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Segmentation of Color Lip Images by Spatial
Fuzzy Clustering

Alan Wee-Chung LiewMember, IEEEShu Hung LeungMember, IEEEand Wing Hong LapMember, IEEE

Abstract—in this paper, we describe the application of a novel  There are very few reports on color lip segmentation. In [8],
spatial fuzzy clustering algorithm to the lip segmentation problem.  the color lip region is segmented using a fuzzy thresholding al-
The proposed spatial fuzzy clustering algorithm is able to take into gorithm with connectivity processing. The histogram of R/G av-

account both the distributions of data in feature space and the spa- d li f d undated with time i d
tial interactions between neighboring pixels during clustering. By eraged over severalimage frames and updated with ime IS use

appropriate pre- and postprocessing utilizing the color and shape t0 determine an adaptive threshdld obtained by minimizing
properties of the lip region, successful segmentation of most lipim- a fuzzy entropy measure. Pixels ab&are treated as definite

ages is possible. Comparative study with some existing lip segmen-jip pixels whereas pixels belo but above a heuristic point are
tation algorithms such as the hue filtering algorithm and the fuzzy - qnsjdered definite lip pixels if they have eight-neighbor con-
entropy histogram thresholding algorithm has demonstrated the L TR . .
superior performance of our method. nectivity to gdeﬁmte I|p.p|xel. This algorithm, however, shares
the same difficulties as in [6] and [7], namely, unable to handle
multicomponent feature vector and the lack of clear relationship
between the fuzzy entropy measure and good segmentation. In
[9], a hue filter is used to weight the red hue, which is presumed
I. INTRODUCTION to be the lip region, preferentially. The lip region is then seg-
YNAMIC visual information from the lip movement can mented by thresholding. This method requires a hue distribution

significantly improve the accuracy and robustness of %iﬂ be prgsple;m{\l,\elzd for the “lf reglon(.jl_n prla ct|c$f, h;)Vée;)/er_,”the .“p
automatic speech recognition system in a noisy environmentg{ge varies between Speakers, and IS aiso aiiected by ifiumina-

[2]. Useful geometric information about lip movement, such n and by the use of makeup. S

the temporal variation of mouth width and height, can be ob- In our approach,_ color lip segmentation 1 treated as

tained easily from a segmented lip. However, accurate lip s _'two-class clustering and segmentation .problem. Clus-

mentation has proved to be difficult due to the weak color Coﬁ_rmg-based method allows the segmentation to be based

trast and the significant overlap in color features between the HE coI(_)r dlfferem_:e between !'p _and_ nonlip regions, without
and the face regions. assuming a particular hue distribution for the lip. A novel

Many image segmentation techniques have been propo§88tial fuzzy _C-means (FCM) clustering algorithm [10]’ [11] iS.
[3]-[7]. For color image segmentation, histogram-based al fployed. With appropriate pre- and postprocessing, good lip

clustering-based methods have been widely used. In [6], ﬁgmentatlon results can be obtained.
Chenget al. proposed a histogram segmentation technique

which involves performing a fuzzy partition on a two-dimen- II. COLOR LIP SEGMENTATION PROBLEM
sional (2-D) histogram based on the maximum fuzzy entropy

e . . The original lip images are in the RGB color format. It is
Eg:}gfrlfél -g:(ies %éDr;slztr?tgr?)r:e If)f izrelstr;:((;tlegoﬁ) licgort:aénth%e?sirable to work in a uniform color space, wherelthgistance
and the vertical r:jlxis represents the IC;ocal average F(J)f teb aettween two points in the color space is directly proportional

pres verag . I?o the perceived color difference. Two approximately uniform
color component, thus capturing the local spatial interactions

between neighboring pixels. Color segmentation is obtained Eglor spaces are the 1976 CIELAB color spate, ", b*) and
S

erforming the fuzzy partition on each of the color components.. 1976 CIELUV color spacd(, u*, v") [12].
P 9 yp P Although a number of researchers [13], [14] have suggested

and then combining the results. However, as the color compp- . e ; .
; . : at the skin hue is fairly consistent across different people,
nents are treated independently, consistent segmentation of a L S T
mall variation in hue can be significant in view of the weak

region at every color components is impossible. In addition, tha . . . o
. o c@lor contrast between skin and lip regions. For many lip im-
maximum fuzzy entropy criterion does not always correspon ; . :
: . ages, the colors of the lip and skin region usually overlap con-
to good segmentation, as noted in [8].

siderably. In addition, the lip color of a person can significantly
overlap the skin color of another person.
Manuscript received March 4, 2002; revised August 12, 2002. This work was The color |ip segmentation problem thus involves the delin-
supported by CERG under Grant 9040272. . fthe li ion f he f ion b d h |
A. W.-C. Liew and W. H. Lau are with the Department of Computer Engieatlon of the lip region from the tace region based on the color

neering and Information Technology, City University of Hong Kong, Kowloorcontrast between these two regions. The lip region is assumed

Index Terms—Color lip segmentation, local spatial interactions,
spatial fuzzy clustering.

Tong, Hong Kong. , ____ to be a single connected component within the lip image, with
S. H. Leung is with the Department of Electronic Engineering, City Univer- h hat i . | lliotical d with a d bl
sity of Hong Kong, Kowloon Tong, Hong Kong. a shape that is approximately elliptical, and with a detectable

Digital Object Identifier 10.1109/TFUZZ.2003.814843 color contrast.

1063-6706/03$17.00 © 2003 IEEE

Authorized licensed use limited to: GRIFFITH UNIVERSITY. Downloaded on October 15, 2009 at 23:37 from |IEEE Xplore. Restrictions apply.



LIEW et al: SEGMENTATION OF COLOR LIP IMAGES BY SPATIAL FUZZY CLUSTERING 543

lll. Fuzzy CLUSTERING WITH SPATIAL CONTINUITY the center pixel is determined by the similarity of the neighbor’s

Fuzzy cluster analysis has been a powerful tool in the field g?atgre.value V\.”th the center p|>§el. He!"“i» ™ enablgs local .
pattern recognition [15]-[17]. A conventional FCM algorithn,F,patlaI interactions between neighboring pixels that is adaptive

classifies pixel data based solely on their feature space distriﬁ%-'magefc.ofr;tenwi’ ’t“) s Can be elasny mo_dl(l;led t(\)/valj om_larger
tion without explicitly considering the spatial interactions peS9!0n of Influence by USIng a farger window. YVeighting can
Iso be applied to the neighboring pixels such that more dis-

tween neighboring pixels. Although it is possible to include th@ .
nce pixels become less relevant.

coordinate information as features [16], [17], such approach \A}iﬁ_l_h tor in (2 be Vi d as th B
result in loose clusters even for perfect data since the coordi- e parameter, In (2) can be viewed as the average “ran-

i . : .
nate information does not form a compact mass in feature Spa&%r_nness of the homogeneous region. It takes into account the

Moreover, the clustering result will be influenced by the coofl0ISe present in homogeneous region. When the difference in

dinate system chosen when the coordinates are used as featnf.Egg.”e value between the center pixel and its neighbor is larger
t

For image data, pixels with similar features are usually fou an th_e average “_ranqlomnes_s,” i@ pi, the center pixel and
together forming homogenous patches and should therefore %nelg_hborlng pixel is less I|ke_Iy tq belong to the_ same class
assigned to the same cluster. However, image noise may alteﬁﬂg the influence on the center pixel is suppresséap ,. Let
feature value of a pixel to the extent that it is misclassified. Lo denote
addition, many pixels in real images are ambiguous. The incor- 1 < L )
poration of spatial information can resolve this ambiguity and ao(1; ) = 8 Z Z 0L, 9), (r+tr, s+12)}
yields better classification result. h=-1l=-

We consider a 3x 3 image window. If the 3x 3 patch (h, 12) # (0, 0) ©)

belongs to the same class, then the center pixel should fagthe averagefora3x 3 window centered at( s). Assuming
smoothed by its neighboring pixels so that eventually all pixe{gat in real images, most8 3 windows fall on homogeneous

in the window have high and similar membership values iggion, ther. can be set to be the averagef (r, s) over all

one of the clusters. Now, consider the feature vegtor and (, s). Sinces controls the slope of the sigmoid curve, it can be
its topological neighbot, 1 ;1. Let 0 be thel, distance made adaptive to the image content and noise property as well.
between them, i.ed(( s),(-—1,s-1)} = [|Tr,s = Tr—1,5-1ll-  Clearly, oshould be chosen such that the clustering results of
Letd; ., ; be thel, distance between,, ; and the cluster cen- important image structures are not smoothed out, A{@) ~

troid v;. If Oy, 5, (r—1,5—1)} is small (i.e., similar in feature), 1 wheno is due to genuine structures, such as region borders
we would like d; , s to be greatly influence byl; ._1 s_1. or edges, in the image. We determineas follows. From the
Otherwise;, », s should be largely independent@f .1, s—1.  §,,(r, s) computed over the image data, we takequal to the

Taking the eight-neighborhoods into account, we define g&th percentile of,,(r, s). Then, we let\(8;) = 0.8 and solve
dissimilarity index D;, s which measure the dissimilarity for » using (2).

betweenz,. ; andv; With D; .. ., both the feature space information and the local
2 1 spatial interactions between neighboring pixels (spatial space
D, s= 3 Z Z [df r,sAZ’ ,Szg information) can be incorporated into the fuzzy clustering. Due
li=—1 lo=—1 to the formulation ofD; ,. ,, no explicit weighting of the con-
2 s tributions of the feature space information and the spatial space
ety (1 /\l"l")] (b, 12) #(0.0) @ information is needed, thus avoiding the difficulty of choosing

where\(9y(r, s), (r+i, s+i)}) = )\;’:; is the weighting factor con- an appropriate weight. For an image dataf dimensiornn, by
trolling the degree of influence of the neighboring pixels(i, n2, and the number of cluster the objective functional of the

s + j) on the center pixekh, s) spatial FCM (SFCM) clustering algorithm is given by
1 niy no C
/\(a) = 41 n o~/ (2) Jm(U 1)) = Z Z Z uzlnsDi,r,s
andy, o specifies the displacement affrom 0, and the steep- r=ts=laEl

C
ness of the sigmoid curve, respectively. subjected to Z wirs=1 V(r s) el @)
Note thatD; . s, in effect, smoothes the cluster assignment ’ e ’

(via the distance to centroid term) of the center pixel by thﬁwec « nyny MatrixU is a fuzzy c-partition of the set of image

cluster assignment of the neighboring pixels. This is d'ﬁeref%ature vectorX from I, v is the set of fuzzy cluster centroids,

frorr|1 a nmje flltgtrlnfg; pterspecluve |r!"[t8]. Whedr)f:he c??ter ptlﬁ%t% € (1, co) defines the fuzziness of the clustering results and
IS along edges, 1S Teature value will be very ditterent from %57T7 s gives the membership of pixet,(s) in fuzzy clusterC;.

?r: Its ne|ghl|30rs, L'efleggng_lfh; ulnllkellnegf thatltr;ey b”el_(t)ng o It can be shown [11] that a local minimum df,, can be
€ same class. Hence,will be farge andA — Lior allits o, heq by performing Picard iteration through (5) and (7),

i=1

neighbors. In this casd); . s ~ d?, ., i.e., neighboring in- , ; .

fluence is turned off. When the window is on a step boundarWy,henD”’ s Is nonzero for = 1 toc

the center pixel is only affected by the neighboring pixels in %1: gz: i

the same class (i.e., on the same step level) as the center pixel. ~—_ =11 """ (5)
When the center pixel is on a smooth region and is affected by * AN

all its neighbors, the degree of influence of each neighbor on ;::1 S; Yir,s
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1 1
A 1 T, 8 r, s
Trs =3 Z Z [)‘l{,lzxr,s"‘(l - )‘1{,12)xr+ll,s+12}

15
(l17 12) # (07 0) (6) i
1
c Di s 1/(m-1) "
T— Z (D—> ) @) e
j=1 VERER

In (5) and (6)v; andz,. ; denote theth fuzzy cluster centroid
and the locally smoothed feature vector at pixels), respec-
tively. When at least ond; .. . is zero, i.e., at a singularity,
thenw; . . is zero whenD; , . is nonzero, and;_ , . is set to
be equal to one over the number of zé&rdéerms. In practice, the
Picard iteration is terminated when thg difference between
two consecutive iterations of the fuzzy c-partition matrialls
below a small threshold. ®)
Although in theory, the Picard iteration only ensures conver-
gence to a local minimum of,,,, the incorporation of spatial Fig. 1. (a) Original luminance image. (b) Equalized luminance image.
interactions between neighboring pixels in the clustering seems
to make the convergence more consistent in the sense thatWh€rei., oa andy,, o, are the mean and standard deviation
same solution is observed for different starting points. This is fif @* andw*, respectively. Possible teeth pixels, i€, < t,
contrast to the FCM algorithm where the final result is very d& u* < t,, or pixels with L* < 35% or L* > 95% of
pendent on the starting points. Details on the SFCM algorithife reference white, are masked out from subsequent clustering

and its image segmentation performance compare to the FSkage. Finally, the chrominance components are normalized by
algorithm can be found in [11]. restricting their range to withig-2 standard deviations around

the mean.

S

IV. L1P IMAGE PREPROCESSING

The lip image is first transformed into the CIELAB, CIELUV
color spaces. A feature vector consisted bf, a*, b*, u*, v*} A. Lip Membership Computation
is constructed for each piXE' in the image. Then, the intensityThe settings for the spatial fuzzy clustering algorithm are
nonuniformity (i.e., smooth variation in intensity value) in thg,, — 2 andc¢ = 2. Mean feature vectors for the skin class and
L* component due to uneven illumination is reduced by the fahe lip class from hand labeled training images are used as ini-
lowing procedure. tial cluster centroids. After the final cluster centroids for the lip
1) Estimate the intensity nonuniformity along the columuglass and the skin class are obtained, the lip membership map is
direction on the upper and lower border of the imageomputed. In order for the teeth region to be included in the lip
using a small window and denote themdayj) andl(j), region, the lip membership values of teeth region are setto 0.75.
respectively.
2) Compute the mean value by averaging:(;) andi(j). ~B- Morphological Filtering
3) Modify the luminance valué*(i, j) for each pixelalong  Grayscale morphological closing and opening [19] with an
each columry to eight-neighborhood structuring element is used to smooth the
Ser e 1) —u(g) . ] membership map and eliminate small erroneous blobs and
L*(i, j) = L7(i, j) + Trow — 1 (i =1)+m—15). ®) holes. The morphological closing is realized by performing a

Fig. 1(a) and (b) shows the luminance image of a mouth regi@}fXimum operation, followed by a minimum operation. Since
before and after equalization, respectively. The obvious intdi€ Object of interest has higher grey value than the back-

sity nonuniformity below the two corners of the mouth has bedliound. this operation will fill up small holes and gaps. The
reduced. morphological opening is realized by reversing the maximum

The teeth region, the low luminance region (where ttf§'d minimum operations and has the effect of opening up
chrominance information is noisy), and the high luminancdnall-connected regions and protrusions.
pixels caused by highlight can adversely affect the clusteri@ Svmmetrv Processin
result. The teeth region has been observed to have a lgtver y y g' )
andu* value than the rest of the lip image and has a fairly L&rge spurious protrusions, occasionally found around the

consistent hue. From experimentation with different lip imagedPPer or lower lip boundary, cannot be eliminated by the mor-

V. LIP MEMBERSHIPCOMPUTATION AND POSTPROCESSING

the teeth thresholds, andt, was found to be given by phological filtering operation. Taking advantage of the sym-
—ay if (Jta— 0a) <9 metry of the left and right side of the lip with frontal view
ty = {““ “ Ha e (9) can eliminate these protrusions. Theoordinate of the left lip
9, cherW|se corner,z;, is found by scanning from the left and detecting the
fru = 0w, i (py — 0u) <29 first occurrence of a group of 5 pixels with membership value
ty = . (10) : . .
29, otherwise > 0.5, arranged column-wise, and located approximately in the
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tected

left lip

center row. The:-coordinate of the right lip cornes,., is de- ‘-\v
likewise and the-coordinate of the lip centeg;., can e
then be found. Next, the row-wise integral projection from the

every rowy
Gly) = Y #(x,y) (11) n

corner to the lip center given in (11) is computed for

where Fig. 2. (Top left) RGB lip image (shown in gray). (Top middle) Lip
1, if m(:v. y) > 0.5 membership map. (Top right) After morphological filtering. (Bottom left) After
(1: y) = { ’ ~ symmetry, luminance, and shape processing. (Bottom middle) After Gaussian
0, otherwise smoothing. (BOttom right) Final segmentation.
andm(z, y) denotes the lip membership. The row-wise integral 1/8
R . . . L . 1/4 3
projections of the right,.(y), is obtained similarly. By scanning (4 (Iy) (16)
downward from the top, the uppg+coordinate of the lip region o= \7 1,
is determined if the two following conditions are satisfied: 1/8
4\ /4 (LY} /
1) Gw)>0 N G)>0 w= () |5 ar
(2) (Gly) <3xG(y) N (G(y) <3xG(y). (12) !
The lowery-coordinate of the lip region is detected I|keW|seWIth v~
Lip pixels that are above the uppgrcoordinate or below the B » g
lower y-coordinate are set to be nonlip. Ipq = 21 Zl (= 20 )P (Y — Y ) m(z, y) (18)
=1 y=

D. Luminance Processing
Since lip pixels have lower luminance value than skin pixels,

M N
I, = Z ((y = ym) co8 0 — (z — ) sin 0)%m(z, y)

1
=1 y=1

T

the lip membership map can be enhanced by up-weighting the (19)
membership value of pixels which are of low luminance value.

We first estimate the statistics of the skin pixels by computing I, = Z Z — ym)sin B + (z — x.) cos 6)2m(z, y)
the meany;,, and standard deviation,;,,, of the pixels in a o o o
strip of region around the image border. Next, for pixel having a (20)

luminance value < .., Wherétin = tskin — 3-50skin, the

differenced = tqun — v, is computed. For pixel with > t.;,, WhereM, N are the column and row dimensions, respectively.
its d is Set to zero. Then, St — min(oum, max(d)). Fi- Only pixels having membership 0.5 (i.e., potential lip pixels)
nally, for any pixel with a membership value> 0.45 ord > enter into the ellipse computation. After obtaining the best-fit
dumax, v is updated by adding to it a value equalglf§2d,...,.) if ~ €llipse, any potential lip pixels outside of the best-fit ellipse are
d < dypax, Or 0.5 ifd > dyax. The modified membership valueflagged to nonlip. Finally, the lip membership map is smoothed
is then C||pped at the maximum membership value in the quth a Gaussian filter before thresholding at a threshold of 0.45
modified membership map. Note that this procedure will hawd retaining the single largest connected component as the lip
no effect on lips with makeup such that the lip pixels have [§€gion.

minan

E. Shape Processing

ce value larger than the skin pixels.
VI. COMPARATIVE STUDIES AND EXPERIMENTAL RESULTS

Fig. 2 shows a lip segmentation example. The lip region can

Prior knowledge about the mouth shape can be used to fge identified clearly from the lip membership map produced by
ther reduce inaccurate classification. A best-fit ellipse can e SFCM algorithm. However, there are two spurious blobs
fitted onto the lip membership map to suppress any remainiggove the mouth. After morphological filtering [Fig. 2(c)], the

spurio

us protrusions. The parameters of the best fit ellipse, i @embership map is smoothed and small holes are filled up.

the center of mas'Sq:(n., ym)_, the inclinatione_ apout thg center Fig. 2(d) shows the membership map after symmetry, lumi-
of mass, the semimajor axis , and the semiminor axig,, are  nance and shape processing. The two spurious blobs have been
computed form the lip membersl’rm(x y) by [20] eliminated. Fig. 2(e) shows the membership map after Gaussian

1 N N smoothing and Fig. 2(f) shows the final segmentation result.

Tm = Z Z xxm(z, y) Z Z ,y)  (13) For comparison, the hue filtering segmentation algorithm
=1 y=1 z=1 y=1 (HES) of [9] and the fuzzy entropy histogram thresholding
algorithm (FEHT) of [6] are implemented. As each color

= Z Z y*xm(x, y) Z Z m(z, y) (14) component is treated independently in the FEHT algorithm,

=1 y=1 =1 y=1 bilevel segmentation of color images cannot be performed
1. 2111 directly. Instead, we use the FEHT algorithm to automatically
6 = — tan e (15) ) ; .
20 — 02 segment the hue-filtered image (a scalar value image). The
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Fig. 4. Some color lip segmentation results obtained using the proposed
algorithm.

Fig. 3. Lip segmentation using the hue filtering (HFS) algorithm [11] and

the fuzzy entropy histogram thresholding (FEHT) [7]. Row 1: RGB lip images

(in gray). Row 2: Post-processed hue filtered images. Row 3: Histograms; i i _fi
hue-filtered images. Rows 4 and 5: HFS segmented lip regions with threshold%ﬁages' The third row shows the h|stograms of the hue-filtered

0.6, 0.8, 0.6, and 0.65, respectively. Rows 6 and 7: FEHT segmented lip regidhdages. For the _ﬁrSt example, there are two valleys, at 0.6 and
Row 8: Segmented lip regions using our algorithm. 0.9, and the optimum threshold was found to be 0.6. The op-
timum thresholds for the second and third examples are 0.8 and

FEHT algorithm performs an exhaustive search to maximi#e6. respectively. No discernable valley exists forthe fourth ex-
the total fuzzy entropy for a bilevel segmentation of thample and the optimum thres_hold 9f0.65 was o_btalned by trial.
hue-filtered image. The hue image is computed from CIELABe fourth row shows the binary images obtained by thresh-
color space byiuey, = tan™! (b*/a*). In the HFS algorithm, olding the hue-filtered images using the aforementioned thresh-
the lip is assumed to be prevalently red. To determine the h@llS. By taking into account the teeth region which is detected
filter, the hue values for pure red, pure green and pure blipglependently, and retaining the single largest connected region,
are calculated, and are found to be 0.0788 rad, 2.2999 rad i final segmented lip regions are shown in row 5. Although
—0.7071 rad, respectively. Then, the two end points where tﬂ‘@ lip segmentation resul_ts are sufficiently g_ood', the major dif-
filter response falls to zero are taken to be midway betwedfulty with the HFS algorithm is the determination of the op-
pure red and pure green, i.e., 1.189 rad, and midway betwdigpum threshold. It can be seen that the optimum threshold
pure green and pure blue, i.e-0.314 rad, respectively. The varies considerably for different lipimages. Row 6 shows the bi-

hue image is first smoothed and then hue-filtered as follows:"ary images obtained from the thresholds (0.571, 0.714, 0.565,
and 0.433, respectively) found automatically using the FEHT al-

f(hueg) gorithm. The fuzzy entropy criterion obviously does not match
(hue,p, — 0.0788)2 human perception of good lip segmentation in these examples.

1= 1.11022 0.0788 < hueqy < 1.189 Row 7 shows the segmented lip regions using the FEHT algo-
- (hueqy — 0.0788)2 rithm. For comparison, the segmentations obtained using our
1- 039282 —0.314 < hue,, < 0.0788  method are shown in the last row. The quality of segmentation
0, otherwise. using our method is clearly superior to both the HFS method

1) and the FEHT method.
To evaluate the performance of our algorithm, we carried out

The hue-filtered image is subject to morphological filtering, lulip segmentation experiment with a homebrew database (about
minance processing, and Gaussian smoothing to improve #@90 color lip images from more than 20 speakers) and some
final segmentation. The symmetry and shape processing arecwlor lip images taken from the XM2VTS [21] and the AR Face
applied because the threshold for the lip region is not knovdatabases [22]. The segmentation results are evaluated based
a priori. The final segmentation is obtained by thresholding then subjective judgment since no ground truth is available. The
hue-filtered image with an optimum threshold, chosen manualygorithm has been observed to perform well and some of the
to be the valley of the histogram of the hue-filtered image. results are shown in Fig. 4, where the first three rows are from

Fig. 3 shows some examples of lip segmentation using HRSr own database, and the last three rows are images from the
FEHT, and our method. The first row shows the original RGB liXM2VTS and AR Face databases. Rows 3 and 6 are female
images. The second row shows the post-processed hue-filtespdakers, whereas the rest are male speakers.
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Fig. 5. Percentage overlap of segmented lips with ground truth.
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Fig. 6. Percentage segmentation error of segmented lip.

We have also attempted to perform some quantitative evabt fit the actual lip exactly. Two measures are used to evaluate
uations about the performance of our algorithm. We randontlye accuracy of our algorithm. The first measure determines the
selected 70 images from our database and hand-segmentegéreentage of overlap (OL) between the segmented lip region
lip by manually fitting a parametric lip model [24]. These servel; and the ground truthl,. It is defined as
as ground truth. The use of a parametric lip model allows rela-
tively fast manual segmentation, but compromises on the accu- 2(A; N Ay)

OL

racy of some of the extracted lip contours since the model may T A+ A, +100%. (22)
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Using this measure, total agreement will have an overlap of{6] H. D. Cheng, Y. H. Chen, and X. H. Jiang, “Thresholding using two-
100%. The second measure is the segmentation error (SE) de- dimensi(_)nal histogram and fuzzy entropy principl&EE Trans. Image
fined as Processingvol. 9, pp. 732-735, Apr. 2000. .
[7] H. D. Cheng, J. R. Chen, and J. Li, “Threshold selection based on
fuzzy C-partition entropy approachPattern Recogn.vol. 31, no. 7,
pp. 857-870, 1998.
[8] S. Lucey, S. Sridharan, and V. Chandran, “Chromatic lip tracking using
a connectivity based fuzzy thresholding technigue,” presented at the 5th

OLE is the number of nonlip pixels being classified as lip pixels ~ nt. Symp. Signal Processing Applications ISSPA'99, Brisbane, Aus-

. . . . ip tralia, Aug. 22—-25, 1999.
(outer lip error) and ILE is the number of lip-pixels classified as [9] T. Coianiz, L. Torresani, and B. Caprile, “2D deformable models for

nonlip ones (inner lip error). TL denotes the number of lip-pixels visual speech analysis,” iBpeechreading by Humans and Machines
in the ground truth. Total agreement will have an SE of 0%.  D. G. Stork and M. E. Hennecke, Eds. New York: Springer-Verlag,
The segmentation results are presented as bar charts in Fig 1996.

. - %] A. W. C. Liew, K. L. Sum, S. H. Leung, and W. H. Lau, “Fuzzy
(OL) and Fig. 6 (SE). The results indicated that the proposeg’ segmentation of lip image using cluster analysis,” presented at the

algorithm was able to give good segmentation, with an OL of = Eurospeech’99, Budapest, Hungary, Sept. 5-9, 1999.
~95% or an SE of~5%. We remark that some of the error [11] A W.C. Liew, S. H. Leung, and W. H. Lau, “Fuzzy image clustering

. g . incorporating spatial continuityProc. Inst. Elect. Eng.—Vision, Image,
is due to the misfit between the parametric lip model and the g2\ processingol. 147, no. 2, pp. 185-192. Apr. 2000.

actual lip. Based on our experience, this type of error accouni$2] r. w. G. Hunt,Measuring Color 2nd ed. New York, Ellis Horwood
for about 2%—5% in both OL and SE, depending onthe actual lip  Series in Applied Science and Industrial Technology: Ellis Horwood,

shape. Currently our segmentation algorithm does not consid 1991.

I . )
h f facial hai h h d beard ?:E&] K. Sobottka and I. Pitas, “A novel method for automatic face segmen-
the presence of facial hair such as moustaches an earas. tation, facial feature extraction and trackin@fgnal Processing: Image

preprocessing stage would be needed to mask out those regions. Commun,.vol. 12, pp. 263-281, 1998.
[14] M. Ulises, R. Sanchez, J. Matas, and J. Kittler, “Statistical chro-
maticity-based lip tracking with B-splines,Proc. IEEE Int. Conf.
Acoustic, Speech, Signal Processingl. 4, pp. 2973-2976, 1997.
[15] J. C. BezdekPattern Recognition with Fuzzy Objective Function Algo-
VII. CONCLUSION rithms  New York: Plenum, 1981.
[16] A. K. Jain and R. C. Dubegdlgorithms for Clustering Data Upper
Accurate lip segmentation is a difficult problem due to the  Saddle River, NJ: Prentice-Hall, 1988.

weak color contrast between the lip and the face region. In thig-7] R- Krishnapuram and C. P. Freg, “Fitting an unknown number of lines
. . . and planes to image data through compatible cluster merghagt&rn
paper, the color lip segmentation problem is formulated as @  Rrecogn,vol. 25, no. 4, pp. 385-400, Apr. 1992.

two-class clustering and segmentation problem. The proposétB] Y. Choi and R. Krishnapuram, “A robust approach to image enhance-

spatial fuzzy clustering algorithm is able to exploit the spatial goesmsbzasseJduﬁz fllgg logic|EEE Trans. Image Processingol. 6, pp.
interactions between neighboring pixels through the use of fq r. Kiette and P. ZamperonHandbook of Image Processing Opera-

novel dissimilarity index. Comparative study with the hue-fil- tors. New York: Wiley, 1996.
tering segmentation algorithm [9] and the fuzzy entropy hisd20] A. K. Jain,Fundamentals of Digital Image ProcessingUpper Saddle

. . L . River, NJ: Prentice-Hall, 1989.
togram thresholdlng algorlthm [6] has indicated the SUpE‘I’IOI[Zl] The XM2VTS face database. [Online]http://www.ee.surrey.ac.uk/Re-

performance of our algorithm. In particular, our algorithm pro- search/VSSP/xm2vtsdb/
duces better segmentation, and without the need to determine BAl A- M. Martinez and R. Benavente. (1998, June) The AR face database.

. L. . [Online]CVC Technical Report #24
optimum threshold for each lip image. Finally, we remark tha 23] A. W. C. Liew, S. H. Leung, and W. H. Lau, “Region-based approach

the lip membership map obtained from the proposed method can  to robust lip contour extraction Electron. Lett, vol. 36, no. 15, pp.
be viewed as a lip probability map. Such a probability map can ] i2x—é2541 JE'YHZ?_OO- W Lad “Li ont

. . ) .W.C. Liew, S. H. Leung, and W. H. Lau, “Lip contour extraction from
Serve as a I’Ob%JS'[ 'mag_e feature in .a deformabl_e_ m_OdeI _bas color images using a deformable contour,” Pattern Recogn., vol. 35, no.
contour extraction algorithm employing a probabilistic region- 12, pp. 2949-2962, to be published.

based cost function [23], [24].

_ OLE+ILE

N
SE = ~———— * 100%. (23)
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