 'one' to 'ten'; 

• each word has 16 examples; 

• video captured at 25 fps; 

• captured at standard 720x576 PAL resolution; 

• video recorded under normal lighting and audio 
levels; 

Using HTK ver 2.2 [11] the continuous video sequences 
were automatically transcribed into their respective 
digits using a HMM recognition technique on the syn-
chronous audio with all silence segments being re-
moved. The audio was not used for the tests conducted 
subsequently for word recognition from lip features. 
Each video sequence then had the eyes and mouth man-
ually located with the distance between the eyes being 
used as a measurement of scale. The mouth region of 
interest (ROI) for each speaker was extracted with the 
eye distance being used to normalise for scale thus giv-
ing a 140x120 intensity image of the mouth an example 
of which can be found in Figure 1 (a). 

Due to the small size of the training/testing set recog-
nition tests were performed using the 'leave-one-out' 
method ie: ·fifteen utterances were used for training 
and one for testing for each individual digit. The whole 
procedure was repeated sixteen times. The actual word 
recognition system was made very simple so as to gauge 
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the effectiveness of the lip features and not the recog-
nition system itself. A left to right two mixture five 
state HMM was used for the word models. The resul-
tant contour features from the lip tracking algorithm 
in this paper are of too high a dimensionality d (ie. 
for testing d = 100) to be used in a HMM recogniser 
due to singularities. Therefore, the weights b from the 
ASM, as described in Equation 3, were used as visual 
features due to their low dimensionality (ie. for test-
ing d = 7). For further performance improvement the 
recogniser was fed a vector of static ASM weights con-
catenated with their respective delta weights calculated 
from adjacent frames. The recognition results can be 
seen in Table I. 

ONE TWO THREE FOUR FIVE SIX SEVEN EIGHT NINE TEN 
ONE 16 0 0 0 0 0 0 0 0 0 
TWO 0 15 1 0 0 0 0 0 0 0 

THREE 2 0 14 0 0 0 0 0 0 0 
FOUR 0 0 0 16 0 0 0 0 0 0 
FIVE 0 0 0 0 16 0 0 0 0 0 
SIX 0 0 0 0 0 15 0 0 0 1 

SEVEN 0 0 0 0 0 1 14 0 0 1 
EIGHT 0 0 0 0 0 0 0 16 0 0 
NINE 0 0 0 0 0 0 0 0 16 0 
TEN 0 0 0 0 0 0 0 0 1 15 

Table I: Confusion matrix of word recognition results 
with overall recognition accuracy of 95 %. 

7 Conclusions 

A technique for tracking lips using GVF force fields 
in conjunction with ASM an trained on typical outer 
labial contours, has been presented. Experiments were 
conducted on our database so as to gauge the effective-
ness of the tracking system under trying conditions. 
Results have shown the tracking system to be quite ef-
fective with an overall recognition accuracy of 95 %. 
The system also demonstrated an insensitivity to the 
visual noise qualitatively described in Section 5.1, with 
the ability of making an estimate of the labial contour. 
The confusion matrix shown in Table I demonstrates 
the effectiveness of our technique, within a speech read-
ing context, as the HMM based automated speech read-
ing engine was able to distinguish individual digits in 
all but a few instances. 
The algorithm in its current form has been only tested 
for speaker dependent situations. Some of our future 
work shall concentrate on formulating a speaker inde-
pendent algorithm for use in wide spread AVSP appli-
cations. Our system acts as a good post processing tool 
for extracting a labial contour from a potential image. 
The syntactic information used within our technique 
along with its robust nature can make up for deficien-
cies currently existing in chromatic based lip tracking 
techniques. 
The technique still has some problems associated with 
it in the creation of the GVF force fields. Some of our 
future work shall concentrate on expediting the formu-
lation of the G VF force fields so as to allow this system 
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to be used in a real time system within AVSP applica-
tions. 
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