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ABSTRACT

Lip-reading has potential attractive applications in information security, speech
recognition, secret communication and so forth. To build an automatic lip-reading
system, one key issue is how to locate the lip region, particularly under the changing
illumination condition. Empirical studies have shown that the recognition rate of a lip-
reading system greatly relies on the accuracy of the lip localization. Unfortunately, to the
best of our knowledge, lip localization under face illumination with shadow
consideration has not been well solved yet. Moreover, this problem is also one of the
major obstacles to keeping an automatic lip-reading system from the practical
applications. This paper therefore concentrates on this problem and proposes a new
approach to obtain the minimum enclosing rectangle surround of a mouth auto-
matically based upon the transformed gray-level image. In this approach, a pre-
processing is firstly made to reduce the interference caused by shadow and enhance the
boundary region of lip, through which the left and right mouth corners are estimated.
Then, by building a binary sequence based on the gray-level values along with the
vertical midline of mouth, the top and bottom crucial points can be estimated.
Experiments show the promising result of the proposed approach in comparison with
the existing methods.

© 2009 Elsevier B.V. All rights reserved.

1. Introduction

Motivated by human ability to lip-read, the useful
information on speech content can be obtained through
analyzing the subtle cue conveyed by lip movement of
speakers [1]. The intimate relation between the audio and
the visual sensory modality in human recognition can be
demonstrated with audio-visual illusions such as the
“McGurk effect” [2]. It suggests that speech perception is
multimodal involving information from more than one
sensory modality. In 1984, the first automatic lip-reading
system was presented by Petajan [3,4]. From then on, lip-
reading has received considerable attention from the
community because of its potential attractive applications
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in information security, speech recognition, secret com-
munication, and so forth [5,6]. For example, we can utilize
the lip-reading technique as a visual password comple-
mentary to the popular character-based password to
enhance the security level in banks, e-business, home
security, and so forth.

In lip-reading, one key issue is the lip localization, i.e.
how to obtain the accurate position of lip or mouth from
image. Paper [7] demonstrates that the error rate of this
automatic visual speech recognition (AVSR) system in
studio environment, i.e. ideal light condition without
shadow, is 37.3%. In contrast, the visual-only word error
rate will reach 76.2% when an AVSR system is utilized in
real world. One main reason is that the shadows will be
generated when the face illumination comes from the
different directions, i.e. parts of mouth region of a speaker
will be covered by shadows. Under this situation, it is non-
trivial to localize the lip precisely from a face image.
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Fig. 1. The vertices marked by dot along the vertical and horizontal axis
of a mouth.

Accumulation of gray-value

Image horizonal index

Fig. 3. The linear fitting of accumulation of gray-level value for each
column and the mean value. The intersection of the two curves is
corresponding into the boundary of shadow.

Consequently, the imprecise localization of lip will mostly
lead to the degraded performance of an AVSR system. This
implies that the accuracy of lip localization is one of the
most important factors to determine the recognition rate
of lip-reading. In this paper, we will therefore concentrate
on studying the lip localization only.

Thus far, several methods have been proposed to
enhance the performance of lip localization for AVSR
system. For instance, paper [8] presents an approach that
employs the hue-filter to distinguish lip and surrounding

Fig. 4. The filtered image composed of two filtered sub-images.

Fig. 5. The image using the pre-processing that is made up by the two
components: Iy and I. The vertical crease is corresponding into the
shadow boundary.

skin region. The papers in [9-12] utilize the information of
red component and saturation to localize the lip region.
Also, paper [13] utilizes a gradient-based Canny edge
detector to locate the mouth corner. In [14], the input
image is projected into YUV color coordinate system and
the accumulations of V value in each row and column of
the image are utilized to estimate the crucial points (i.e.
the top, bottom and two mouth corners) of a lip.

Furthermore, a class of widely used methods is active
shape model (ASM) [15] or active appearance model
(AAM) [16]-based ones [17-23]. They build a deformable
model for lip by learning the patterns of variability from a
training set of correctly annotated images. The shape of
modal can be adjusted by a parameter set so as to match
and locate the lip in test image. Empirical studies have
shown their success, but they need to label some
landmarks manually for training. Alternatively, optical
flow-based methods give an effective way to locate the lip
region [24]. They utilize the apparent velocity distribution
of the brightness patterns in an image to obtain the
boundary of lip. The optical flow-based methods can give
the important information regarding the spatial arrange-
ment of the viewed objects and the rate of change in this
arrangement, but sensitive to the translation, scaling,
rotation, and the change of illumination condition [25] in
particular.



M. Li, Y.-m. Cheung / Signal Processing 89 (2009) 2425-2434

In general, the methods stated above make the lip
localization in a studio environment only, but not
applicable to a shadow situation, in which the boundary
between lip and surrounding skin region, especially the
area near mouth corners, cannot be distinguished pre-
cisely. In fact, under the circumstances, these methods
may not locate the region of interesting (ROI) accurately,
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Fig. 6. Accumulation curve of gray-level value for each row. The vertical
line crossing the curve and lip image represents the relation between the
horizontal midline of mouth and the minimum value of the accumula-

tion curve.
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thus degrading the subsequent recognition accuracy. In
the literature, some shadow detection methods have been
proposed, e.g. see [26-28], which can detect a shadow
region and eliminate it then. The underlying techniques
are applicable for video segmentation in indoor environ-
ment, but they have not been studied for lip localization
yet. Alternatively, to circumvent the shadow effect, some
approaches need to make the landmarks around mouth,
e.g. see [29,30]. Nevertheless, to the best of our knowl-
edge, the lip localization under the shadow environment
has not been well solved yet in the literature.

In this paper, we focus on lip localization under the
face illumination with shadow consideration. The geo-
metric lip features of interest are four outer lip crucial
points, as marked by dot in Fig. 1, along the horizontal and
vertical directions. We propose an approach to extract the
minimum enclosing rectangle of lip automatically based
upon the gray-level image. This approach utilizes the
mean filter and the image transformations to circumvent
the noise caused by shadow. Subsequently, the crucial
points of the ROI are estimated via analyzing the curve of
gray-level values along with the vertical and horizontal
midline of mouth, respectively. Experiments have shown
the promising result of the proposed approach in
comparison with the existing methods.

The remainder of this paper is organized as follows.
Section 2 overviews the two existing typical lip localiza-
tion methods, which will be compared with our proposed
method in Section 4. Section 3 presents our new approach
for lip localization under the shadow environment. In
Section 4, we will conduct the experiment to empirically
compare the proposed approach with the existing meth-
ods. Finally, we draw a conclusion in Section 5.

2. Overview of existing lip localization methods
Various works have been made to locate lip position

for the application of AVSR in the last decade. In this
section, two typical approaches will be reviewed.

2.1. Method 1

Salah Werda et al. [11] proposed an algorithm for
automatic lip and point of interest localization on a
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Fig. 7. (a) The curve of original gray-level value, represented by G, along with the horizontal midline of mouth, and (b) the corresponding filtered gray-

level value, represented by Gy.
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speaker’s face based upon the color information of mouth.
The main procedures will be summarized in the following.
Interested readers may refer to [11] for more details.

Firstly, given the RGB values of a mouth image, this
approach reduces the lighting effect by utilizing the color
system conversion:

R G B
Rn=255y. Gn=255y. Bn=255, (1)
where Y is the intensity component value calculated by
Y =0.299R + 0.587G + 0.114B. (2)

Then, a binary threshold based on the R, value is utilized,
knowing that R, is the most dominant component in lip
region.

After the binarization step, an oilify filter is utilized in
the image. This filter replaces the pixel at (x,y) with the
value that occurs most frequently in the region of filter
window. In the filtered image, the black region is
considered as the ROI.

For the ROI in source image, saturation value of each
pixel is calculated, and accumulation for each row can be
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Fig. 8. Lip image under ideal illumination condition and the relevant
curve of gray-level value along with the midline of the mouth, namely
the whole curve consisting of G in both left and right sub-images divided
by the shadow boundary. It can be seen that the positions of mouth
corners correspond to the steep slopes of curve.

obtained then. The corresponding row is regarded as the
darkest axis. Along with this axis, a scanning is utilized to
localize the local maxima saturation values via the
following equation:

Sex,y) = v I(x,y) + BSKX,y), (3)

where vI(x,y) is the gradient pixel value, and S(x,y) is the
saturation component value. Furthermore, ¢ and f are
fixed with o+ f=1. Extrema of these detected local
maxima pixels will be defined as the left and the right
corners of the mouth.

To extract the external lip contour, a model is built
using the following equations:

—B1 + 201 By + X2 By + 2x04 B4

=_ , 4
Y11 =200 + 02 + 2xB1 &1 + 2B 0061 + 1 (4)
Vip = By + 204 1 + X* 1 + 2x00 By (5)

127 20 + 02 + 2xBre — 2Bomer + 17
_ x2)%2
y, = By — Ba(x9)

- 20(2[3282 -1’ (6)

where a4, oy, i1, B, and &1, & € [—1,1] are the parameters
that are fixed experimentally to construct the shape of lip
model. Furthermore, Eqgs. (4) and (5) describe the right
and left higher sub-model (i.e. y;; and y;,), respectively,
and Eq. (6) describes the lower sub-model (i.e. y,). For
x € [—1, 1] with the origin at C(0, 0), the interpretations of
Y11, Y12 and y, are illustrated in Fig. 2.

For each image, optimum lip model is selected via the
extern energy of the model. This energy is based upon the
gradient of an image. The extern energy for the upper and
lower lip model is shown below:

Eext(Luod) = »_ | 7 1(5)], (7)
S=1

where Ly,q is the lip model, and n is the number of points
in the lip model. Consequently, we vote for upper and
lower lip models, which have the higher Eext(Lyoq)-

2.2. Method 2

Another simple but effective automatic lip localization
is proposed in [14]. In this approach, the RGB values of a
mouth image are projected into YUV color coordinate
system. The coordinate V is calculated based upon

V =0.615R - 0.515G — 0.1B, (8)

through which the coordinate V value images are utilized
for further processing.

In this approach, the crucial points of lip are the same
as our proposed method described later. To find the
position of these points, an accumulation of the V values
for each row and each column of the image is made. In this
way, two accumulation curves for each image can be
obtained. Then, a 5-point derivative filter shown below is
employed in each curve:

DD(c) = A(c — 2) + 2A(c — 1) + 2A(c + 1) + A(c + 2), 9)

where A(c) is the accumulated value of row or column
number ¢, and DD(c) is the resulting derivative value.
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Fig. 9. Lip image with the teeth visible. It is clear that the teeth region
corresponds to the segment of anomalous wave.
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Fig. 10. The result of normalized Gy,.

The maximum and the minimum points on the
derivative y-axis curve are retained as the row position
of the top and bottom crucial points, respectively.
Similarly, the derivative curve for the x-axis accumulation

gives the column position of left and right crucial points,
say the mouth corner.

3. The proposed lip localization method

The lip localization we propose is performed in two
stages. The first stage considers the estimation of left and
right mouth corners in each frame of a given video
sequence. In the second stage, vertices in vertical direction
are extracted based upon the positions of mouth corner.

Before showing the details, the definition of white
point is needed. Specifically, this paper utilizes the D50
white point to denote the white color in LAB color space.

The images captured by camera are composed of RGB
values. We heuristically project these RGB values into the
gray-level space based on the following equation:

I=0.299R + 0.587G + 0.1148B. (10)

From the practical viewpoint, it is inevitable that some
noise arises from shadow. To reduce the interference
brought by shadow, we calculate the accumulation of the
gray-level value for each column of the image, and obtain
column index corresponding to the mean value of the
accumulation curve as the boundary of shadow as shown
in Fig. 3.

Since the gray level of shadow and mouth area are
represented by the close contrast values, a contrast
stretching adjustment is performed in each two sub-
images divided by the shadow boundary to enhance the
contrast between lip and surrounding skin region accord-
ing to the following equation:

_ 255 - mimy

Jmax _ Imin

I, (11)

where ™" is the minimum gray-level value in the image,
and I"™ is the maximum one. Subsequently, a 3 x 3 mask
M with

V= ©O= =
= ©O—= =
Ol— ©O= =

is utilized to perform mean filter in these two sub-images.
That is,

"Dy =" 3 10 +s.y + M. 1), (12)
s=—1t=-1

where I? is the result of the ith time filter. The times that

the filter is performed are determined by

8; = dist(1™D, [D), (13)

where §; is the Euclidean distance between I and 1+7.
The procedure should be stopped as soon as d;, 1 is greater
than or equal to §;, and then I is marked as I;. In our
approach, I; for each sub-image is calculated individually,
and build a whole one. A snapshot of Ir is shown in Fig. 4.

Then, the subtracted image between I and I; can be
calculated and marked as I;. To get a clear view of its
effects, an image inversion transformation is employed,
and its result is shown in Fig. 5. Moreover, to reduce the
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Fig. 11. An example in which the mouth corner point is in the curve

segment that has the significant descending trend, but not have the
maximum derivative.
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Fig. 12. Final result of gray-level curve along with the midline and the
corresponding image in the extraction procedure. It can be seen that the
left mouth corner corresponds to the first inflexion of the curve.

effect caused by shadow, I is divided into two parts by the
shadow boundary that is marked as I and Ig;.

3.1. Horizontal vertices localization

To start, we should find the horizontal midline of
mouth. We make an accumulation of gray-level value for
each row of the image as shown in Fig. 6. The slopes of the
curve contain information regarding the boundaries
between lips and surrounding skin region. The minimum
value on the curve is retained as the row position of
mouth corner points, and the row can be named as the
horizontal midline of mouth. This midline can be shared
by I, and I,. The following discussion in this subsection is
based on Iy, and the right corner can be extracted in a
similar way.

The curve of gray-level values along with the horizon-
tal midline is saved in the vector G, i.e. G is a representa-
tion of the curve. However, in this curve, there are a lot of
high frequency noises caused by complexion, moustache
and so on. To circumvent these high frequency noises, a
low pass Butterworth filter is utilized, in which passband
corner frequency is 10 Hz, stopband corner frequency is
20Hz, passband ripple is 3, and stopband attenuation is
20. The filtered curve is marked as G;. G and Gy are shown
in Fig. 7.

Ideally, the shape of gray-level value curve along with
the midline is shown in Fig. 8. The ideal shape of gray-
level value curve along with the horizontal midline of I
should be monotonically decreased. The point with the
maximum absolute slope may correspond to the left
mouth corner because of the gray-level difference be-
tween the skin and the lip color. However, the practical
curve is usually anomalous, which may be caused by the
illumination condition or visibility of teeth (see Fig. 9). In
our approach, the curve Gy is arranged so as to reduce the
noises stated above and highlight the corner position via
the following procedure.

We obtain the index of the first minimum from the left
marked as m. Then, we utilize the following equations to
make the curve monotonic and save it into a new n-
dimensional vector named G,,, whose ith element is
defined as

G}i) (G;i) > G}Hl)),

Gir? = i+1 (i) _ (+1)
1 ) 1+
GV (G <G,

(14)

wherei=m—-1,m-2,...,1,and G}i) is the ith element of
vector Gy. Further, we let

Gy = Gf™ (15)
asi=m,m+1,...,n. The initial value of G, is
G =G™. (16)

Furthermore, G, is projected into the range between 0 and
255 by the following equation:

c_ 255(Gm — Gminy

max min
Gm - Gm

(17)

as shown in Fig. 10.
Nevertheless, in some cases, the point may not have
the maximum derivative (see Fig. 11) although the left
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mouth corner may be on a segment curve of C which has
the significant descending trend.

Thus, an iteration procedure is employed to make the
segment that includes the left mouth corner steep so as to
be distinguished easily. Firstly, the average can be
calculated by

k /(i)
e - Zist O (18)

The following equation is then utilized to adjust the

Fig. 13. The estimate of crucial points in the horizontal direction.
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Fig. 14. The curve of (a) Gp; and (b) Gpa.

Fig. 15. The estimate of crucial points in normal direction.

contrast of image:

255 (1.5¢8 <[, <1),

Loy = ¢ 500 19
out g — 900 (0<lp <1.5c%), (19)

where [;, is the input gray-level value, and Iy, is the
output.

For the adjusted image, an 11 x 1 searching block is
performed along with the midline, positions of the most
left and right non-pure white block are marked as the
column of mouth corner candidates. Repeat the extraction
steps above until the position of mouth corner candidates
is unchanged any more or the image becomes a binary
one. Fig. 12 illustrates the final result of image and curve C.
Fig. 13 shows the estimate of the horizontal crucial points,
i.e. corners of mouth.

3.2. Normal crucial point localization

Based upon the positions of left and right corners of a
mouth estimated in Section 3.1, the center point of mouth
can be calculated easily. The column index of the center
point is marked as the vertical midline of mouth.

We obtain the gray-level values along with the vertical
midline of mouth in I. The points with the row between
the image top and the center point of mouth compose a
vector named Gp,;. The points with the row between the
center point of mouth and image bottom compose a
vector named G,,;. The curves of G,;; and G,; are shown
in Fig. 14.

For these two curves, the points performing the
extreme value of maximum are marked as 1, and the
points performing the extreme value of minimum are
marked as 0. Then, two binary values named B; and B, are
obtained. We let the two binary values B; and B, be

B, =B, ® (B; <1)

By =By & (B, <1), (20)

where “ <" is the left circle shift operator.

For B}, the point corresponding to the first appearance
of “1” is retained as the row of vertical vertices of the
outer upper lip. For B, the point corresponding to the last
appearance of “1” is retained as the row of the vertical
vertices of the outer lower lip. Hence, the normal crucial
points are extracted as shown in Fig. 15.

Consequently, we can obtain the minimum enclosing
rectangle as shown in Fig. 16.

In summary, the procedure of the proposed approach is
given as follows:
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Step 1: Convert the original lip image into gray-level
space.

Step 2: Project the gray value onto the x-axis, and get
the mean value of the accumulation curve which is
marked as Yp.q,- Use a linear function y =kx+ b to fit
the accumulation curve, and calculate the shadow
boundary x = (¥;ean — b)/k.

Step 3: Split the gray-level image into the two sub-
images based upon the shadow boundary, and Steps 2-10
are implemented in the two sub-images, respectively.

Step 4: Employ the contrast stretching and 3 x 3 mean
filter by Egs. (11) and (12).

Step 5: Repeat Step 4 until the Euclidean distance
between the image before filtering and the one after
filtering (see Eq. (13)) is not descending, the final image is
marked as Iy.

Step 6: Get the subtracted image, I5, between I'”) and Iy.

Step 7: Project the gray-level value of I onto y-axis, the
row index of image corresponding into the minimum is
selected as the horizontal midline of mouth.

Step 8: Smooth, filter, and normalize the gray-level
value curve along with the horizontal midline of mouth by
Egs. (14)-(17).

Step 9: Adjust the contrast of image by Egs. (18) and
(19).

Step 10: Search along with the midline via an 11 x 1
block, the column corresponding into the most left non-
pure white block is selected as the row of crucial point in
horizontal.

Step 11: Get the center point of mouth based on the left
and right mouth corner.

Fig. 16. The minimum enclosing rectangle of mouth.

a

Fluorescent
10cm
Lamp

Fluorescent

Speaker

Step 12: The gray values between the top point of
vertical midline and center point of mouth in I compose a
vector named G;1, and the gray values between the
bottom point and center point compose a vector named
Gma-

Step 13: Based on Gp,; and G,;», we get the two binary
sequences: B; and B; by Eq. (20). The point corresponding
to the first appearance of ‘1’ in B] is the top crucial point,
and the point corresponding to the last appearance of ‘1’
in B; is the bottom crucial point.

It can be seen that the time complexity of this
approach is O(n).

4. Experiment
4.1. Database

To demonstrate the performance of the proposed
approach in comparison with the existing Methods 1
and 2 as described in Section 2, we established an image
database, in which the condition of video capturing is
grouped into two classes:

(1) low contrast environment and
(2) variational shadow.

For the first category, video clips were acquired by the
system that captures a 128 x 128 window at 25 frames
per second and 24-bit pixel resolution. The video clips
were captured with all artificial lighting equipments, but
only the daylight was utilized. For the second category,
based on the conditions of the first category, two 36 W
fluorescent lamps were complemented, where they were
placed at the left and right side on top of the speaker,
respectively. Furthermore, a 7W warm white light was
utilized in 10 different positions so as to make variational
shadow effect as shown in Fig. 17.

To test the robustness of the approaches, all of the
videos were captured by low resolution camera, e.g.
camera in notebook or mobile phone. Some sample
frames in the database are shown in Fig. 18.

Fig. 17. (a) The environment of video clip capturing and (b) the testing conditions of illumination.
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Fig. 18. Sample frames in database with (a
light.
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4.2. Experiment results

We investigated the proposed approach on the
database described above. The database involved
10 persons (8 males and 2 females). For each speaker,
there were 11 image groups (10 illumination type stated
above and a type without warm white lamp on) classified
by light condition as shown in Fig. 18. We applied the
approach to each image and estimated the positions of
four crucial points. To evaluate the accuracy of our

B 3
-

b 2
b

Fig. 20. The lip location results obtained by (a) Method 1 [11], (b) Method 2 [14], and (c) the proposed approach.

" i

approach, we marked the crucial points in each
image manually. Subsequently, the location error was
calculated by

2 2
err = \/(Xest - xdat) + (.yest - ydat) ’ (21)
where X, and y,, are the estimated position of crucial
point, and x4, and y,4, are the position of corresponding
mark. For the four crucial points, we can obtain four
errors, respectively.
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For comparison, Method 1 in [11] and Method 2 in [14]
were also applied to the same images. Fig. 19 shows their
error curves on four crucial points, respectively. Fig. 20
shows a snapshot of the experimental results. Specifically,
the mean and standard deviation of the absolute errors
are utilized to describe the accuracy and stability robust-
ness of the three approaches quantificationally. The
experiment result is shown below.

Method 1 Method 2 Proposed approach
Mean 16.4318 36.6136 3.0000
Standard deviation 15.1049 28.5447 5.1984

It can be seen that the proposed approach outperforms
the other two existing methods.

5. Conclusion

In this paper, we have proposed a new approach to
automatic lip localization via obtaining the minimum
enclosing rectangle surround of mouth automatically
based upon the gray-level image. This approach features
high accuracy of lip localization and robust performance
against the shadow caused by illumination from the
different directions. Experiments have shown the promis-
ing result of the proposed approach in comparison with
the existing methods.
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