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In this paper, we present a novel approach to person veriﬁcation by fusing face and lip features.
Speciﬁcally, the face is modeled by the discriminative common vector and the discrete wavelet
transform. Our lip features are simple geometric features based on a lip contour, which can be
interpreted as multiple spatial widths and heights from a center of mass. In order to combine these
features, we consider two simple fusion strategies: data fusion before training and score fusion after
training, working with two different face databases. Fusing them together boosts the performance to
achieve an equal error rate as low as 0.4% and 0.28%, respectively, conﬁrming that our approach of
fusing lips and face is effective and promising.
& 2011 Elsevier B.V. All rights reserved.
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1. Introduction

2.1. Face detection

Over the past decade, face recognition has become one of the
main biometrics showing potential for deployment in modern
access control systems due to its ease of capture and the relatively
low level of cooperation required. Numerous approaches to face
recognition have been proposed [1,2]; however, up to now, there
has been very little work performed on using lips, which are a
very important feature of the human face in their own right.
Effective biometric veriﬁcation using lip movement has been
experimentally demonstrated [2,3]. Recently, researchers have
shown that static lips are an additional cue for person veriﬁcation [4]. To the best of our knowledge, little work has been done
on fusing face and static lip shape features. In this paper we
propose that combining face with simple lip features could
outperform each of them individually, and we demonstrate the
validity of this argument by experiment.

Our system starts by detecting human faces from a natural
image. Though many face detectors are available in the literature,
we use a simple front face detector, similar to the Viola–Jones
cascade detector [5], due to its simplicity, speed, and effectiveness.

2. Methodology
In this section we introduce our feature extraction strategy for
face and lips (see Fig. 1).
n
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2.2. Face descriptor
We use the discriminative common vector (DCV) [6–8] and
discrete wavelet feature transform (DWT) as our face descriptors,
since they are widely reported in the existing literature [9]. The
DCV feature is a subspace method, while DWT is a function
transform based approach. The DCV feature was ﬁrst proposed in
[7] and has demonstrated superior performance over other subspace based methods, including Eigenface, Fisherface, and DirectLDA, in terms of accuracy, speed, and storage [8]. In principle, the
DCV is a feature mining approach that has the capability to
extract common features of each class. A common vector is
computed by eliminating all feature vectors that are in the
direction of eigenvectors corresponding to the non-null eigenvalues of the scatter matrix of its own class. After its computation, a
DCV for each class is obtained by the product between the
common vectors and a training sample of that class. The resulting
DCV is then used for veriﬁcation. The following gives a detailed
description of the computation process.
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For the purpose of comparison, our second face descriptor is
DWT [9], a well-known function transform based approach.
Mathematically, it is deﬁned as follows:
X
C½j,k,l ¼
f ½n,mcj,k,l ½n,m
ð4Þ
n,m A Z

Geometrical
features

The same symbol C is used for the number of classes, where f[n,m]
is our image and cj,k,l is the transform function:
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cj,k,l ½n,m ¼ 2j=2 c½2j nk,2j ml

ð5Þ

In our experiment, we have used ‘‘bio5.5’’ [10]; it is a discrete
biorthogonal wavelet family with three pyramid levels for our
feature extraction, similar to [9], obtaining 19  15 DWT coefﬁcients.

MODEL
2.3. Lip descriptor
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Fig. 1. Proposed approach.

We deﬁne a within-class scatter matrix (SW) as;
SW ¼

Ni
C
X
X

ðxim mi Þðxim mi ÞT where mi ¼

i¼1m¼1

Ni
1 X
xi
Ni m ¼ 1 m

ð1Þ

where C represents the total number of classes, i the ith class. Ni is
the number of samples of class i, xim denotes the mth sample from
the ith class and mi is mean vector of the ith class.
Suppose that the dimension of an original sample space is d, r
is the rank of SW (VERr), and d  r is the null space rank of SW
(V?ER(d  r)), where V is the range space of SW and V? is the null
space of SW. Let Q¼[a1yar] be a set of eigenvectors corresponding to nonzero eigenvalues and Q ¼ ½ar þ 1 . . . ad  be a set of
eigenvectors corresponding to eigenvalues of zero. It has been
proven that a unique common vector xcom in the same class can be
obtained [7];
T

xicom ¼ xim QQ T xim ¼ Q Q xim

To build the lip descriptor, we ﬁrst need to extract the lip
region. To do this, we use a simple transformation to convert a
color image to gray scale image using R  (2G)þB to enhance the
lip region. Fig. 2 shows examples of face images after this
transformation, where enhanced lip regions can be clearly identiﬁed as the interior middle region from the face detection.
A binarization method by Otsu [11] is further applied on the
enhanced image to segment the lips. We then extract the lip
shapes using morphological operators, subtracting the binary
image and its dilated version (see Fig. 2—there are no images of
this in Fig. 2) obtained with a mask size of 3  3. We would like to
clarify that the dataset we have studied does include users with
beard or mustache as shown in Fig. 3. From this, we can see that
our approach is still capable of extracting relatively reliable lip
contour. Open lips issue does occur frequently in the research of
lip reading. However, we would like to argue that it is very rare
for a normal person to leave his/her mouth open when being
quiet, such as not speaking, laughing, crying, etc. We would like to
categorize this open issue into the research area of biometrics
based on lip dynamics; see [2] for some initial work on this.
A set of geometric features are extracted based on the
distances from equally sampled points along the vertical and
horizontal centroid axes, to points on the lip contour. For the
vertical centriod axis, we equally sample 300 points from a right
initial point to the other left end of the mouth and while sampling
Original images

ð2Þ

Now we can get the common vector xcom from (2) (note, xcom is
independent of the sample index m). It shows that we can
calculate xcom by the eigenvectors spanning the range space or
those spanning the null space. By performing the above steps, we
obtain C common vectors. We then ﬁnd the principal components
between C classes by the covariance matrix of xicom:
Scom ¼

C
X

ðxicom mcom Þðxicom mcom ÞT where mcom ¼

i¼1

C
1X
xi
C i ¼ 1 com

Transformed image

ð3Þ

Here Scom is a d-by-d matrix that is the covariance matrix of the
common vectors. Finally, we obtain a projection matrix
com
com
W¼[acom
, where acom is the eigenvector of Scom.
1 yaC  1] from a
Because we have only C common vectors the projection matrix
contains at most C  1 eigenvectors corresponding to nonzero
eigenvalues, since the last eigenvector is the linear combination of
the other eigenvectors. When a new test sample is given (xtest), we
compute the test vector using the project matrix W as
Otest ¼WTxtest; after his projection, we have obtained the DCV
features. Because W was obtained from Scom, which is in the rank
space of xcom, we can also project samples of the same class onto
one point by the projection matrix W directly.
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Fig. 2. Lips feature extraction.

C.M. Travieso et al. / Neurocomputing 74 (2011) 2407–2410

Original
images

Face
Detection

Lips
Extraction

Fig. 3. Lips extraction for users with beard.

180 points for the horizontal centriod axis, from the top point to
other bottom point of the mouth (see Fig. 2). We used different
numbers of sampling points, but the best result was reached with
300 points vertically and 180 points horizontally. These values are
the normalization of the geometric lip features, in order to get
scale invariance for different depths of ﬁeld for each photo.
Therefore, the size of the mouth can be different for each photo,
and we normalize its size. The resulting normalized feature vector
is of size 480 elements by concatenation.

3. Classiﬁcation and fusion system
A support vector machine (SVM) with radial basis function
kernel is used for our experiment as it has been demonstrated to
be a good classiﬁer for face veriﬁcation [9]. Speciﬁcally, we used
the SVM light implementation [9] with a RBF kernel:
!
2
:xy:
kðx,yÞ ¼ exp 
ð6Þ
2d

detected face size of 200  200 pixels. We report our results in
terms of the equal error rate (EER) based on 10 runs/splits in a
similar fashion with cross validation. For each run/split, we
randomly select 50% of the samples for training and the rest for
testing. This test is repeated 10 times, thus constructing the 10
runs/split protocol. The mean accuracy and standard deviation of
EERs of those runs among all classes are reported.
We tried six different cases: (1) lips only, (2) DCV face only,
(3) DWT face only, (4) combining lips and face by feature fusing
before training, (5) combining by score fusing (sum rule), and
(6) combining by score fusing (product rule). For each case, our
system contains two parameters: the EER threshold for veriﬁcation (it
is the decision value at the point of EER—equal error rate in the ROC
curve) and the width of the RBF kernel (d, see Tables 1 and 2), which
is automatically determined by the SVM using grid search on training
images only. Those best parameters are selected based on a grid
search. Tables 1 and 2 show the corresponding result of each case.
From Table 1, we can see that lip shape and face appearance
perform well individually, with lip shape giving slightly better
results for the GPDS-ULPGC Face Database. For face veriﬁcation
only, the DCV feature performs better than the DWT feature (3.48%
vs. 3.71%). Based on these results, we select the DCV as the face
descriptor when combining face and lip together (for comparison,
we also include the results of fusing face DWT feature and lips shape
features). Table 1 also shows that data fusing (2.32%) by feature
concatenation performs worse than score fusing (0.44% and 0.43%).
From Table 2, using the PIE Face Database, we have obtained similar
or even better results (see Table 2). We achieved the error rate as
low as 0.28% using the score fusing, for lips and faces. This
observation is consistent with the experiments on our own dataset,
i.e., fusing the two modalities together boosts the performance.
This is because perhaps, in the case of feature concatenation,
the SVM assigns a single weight to each sample in the training
process for the two types of features, whilst in the case of score
fusion the two trained SVMs assign different weights to each
sample, thus reﬂecting the different roles of lip features and face
in discrimination. We further notice that the probabilistic product
rule performs similar to the sum rule, which indicates that lip
geometric features are likely to be independent from face DCV

Table 1
EER for different approaches with lip and face data for GPDS-ULPGC Face Database.
Kind of feature

We have used two different strategies for fusion, based on data and
score. For data fusion, we concatenated each feature vector (lips and
face features) into one feature vector before input to the classiﬁer. For
the score fusion we have implemented two different fusion rules,
based on the likelihood function of individual veriﬁers as follows:
aÞ max

2
X

pðX 0 =li Þ and bÞ max

i¼1

2
Y

pðX 0 =li Þ

ð7Þ

i¼1

here li is the model per user (veriﬁcation approach) from the SVM of
the feature modality i (face and lips), and p(X0 /li) is the likelihood
function of the feature vector from a test sample (X0 ) against the
model li.

We constructed a face database for our experiments, named the
GPDS-ULPGC Face Database, which consists of 50 users with 10
samples per user (500 images in total) with the average detected
face size of 800  600 pixels, and besides, we have used a public
database, the PIE Face Database [12], which consists of 68 users
with 11 samples per user (748 images in total), with the average

EER

Threshold d

Lips
2.59% 7 0.56  0.21
DCV faces
3.48% 7 0.37  0.20
DWT faces
3.71% 7 0.58  0.16
Lips þDCV faces
2.32% 7 0.57  0.33
Lips þDWT faces 2.55% 7 0.82  0.35
Lips þDWT faces 1.63% 7 0.22  0.42
Lips þDWT faces 1.67% 7 0.20  0.32
Lips þDCV faces
0.43% 7 0.17  0.40
Lips þDCV faces
0.44% 7 0.11  0.52

Kind of fusion
6

6  10
2  10  5
5  10  9
5  10  7
2  10  9
—
—
—
—

Not fusion
Not fusion
Not fusion
Feature fusion
Feature fusion
Score fusion (sum)
Score fusion (product)
Score fusion (sum)
Score fusion (product)

Table 2
EER for different approaches with lip and face data for PIE Face Database.
Kind of feature

4. Experiments and results
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EER

Kind of fusion

Threshold d

Lips
12.75%7 0.76  0.76
DCV faces
1.74% 7 0.49  0.37
DWT faces
0.71%7 0.38  0.06
Lips þDCV faces
9.17% 7 0.39  0.62
Lips þDWT faces 9.57% 7 0.57  0.43
Lips þDWT faces 0.42%7 0.02  0.53
Lips þDWT faces 0.40%7 0.03  0.45
Lips þDCV faces
0.29%7 0.05  0.41
Lips þDCV faces
0.28%7 0.05  0.35

5

2  10
7  10  6
1  10  6
2  10  5
9  10  6
—
—
—
—

Not fusion
Not fusion
Not fusion
Feature fusion
Feature fusion
Score fusion (sum)
Score fusion (product)
Score fusion (sum)
Score fusion (product)
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features and that they are complementary. Overall, fusing the lip
shape features with the face DCV features performs best.
5. Conclusion
This paper presents an effective and novel personal veriﬁcation approach by fusing face appearance and lip shape. The face
appearance feature is described by DVC, while lip shape is
represented by simple geometrical features. Our study shows
that both types of features are effective and complementary.
Fusing them under the probability score product strategy reduced
the EER to as low as 0.44% and 0.28%, according to GPDS-ULPGC
and PIE Face Databases, respectively. Our approach suggests a
promising direction to improve the appearance-based face recognition performance in future human veriﬁcation applications.
It is worth pointing out that we have not considered rotation
in our experiments. In those scenes where faces are rotated, we
could employ some rotation invariant face detector available in
literature to detect and correct the rotated face. In this way the
lips features could be made rotation invariant.
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Carlos M. Travieso-González received the M.Sc. degree in
1997 in Telecommunication Engineering at Polytechnic
University of Catalonia (UPC), Spain. and Ph.D. degree in
2002 at University of Las Palmas de Gran Canaria (ULPGCSpain). He is an Associate Professor from 2001 in ULPGC,
teaching subjects on signal processing and learning theory. His research lines are biometrics, data mining,
classiﬁcation system, environmental intelligence, signal
and image processing, and environmental intelligence. He
has researched in more than 23 International and Spanish
Research Projects, some of them as head researcher. He
has over 150 papers published in international journals
and conferences. He has been reviewer in different international journals and conferences since 2001. He is Image Processing Technical IASTED
Committee Member.

Jianguo Zhang (D.Phil. (2002), M.Sc. (1999), B.Sc.
(1996)) is currently a Senior Lecturer of Visual Computation at University of Dundee. Previously, he
worked as a lecturer with School of EEECS at Queen’s
University Belfast (2007–2010), a researcher with
Department of Computer Science at Queen Mary University of London (2005–2007), the LEAR Group of
INRIA Rhone-Alpes in France (2003–2005), Nanyang
Technological University of Singapore (2002–2003). He
received D.Phil. in National Lab of Pattern Recognition,
Institute of Automation, Chinese Academy of Sciences,
Beijing, China, in 2002, M.Sc. (1999) and B.Sc. (1996)
from Shandong University of Technology (currently
Shandong University), China. He won the Best Paper Award in International
Machine Vision and Image Processing Conference 2008. He twice won the
International Pascal Visual Object Classiﬁcation Challenge for the categorization
contest in 2005 and 2006. He was awarded the Present Prize of Chinese Academy
of Sciences 2002. He is the co-organizer of the 1st, 2nd and 3rd International
Workshop on Video Event Categorization, Tagging and Retrieval (VECTaR09, 10,
11). He is also an editor of a book ‘‘Intelligent Video Event Analysis and Understanding’’ in Springer-Verlag series. He is an area chair of BMVC 2011. He served as
PC members/referees for many international journals and top conferences,
including IEEE TPAMI, IEEE TIP, IEEE TSMC, IVC, PR, CVIU, PRL, ICCV, CVPR, ECCV,
and BMVC, etc. He is a senior member of IEEE (SMIEEE) and a Fellow of High
Education of Academy UK (FHEA).

Dr Paul Miller is a Senior Lecturer in the School of
Electronics, Electrical Engineering and Computer
Science at Queen’s University Belfast (QUB). He is also
a Research Director of the Intelligent Surveillance
Systems group in the newly formed £30M funded
Centre for Secure Information Technology. Previously,
he worked as a senior research scientist at the Defence,
Science and Technology Organisation, Australia where
he led a team providing science and technology advice
on unmanned aerial surveillance systems. Before that
he worked as a research fellow at QUB. He received his
Ph.D. in Optical Image Processing from QUB in 1989.
Since returning to academia he has continued to work
in video analytics for both defence and civilian CCTV applications, and also biomedical image analysis. He has published over 60 papers in image and video
analysis, including a best paper award for his work on object recognition. During
his academic career he has constantly worked in close collaboration with industry,
including both multinational and SME companies.
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