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FACIAL EXPRESSIONS RECOGNITION BASED
ON JOINT SHAPE-TEXTURE CUES IN VIDEO
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ABSTRACT

This article proposed a facial expressions recognition system, which has a high
recognition rate and can work in real-time, in frontal pose video. Our main contribution is
that we present a new so-called ASL descriptor which is combined from three different
basic features extraction method: AAM, SURF and LBP. Extensive experimental results
demonstrate that our method achieve the performance higher than some state-of-art results
on the Cohn-Kanade Database (CK).

Keywords: Active Appearance Models, Local Binary Pattern, Facial expression
recognition, Real-time system, Speed-up Robust Features.

TOM TAT
Nhén dgng cém XxUc dwa vao déic trung ddang - van trong video

Bai b&o gigi thiéu mat hé thong nhén dién cam xdc khudn mdt trong video véi huwéng
nhin tryc dién, hé thong nay cé dé chinh xac cao va chay trong thoi gian thue. Bong gop
chinh cua bai bao la ching toi gigi thigu mét dac trung moi ASL, ASL duoc két hop tur ba
phuong phap nit trich dac trung co ban do la: AAM, SURF and LBP. Két qua thi nghi¢ém
cho thay rang phuwong phdp nay hiéu qua hon nhitng ket qua mai nhat cua céc hé thong si
dung b¢ diz liéu Cohn-Kanade Database (CK).

Tar khoa: Active Appearance Models (AAM), Local Binary Pattern (LBP), nhan
dién cam xic khudn mat, hé thdng thoi gian thuc, Speed-up Robust Features (SURF).

1. Introduction

In recent years, facial expressions recognition is one of the most favorite topics in
the field of computer vision. This contemporary area could be applied in many
practical fields and might have a valuable meaning in human-machine interaction. This
article would focus on the recognition of six basic emotions, namely: happiness,
sadness, anger, surprise, disgust and fear. We will test the recognition rate of our
system on Cohn-Kanade database (2000) [9] which is also very popular in scientific
research community in the field of facial expressions recognition. When people express
the emotion, there are several changes in their facial muscles and the shape of some
facial components, such as: nose, mouth and eyes. Moreover, the wrinkles appear in
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some specific areas of human faces. We recognize the importance of both geometry
feature and texture feature, so we proposes a new descriptor — ASL — by combine three
basic feature extraction methods (AAM — SURF — LBP). This descriptor can also be
inherited both local features (as texture features — SURF, LBP) and global feature (as
geometric feature - AAM). Consequently, these texture features can solve the problem
about scale variation while the geometric feature could give a hand to overcome the
challenge of illumination variation and also increase the accuracy of our system.
Finally, we use a statistical technique based on the accuracy of some selected image to
decide a final result for all video.

2. Related works

Our discussion in this section will focus on feature extraction methods and
experimental video databases.
Database:

In recent years, there are some facial emotion databases which were used very
common in this field, such as: Cohn-Kanade database, MMI Facial Expression
database [13] and JAFFE database [11], and each database has its own strengths. To be
more detailed, CK database is a large database which contains over 480 image
sequences and also has the challenge of illumination variation, age and skin color
variation of the collaborators. All of emotion sequences in CK database are posed
sequences, but non-posed sequences for several types of smiles have been added in the
Extended Cohn-Kanade database [10]. Besides, MMI database is a very big database
which has both posed sequences and non-posed sequences while JAFFE database is
small and only helpful for laboratory experiments. This article uses CK database as the
training and testing database because it has an AAM model and some challenges that |
mention above.

Figure 1. 6 emotions in CK database

Feature extraction:

According to Tian, Y., Kanede, T. and Cohn, J., [9] feature extraction might play
the most important role in a facial expression recognition (FER) system. A feature is
estimated as a good feature when the feature points in the same class have the
minimum variation while the feature points from different classes have the maximum
variation. In the past, the feature in FER could be divided into 2 main categories:
geometry and texture.

Geometric features are more suitable for representing shape and location
information of facial components. The scientists usually construct a model of
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landmarks (fiduciary points) in the human face and define an emotion by watching for
the change of the positions of these points. Generally, Active Appearance Models
(AAM) [6] and Active Shape Model (ASM) are very popular as geometric features.

On the other hand, texture features are more capable of capturing subtle
appearance changes (e.g. wrinkles) of the face by digitizing these wrinkles when
people express their emotion. Some common methods for extracting texture features
are Gabor wavelet, PCA, LDA, SIFT... In particular, Gabor is also good but it has
some drawbacks, such as: redundant; different performance contributions over different
channels; expensive computation. In recent years, LBP [5][12] is very popular in this
field because it has the advantage of tolerance against illumination changes,
computational simplicity and also has a high performance in FER.

According to the above analysis, there are three options for feature extraction
method:

(1) Extracting feature in the whole facial region.
(2) Extracting feature in the selected blocks in facial region.
(3) Extracting feature in the neighborhood of the fiduciary points.

The first option is not suitable for the system which contains variations in facial
position and partial occlusions. In contrast, the second option could process the
challenge of variations in facial pose, but it is very hard and flexible to choose the
blocks to extract features. On the other hand, the final option might have a similar
benefit as the second option, however it is better because it could have the clear areas
to extract feature. As a result, we choose the third option as our approach.

3. Facial expressions recognition framework

Figure 2 shows the framework of our facial expressions recognition (FER)
research and development system. It is consisted of four main steps: image pre-
processing (face detection and face processing), feature extraction, feature selection
and emotion classification. The input is a video and the output is a emotion of the
person in the input video.

//__\\ | Image | | Feature I Feature Expressions
| Input i Pre-processing'_"' extraction [ 7 selection | classification Output

Figure 2. Facial expressions recognition framework

113



Tap chi KHOA HQOC BHSP TPHCM Sé6 53 nam 2013

3.1. Face Pre-processing

Face detection and Facial region pre-processing play a very important role in our
system because they could increase the performance of feature extraction.

3.1.1. Face detection

Face detection is used to locate the facial region in the selected frames of input
video. Recent advances in face detection algorithms are mainly focus on Viola-Jones
approach which utilized integral images to represent Haar-like features and adopted the
Adaboost algorithm. After this step, we have a facial region which is cropped out to be
processed in the following stage.

Figure 3. Face detection Stage
3.1.2. Facial region processing

The facial region might contain variations in illumination, size and position. By
this step, we adjust the facial region of the selected frames into the same size. More
importantly, we also use retinex algorithm to handle illumination variations and
opening operator of mathematical morphology to thicken the edge.

Retinex algorithm [7] could balance the contrast and brightness of illumination of
the facial region images. Particularly, this algorithm is imitated from the combination
between retina and cortex which could help people to see clearly and distinguish color
in the poor light conditions.

Multi - scale retinex (MSR):
N

Rusac(y) = ) w0y {loghCx,y) — 1oglFy (6, ) * L,(5 )T}
n=1

I;(x,v): the image distribution in the i spectral band

Rsp:(x, v): Multi-scale retinex output

Gaussian  function:  F(x,y) = Ke @ ¢ K determined  by:
[ ¥(x,y)dxdy = 1, C is the Gaussian surround space constant.

N: number of scales.
w,,: weight associated with n" scale.

Multi-scale retinex is better than single-scale retinex (N=1) in balance of dynamic
compression and color rendition. As can be seen clearly from figure 4, after applying
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multi-scale retinex to facial region images, these images might be brighter if they were
too dark, and vice versa.

Figure 4. The results of retinex algorithm

Morphological opening [14]: opening is the dilation of the erosion of a gray-scale
image f(x,y) by a structuring element b(x,y)

feb=(fOb) Db

The erosion of f by a structuring element b at any location (x,y) is defined as the
minimum value of the image in the region coincident with b when the origin of b is at
(x,y). By contrast, the dilation of f by a structuring element b at any location (X,y) is
defined as the maximum value of the image in the region coincident with

b = b(—x,—).
[f ©b](xy) = min (f(x +5,y+ 1)}

[fb](x ¥) — [ (flx—sy—-1t)]

As a result, the eroded gray-scale image should be darker (bright feature is
reduced and dark features are thickened) while the effects of dilation is opposite.
Similar to erosion, opening might has a same effect on dark features (edges), however
the edges of opening are smoother than the edges of erosion.

As can be seen clearly from the figure 5, the accuracy of AAM algorithm is better
when we used retinex and morphological opening in the previous stage. This is mainly
because the retinex algorithm could control the illumination of the facial region images
while morphological opening would thicken the edge of these images. Moreover, AAM
algorithm could distinguish the edge of facial components from other regions easily
because color bins of grayscale image were reduced by applying morphological
opening.
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2a 2b

Figure 5. Comparing the different between the accuracies of AAM

Figure 5 shows the images 1a and 2a which are the results of AAM when we
apply it into the original facial region images while images 1b and 2b are the results of
AAM after the facial region images were processed by retinex and morphological
opening.

3.2. Feature extraction

Feature extraction plays the most important step in facial expression recognition
system. In this stage, we might extract the features which could help our system to
distinguish 6 emotions. In this article, we combine 3 different feature extraction
methods, namely: AAM, SURF and LBP to a new feature extraction method which is
called ASL.

Emotions are expressed by the movement of the muscles in people faces. This
movement also makes wrinkles and changes the shapes of the facial components, such
as: nose, mouth, eyes and eyebrows. Firstly, we use AAM to define fiduciary points
because the neighborhood of each point contains the most significant change. Then, we
use SURF algorithm to recognize the direction of the change of the facial components
and wrinkles. Finally, LBP algorithm is used to know the intensity of the change in
shape of facial components and wrinkles.

Active Appearance Models [4] was introduced by Cootes, T. F., Edwards G. J.
and Taylor C. J. (1998) which help us to generalize the shape and grayscale of a set of
objects. AAM has two stages, namely: learning model and comparison model.

In the learning model stage, each image in CK database was marked by 61
fiduciary points, but we only use 51 fiduciary points to train the model. After that, we
choose 17 fiduciary points from 51 points to apply the texture features in the
neighborhood of these points. Importantly, the areas around these fiduciary points
could cover all the important positions of a face to capture facial expressions.
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Therefore, we could recognize the changes of texture features by using SURF and LBP
into these areas. Although the number of fiduciary points is reduced, they are still
consisted of the necessary points to capture the facial emotions. This fact also show the
difference between features used in face recognition and facial expressions recognition.

0:53:35.08%
335
Ll X TR

51 points 17 fiduciary points LBP 7 SURF

Figure 6. An example of 17 fiduciary points

Figure 6 shows the images which are the examples of using LBP and SURF around 17
fiduciary points.

Next, the process of comparison model depends on grayscale variation of feature
extracted image and this is AAM model which is extracted from training dataset:

oI =1; —

L

I

m

I;: The object that we want to find the value of it’s parameter.

I,..: The object represent for the training dataset.
I; has a constant value in each frame and we find the parameter I, to minimize
the &1 value in each frame. Therefore, we found I, in the first frame before adjusting

the range of parameter I,, in the following frames, so we could find it quickly and

accurately.

In this article, Speed-up Robust Features [3] could recognize the direction of
movement of the facial components and also texture in the neighborhood of each
fiduciary point. SURF algorithm does not have the detection interest point step, but it
still has the feature extraction stage. This mainly because these interest points were
defined by AAM algorithm and they are 17 fiduciary points that | have mentioned
above. These fiduciary points are invariant to rotation and illumination because 2 main
reasons:

- The position of fiduciary points is unchanged;
- The structure is general for all faces.
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We define a feature extraction area in the neighborhood of each fiduciary point.
The size of this area is 20s, where s is a number that is chosen by experiment. Beside,
this area is separated into 4 smaller areas and each new area is separated into 4 areas.
After that, we have total 16 sub-areas. Next, we use 2s Haar-like feature to these areas
to extract the final features. Finally, we receive a feature with 4 components for each
area, so in total, we have 64 components of feature

The original Local Binary Pattern operator [12] which is quite simple but very
effective was introduced by Ojala et al. (2002). In this article, LBP might show the
intensity of the change of the facial components and texture in the neighborhood of
each fiduciary point. The operator labels the pixels of an image by thresholding a 3x3
neighborhood of each pixel with the center value and considering the result as a binary
number.  This operator has two special characteristics which are invariant to
illumination and could be used in a real-time system. Consequently, LBP is popular in
computer vision field because it is very effective.

This is the process of feature extraction:

P-1

LBPy = Z S(ﬂp _gcjzp

p=0

Where g, is the grayscale value of the center pixel.

- gy is the grayscale value of neighbor pixels.

- .q(gp — g.) is a function which is defined as:

Lx=10
0,x=20

s[x)={

After labeling the image with the LBP operator, a histogram of labeled image
£ (x,y) can be defined as:

Where [ is the number of labels and function 7{4) is defined as:

1, 4 is true
I(A) = {G,A is false

The histograms of facial regions are also the features which were extracted by
applying LBP operator.
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Summary:

According to table 1, all of feature extraction methods have very short processing
time, so they are very suitable for a real-time system. More importantly, we build a
system which could make use of the strengths of each method. First of all, we use
AAM to extract fiduciary points which is very important when people express emotion,
because the neighborhood of each point changes significantly at this time. Then, we use
SURF and LBP to recognize the change in these areas.

Hi=) Gy =0),

1=01,..,

-1

Table 1. Characteristics of three selected feature extraction methods

Feature Adaptation with
References | extraction Role Strong points b
method this system
Solve the problem | Make use of
Cootes, T.F. , | Active Ex_tract 17 fiduciary | about posture variation | information from
Edwards, G.J. | Appearanc | points. of collaborators. the recent frame to
va  Taylor, | e Models | Guarantee for global | Need fewer fiduciary | find ~ parameter
C.J., 1998 [6] | (AAM) based of our system. | points than ASM | vector for the
algorithm. following frame.
Recoanize the Feature Vector of

. g . SURF is shorter than Recognize the

information of Feature Vector of |j i
Bay, H., Ess, Speed-Up | grayscale  variation ST b _ I information _ _of
A., Tuytelaars, Robust in the neighborhood , but it also graysc_ale variation
T. and Van s contains enough | of wrinkles which

Features of each fiduciary | . .

Gol, L., 2008 (SURF) point information. appear when
[3] Guarantee for local | TiMe for processing of people  express

based of our svstem SURF is shorter than | emotion.

Y-  SipT

Recognize the .
information of ﬁig?r?wgltzign t?)?c

Ojala, T., | Local grayscale Time for processing is grayscale
Pietikainen, Binary dlgtrlbutlon in the | very fast. distribution in the
M., Maenpaa, | Pattern neighborhood — 0f | |nyariant 10 | neighborhood  of

T.,2002 [12] | (LBP) each fiduciary point. | jjjymination. wrinkles.

Guarantee for local
based of our system.
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The ASL descriptor achieves some properties such as:

- Invariant to illumination;
- Invariant to scale;

- High recognition rate;

- Real-time descriptor.
3.3. Feature selection

In this stage, we use Principal Component Analysis (PCA). PCA is a way of
finding out which features are important for best describing the variance in a database
or in a feature vector. It is most often used for reducing the dimensionalities of a
feature vector so that it becomes more practical to apply machine learning where the
original feature vector is inherently high dimensional. In this system, the threshold
which determines the dimension of the feature vectors after applying PCA is about
0.98, so the dimensionalities of the original feature vector reduce from 5440 to only
369. We use PCA because some following benefits:

(1) PCA could reduce the dimensionalities of a feature vector;
(2) The new space is also similar to the original space;
(3) Inthe new space, the secret connection is found.

3.4. Expressions Classification

Support Vector Machines (SVM) [16] is a very common and helpful algorithm for
FER problem. In my system, we use SVM to classify the emotion in the static image.
SVM try to find a classified plane which could maximum the distance between two
margins. The linear classifier predicts a new sample by this formula:
h(x)=sgn({x-w)+ b)

However, the data distribution in practice is very complex and we can’t use a
linear plane to classify emotion. The solution in this situation is that we map the data
points to a new space which has more dimensions and fine a plane which could divide
the linear data. The mapping of the data points are represented by the following
formula:

K(x,z) = (®{x)- ®(z))

K(x,z) is kernel function. In our study, we use the kernel function: radial basis
function. We can rewrite the defined function of the classified plane as follow:

h(x)= sgn (Z a; V;K(x;-x)+ b)

i=1

Where o, is the Lagrange coefficient.
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SVM makes binary decisions, so we use one-vs-all method to classify 6 emotions
in this stage. We train 5 binary classifiers from 6 classes of emotions to discriminate
one expression from all others, and output is the class with the largest output of binary
classification. For example, the first classifier is happiness-vs-5 other emotions while
the second classifier is sadness-vs-4 other emotions...

Particularly, we used radial basic kernel with the kernel’s parameter y and soft

margin parameter ¢:

K(x,z) = g~ Vix—zI®

We recommend a “grid-search™ on (' and y using cross-validation. Various pairs
of (C,y) values are tried and the one with the best cross-validation accuracy is picked.
Consequently, we found the best (C =300,y =0.02) for this system on
€ € {100, 150, 200, ..., 500} and ¥ € {0.01,0.02,...,0.05} .

4.  Experimental Results

In this article, we evaluate the performance of our system for both static image
and video in the CK database. The experiment result of ASL facial expression
recognition system for static image is showed in the table 2. As can be seen clearly, 4
emotions, namely: happiness, anger, surprise and disgust have the highest accuracy.
The average accuracy of our system is around 90.96%. Moreover, we also test the
performance of the systems which use AAM and SURF (Table 3) or AAM and LBP
(Table 4) in the feature extraction stage. Consequently, the result of our system is better
than other systems which use only two feature extraction method.

Experiments on static image:
Table 2. The accuracy of our system (AAM, SURF and LBP)

Anger Disgust Fear Happiness | Sadness | Surprise
Anger 93.33% 4.44% 0.00% 0.00% 2.22% 0.00%
Disgust 0.85% 97.46% 1.69% 0.00% 0.00% 0.00%
Fear 2.00% 0.00% 88.00% 2.00% 4.00% 4.00%
Happiness 0.00% 0.00% 1.45% 98.55% 0.00% 0.00%
Sadness 17.86% 0.00% 7.14% 0.00% 71.43% 3.57%
Surprise 0.00% 0.00% 1.81% 1.20% 0.00% 96.99%
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in the feature extraction stage

Table 3. The accuracy of the system which uses AAM and SURF

Anger Disgust Fear Happiness | Sadness Surprise
Anger 88.89% 6.67% 0.00% 0.00% 4.44% 0.00%
Disgust 4.24% 94.92% 0.85% 0.00% 0.00% 0.00%
Fear 2.00% 0.00% 88.00% 2.00% 4.00% 4.00%
Happiness 0.00% 0.00% 1.45% 98.55% 0.00% 0.00%
Sadness 21.43% 1.79% 5.36% 0.00% 67.68% 3.57%
Surprise 0.60% 0.00% 0.60% 1.20% 1.20% 96.39%

Table 4. The accuracy of the system which uses AAM and LBP
in the feature extraction stage

Anger Disgust Fear Happiness | Sadness Surprise
Anger 93.33% 2.22% 1.11% 0.00% 2.22% 1.11%
Disgust 6.78% 88.14% 2.54% 1.69% 0.85% 0.00%
Fear 8.00% 4.00% 64.00% 4.00% 12.00% 8.00%
Happiness 1.45% 0.00% 2.17% 94.93% 0.00% 1.45%
Sadness 19.64% 0.00% 17.86% 0.00% 60.71% 1.79%
Surprise 1.20% 0.00% 4.82% 0.00% 0.00% 93.39%

Table 5. Comparing between our system and related systems
for static image in recent years
References Feature extraction method Database Accuracy
Caifeng Shan et al. | Boosted-LBP CK Almost 88.67%
(2009) [5]
Cohn and Kanade | AAM (SPTS + CAPP) CK Almost 83.15%.
(2010) [10]
Abdat et al. (2011) | Change of 21 distances between | CK About 95%
[1] the key points which were
extracted by FACS method

Songfan Yang and | Emotion avatar image (EAIl use | CK+ EAI+LPQ:
Bir Bhanu (2012) | SIFT flow) + LBP or EAI + local 82.6%.
[15] phase quantization (LPQ)
Our system for static | ASL (AAM+SURF+LBP) CK About 90.96%

image
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As can be seen clearly from the table 5, our system could overcome most of

previous systems for static image and it also is a real-time system.

Experiments on video: We use the statistical technique on the second half of
image sequence to receive the final result for video. Table 6 shows the result of our
system for video.

Table 6. The accuracy of the system for video

Anger Disgust Fear Happiness | Sadness Surprise
Anger 100.0% 0.00% 0.00% 0.00% 0.00% 0.00%
Disgust 3.39% 96.61% 0.00% 0.00% 0.00% 0.00%
Fear 0.00% 4.00% 96.00% 0.00% 0.00% 0.00%
Happiness 0.00% 0.00% 1.45% 98.55% 0.00% 0.00%
Sadness 0.00% 0.00% 0.00% 3.57% 96.43% 0.00%
Surprise 0.00% 0.00% 0.00% 0.00% 1.20% 98.80%

The face expressions recognition on video achieves the accuracy higher than on
static image because the final results are voted not only from one image but also from
many frames on video. The accuracy of our system on video achieves 97.73% and table
7 shows the comparison between our system and other systems for video.

Table 7. The accuracy of the system for video

References Feature extraction method Accuracy

. Hidden =~ Markov ~ Models 0
Yeasin et al. (2004) [17] (HMMs) 91.2%
Aleksic et al. (2006) [2] Multi-stream HMMs 93.66%
[BAflienaposada et al. (2008) Bayesian 89%
Guoying Zhao et al. (2009) | Multi-resolution Spatiotemporal 93.85%
[8] Space
Our system for video ASL 97.73%

Finally, our system could handle 30 frames in the average time of 1.6 seconds.
5. Conclusion and future work

This article proposes a facial expression recognition system for frontal pose in
video. The most important contribution of our system is a new feature extraction
method that could not only have a very high recognition rate but could also work in
real-time. Besides, we introduce 17 selected fiduciary points from 51 fiduciary points
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in AAM to develop a real-time system. Our system is a real-time system which
achieves the performance higher than some state-of-art results.

In future works, we would like to develop our system on RGB-D video.

Moreover, we will use other classification methods to demonstrate the performance and
value of our system.
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