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Abstract. This work describes a research which compares the facial
expression recognition results of two point-based tracking approaches
along the sequence of frames describing a facial expression: feature point
tracking and holistic face dense flow tracking. Experiments were carried
out using the Cohn-Kanade database for the six types of prototypic fa-
cial expressions under two different spatial resolutions of the frames (the
original one and the images reduced to a 40% of its original size). Our ex-
perimental results showed that the dense flow tracking method provided
in average for the considered types of expressions a better recognition
rate (95.45% of success) than feature point flow tracking (91.41%) for
the whole test set of facial expression sequences.

1 Introduction

Automatic Facial Expression Analysis (AFEA) is becoming increasingly impor-
tant research field due to its many applications: human-computer intelligent in-
terfaces (HCII), human emotion analysis, talking heads, among others [8]. The
AFEA systems typically deal with the recognition and classification of facial
expression data which are given by one of these two kinds of patterns: Facial
Action Units and Emotion Expressions.

— Facial Action Units (AUs): correspond to subtle changes in local facial fea-
tures related to specific facial muscles (i.e. lip corner depressor, inner brow
raiser,...). They form the Facial Action Coding System (FACS) which is a
classification of the possible facial movements or deformations without being
associated to specific emotions. Descriptions of the AUs were presented in
[9] and they can appear individually or in combination with other AUs.

— Emotion Expressions: are facial configurations of the six prototypic basic
emotions (disgust, fear, joy, surprise, sadness and anger) which are universal
along races and cultures. Each emotion has a correspondence with the given
prototypic facial expression [9].



Many papers in the AFEA literature deal with the analysis or recognition
of expressions by considering both types of patterns. Examples of works related
to the recognition of some AUs are [1][13]. Examples of works which deal with
the emotion expressions analysis are [11][15]. There are also papers which con-
sider the classification of facial patterns expression using both AUs and emotion
expressions [10]. Our work only consider the emotion expression patterns for
recognition.

The development of robust algorithms with respect to the individual differ-
ences in expressions need from large databases containing subject of different
races, ages, gender, etc. in order to train and evaluate these systems. Two exam-
ples of relevant Facial Expression databases are: Cohn-Kanade facial expression
database [6] and the Japanese woman facial expression database (JAFFE) [14].
Some survey papers [8][2] offer overviews to describe the facial expression anal-
ysis algorithms. The different approaches in this area consider three main stages
in an AFEA system: (a) face detection and normalization, (b) feature extraction
and (c) expression classification.

Next, we only refer some of the papers related to the feature extraction stage
related with our work. With respect to the extraction of facial expression features
that model the facial changes, they can be classified [2] according to their nature
in: (a) deformation features and (b) movement features. Deformation features do
not have into account the information of the pixel movement, and they can be
obtained from static images. Movement features are centred in the facial move-
ments and they are applied to video sequences. The more relevant techniques
which use these features are: (a) the use of movement models, (b) difference
images, (c¢) marker tracking, (d) feature point tracking and (e) dense optical
flow. The last two types of feature extraction methods have been extensively
experimented and compared in our work. The integration of optical-flow with
movement models increases their stability and improves the facial movement
interpretation and related acial expression analysis.

Dense optical flow computed in regions (windows) was used in [12] to es-
timate the activity of twelve facial muscles. Among the feature point tracking
based methods a representative work is [13] where lip, eye, eyebrows and cheeks
models were proposed and the feature point tracking was performed for match-
ing the model contours to the facial features. A spatial-temporal description
which integrated dense optical flow, feature point tracking and high gradient
component analysis in the same hybrid system, was proposed in [1], were HMM
were used for the recognition of 15 AUs. A manual initialization of points in the
neutral face of the first frame was performed.

2 Proposed facial expression recognition system

This section outlines our facial expression recognition system from video se-
quences. We implemented two point-tracking strategies based on optical flow
methods: the first one is feature-based and considers the movement of 15 feature
points (i.e. mouth corners) and the second one is holistic and uses the displace-



Cohn-Kanade
Facial Expression

Database

Facial Expression
Preprocessing

<

Feature Point Dense Flow
Tracking Tracking

| |
i

Facial Expression
Classification and
Comparative Results

Fig. 1. Facial expression system architecture.

ment of the facial points which are densely and uniformly placed on a grid cen-
tered on the central face region. Our system is composed by four subsystems or
modules: pre-processing, feature point tracking, dense flow point tracking and
facial expression classification. Figure 1 represents the components of our fa-
cial expression recognition system. The following subsections detail the involved
stages in each module.

2.1 Pre-processing

The pre-processing stage will be different for any of the two facial point tracking
methods. In the case of feature point tracking method, we first manually select
the two inner eye corners points (one from each eye) which will be used to
normalize the global feature point displacements in each expression along the
sequence of frames (avoiding scaling problems among the different faces in the
database) and to compute the face normalization angle (avoiding that faces have
different orientations).

For the dense flow tracking, normalization requires the following steps: locate
manually five considered facial points placed near the face symmetry axis, com-
puting the face angle normalization, obtaining a rectangle containing the central
facial using a heuristic procedure and splitting this rectangle into three regions
whose size in the vertical direction is readjusted by considering the standard fa-
cial proportions. The dense flow tracking pre-processing procedure is illustrated
by the Figure 2 (where the A and B points are also used for the pre-processing
stage in the considered feature point tracking method.
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Fig. 2. Dense flow tracking pre-processing

2.2 Feature Point Tracking

Expressions are recognized (after applying the previous pre-processing to the first
frame of each video sequence) by computing the sum of displacement vectors for
each of the considered facial feature points from each frame to the next one in
the expression video-sequence. This task can be decomposed into two substages:
feature point location and optical flow application to feature points.

Feature point location In our approach, the considered feature points are
manually extracted from the first frame of the sequence and no face region seg-
mentation stage is required. The set of 15 considered feature points is represented
in Figure 3. These points are located in the following facial regions: 4 on the eyes
(two points for eye which are placed on the upper and lower eyelids), 4 on the
eyebrows (two points for eyebrow which are the innermost and outermost ones),
4 on the mouth (which correspond to the corners and the upper and lower mid-
dle points), and 3 other detectable points (one is placed on the chin, and the
other two are symmetrically placed one on each cheek). Similar subsets of points
where also used by other authors [8].

These points are selected using the computer mouse in the first frame of the
expression and then they are automatically tracked along the rest of frames in
the video sequence describing the expression using Lucas-Kanade optical flow
algorithm [3].

Since there are some differences with respect to pose and size between the im-
ages of individuals in the database, it is common to previously normalize all the
facial images in the video sequences to guarantee that point displacement mea-
sures are correctly computed. For this aim, we have used the vector defined by
the two inner eye corners to normalize the considered facial point displacements
of faces in scale and orientation.



Fig. 3. The 15 selected facial feature points.

Optical flow application to feature points The optical flow tracking is
applied between each pair of consecutive frames in the video sequence. Lucas-
Kanade method [3] for computing the optical flow has been applied to estimate
the displacement of points. Lucas-Kanade algorithm is one of the most popular
gradient-based (or correlation) methods for motion estimation computing in a
video sequence. This method tries to obtain the motion between two image
frames which are taken at times ¢ and ¢t + ¢ at every pixel position assuming a
brightness constancy.

We computed the global displacement vector for each considered facial point
in any expression by applying the Lucas-Kanade algorithm between each pair
of consecutive frames. These corresponding inter-frame displacement vectors are
then added to obtain the global displacement vector corresponding to each point
along the expression.

Once applied this algorithm, two values are computed for each feature point
displacement vector along the sequence of frames for any facial expression: its
normalized module (in pixels) and the normalized angle of the displacement
vector. A feature vector v is created for each facial expression sequence containing
the pair of displacement features for each of the considered N = 15 facial points
and a natural number T which codifies the type of facial expression:

v:Hp1|79P17|p2|79P2a"~7|pN|79PN’T] (1)

where |p;| represents the module of the displacement vector corresponding to
feature point p; and 0p, the angle of this vector. The whole set of these fea-
ture vectors corresponding to the considered facial video sequences is properly
partitioned in two independent files (training and test files) used by the SVM
algorithm to classify the considered types of expressions.

2.3 Dense Flow Point Tracking

Due to the difficulty of a precise extraction of the considered feature points
(even by manually marking the points in the first frame, since these points



Fig. 4. Result of applying dense optical flow by reducing the spatial resolution for a
surprise expression.

usually correspond to a region of pixels), we have also considered the tracking
of a grid of uniformly spaced points of the central facial region. This region
is automatically extracted by the method explained in subsection 2.1. Since
the facial frames in the considered database have a 640x480 spatial resolution,
and neighbour points in the face (along the consecutive frames) present a high
correlation, it becomes computationally expensive to apply the Lucas-Kanade
algorithm to each point contained in the considered facial region. Therefore, we
applied a two-level Gaussian pyramid (that is equivalent to a low-pass filter)
to decrease 1/16 the number of points to which the optical flow computation
is applied. In this way, the optical flow algorithm is now computed on 3,750
points instead of the around 60,000 points contained in the considered central
facial region. Moreover, the facial movement vectors between frames now become
more smooth and continuous (see Figure 4).

2.4 Facial expression classification

We used a Support Vector Machine (SVM) for our facial expression recognition
experiments. A SVM is a classifier derived from statistical learning theory that
has interesting advantages: (1) ability to work with high-dimensional data and
(2) high generalization performance without the need to add a-priori knowledge,
even when the dimension of the input space is very high. The problem that
SVMs try to solve is to find an optimal hyperplane that correctly classifies data
points by separating the points of two classes as much as possible. SVMs have
also been generalized to find the set of optimal separating hyperplanes for a
multiclass problem. Excellent introductions to SVM can be found in [4][5].

We used the SVMTorch [7] tool for our facial classification experiments: It
requires from a training and a testing stage. During the training stage, a set
of the SVM parameters are adjusted (i.e. those related with the type of kernel
used by the classifier). Once the SVM has been trained, we use the test set of
facial expression sequences to compare the performance of both considered facial
expression recognition approach: feature point and dense flow tracking.
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Fig. 5. Software tool visual interface.

3 Experimental results

3.1 Cohn-Kanade facial expression database

For our facial recognition experiments we used the Cohn-Kanade facial expres-
sion database [6]. Image data consist of approximately 500 frame sequences from
about 100 different subjects. The included subjects range in age from 18 to 30
years, 65 percent of them were female; 15 percent were African-American and 3
percent Asian or Latino.

Sequences of frontal images representing a prototype facial expression always
start with the neutral face and finish with the expression at its higher intensity
(the corresponding frames are in this way incrementally numbered). These se-
quences were captured with a video camera, digitized into 640 by 480 pixel arrays
with 8-bit precision for grayscale values, and stored in jpeg format.

For many of the subjects in this database, the six basic facial expression
sequences were captured: joy, surprise, anger, fear, disgust and sadness. The
number of frames per sequence is variable and its average value is 18. A subset of
138 subjects of the database (all of them containing the sequences corresponding
to the six types of expressions) was used in our experiments.

3.2 Experiments: description and results

Most of the components of the proposed expression recognition system were
programmed in MATLAB. Figure 5 presents the interface of the tool for a sample
face when the feature point tracking method is applied. A PC Pentium 4 at 2.2
GHz with 1GB of RAM memory was used for the algorithm development and
tests.

Experiments where organized in four methods by considering the two com-
pared optical flow point tracking methods and two different spatial image reso-
lutions:



— feature point tracking using the original 640x480 frame spatial resolution in
the Cohn-Kanade database (FPT 1:1),

— feature point tracking by reducing to the 40% original resolution (FPT 1:0.4),
— dense flow tracking using the original resolution (DFT 1:1), and

dense flow tracking by reducing to the 40% original resolution (DFT 1:0.4).

For the experiments, a total of 246 image sequences of facial expressions were
used. The training set was composed by 180 sequences (30 for each type of basic
facial expression) and the test set used the resting 66 sequences (11 for each
type of expression). SVMTorch classifier was trained using three types of kernels
(polynomial, Gaussian and sigmoid, respectively) and manually adjusting their
corresponding parameters to improve the classification results. Best recognition
results in average were always obtained using the Gaussian kernel.

Next, we compare the best recognition results for the four approaches (FPT
1:1, FPT 1:0.4, DFT 1:1 and DFT 1:0.4, respectively) using the test set of 66
expression sequences. Table 1 presents the best recognition rates achieved for
each type of basic facial expression using the four considered approaches. We
also show in the last row of this table the best average recognition result for the
six types of facial expressions using the four compared methods. The best values
of SVMTorch parameters: std (standard deviation for the Gaussian kernel) and
¢ (trade-off value between training error and margin) are also shown for each
method.

Best average facial expression recognition results were achieved with the
dense flow tracking method at the original frame resolution (95.45% of success
rate). The difference of recognition results using this same method but reducing
the frame resolution to a 40% of its original size is negligible (95.20% of correct
recognition). However, the application of Lucas-Kanade algorithm to this sec-
ond method reduces its computation time an 85% in average (209.29 seconds for
DFT 1:1 and 31.55 seconds for DFT 1:0.4, respectively). Using the feature point
tracking method, the average success recognition rate at the original resolution
is 91.41% and 88.38% by reducing the frame resolution to a 40%, respectively. In
this second case, by reducing the spatial resolution the average time of applying
of Lucas-Kanade is reduced about a 60% (124.4 seconds for FPT 1:1 and 49.77
seconds for DFT 1:0.4, respectively). The best recognized expression for the DET
1:1 method is sadness with a 100% of success rate and the worst recognized one
is fear with a 90.91% of success using our test set.

We also show in Table 2 the corresponding confusion matrix relating the six
types of expressions for the DFT 1:1 method.

It is difficult to compare the results of the presented facial expression recogni-
tion methods with other works considering a similar approach than the presented
in this work approach. Lien et al [1] also used feature and dense flow tracking but
their recognition approach is based on the Facial Action Coding System (FACS)
to recognize action units (describing the expressions) but considering only for
experiments the point displacements of the upper face region (above both eye
brows). The recognition is performed using Hidden Markov Models (HMM) as



Table 1. Best recognition results obtained by the four methods for each type of ex-
pression.

Facial FPT 1:1 FPT 1:0.4 DFT 1:1 DFT 1:04
Expression (std=300, ¢c=10) (std=700, ¢=100) (std=7000, c=100) (std=2500, c=100)

Joy 90.91 96.97 93.94 95.45
Surprise 98.48 92.42 96.97 98.48
Sadness 90.91 87.88 100.00 92.42
Anger 86.36 78.79 95.45 93.94
Disgust 92.42 90.91 95.45 96.97

Fear 89.39 83.33 90.91 93.94
Average 91.41 88.38 95.45 95.20

Table 2. Confusion matrix for the DTF 1:1 method.

Joy Surprise Sadness Anger Disgust Fear

Joy 11 0 0 0 0 0
Surprise 0 11 0 0 0 0
Sadness 0 0 11 0 0 0

Anger 0 1 0 8 2 0

Disgust 0 0 0 0 11 0

Fear 4 1 0 0 1 5
Total

classifier. They only reported the average expression recognition rate for the
feature point tracking (85%) and for the dense flow tracking method (93%).

4 Conclusion and future work

We have implemented a semi-automatic facial expression recognition system us-
ing sequences of frames describing the expression. Two approaches based on
optical flow of facial points have been compared (feature point tracking and
dense flow tracking, respectively) at two different frame resolution (original one
and reducing to a 40% the spatial resolution of the frames). Experiments were
performed with the Cohn-Kanade database of facial expressions. We can con-
clude from our tests that dense optical flow method (using SVMTorch [7] as
classification tool with a properly-tuned Gaussian kernel parameters) provided
better recognition results (95.45%) than the equivalent feature point tracking
approach (91.41%). The dense flow tracking method also offers two additional
advantages: similar recognition results for the two considered spatial frame res-
olutions and a smaller number of points need to be located (5 points in the
preprocessing shown in Fig. 2 instead the 17 points required in the feature facial
tracking: 2 for preprocessing and 15 to be tracked). However, as a disadvantage



dense flow tracking presents a much higher processing time specially working at
the original frame resolutions.

As future work, a first improvement for our system is the automatic search
of considered preprocessing and feature points in the first frame of the sequence.
It is also desirable to adapt the system to recognize several degrees of intensities
in each basic expression. A more complete fair comparison of our results with
other related works using the same expression database is also needed.
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