Lu and Liu EURASIP Journal on Image and Video Processing (2018) 2018:7
DOI 10.1186/5s13640-017-0243-9

EURASIP Journal on Image
and Video Processing

RESEARCH Open Access

CrossMark

Lip segmentation using automatic selected ®
initial contours based on localized active
contour model

Yuanyao Lu” and Qingging Liu

Abstract

With the rapid development of artificial intelligence and the increasing popularity of smart devices, human-computer
interaction technology has become a multimedia and multimode technology from being computer-focused to
people-centered. Among all ways of human-computer interactions, using language to interact with machines is the
most convenient and efficient one. However, the performance of audio speech recognition systems is not satisfied in a
noisy environment. Thus, more and more researchers focus their works on visual lip reading technology. By extracting
lip movement features of speakers rather than audio features, visual lip reading systems can get superior results when
noises and interferences exist. Lip segmentation plays an important role in a visual lip reading system, since the segmentation
result is crucial to the final recognition accuracy. In this paper, we propose a localized active contour model-based method
using two initial contours in a combined color space. We apply illumination equalization to original RGB images to decrease
the interference of uneven illumination. A combined color space consists of the U component in CIE-LUV color space and the
sum of C2 and C3 components of the image after discrete Hartley transform. We select a rhombus as the initial contour of a
closed mouth, because it has a similar shape to a closed lip. For an open mouth, we utilize a combined semi-ellipse as the
initial contours of both outer and inner lip boundaries. After attaining the results of each color component separately, we
merge them together to obtain the final segmentation result. From the experiment, we can conclude that this method can
get better segmentation results compared with the method using a circle as the initial contour to segment gray images and
images in combined color space, especially for open mouth. An extremely obvious advantage of this method is the results of
open mouth excluding internal information of mouth such as teeth, black holes, and tongue, because of the introduction of

the inner initial contour.
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1 Introduction

Visual lip reading is a technology which combines
machine vision and language perception. Visual lip read-
ing systems identify face region from images or videos
by machine vision, then extract the mouth variation
features of speakers and determine the pronunciations
of these features by recognition model, thereby recogniz-
ing the speech contents. This system receives more and
more attention in the field of human-computer inter-
action (HCI), pattern recognition (PR), and artificial
intelligence (Al) in recent years. It resolves the problem
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that the recognition rate of audio speech recognition
system declines dramatically because of interferences or
noises. Lip segmentation is fundamental to visual lip
reading systems, because the accuracy of segmentation
result directly affects the recognition rate.

There are various methods of lip segmentation, such as
a method based on MAP-MRF framework [1], a clustering
approach without knowing segment number [2], and the
active contour model (ACM) involved in this paper. ACM
is one of the popular models for image segmentation.
There are several advantages of ACM over classical image
segmentation methods [3]. First, ACM can obtain sub-
pixel accuracy of object boundaries [3, 4]. Second, this
model can be developed within the framework of the
energy minimization principle. Third, they can get smooth
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and closed results and can be used for further applica-
tions, such as feature extraction and shape analysis [3].

Existing ACM can be classified into two categories:
edge-based models and region-based models. Edge-
based models adopt image gradient as constraint condi-
tion which impels the initial contour to converge to ob-
ject boundary [5]. Researchers have proposed many
methods to improve edge-based models [4, 6-8]. These
models have incomplete convergence problem due to
fuzzy or weak object boundary and image noise. Region-
based models are immune from image noise. They
utilize image statistical information as constraint condi-
tion, and the performance is superior to edge-based
models. These models can segment object area in the
case of weak boundary or even without boundary [5].
Papers [9-14] proposed many methods to improve
region-based models. In the Mumford-Shah method [9],
an image is segmented by minimizing the energy func-
tion including boundary and image area [15]. Then,
Chan and Vese [9] used Shah’s variational method to
build an active contour model, which was developed by
Osher’s level set method [16]. Chan-Vese algorithm has
a high performance and is easy to implement, so it has
been widely used in image segmentation [15]. Global
region-based models may not obtain satisfactory results
when the texture is heterogeneous or different between
object and background. Thus, some researchers attempt
to use local regional information as constraint of active
contour [5]. Localized active contour model (LACM) is
one of widely used methods, proposed by Lankton and
Tannenbaum [6]. This model constructs a local region at
each point along contours. These regions lead to a set of
local energies centered on points.

Li and Cheung and Chin et al. [17-19] proposed sev-
eral lip segmentation methods based on grayscale im-
ages, while Talea and Yaghmaie [20], Kim et al. [21],
Hulbert and Poggio [22], Canzlerm and Dziurzyk [23],
and Leung et al. [24] adopted methods using color im-
ages directly. The pseudo tone is proposed as the ratio
of RGB values for lip detection in [22]. Canzlerm and
Dziurzyk [23] suggested that the segmentation quality
can be improved by suppressing the blue color com-
ponent, since the blue component is subordinate in
the lip region. Leung et al. [24] applied fuzzy color
clustering. There are other color spaces that are used
to display lip color and background color differences,
such as YCbCr [25], NTSC [26], CIE-Lab [27-30],
and bi-color space [31].

In this paper, we propose a LACM-based method
using two initial contours in a combined color space. At
first, illumination equalization is used to the original
RGB image to reduce the interference resulting from un-
even illumination. Then, we use a combined color space
which consists of the & component in CIE-LUV color
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space and the sum of C2 and C3 in discrete Hartley
transform (DHT). This color space can retain more de-
tails of lip information and highlight differences between
the lip and other parts such as skin, teeth, and black
holes. Ultimately, we utilize a rhombus as the initial con-
tour for closed mouth and combined semi-ellipses as the
outer and inner initial contour for open mouth. Thus,
we can obtain the segmentation results without internal
part of the mouth.

This paper is organized as follows: we review the
LACM and Chan-Vese model in Section 2; the proposed
method is described in Section 3; experimental results
are shown in Section 4; and lastly, the conclusion is
provided in Section 5.

2 Overview of LACM and Chan-Vese model

The core of classical ACM is evolving the curves in con-
strained images so that the target feature is detected in
the image by minimizing their energy and length [15].
LACM was proposed by Lankton in 2008 [6]. This
model constructs a local region at each point along the
contour. These regions lead to a set of local energies
centered on these points. In the process of local energy
minimization, the curve gradually converges to the ob-
ject boundary. We use I to represent a pre-specified
image defined on the domain Q, and C represents a
closed contour represented as the zero-level set of a
signed distance function ¢, i.e., C = {x|¢(x) =0} [6]. The
interior of C is specified by the approximation of the
smoothed Heaviside function:

1, Plx) < —¢
0, P(x) > &
Hip(x) =
1 1+ 9 + 1 sin (M) , otherwise
2 e T £
(1)

Similarly, the exterior of C is defined as (1 — H¢(x)).
The smoothed version Dirac delta function d¢(x) which
is the derivative of H¢(x) is used to specify the area
around the curve C:

L, P(x) =0
07 (]')(x) <é&
Sp(x) =
1 1+ cos M , otherwise
2e £
(2)

In order to calculate the local energy, LACM intro-
duces a function fS(x,y) to define the local region in
terms of parameter r:



Lu and Liu EURASIP Journal on Image and Video Processing (2018) 2018:7

L eyl <r

s = { )

0, otherwise

If the point y is in the local region centered on x, the
value of function will be 1; otherwise, it will be 0. The
local region is split into interior area and exterior area
by the evolving curve, as shown in Fig. 1.

The energy function can be defined as:

E(¢) = / 5() / B - F(I, d)dydx
0

0

42 [ o) vpldras
0

(4)

where [ is an image and Q is its domain, 1 denotes a
parameter of smoothing item, and F is a local force
function.

The mean value of local interior region # and local
exterior region v are defined as:

//)’~I -H(¢)dydx
0

N
Q

/ B 1 (1-H($))dydx
v=2 (6)
/ B - (1-H(¢))dydx

0

The formula of F changes with the change of energy
model. In this paper, we choose the Chan-Vese model as
the energy model. Thus, F is as following:

F = H(¢)(I-u)’~(1-H($))(I-v)’ (7)

and its derivative is denoted as:

Fig. 1 Model of LACM: the red part is the outer area of the local
region and the blue part is the inner area of the local region
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VE = 8(¢) (1= ~(I-v)%) (8)

Substituting Eq. (8) into Eq. (4), we can get the local
curvature flow:

W= 0(4) [ B8 (1Pt

+15(¢) div<| gg)

©)

Local force F changes with the variation of mean value
u and v based on Eq. (7). From Eq. (9), it can be found
that F makes the curvature flow converge to the
minimization. The curve will stop moving when the
curvature flow approximates to O after several times of
iterations and only the object boundary satisfies the con-
dition. That means the curve can converge to the object
boundary when the local energies do not change any
more after iterations.

3 Method

3.1 Mouth localization

The focus of this paper is lip segmentation, so we just take
the lip area as region of interest. In order to reduce redun-
dant information, it is necessary to extract the mouth area.
In previous studies, researchers have proposed a variety of
methods to extract lip area [32, 33]. However, these
methods still contain redundant information or have an
adverse impact on the subsequent processing. In this
paper, we choose a method which can segment the mouth
area according to the general structure and proportion of
the face [34]. The formula is as follows:

1 3
Z Wface < Wmouth < Z Wface (10)
2 9
ngace < Hmouth < EHface (11)

where We,. and Hi, . are the width and height of the
face and Wi oun and Hpyoum are the width and height of
the mouth. From the formula, we can obtain the lip area
as shown in Fig. 2. It explains that this method can get
satisfactory and effective results in the simple back-
ground which is required in this paper.

3.2 lllumination equalization of RGB image

[lumination is a main factor that affects the appearance of
an image [35]. The lighting from different directions may
cause the uneven illuminations, which often lead to intensity
heterogeneity. Therefore, illumination equalization plays a
significant role in image analysis and processing [36].
Liew et al. [35] has introduced an effective way to reduce
the impacts of vertical direction uneven illumination. This
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Fig. 2 Obtained lip areas
A

method just processes the single point on the boundary and
its effect may be influenced by image noise. In this paper,
we adopt an improved illumination equalization method
proposed in [35] via the analysis of local region along the
image boundary, which is more robust against noise and
adaptive to the multifarious illumination directions. This
method consists of two illumination directions, the hori-
zontal direction and the vertical direction. The uneven illu-
mination can be regarded as the liner along its direction.

We assume the size of a given image is m x n, L(x,y)
denotes the luminance values before illumination
equalization and L,(x,y) and L,(x,y) denote the lumi-
nance values after illumination equalization in the hori-
zontal direction and vertical direction, respectively. The
size of the local region is (2p + 1) x (2 + 1); we take the
average intensity value of this local area instead of the
intensity of a single boundary point. In this paper, we set
the size of the local region as 5x7. The formulas of
illumination equalization in the horizontal and vertical
direction are as follows:

L(x,y) + (n—2j+212y;_(r1"§p)—l(p))7 i1, p),
5.5) Lixy) + (n=2j+1)- 2((rr5inl-)p)-l(m-p)) . ic(mp,m),
L( ,y)+("_2j +21()n'_(1r)(i)_l(i)), ielp, m-pl;
(12)
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Lv(x)y) = L(x7y) + (m A 1)2((”’( 1) ) (n q)) ) je(n—q, ﬂ],
Loy + 2L GOSN g g
(13)

where /(i) and (i) denote the mean intensity of left
and right borders within a local region of size (2p + 1) x (2¢
+1) at the ith row, respectively. Similarly, #(j) and b(j)
denote the mean intensity of top and bottom borders at the
jth column individually. The formulas are as follows:

) 1 2q+1

1(i) = CENCTESY k;n > Li+kD)  (14)
, 1 el

r(i) = D Ga T l)k;l:;quwk, ) (15)

t(j) = TR (2q+ 1)k%;+1;,L kj+1)  (16)
. 1 iy ,

D) = 71T g T l)k:;zpl:Z_qL(k,;H) (17)

In our works, we apply the illumination equalization
separately to the R, G, and B components of the original

. - -
Fig. 3 (a) From left to right: original RGB image, R component, G component, B component. (
equalization, R component after illumination equalization, G component after illumination equalization, B component after illumination equalization

b) From left to right: new RGB images after illumination
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Fig. 4 (a) RGB images after illumination equalization. (b) U component of the CIE-LUV color space. (c) C2 component of DHT. (d) C3 component
of DHT. (e) Combined color space. (f) Key points
A\

RGB image. By merging the components after
illumination equalization, we can get a new RGB
image that has uniform illumination. The method is
utilized in horizontal direction firstly and then is used
in the vertical direction based on the obtained results.
Figure 3 shows an example of lip image and its com-
ponents before and after illumination equalization.
The intensity value of each image is changed even
though we cannot detect it via our eyes. By this way,
we obtain an image which can reduce the interference
of uneven illumination and it is favorable for the
subsequent segmentation.

3.3 Color space and key points

3.3.1 Color space

In previous researches, gray images are used to segment
lip area most frequently. Some researchers utilize the
three components of RGB image respectively and then
add the results together. Others may use some new color
space like bi-color space [31] and method based on the
HIS and RGB color model [37]. In our study, we choose
a combined color space consisting of CIE-LUV color
space and DHT.

3.3.1.1 CIE-LUYV color space CIE-LUV color space is
obtained from CIE-XYZ space. In this space, L denotes
the luminance, which is separated from the other compo-
nents. U and V represent chrominance components. CIE-
LUV color space has better robustness when the lumi-
nance of image has some changes compared with other
color space. The experiment shows that the {/ component
has a high performance of brightness difference between
the lip region and the background region. This difference
makes the lip segmentation from the background more
convenient. Therefore, we deem that the color characteris-
tics of the lip largely rely on the U component. But the U
component has some drawbacks, for instance, the lip edge
is a bit fuzzy. In order to compensate for this shortcoming,
we adopt the DHT.

3.3.1.2 Discrete Hartley transform DHT has higher
computational efficiency, which is one of its advantages.
When the input signal is a real number, its transform
formula only contains real number. DHT also has better
symmetry. DHT is used in the image processing field
increasingly because of these advantages. In this paper,
we choose DHT to compensate for the deficiency of the
U component of CIE-LUV.

Fig. 5 Position of key points




Lu and Liu EURASIP Journal on Image and Video Processing (2018) 2018:7

Fig. 6 Initial contour model of a closed mouth

From the experiment, the sum of the C2 and C3 com-
ponents shows the difference distinctly between the lip
region and the background region. Thus, we choose the
two components to retain more lip details.

We combine the U component in CIE-LUV color
space with the sum of the C2 and C3 components of
the DHT to extract the color feature. This combined
color space can highlight the object region from back-
ground region more obvious. It retains more useful
lip edge information and provides a more favorable
condition for the subsequent lip segmentation study.
We can see the components and the final results in
Fig. 4.

3.3.2 Key point localization
Determining key points is the critical stage of lip seg-
mentation. In this paper, we define key points in the
combined color space. Four points are considered as key
points. They are two lip corners, one point on the upper
lip and one on the lower lip. We coordinate the horizon-
tal ordinates of the other two points by the median of
the horizontal ordinates of the corners.

Two lip corners are detected firstly and then the
other two points are defined based on the location of
corners. Algorithms of determining lip corners are
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quite mature. Researchers have proposed various algo-
rithms of lip corner determination. Rao and Merser-
eau used the gray level information of lip area pixels
to define the location of corners, while some re-
searchers utilized the method of lip edge detection to
find corners [34, 38, 39]. In order to reduce the in-
accuracy, we take a small area as the lip corner
search area instead of a single point. Here, we briefly
explain this method through the example of the cor-
ner of the mouth. First, we find the row with the
maximum pixel value as the baseline. Then, columns
of each point which have maximum pixel value in the
upper and lower 10 lines of the baseline are detected.
Finally, we take the pixels with minimum column and
maximum column as left and right corner, respect-
ively. For the other two points, we get their coordi-
nates by the same method. Figure 5 shows the
position of these points on the lip.

3.4 Initial contour

After transforming color space and finding key points,
the initial lip contour is determined by the coordinates
of key points in the new color space. In our research, we
divide lip shape into two classes according to the ordin-
ate of Q1 and Q2. If the absolute value of ordinate dif-
ference between Q1 and Q2 is greater than half the
height of lip image, we deem the mouth is open. On the
contrary, we consider the mouth is closed. We will
explain each case in the rest of this part.

3.4.1 Closed mouth

We suppose the mouth is closed if the absolute value of
ordinate difference between Q1 and Q2 is less than half
the height of lip image. In this case, we choose rhombus
as the initial lip contour, since rhombus is similar to lip
shape. Vertexes of the rhombus are key points we have
gained. Figure 6 shows the model.

bilow
2

.......................................

< a,

Fig. 7 Initial contour model of an open mouth: the outer contour is blue and the inner contour is red
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9

h
(3)
Fig. 8 1-3 a RGB image after illumination equalization. b Initial contour in combined color space. ¢ Final result. d Convergence result of U

component. e Convergence result of C2 component. f Convergence result of C3 component. g Segmentation result of U component. h
Segmentation result of C2 component. i Segmentation result of C3 component
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(1)

Segmentation results of images in b

- e < - — | —

Fig. 9 1-3 a From left to right: RGB images after illumination equalization, outer initial contours, inner initial contours, results of outer boundary,
results of inner boundary, final segmentation results; b Convergence results of outer and inner initial contour in U, C2 and C3 components; ¢

3.4.2 Open mouth

When the absolute value of ordinate difference between
Q1 and Q2 is greater than half the height of lip image,
we consider the mouth is open. We find the shape of an
open mouth is like an ellipse rather than a rhombus.
However, when the mouth opens widely, a single ellipse
shape may be inaccurate. Mark et al. proposed that the
upper and lower lip shapes are different so that we can
use two semi-ellipses as the initial contour [35, 40], as
shown in Fig. 7.

We utilize key points to build the combined semi-
ellipse. In previous studies, the segmentation result of
LACM only has outer contour and the inner contour is
unknown. In order to improve and perfect the lip
segmentation, we propose the inner initial contour
according to the shape of outer contour. The equations
are formulated as follows:

Ox = = (P1, + P2,),0, = = (P1, + P2,) (18)

Nlr—ﬂ
l\JI»—ﬂ
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Fig. 10 a RGB images after illumination equalization. b Results of the method using circular initial contour to segment green component images.

¢ Results of the proposed method

1 3
a =5 \/ (P1,-P2,)* + (Ply—P2y)2, a =7

(19)
2 1
boup = \/(Q]-x_ox)2 + (Qly_oy) ) biup = Eboup
(20)
1
bolow = \/(sz_ox)Z + (QZ}/—O}/>27 biow = Ebolow
(21)
P2,-P1
0 = arctan <P2i, —Pli ) (22)
X cosf sind x—0,
= . : (23)
Y - sin@  cosf y-0,
Xzou Yzou X20 ow Yzo ow
2P+2P:1, 2l+21:1
a o b oup a o b olow
(24)
Xzi Y21 2iow 2iow
2up+ 2up 17 X% YZI -1
asi b iup a21 b ilow
(25)

where O is the original center of the model, O, and O,
are its abscissa and ordinate, and a, and a; are semi-

major axes of outer and inner contour, respectively. by,
and b, are upper and lower semi-minor axes of outer
contour. Similarly, by, and by, are upper and lower
semi-minor axes of inner contour. 6 is the inclined
angle, and it is positive along the counterclockwise
direction. The local region radius r of both contours is
the same, r = b,,,/4. The value of r ensures that the
local region contains lip area and cannot result in over-
convergence. According to the experiment, these param-
eters are applicable in most lip images.

4 Results and discussion

4.1 Results

The experiment is implemented in MATLAB R2013a,
and we have tested 500 face images from AR face data-
base. We apply the initial contours to each component
of combined color space and then merge the results of
each component to gain the final convergence result.

For an open mouth, the outer contour converges to the
outer lip boundary firstly. We use R, to denote the result,
and it contains the internal contents of the mouth. Then,
the inner contour converges to the inner lip boundary; the
result is labeled as R;, and it is the supernumerary part of
the mouth except the lip. Finally, the ultimate result is
R = R, - R;. It is relatively conspicuous that the teeth and
black hole are removed perfectly by the inner contour.
Figure 8 shows the initial contours and the results for

the proposed method

gmle o e [
= |2 | > gy =
- - oo w

Fig. 11 a RGB images after illumination equalization. b Results of the method using circular initial contour to segment gray images. ¢ Results of
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Fig. 12 a RGB images after illumination equalization. b Results of the method using circular initial contours to segment combined color space
images. ¢ Results of the proposed method

closed mouth. Figure 9 shows the initial contours and the
results for open mouth.

In order to demonstrate the proposed method, we
use LACM with circular initial contour and the pro-
posed initial contours to segment green component of
RGB images, gray images, and images in combined
color space, respectively. The iteration numbers of all
the methods are set to 300, except that inner contour
is 100. Figure 10 displays the results of the method
using circular initial contour to segment green
component images and the results of our method.
Figure 11 shows the results of the method using cir-
cular initial contour to segment gray images and the
results of the proposed method. In Fig. 12, we explain
the results of the method using circular initial con-
tours to segment combined color space images and
the results of using the proposed method. Figure 13
shows the results of the method using the proposed
initial contours to segment gray images and the pro-
posed method.

It can be seen that the results of the proposed method
are more accurate, more complete, and smoother than
compared methods. Our method contains more details
because we utilize a combined color space which con-
sists of the U component in CIE-LUV color space and
the sum of C2 and C3 color space of DHT. For open
mouth, our method can get the segmentation results
only involving the lip area instead of containing teeth or
holes. On account of utilizing illumination equalization,

the proposed method avoids the problem of partial con-
vergence or over-convergence owing to the non-uniform
illumination. Furthermore, we can get appropriate initial
contour according to key points which are defined by
our method. This avoids the issue that local region
excludes the lip area or contains more lip region even
involving the information inside of mouth. Hence, it can
converge to the real lip boundary precisely using our
method.

4.2 Discussion
To evaluate the accuracy of our algorithm, we use two
measures [41]. The first measure is defined as

2(A10A2)

OL =
A+ A,

x 100%

It determines the percentage of overlap (OL) between
the segmented lip region A; and the ground truth A,.
The second measure is the segmentation error (SE),
defined as

OLE + ILE
E = 1
S 53T x 100%

where OLE is the number of non-lip pixels being classi-
fied as lip pixels (outer lip error) and ILE is the number
of lip pixels classified as non-lip ones (inner lip error);
TL denotes the number of lip pixels in the ground truth.

Fig. 13 a RGB images after illumination equalization. b Results of the method using the proposed initial contours to segment gray images. c

Results of the proposed method
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Table 1 Overlap and segmentation error values of two methods
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1 (%) 2 (%) 3 (%) 4 (%)

The proposed method oL 83.1 88.5 80.7 754
SE 177 13.1 211 29.2

Green component with circular initial contour oL 80.3 85.1 69.9 61.8
SE 166 13.1 364 48.0

Gray images with circular initial contour oL 826 857 754 709
SE 17.1 15.8 236 262

Combined color space images with circular initial contour oL 81.1 846 763 74.1
SE 163 16.8 102 114

Gray images with the proposed initial contours oL 827 834 716 703
SE 196 16.0 237 22.5

The ground truth of each image is obtained by manual
segmentation.

We divide the images into two groups according to
open mouth and closed mouth. Each group is
randomly divided into two equal parts. Part 1 and 2
are closed mouth images and part 3 and 4 are open
mouth images. The average values of each part are
shown in Table 1. It can be found the OL values of
the proposed method are higher than compared
methods in the closed mouth group. Meanwhile, in
the open mouth group, the OL values of the proposed
method are higher than compared methods obviously,
and the SE values of the former are lower than the
latter evidently.

5 Conclusions

In this paper, we have proposed a LACM-based method
using two initial contours to segment lip area. For open
mouth, we utilized a combined semi-ellipse as the initial
contours. And for closed mouth, a rhombus is used as
the initial contour. Before the initial contour is deter-
mined, we did a set of preparatory works. First, we
applied illumination equalization to RGB images to
reduce interference of uneven illumination. Then, we
adopted a combined color space which involves the U
component in CIE-LUV color space and the sum of C2
and C3 components of DHT. Finally, we determined
shape of initial contours due to the positions of four key
points in the combined color space. It can be seen from
the experiment that this method can obtain accurate,
smooth, and robust results. Meanwhile, our results are
more similar to the true lip boundary comparing with
the results obtained by using a circle as initial contour
to segment gray images and combined color space
images. Nevertheless, as many other methods, this
method cannot get particularly satisfactory results in the
case of images containing gums, because gums are simi-
lar to lips in the color and texture. We will resolve this
problem in future research.
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