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Robust Symbolic Dual-View Facial Expression
Recognition With Skin Wrinkles: Local
Versus Global Approach

Yizhen Huang, Ying Li, Senior Member, IEEE, and Na Fan

Abstract—Simple cartoon facial expressions can be represented
by emoticons, that is, a special sequence of symbols. This inspires
us that a sketch of facial feature contour may be adequate to rec-
ognize expressions. Metrics of such sketches are easier to be cali-
brated under varying illumination and head pose. While skin wrin-
kles such as nasolabial folds, eye pouches, dimples, forehead, and
chin furrows are not salient facial features, they may convey crucial
subtle signals about an individual’s emotion. Our experiments have
shown that the side-view profile plus skin wrinkles can correctly
differentiate nearly 70% expressions, and it contributes to the in-
crease of overall recognition rate. Finally, we compare the accuracy
and robustness of various local and global processing schemes, es-
pecially under the condition of partial occlusion.

Index Terms—Expression intensities, facial expression recogni-
tion, side-view profile, skin wrinkles.

1. INTRODUCTION

VER the last two decades, face recognition has been a
O heavily studied topic in computer vision (refer to [1] for
a recent survey). Paralleled to this, facial expression recogni-
tion has also become an active research area [2]-[5] with po-
tential applications in human-computer interaction and cogni-
tion of human emotion. Despite the fact that the recognition of
face and facial expression are two independent fields, they facil-
itate the development of each other as they share many of their
methodologies and even theories. For instance, facial feature ex-
traction is commonly applied in both areas. Also, as there is a
facial expression space corresponding to each face space, their
classifiers are likely to be comparable. Finally, it is also a re-
search direction to track [6] and recognize [7], [8] faces in pres-
ence of expression.

Multi-view face recognition methods have been proposed
and developed for over a decade [9]-[11]. Many of them use
different variations of linear discriminant analysis (LDA), in-
dependent component analysis (ICA), or principal component
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analysis (PCA) to project faces into subspaces, then categorize
faces with support vector machines (SVMs) or neural networks
(NNs). In most cases, these methods treat information from
multiple views as a challenge as they have to handle faces with
a single non-frontal view.

On the other hand, research on facial expression recognition
using multiple views is still a virgin territory. This inspires us
to use an additional side view to improve recognition accuracy
where recognition of one particular expression would need a
pair of simultaneously captured photos of the face. The reason
for such research proposal is twofold. First, it is difficult to ex-
tract facial expression cues from non-frontal views, which ex-
plains the lack of prior work on multi-view expression recog-
nition; second, expression recognition is not as mature as face
recognition; thus, recognition rate is still the first priority instead
of the applicability.

Scientific study of facial expressions can date back to the sem-
inal work done by Ekman et al. [12], [13], who analyzed six fun-
damental facial expressions and encoded them into the so-called
facial action coding system (FACS). FACS enumerates action
units (AUs) of a face that cause facial movements. FACS and
AUs are still frequently adopted in recent literature [24]-[26];
nevertheless, FACS has different versions [14] and lacks the ex-
pressive power to describe different variations of possible facial
expressions [15].

Padgett et al. [16] exploited neural models to capture and
encode nonlinear mappings among different expressions. The
original intention for people who invented NN is to mimic the
rationale of biological neurons. It has been proved to be useful
in many applications of the cognitive science [17]. Neural net-
works have been reported to have biological explanation corre-
sponding to the human vision system due to their intrinsic flex-
ibility and have been successfully applied for intelligent recog-
nition system [18]-[20].

In the last decade, the field of expression analysis has grown
immensely (see [S5] for a most recent survey). Pantic et al. [24],
[25] used computer vision techniques such as edge detection, ac-
tive contours, and NNs, combined with rule-based forward rea-
soning, to recognize AUs from static frontal- and/or profile-view
face images. Its fiducial points were extracted from sampled
contours that may be sensitive to the change of illumination,
head pose, or background. Tian et al. [26] regarded facial wrin-
kles as transient facial features and approximated them with one
or two line segments.

In this work, we propose to use a more robust active wavelet
network (AWN) [27] and the deformable template model

1520-9210/$26.00 © 2010 IEEE
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Fig. 1. Overall architecture using global approach.
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Fig. 2. Overall architecture using local approach.

(DTM) [28] to model facial features, from which some stable
measurements such as fitted polynomial curves, area, and aspect
ratio are taken. Figs. 1 and 2 illustrate the overall architecture
of our system using global and local approaches, respectively.
Specifically, the first three stages of both approaches are the
same; yet in the last stage, the local approach sends data to
different NNs with respect to each facial feature, and the output
of these NN are fed to another NN for a global decision.

The rest of this paper is arranged as follows: Section II
describes the process of face tracking; Section III details how
to extract facial features using DTM and AWN; Section IV
discusses the metrics to quantify facial feature sketches; and
Section V presents the underlying principle of the proposed
global and local approaches. We report experimental results in
Section VI and draw conclusion and point out future direction
in Section VII.

II. FACE TRACKING

The face tracking component of our system is based on a
modified version of the ratio template algorithm (RTA) [29].
RTA, originally described by Sinha [30], operates by matching
ratios of averaged luminance using a spatial face model. It is able
to detect faces under a range of lighting conditions, although it is
ineffective when the subject is illuminated from beneath. More-
over, it is able to handle limited changes in scale, yaw, pitch, and
tilt of the head. The strengths of this approach lie in its speed, its
ease to implement, and its tolerance to varying light conditions
in an unstructured indoor environment. A detailed description
of the ratio template approach can be found in [29].

The version of RTA described in [29] is modified in our
system by including biological proportions, i.e., the golden
ratio, into the face model, and by examining higher order
relationships in additional to the original ratio measures.

The information provided by the modified RTA is then com-
bined with simple morphological eye/mouth detection, image
motion, and density matching to allocate a single face prob-
ability to each location in the scene. As shown in Fig. 4, the
morphology-based edge image [31] is robust under various
illumination conditions.

Our revision to the ratio template is inspired by the naturally
occurring golden ratio. The use of eye/mouth identification is
supported by studies on human face detection strategies [32],
[35]. According to [32], face detecting cells respond to the rela-
tive positions of features within a face and any change to this ar-
rangement of facial features reduces their response. There have
also been suggestions that humans possess specialized detectors
for eyes [35]. The morphological eye/mouth detection mimics
these effects by checking the presence of eyes and mouth in the
correct relative positions.

III. FACIAL FEATURE EXTRACTION

Once a face has been located in the scene by the face tracker
module, facial features are extracted for further analysis as fol-
lows. First, as eyes, mouth, and eyebrows typically have regular
geometric shapes where prior knowledge about faces can be ap-
plied, they are parameterized with the DTM [28]. Second, as
skin wrinkles, nose, and side-view profile are hard to be mod-
eled geometrically [28], [33], we use AWN [27] to extract land-
mark points on their boundaries.

The AWN is a new face alignment method, which is robust
to illumination variation and partial occlusion with strong gen-
eralization ability. The key idea of the AWN is to replace the
PCA-based texture model in the ASM [21] with a wavelet net-
work representation. The constituents of the wavelet network
are single wavelets and their associated coefficients. Particu-
larly, the odd-Gabor function is adopted as the mother wavelet,
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which provides the best trade-off between spatial and frequency
resolution [22]. Because of the spatially localized property of
wavelets, the AWN outperforms the ASM when there are il-
lumination changes or partial occlusions. To achieve real-time
process, landmark points of feature boundaries in the AWN
are only updated by searching around the edges that have the
first and second strongest strength. This eliminates fairly com-
plex routines in deriving point distribution models (PDMs) and
greatly speeds up the updating process of landmarks without in-
ducing error points.

Below we elaborate on the process of extracting various facial

features.

* Eyes, mouth, and eyebrows: All integrals to calculate po-
tential energy functions in the DTM are done in a dis-
crete way by a loop which enumerates all pixels within the
range. The template matching process is to iteratively mini-
mize an energy function with parameter adjustment at each
step, which not only ensures a convergence by acting as
Lyaponov function but also measures the fitness of the tem-
plate. The minimization is achieved by steepest descent of
the energy function in its parameter space. Prior knowledge
of different template locations is incorporated as prepro-
cess for faster convergence. Fig. 3(a) exhibits an example
of matched eyes, mouth, and eyebrows.

* Nostrils: Because the upper part of the front-view nose usu-
ally presents low intensity in the edge image, and rarely
change in different expressions, we propose to only mark
its lower part near nostrils with 14 points using the AWN.
Several AWN-labeled examples of nostrils are shown in
Fig. 4(a)—(c).

* Nasolabial folds: These are the deep folds which run from
the side of the nose to the corner of the mouth. It is one of
the first signs of aging, yet younger people with fatty cheek
pads may also have prominent nasolabial folds. The im-
plicit emotional messages delivered by these folds are vital
clues to recognize facial expressions. In a neutral expres-
sion, nasolabial folds are inconspicuous, while with dif-
ferent emotions, their intensities in the edge image could
vary a lot. We take this as an indicator and extract five land-
mark points from each nasolabial fold. An AWN-labeled
example is delineated in Fig. 5(a).

* Eye pouches: The intensity of an eye pouch in the edge
image may be strong in exaggerated expressions while
weak at other time. We take this as a cue and extract four
landmark points from each eye pouch. Fig. 5(b) is an
AWN-labeled example of eye pouches.

* Dimples, forehead, and chin furrows: The shape and re-
lated PDMs of dimples, forehead, and chin furrows vary
a lot and are quite complicated. In the AWN, we assume
them to appear as a small circle, with three and two line
segments, respectively. After the process of the AWN, all
positional information of landmarks is discarded. Only
their intensity sum is kept for further analysis.

* Side-view profile with nose: As accurately extracting fa-
cial features from side view is a tough task, we allocate
six and nine landmark points to represent the profile of the
side-view nose and mouth with the jaw, respectively. Three
additional points lying on the border between the nose
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Fig. 3. (a) Example of eyes, mouth, and eyebrows matched by the DTM. (b)
and (c) Left-right direction rotation of the head.

Fig. 4. (a), (b), and (c) Landmark points on nostrils with different head poses
under ordinary uniform illumination, stronger uniform illumination, and direc-
tional spotlight, respectively. (d), (e), and (f) Morphology-based edge image
[31] of (a), (b), and (c), respectively.

Fig. 5. Landmark points and fitted curves of (a) nasolabial folds, (b) eye
pouches, and (c) side-view profile with nose.

and the face skin are only collected for feature correction.
Three AWN-labeled examples are shown in Figs. 3(b),
3(c), and 5(c).

IV. METRICS OF FEATURE SKETCHES

Due to various positions, faces captured at different scenarios
are subjected to scaling and rotation that should be corrected.
For simplicity, an origin (X¢, Y'¢), a horizontal scaling ratio
sn, a vertical scaling ratio s,, and a 2-D rotation angle © are
taken into account. Once their values are determined, a simple
2-D linear transformation is carried out for the front and side
view separately.
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Fig. 6. Matched eye templates rotate 15° along x and y axis.

Below we discuss how to calculate these parameters in both
front view and side view scenarios.

1) In front view, the line connecting the rightmost point of
left eye and the leftmost point of right eye is denoted
as the eye baseline; the line connecting the pupil cen-
ters in each eye is denoted as the pupil baseline. See the
green and yellow lines in Fig. 3(a) as an example. More-
over, we fit the landmark points along the side of the
nostrils with a straight line using the least square error
method, and denote it as the nose baseline. One such ex-
ample (see the red line) is shown in Fig. 3(a). Our system
uses the arithmetic average of the rotation angles of the
above three baselines as ©. The average lengths of the
eye baseline and the pupil baseline are used to compute
the horizontal scaling s;. The nose baseline, however,
cannot be used to calculate s, as it could be elongated
during some facial expressions such as laughing. Finally,
the y-offset between the lowest point of the jaw and the
nostrils is used to calculate the vertical scaling s,,.

2) In side view, the eye baseline can hardly be seen. Con-
sequently, we interpolate the three edges of the nose tri-
angle, e.g., the red triangle in Fig. 3(b) and (c), as the
three baselines, and calculate sy, s,, and © as their av-
erage length and average angle with the horizontal axis.
In fact, there exist at least two orientations of the head,
a left-right direction [see the slight differences among
Figs. 3(b), 3(c), and Fig. 5(c)] and an up-down direction.
But the cognitive information available today is too few
to correct the former orientation.

As head rotates, the parameterized shapes of all facial features
from the DTM will be distorted (see Fig. 6). It would be diffi-
cult to correct them without accurate head pose estimation and
3-D face reconstruction. However, if the rotation angle is within
certain limit, scaling via evident baselines can effectively offset
the changes to the area, the aspect ratio, and the boundbox of
facial features, which are used as our metrics for facial feature
sketches.

Landmark points acquired from the AWN tend to cluster
around image patches with large gradient, and can be easily
affected by external factors such as camera errors and lighting
conditions. Inspired by the usage of polynomial [33] and Bezier
[34] curve fitting in face recognition, we fit different groups of
landmark points with different types of curves (as tabulated in

TABLE 1
POLYNOMIAL CURVES TO FIT LANDMARK POINTS

Name of facial feature
Each nasolabial fold
Each eye pouch
Side-view profile of nose

Polynomial curve
A quintic curve

A quartic curve
A quintic curve
A sextic curve

Side-view profile of mouth with jaw
Nostrils

A straight line

Table I), so as to capture the essential shapes of facial features
and enhance the robustness. Note that, to ensure numerical
instability, we have chosen to use piecewise low order curves
for approximating side-view profile. Figs. 3(a) and 5 show
some illustrative examples.

V. LOCAL VERSUS GLOBAL APPROACH

We now elaborate our two approaches, namely, local and
global, for facial expression recognition. These two approaches
mainly differ in the learning stage. We start with the global
approach in Sections V-A and V-B, and move on to the local
approach in Section V-C.

A. Principal Components Analysis

During the learning, all parameters that we have extracted
from above are aligned to form an N — D vector. Denote
it as 3. As [ tends to contain data redundancy, we propose
to apply PCA as the preprocess. Specifically, assume there
are L samples to form a training set {81, (2...,0r} with
average vector 3. We further denote the difference vectors

as 3F = B, — B (1 < ¢ < L), and the covariance matrix as
C= [ﬂf? ﬁ; RN ﬂZ][ﬁT7ﬁ; LN IBZ]T/(L—l).Wethencom—
pute the eigenvalues and eigenvectors of C, and denote them
as {)\1, )\2...7 )\N} and{El, EQ..., EN} ()\1 Z )\2 Z
AN—1 > An), respectively. Next, we choose M eigenvectors
corresponding to the M largest eigenvalues to form feature
vector V = [Z;, Zy..., Za]T. Experiments have shown that
M = N/2 would be enough for our application. Finally, we
multiply the feature vector V' with 8 (¢ = 1,2,...L), and
obtain I'; = V3. I'; thus has reduced dimensionality, with
redundancy removed. This could significantly save computing
cost for NNs as detailed in the next section.

B. Neural-Network Design

Basically we use three-layer feed-forward back prop-
agation (BP) NNs, where the input and hidden layers
have M and 1.5M neurons, respectively. The output
layer has 1 neuron representing the degree of differ-
ence between training vectors and current input vector.
The Sigmoid transfer functions for the hidden and output
layers are tansig(z) = 2/(1 4+ exp(—2z)) — 1, and
logsig(z) = 1/(1 + exp(—x)), respectively. We use scaled
conjugate gradient method [23] as the training algorithm. The
NN takes {T'y, T'2..., '} as the training set, and its target
value is 0. The value of L is determined empirically. Experi-
ments show that I = 50 gives a good tradeoff between training
complexity and performance.
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Fig. 7. Typical samples of happy, sad, scared, angry, surprised, disgusted, arrogant, and bored expressions of three subjects from our database Note that each
expression has two corresponding images with one frontal view and the other side view.

TABLE II
NNs CONFIGURATION FOR DIFFERENT FACIAL FEATURES

Num. input| Num. hidden layer
Name
neurons neurons
NN for 2 eyes 6 15
NN for mouth 4 11
NN for 2 eyebrows 6 13
NN for 2 nasolabial folds 6 13
NN for 2 eye pouches 4 11
INN for all other skin wrinkles| 5 9
NN for side-view profile 9 17

TABLE III
COMPARISON OF RECOGNITION RATE

Method Recognition rate
Local approach 87.1%
Local approach without sketching & curve fitting 84.9%
Global approach 85.7%
Global approach without sketching & curve fitting 83.5%
Pantic’s system [25] 86.3%

Compared to the approach that only a single network is
trained with all classes of facial expressions, the multi-network
approach used here can achieve better recognition rate. This is
because each network is specialized to learn a single class of
facial expressions.

Note that we have also tried SVM as the classifier. Never-
theless, its performance is way below than that of NN as also
reported by [24]-[26]. This is because that the highly nonlinear
nature of the extracted parameters requires SVM to function at
very high dimension in order to capture such correlation.

C. Local Approach

As most expressions present on face locally, information from
a single facial feature is not sufficient to attribute the face to
a specific expression. Nevertheless, it can be used to exclude
the face from being assigned to some expressions. Based on
this observation, principal components of data corresponding to
each facial feature from the intermediate processing stage, as
described in Section V-C, are sent to separate NN (see Fig. 2).
Table II shows the specific setting for each NN. Note that we
have tried other NN topologies with similar size, yet only a
slight performance difference is observed. Moreover, investiga-
tion of the optimal topology is a pure machine learning problem,
and is out of the scope of this paper. Throughout this work, we
consider the recognition rate as the first priority, and the NN
topologies are designed based on the principle that a stable and
satisfactory recognition rate is achieved, and further enlarge-
ment of the network cannot help to significantly improve the
recognition rate.

The NN for global decision (noted as NN ) is a little different
from others: If all of NN, s weight values are restricted to be
nonnegative, NN, can be considered to be a blackbox acting as
a monotone multidimensional function, as long as all sigmoid
transfer functions in NN, are monotone. The larger the output of
either local facial feature NN or NN, is, the less likely the given
expression belongs to the class of expressions trained forit. NN,
integrates all local likelihoods to a global one, and is no longer
an exact numeric matcher for facial characteristics. Therefore,
we opt to normalize the inputs to NN, w.r.t. their corresponding
facial feature intensities, based on the intuition that the more
salient a feature is, the more trustable the information from that
feature is.

VI. EXPERIMENTAL RESULTS

We first test various schemes of our approach with the public
MMI database at http://www.mmifacedb.com and compare it to
the Pantic’s system [25] (a detailed state-of-the-art functionality
and performance comparison could be found in [3]-[5]) in Table
1.

To the best of our knowledge, there is no dual-view facial ex-
pression database currently available with variation in illumina-
tion or head pose. So we have to build our own database by set-
ting up a two-camera system at 30 fps (frame per second) to col-
lect expressions from eight males and 12 females under 800 Lux
uniform illumination intensity. In total, eight different expres-
sions have been captured including the six prototypic expres-
sions defined by Ekman et al. [12], [13], and two additional ones
(arrogant and bored with chest sucked in). Nevertheless, theo-
retically, our symbolic approach is capable of distinguishing any
kind of expression.

The people involved in the experiments are instructed about
how to produce the eight expressions, so our database should
also be counted as a database of acted expressions. Each person
is asked to sit still with neutral expression for 5 s, then act an
expression for 5 s, and again sit still with no expression for 5
s. The ten most important principal components of all extracted
facial feature parameters from the sample set of the 300 neutral
expression frames constructs the PCA space. We define a rough
objective measure to quantify expression intensities, which is
the Euclidean distance of each of the 150 frames with expres-
sions to its nearest neighbor (i.e., a neural expression) in the
sample set, measured in the PCA space. The 150 expressive
frames are graded into six levels based on their ranks in expres-
sion intensities, with the 25 first being level-1, the 26th to 50th
being level-2, and so forth. Only level-1 frames are qualified in
our database. Such recording and screening process is repeated
four times to accumulate 100 photo pairs for each expression,
among which 50 are used for NN training and the remaining 50
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Fig. 8. Distribution of misclassification rate achieved using: (a) local approach, (b) local approach without sketching and curve fitting, (c) global approach, (d)
local approach with simply eye, mouth, and eyebrow features, and (e) local approach with only side-view profile and skin wrinkles features. The height of red,
green, blue, black, purple, pink, yellow, and gray bars above the name and recognition rate of a given expression indicates the misclassified percentage from this
particular expression to happy, sad, scared, angry, surprised, disgusted, arrogant, and bored expressions, respectively.

are used for testing. Fig. 7 displays some sample images taken
from three subjects.

Before automatically classifying the collected facial expres-
sion images using the proposed system, an interesting experi-
ment would be to evaluate how humans can correctly recognize
these posed expressions. The outcome is: ten untrained volun-
teers have achieved an average recognition rate of 97.3%.

Fig. 8 is a graphical representation of misclassification rates
with distinct combinations of aforementioned techniques using
our database. It is observed that: 1) the local approach is supe-
rior to others in terms of recognition rates, and 2) side-view pro-
file plus skin wrinkles alone can recognize expressions in many
cases and are definitely helpful.

Since it is important to quantify the sensitivity and robust-
ness of a method for practical use, the pre-trained networks
are simulated by frames with (a) spatially non-uniform addi-
tive white Gaussian noise whose strength is inversely propor-
tional to pixel value intensities, (b) under varying illumination
or (c) head pose, and (d) all frames of expression intensity level

ranging from level 1 to 6. Fig. 9 plots the results. Interestingly,
we find that the local approach is more robust than the global
one, and a possible explanation for this is that it breaks unneces-
sary weight and bias value connections between different facial
features so that noises exerted on one feature do not spread to
and affect others.

Regarding the speed of the system, the RTA for face tracking
is quite fast [29], and the iteration of both AWN and DTM usu-
ally converges within 1000 times. On the other hand, while it is
very time-consuming to compute eigenvalues and eigenvectors
and train the back propagation NN, it is performed offline and
is a one-time cost. For each frame, the PCA and NN simulation
will need one and two real-number matrix multiplications, re-
spectively. Overall, the system can run at 30 fps on 352 x 288
images on an AMD Athlon 64 x 2 Brisbane 3600+ machine.

VII. CONCLUSION AND FUTURE WORK

This paper presents a robust real-time expression recognition
system which exploits the information from the side view of
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a face. In recent years, the computer vision community is in-

ter

ested in expression recognition approaches that are robust

to illumination, head pose, and partial occlusion. The proposed
system is a good engineering solution with balanced robustness

of

the above three challenges. For the future work, we plan to

address the recognition of spontaneous expression under com-
plex illumination condition in dynamic background, instead of
dealing with acted facial expressions.
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