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Abstract. Facial expression recognition is a challenging problem in the fields of pattern recognition and
psychology. In this paper, we propose a unified framework to identify and classify facial expressions
automatically in real time from a set of images captured by camera. The face area of an image is detected
using Adaboost learning algorithm based on Haar-like feature. We extract multiple discriminative texture and
geometric features from the mouth and eye areas, which contain most of the facial expression information.
After the features are processed using PCA, we train DDAG-SVM to classify the category of the facial
expression. Experiments on real face image datasets demonstrate the effectiveness of our method.
Keywords: facial expression recognition, gabor transform, PCA, geometric feature, SVM, multi-feature.

1. Introduction
Facial expression and gesture play an important part of our social interaction. Facial expressions give
important clues to understand people’s emotions. The psychological research shows that facial expression
contains more emotion information than sounds and verbal words. According to Mehrabian’s study in 1968
[1] [2] on the three elements account for our liking for the person who puts forward a message concerning
their feelings, he gave the equation “total liking = 7% verbal liking + 38% vocal liking + 55% facial liking”.
As means of human communication, the facial expressions have relatively less variety than the human
languages. The connections between facial expressions and emotions have attracted much attention among
psychologists. They have put tremendous research efforts to understand the means that the facial expressions
are used as body languages for communication, and the general emotions that typical facial expressions
indicate across different cultures.
Facial expressions contains profound yet confounding information including recognition (e.g., tired or
confused), emotion (e.g., happiness or sadness), reliability, personality (e.g., honesty), special psychological
activity and mental disorder. In recent years, facial expression recognition has become a popular research
area in artificial intelligence [3][4], especially in artificial psychology theory. Facial expression recognition
is a challenging task due to several reasons: 1) The light condition as well as the occlusion of face will affect
the recognition performance. Computer uses matrix to process the facial images and it is hard to remove the
light effect from the face. 2) Face is a flexible rather than a rigid surface. Expression is given by a sequence
of flexible facial muscle motions and related to the facial skin. But the muscle motions and skin textures
vary corresponding to people with different ages, genders, races, etc. 3) Traditional image processing
methods cannot effectively extract facial expression features.

2. Our contributions
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In this paper, we aim to improve the effectiveness and efficiency of facial expression recognition. A
novel learning framework is proposed to recognize the expression categories of the facial images in real time.
The main steps of our method can be described as follows:
(1) Face detection. We first process the images captured by camera and extract ‘Haar-like’ features [5].
Trained AdaBoost model is then used to detect the face in the image.
(2) Expression feature extraction. Since most of the expression information are on or near the eyes and
mouth, we first use grey integral projection in the vertical direction and some prior knowledge to locate these
informative areas. After the extraction of the geometric features, we use Gabor transformation to extract
texture feature. The number of features will increase in 10 times as Gabor transformation is used. To meet
the real time requirement, we use Principle Component Analysis (PCA [19]) to decrease the feature
dimensionality.
(3) Facial Expression classification. Based on the features generated in Step (2), we train DDAG-SVM
[15] [22] to classify the face expressions. Cross-validation and grid search methods are combined to turn the
parameters of the SVMs.
The rest of the paper is organized as follows: we describe the technical details of our method in Section 3.
The experimental design and results are given in Section 4. We finally conclude our work as well as give
some interesting future directions in Section 5.

3. Related Work
In 1971, Ekman and Friesen [7] classified six primary emotions which comprises of happiness, sadness,
fear, disgust, surprise and anger. These basic emotion types have been frequently referred to in research
literature. Several years later, they proposed Facial Action Coding System (FACS) [8] which use 44
independent Action Units (AU) to describe the facial actions. In the automatic facial expression recognition
field, Suwa and Sugie [9] investigated how to analyze facial expressions from an image sequence and
presented the results in 1978. In the same year, Waters and Terzopoilos [14] first time generated facial
animation based on simplified Ekman-Friesen model. They also presented analysis of the facial expressions.
In recent years, facial expression recognition have been developed starting with the pioneering work of
Mase and Pentland [10]. In 1991, they presented an method to use optical flow in 8 different directions to
detect the Action Units in FACS, but there was a limitation that no temporal information is described.
Yacoob [11] presented a method to extract the optical flows on the mouth, eyes and elbows area and classify
the facial expression type using FACS. The method gained very promising recognition performance on 105
face images from 32 persons.

4. Methodology
In this section, we present the details of our learning framework for automatic facial expression
recognition in real time. We divide the task into three steps, i.e., face detection and location, facial
expression feature extraction and facial expression classification.

4.1. Face Detection and Location
Face recognition research started in 1970s. The research at that time usually adopt template, spatial
methods to identify faces in an image [7]. Recent research focus on adopting the data-driven learning
algorithms such as statistic model, neural networks, Hidden Markov Model for facial expression recognition.
The most widely used algorithm is Adaboost learning algorithm. In this paper, we use the hybrid method
proposed by Viola and Jones [5]. The method adopts Haar-like rectangle features and combine them with
cascaded Adaboost learning algorithm to detect face.

4.2. Facial Expression Feature Extraction
The ideal facial expression feature extraction method should satisfy:
(1) Extract the facial expression features in a short time.
(2) Eliminate light, noise and camera-related information that is not related to facial expression.
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(3) Eliminate redundant facial features and store the features in an compact way.
In this paper, we first transform each image into grey scale and normalize the pixel value to obtain binary
balanced grey values after filtering the noise.
The most significant parts account for facial expression are the eyes and the mouth. These two regions
contain most informative facial expression features. Therefore, we first locate the regions of eyes and mouth
then extract features from these region. This method improves the efficiency of feature extraction by
reducing the complexity of pixel analysis and improves the quality of features as well. But this method may
lose some important facial expression information by only considering the mouth and eye regions.

4.3. Eye location
In this paper, we use binary grey integral projection method and combine it with prior knowledge to
locate the eye and mouth regions. Suppose the grey value is at the location (x, y) of the binary image. The
horizontal and vertical projections of the grey integral are H ( x) and V ( y ) . H ( x) and V ( y ) can be computed
using Eq. (1), (2), where xmax and xmin are the maximal and minimal values of the horizontal coordinate of the
projection, ymax and ymin are the maximal and minimal values of the vertical coordinate of the projection.
ymax

1
H ( x) =
ymax − ymin

1
V ( y) =
xmax − xmin

∑

h ( x, y )

(1)

y = ymin

xmax

∑

h ( x, y )

x = xmin

(2)

For the sake of simplification, we first reverse the grey image. Suppose the image is 128×128. The
vertical position of the left and right eyes can be located using Eq. (3), (4) respectively：
Ye = arg max(
y∈[35,65]

Yer = arg max(
y∈[35,65]

y+2

108

∑ ∑ h( x, z ))

(3)

z = y − 2 x = 20

y+2

60

∑ ∑ h( x, z))

z = y − 2 x =14

(4)

Because both the vertical positions of the elbows and eyes are the trough values. Therefore, suppose Yer
is the possible position of an elbow。In next step we determine whether the trough value is the position of an
eye. Let Yer move downward 15 pixels. If the following equation holds
Yer + 2

Yer −13

60

60

∑ ∑ h( x, z ) > ∑ ∑ h( x, z ) + 5000

z =Yer − 2 x =14

(5)

z =Yer −17 x =14

Then Yer in previous step is the eye position, if not, then we need to relocate using

Yer = arg max(
y∈[45,70]

y +2

60

∑ ∑ h( x, z ))

(6)

z = y − 2 x =14

Based on the center position of the right eye Yer , we then identify the upper and lower boundaries of the
right eye. The upper boundary can be identified as in Eq. (7). If there is no Yeru satisfies, then Yeru
= Yer − 25 .
y +1 60

Yeru = min{ y | y ∈ [Yer − 15, Yer − 30], ∑ ∑ h( x, z ) < 2000)}

(7)

z = y x =14

The bottom of the eye can be determined as in (8). If there is no such ，then Yerd = Yer + 20 .
y +1 60

Yerd = min{ y | y ∈ [Yer + 5, Yer + 20], ∑ ∑ h( x, z ) < 2000}

(8)

z = y x =14

Eq (9) calculates the horizontal coordinate X er :
x +1 Yer −15

X er = arg max(∑
x∈[20,50]

∑

(9)

h( z, y ))

z = x y =Yer −15

The left boundary of the right eye is given as follows. If there is no such X erl , then X erl = X er − 25 .
x +1 y =Yer +10

X erl = max{x | x ∈ [ X er − 25, X er − 10], ∑

∑

z = x y =Yer −10

43

h( z , y ) < 1200}

(10)

Eq. (11) is used to calculate the right boundary of the right eye. If there is no such X err ,then
X err = X er + 25 .
x +1 y =Yer +10

X err = min{x | x ∈ [ X er + 10, X er + 25], ∑

∑

h( z , y ) < 1200}

(11)

z = x y =Yer −10

Hence we obtain the rectangle area of the right eye, the coordinates of the top left corner and lower right
corner are ( X erl , Yeru ), ( X err , Yerd ) respectively.

4.4. Mouth Location
The vertical coordinate of the mouth can be located as in the following equation:
z = y +1 103

Ym = arg max( ∑
y∈[84,124]

(12)

∑ h( x, z ))

z = y −1 x = 25

The horizontal coordinate can be determined as in the following equation:
x +1 Ym +15

X m = arg max(∑
x∈[40,88]

∑

(13)

h( z , y ))

z = x y =Ym −15

We can determine the width and the height of the mouth. The width can be calculated by examining the
left and right boundary. The x-coordinate of the left boundary can be determined as in (14)，if there is no
such X ml , then X ml = X − 35 .
x +1 y = Ym +15

X ml = max{ x | x ∈ [ X m − 35, X m − 10], ∑

∑

h ( z , y ) < 1000}

(14)

z = x y = Ym −15

The right boundary can be determined as in (15). If there is no such X mr , then X mr = X m + 35 .
x +1 y =Ym +15

X mr = min{x | x ∈ [ X m + 10, X m + 35], ∑

∑

h( z , y ) < 1000}

(15)

z = x y =Ym −15

The height of the mouth can be calculated by identify the top and bottom boundary. The x-coordinate of
the top boundary can be determined using (16)，if there is no such Ymu , then Ymu = X m − 18
y +1 x = X m + 30

Ymu = max{ y | y ∈ [Ym − 18, Ym ], ∑

∑

h( x, z ) <1500}

(16)

z = y x = X m − 30

The bottom boundary can be examined using 17, if there is no such Ymd , then Ymd = X m + 18 .
y +1 x = X m + 30

Ymd = min{ y | y ∈ [Ym , Ym + 18], ∑

∑

h( x, z ) <1500}

(17)

z = y x = X m −30

Based on the above calculations, we can obtain the topleft corner and lower right corner coordinates
( X ml , Ymu ), ( X mr , Ymd ).

4.5. Feature Extraction from the Eye and Mouth Regions
The geometric features can be extracted very efficiently using automatic location methods [16]. The
geometric features related to facial expressions are very few, mainly comprising of the boundaries of the
elbows and the distance between the eyes and elbows. The distance between the eyes and elbows can be
calculated using the following equation:
n

1

Ymid = arg min (∑ ∑ h( x + j , y ))

(18)

y∈[Yer ,Yer + 20] x =1 j =−1

After get the coordinate Ymid, we can calculate the distance. In this paper, we use the ten equal intervals
along the horizontal direction of the distance between the eyes and elbows.
We search from the center (X1，Ymid) to examine the binary image upwards and downwards along the
vertical direction，if the value doesn’t equals to 0, then keep examining. Then we record the number of the
consecutive zero-valued pixels. The number is the distance between the eyes and elbows. Then we calculate
the numbers of consecutive zero-valued pixels that are started from (X2, Ymid) … (X10, Ymid) in the same way.
Another geometric feature is the shape of an elbow, which also can be represented using 10 values in the
same manner. We can thus get 20 geometric features of the eye regions.
Then we turn to generate geometric features from the mouth region, which mainly contain the
boundaries of the upper lip and the lower lip. After we obtain the width and height of the mouth, we can
divide the width into 10 equal intervals for both the upper lip and the lower lip and determine the contour
lines in each dividing point.
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Suppose the upper lip has 10 points, (X1, Ymu) … (X10, Ymu), along the vertical direction of the 10 points,
we can search the pixels downwards that have consecutive values equivalent to 255. We can also search
upwards to find the consecutive pixels as well. Moreover, the ratio of the width and the height of the mouth
is also an informative feature. We thus obtain 21 features from the mouth region.

4.6. Texture Feature Extraction
The texture features of face contain significant expression information and can represent some subtle
facial expression changes. The texture features are informative and the number of them are various.
The Gabor transformation is widely applied to computer vision due to its capability to simulate the
vision contour of the mammal’s vision neural cells. The Gabor analysis can preserve the spatial and spectral
property of an image, which is similar with the analysis of human vision system. Moreover, the Gabor
transformation is not sensitive to light condition. Hence, we adopt the Gabor transformation to extract the
texture features for facial expression recognition.
Using the Gabor transformation to extract facial expression features is indeed to calculate the
convolution of the Gabor filter and facial image. To analyze the image using Gabor filter, we usually adopt a
group of Gabor filters with different frequencies in various directions.
Lee [17] and Daugman [18] proposed 2-dimentional Gabor filter group as in the following equation:
ψ ( x, y , ω0 , θ ) =

ω0

−
ω0
e 8K
2π K

2

2

2

( 4 ( x cosθ + y sin θ ) + ( − x sin θ + y cosθ ) )

⋅ [e

i (ω0 x cos θ +ω0 y sin θ )

−e

−

K2
2

]

(20)

where θ represent the direction of the Gabor filter, and ω 0 is the Gabor frequency, the center of the
Gabor filter is (0, 0). K =

2 ln 2 (

2φ + 1
)
2φ − 1

is the ration constant， φ is the half bandwidth, K ≈ 2.5 the frequency

bandwidth of 1.5 times frequency interval.

4.7. Facial Expression Classification
The last step of facial expression recognition is to classify the emotion of each facial express ion. We can
train classifier based on the resulting PCA features [19].. In this paper, we adopt Support Vector Machine
(SVM) [20] [21] due to its robustness and intuitive theory using maximal margin optimization. SVM is an
effective statistical learning model in machine learning and data mining. It has been widely applied to
biological information, speech recognition, text and image classification, and etc.
However, the basic SVMs only deal with the binary classification tasks, but in real facial expression
recognition tasks, there are more than two categories of facial expressions. We hence should use extended
SVMs to meet the requirement of multi-class classification.
In this paper, we use DDAG-SVM [22]. DDAG-SVM generates n(n-1)/2 classifiers, which is the same
as the one-versus-one SVM. They also have the same training process. But in the classification process, we
need to construct a directed acyclic graph. There are n(n-1)/2 nodes and n leaf nodes，where each non-leaf
node is a classifier，each leaf node is an category of the samples. The classification is processed from the
root to a leaf node to get the category of a sample.

5. Experimental Results
In this section, we present the experimental results on real-world facial expression dataset. The
experimental environment is as follows:
•
•
•
•
•

CPU: Celeron(R) CPU 2.80GHz
Memory: 1.0 GB
Graphics card: ATI RADEN X300 Series
Operating System: Windows XP 2002 Service 2
Software: Microsoft Visual Studio 2003. OpenCV 1.0

5.1. System Overview
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Real time facial expression recognition system should effectively process the image that is captured by
camera and classify the type of the emotion that the facial expression indicates. The facial expression
classifier training process in our proposed framework is illustrated in Fig. 5.
In this process, we mainly extract facial expression features and associated the facial expressions to
specific emotion type. In the real time recognition process, we capture face image using cameras, then use
the classifier learned in the training process to identify the category of the facial expression associated with
the specific emotion. The classification results are then output in real time.

Fig 5: Framework of training facial expression classifier

5.2. Dataset
In the experiments, we consider the popular Japanese ATY dataset (JAFFE) 1 . JAFFE only contains
female facial images. There are 213 images of 10 Japanese female models in 7 different expressions. The 7
facial expressions are 6 basic facial expressions (happiness, sadness, fear, disgust, surprise and anger) plus 1
neutral, as shown in Fig. 6. Each female model has 3 or 4 images.

Fig 6: An sample of JAFFE images

5.3. Train and Test
We randomly select 20 images from each facial expression category, hence totally we have 140 images.
We train and test the samples using 5-fold cross-validation. In particular, 4 folds are used as training
samples, while the left 1 fold is used as testing samples.
We input the training images and use OpenCV method (cvHaarDetectObjects) to detect the faces and
output the location and size of the faces. To deal with the problem that the face size is different in each
image, we use bilinear interpolation method for normalization. The normalized face size is 128×128. After
normalization, we transform the color images into grey images. We then use grey histogram for equalization
to improve the contrast ratio. Grey integral projection method is used to locate the eye and mouth regions in
the face, where we extract the geometric features. Gabor filter with 4 frequency and 6 directions is used to
extract the texture feature, which is reduced using PCA. The resulting texture features and geometric features
are integrated for facial expression classification. We train classifiers using DDAG-SVM for recognition.

5.4. Parameter Tuning
The selection of Gabor filter cluster will generate different texture features of the eye and mouth region
of the face. There are two parameters in Gabor filter cluster, i.e., the number of frequencies and the number
of directions, and we denote as F and D.
1

http://kasrl.org/jaffe.html
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In SVM, the coefficient C determined the ratio of the confidence and the experience risk. It keeps the
balance of the generalization ability and recognition accuracy. The parameter γ determines the projection
from the original feature space to classifier space. We empirically set γ = 2 −5 and the coefficient C=4. Table
1 shows the facial expression recognition results (accuracy (AC) in percentage and running time in ms) for
C-SVM which adopts DDAG-SVM classification.
Table1: Parameter Tuning in Gabor filter
D

4

5

F

AC

Time

AC

3

70. 7

106

4

72.1

5

72. 8

6
Time

AC

Time

72. 1

121

73. 5

131

126

72. 8

142

74. 2

160

143

74. 2

163

74. 2

196

From Table 1, we can see the DDAG-SCM achieves relative good performance with 4 frequencies and 6
directions . Hence we set the parameters accordingly.

5.5. Results

After turning the parameters, we set C=4, γ = 2−5 , ω 0 = 2 − ( i +1) π (i=0,…,4), θ = jπ (j=0,… ,6). The
6
recognition results of each category of facial expression (i.e., happiness(H), disgust(D),
sadness(Sa),
anger(A), fear(F), surprise(Su) or neural(N)). The results are shown in Table 2. The recognition accuracies
are happiness(85%), disgust(70%), sadness(60%), anger(80%), fear(75%), surprise(90%), neural(70%). We
can see that the model achieve best performance on the category surprise. It may be because the
discriminative property that faces with surprise exhibit. Moreover, the faces with sadness are usually
misclassified as that with fear. These two categories are actually similar to each other. The overall accuracy
is 74.28% and the running time is 160ms in total. The results are promising .
Table 2: Results on JAFFE database
H

D

Sa

A

F

Su

N

AC

H

17

1

0

1

0

0

1

85

D

0

14

2

1

1

0

2

70

Sa

0

1

12

1

4

0

2

60

A

0

1

2

16

1

0

0

80

F

0

1

3

0

13

2

1

75

Su

0

0

0

0

1

18

1

90

N

1

1

2

1

1

0

14

70

6. Conclusions and Future Work
In recent years, there has been increasing research attention on facial expression recognition. In this
paper, we aim to build a real time leaning framework for effective facial expression recognition of images.
We proposed a method to extract the texture features and geometric features from face image that are
discriminative for expression classification. Based on the features, we train DDAG-SVM to classify the
category of emotion each facial expression belong to. Experimental results on JAFFE database demonstrate
the effectiveness of our proposed learning framework. There are several interesting future directions. One is
extending our model to image sequence data such as video. In real world, facial expression is 3D and 3D
information can help the recognition task. We plan to focus on the informative feature extraction from 3D
face images in the future.
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