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Abstract—Embedded Hidden Markov Model (EHMM) has 
been applied to many areas due to its excellent features. In this 
paper, we present a novel method for Facial expression 
recognition by using the EHMM. We use five scales and eight 
orientations Gabor features to represent the expression image. 
Further, we use the EHMM to recognize the facial expression. In 
the EHMM structure, the super states are used to model the 
expression image along vertical direction while the inner states 
are used to model the expression image along horizontal 
direction. Our test results and analysis based on the JAFFE 
database demonstrate that the proposed method is effective and 
achieves higher average recognition accuracy (96.16%).  

Keywords—Facial expression recognition, Gabor wavelet, 
Embedded Hidden Markov Model

I. INTRODUCTION

A growing interest in human-computer interaction systems 
has been developed in the last decade. As an important part of 
intelligent and interactive system, Facial expression recognition 
(FER) has become more important. Since Ekman and Friesen 
presented that the human emotions can be divided into six 
primary emotions (happiness, anger, fear, surprise, sadness, 
disgust), a great amount of methods for the FER had been 
proposed. All the methods of FER can be divided into two 
types, one is based on the still image and the other is based on 
the dynamic video. For the former type, the information of 
recognizing the facial expression is just from the single still 
image and the available information is relatively limited. The 
important methods in literature include the Eigenface method 
[1], Independent Component Analysis (ICA) [2], Linear 
Discriminant Analysis (LDA) [3], Local Binary Pattern (LBP) 
[4], Wavelet transformation [5] and others. For the second type 
of methods, more useful information can be obtained by 
dealing with a sequence of intensity image frames. The 
successful methods include Optical Flow Models [6] and 
Hidden Markov Models [7] [8], which achieved good 
recognition results. According to the existing practical 
applications, the former type is relatively simple and can satisfy 
the real-time requirement, the latter type costs high and cannot 
satisfy real-time requirement.  

Most FER methods extract expression features from the 
whole image or from parts of image like forehead, eyes, nose, 
mouth, and then combine them together. Many features used by 
these methods can represent the image well, but most of the 
classification methods don’t efficiently model the position 

relationships of the image’s parts. In fact, the separate parts of 
the image occur in the particular order, such as: eyes are up to 
mouth, mouth is up to the chin, and left eye is left to right eye. 
In this paper, we present a novel method for FER. We use 
Gabor features to represent the face image and use EHMM to 
recognize the facial expression. The method can model the 
image along vertical and horizontal directions more efficiently.  

In our method, first we preprocess the face images and 
resize them to 30 x 35 in pixels, then we extract five scales, 
eight orientations Gabor features of the image as the image 
representation. Second we use the Embedded Hidden Markov 
Model (EHMM) to recognize. Each EHMM includes seven 
super states, along with 6 or 9 inner states for each inner HMM. 
Moreover, the super states are used to model the image from 
top to down, and the inner states to model the image from left 
to right.  

The rest of this paper is organized as follows: Section 
introduces the Gabor wavelet theory and feature extraction 
method. In Section , we introduce EHMM and present a 
novel FER method by using the EHMM and Gabor 
transformation. In Section , we provide the experimental 
results and analyze the proposed method. Finally, concluding 
comments are presented in Section V. 

II. GABOR FEATURE EXTRACTION

A. Gabor wavelet  
The Gabor wavelet transform [9] is one of the best schemes 

for image representation. Its major advantage is that it achieves 
the lower bound on the joint entropy. The majority of receptive 
field profiles of the mammalian visual system match quite well 
to this types of function [10]. Based on its fine property, the 
Gabor transformation has been used widely in image 
processing applications, such as texture segmentation, image 
compression, and face recognition. 

A family of 2-D Gabor kernels [11] is the product of a 
Gaussian envelope and a plane wave, defined as (1): 
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Here, (x, y) is the variable in spatial domain and vu,k  is the 
frequency vector, which determines the scales and the 
orientations of Gabor kernels. In the proposed system, we 
define vu,k  as following: 
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Where )/8*(uu =ϕ , 2)/2)(vexp(k v +−= , u and 
v are orientation factor and scale factor respectively, different 
value of subscript u and v represents different Gabor kernel.  

B. Feature extraction  
Based on the multiplication-convolution property, the 

Fourier transform of a Gabor filter's impulse response is the 
convolution of the Fourier transform of the harmonic function 
and the Fourier transform of the Gaussian function. Give an 
image I(x, y), its Gabor transformation at particular position 
can be computed by a convolution with the Gabor kernel: 

       y)(x,*y)I(x,y)(x,Gabor vu,vu, =                  (3)

The two-dimensional Gabor filter is composed of the real 
part and imaginary part. We can compute the real part (4) and 
imaginary part (5) by using (1).  In the proposed system, we 
use the magnitude (6) to get Gabor kernel.    
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A group of Gabor kernels will be built by using different 
scales and orientations. The kernels are convolved with the 

Figure 1. The face image and its Gabor features 

images resulting in the Gabor space. This process is closely 
related to the activity in the primary visual cortex. We choose v 
= {0, 1, 2, 3, 4}, u = {1, 2, 3, 4, 5, 6, 7, 8} to denote the five 
scales and eight orientations, i.e. from π/8 to π single step of 
π/8. Finally, we obtain 40 Gabor kernels and use them to 
perform Gabor transformation. One of face images and its 
Gabor features are shown in Fig.1. 

III. EHMM RECOGNITION

A. Embedded Hidden Markov Model 
A HMM [12] provides a statistical model for a set of 

observation data sequences. It includes two forms of stochastic 
finite process. First is the Markov chain of finite state, which 
describes the transfer from one state to another. Second one 
describes the probabilities between states and observation data. 
For statistical characterize a HMM, state transition probability 
matrix, an initial state probability distribution and a set of 
probability density functions associated with the observation 
data for each state are essential. 

Typically HMM is a 1-D structure suitable for analyzing 1-
D random signals, e.g. speech signals. A 1-D HMM can be 
developed into the pseudo 2-D structure [13] by extending each 
state in 1-D HMM as a sub HMM, which is shown in Fig.2. In 
this way the HMM consists of a set of super states along with 
the set of inner states. Such a pseudo 2-D HMM is also called 
Embedded HMM. The super states are used to model 2-D data 
along one direction with the inner states to model 2-D data 
along the other direction. 

Figure 2. Topology structure of Embedded HMM 

B. EHMM Structure 
In the proposed method, we define the structure of EHMM 

as shown in the right part of Fig.3.The EHMM includes seven 
super states, and each inner HMM is composed of 6 or 9 inner 
states. The transitions in a vertical direction are only allowed 
between two adjacent super states which include the super state 
itself. The transitions in a horizontal direction are only allowed 
between two adjacent inner states in a super state including the 
inner state itself.  

Based on the EHMM structure, we segment the face image 
like the face segmentation in Fig.3, i.e. we divide the face 
image into seven parts from top to bottom. Further, we cut the 
first part and seventh part of image into the six smaller parts. 
While from second part to the sixth part of face image, we cut 
them into the nine smaller parts. From top to bottom, the seven 
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parts of face image features are distributed into the seven super 
states. From left to right, the smaller parts of face image 
features are distributed into the corresponding inner states.  

Figure 3. The EHMM structure and corresponding image segmentation  

C. EHMM training and recognition 
To recognize seven expressions (six basic facial 

expressions and one neutral), we build EHMM for each of 
them. In the expression database, we randomly choose two 
images of each expression from ten persons as our training set. 
In this way, for each model we can get the 20 training images 
and totally we get 140 training images. 

For the model training, first we extract features from 
training set and distribute them to EHMM. After initializing the 
model parameters, we begin to r-estimate the model parameters 
by using consecutive iterations. In each iteration we compute 
the Viterbi likelihood of the model, if the Viterbi likelihood is 
smaller than a threshold or number of iterations is bigger than a 
number, we judge that the model parameters are converged and 
lead to the completion of EHMM training. This process is 
shown in the left part of Fig.4.  

The initial parameters of EHMM are set as following: 

• Number of super states: 7; 

• Number of inner states: 6, 9, 9, 9, 9, 9, 6; 

• Gaussian Mixture: 9; 

• Number of training images: 20; 

• Length of observed value: 40; 

• Threshold: 0.00001; 

• Max iteration number: 80; 

For recognition, we extract the feature sequence O of 
expression image and distribute it to each expression model 
respectively, then we compute the Viterbi likelihood 
probability )m|p(O i for each expression model. An 
expression image is classified to k if and only if: 

( ) ( ) 6,71,2,3,4,5,im|Opargmaxm|Op ik ==        (7) 

This process is shown in the right part of Fig.4. 

Figure 4. The scheme of EHMM training and recognition 

IV. TESTS AND ANALYSIS

A. Data set and test environment 
In this paper, we use the JAFFE Database to test the 

proposed method. The database contains 213 images of 7 facial 
expressions posed by 10 Japanese female models. For each 
person, there are 2 to 4 images for each expression. Each image 
has been rated on 6 emotion adjectives by 60 Japanese subjects. 
The database was planned and assembled by Miyuki Kamachi, 
Michael Lyons, and Jiro Gyoba.  

The machine configuration for the tests is Pentium (R) 4 
CPU 3.00GHz, 1.5GB memory. 

B. Test Results  
The JAFFE database contains 213 images. We choose 140 

images as training set, and we have remaining 73 images to 
recognize in one test. In each test, we train the models and 
recognize the testing set. After repeating this procedure five 
times, we get the test results given in Tab.1. The results 
indicate that our method obtain a higher recognition accuracy. 

TABLE I. RESULTS OF RECOGNITION

Emotion labels Total 
images 

Recognized 
images 

Recognition 
accuracy 

anger 50 50 100% 
disgust 45 42 93.33% 
fear 60 56 93.33% 
happiness 55 54 98.18% 
neutral 50 50 100% 
sadness 55 51 92.72% 
surprise 50 48 96.00% 
Total 365 351 96.16% 

C. Comparison 
In order to make a comparison, we make another test by 

using the classical KNN method. For KNN (k=1) recognition, 
we use the same features as we use in the EHMM method. The 
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Extract features 

Recognition

Model

Compute likelihood 
for each model

Choose the 
maximum

Identity

Distribute features 
to each model Initialize the model
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comparative results are shown in the Fig.5. We can see that 
EHMM method is more effective and its average recognition 
accuracy is ten percent higher than that of the KNN method 
(the average recognition accuracy of KNN is 86.02%) 

Figure 5. The comparison of KNN and EHMM 

D. Performance Analysis  
For proposed method, the face image size of feature 

extraction is 30 x 35 in pixels. By performing the five scales, 
eight orientations Gabor transformation, the size of each 
image's feature become 30 x 35 x 40 = 42000. The features are 
bigger and we make the performance analysis. We extract 
features of each image three times, and recognize random 
image 1000 times by using our models. In this way, we obtain 
that the average time of extracting features from one image is 
34.94 ms, and the average time of recognizing one image's 
feature is 692.83 ms. Therefore, in order to recognize a face 
image, we totally need to spend about 727.77 ms. It costs a 
slight high and can not satisfy the real-time requirement well. 
There exists a tradeoff between recognition accuracy and cost 
thus we have to find the balanced point which has the good 
recognition accuracy and lower cost. 

For the purpose of analysis, we use six other datasets; in 
first dataset, we resize the face images to 27 x 32 in pixels, and 
the image sizes of second to sixth datasets are given in pixels as 
24 x 28, 21 x25, 18 x21, 15 x 18, and 12 x 14, respectively. 

For each dataset, we train models and recognize expression 
by using our method. Base on our statistics, the time of feature 
extraction and recognition is shown in Fig.6, where Extracting 
time denotes the average time of extracting features from one 

Figure 6. The time cost of different dataset 

Figure 7. The recognition accuracy of different dataset 

image. Whereas, Recognizing time is the average recognizing 
time of one image's feature, and Total time is the sum of 
Extracting time and Recognizing time.  The recognition results 
are shown in Fig.7. From Fig.6 and Fig.7, it is clear that we 
can get better efficiency and keep recognition accuracy above 
93% when image size is about 21 x 25.in pixels. And we can 
use it to face a variety of application environments. 

V. CONCLUSION

Facial Expression Recognition has been investigated over 
years, many methods have been proposed and some have 
achieved good recognition results. In this paper, we have 
presented a novel method for FER based on EHMM. We made 
test and performance analysis for proposed method; the results 
and comparison demonstrated the effectiveness of proposed 
method. In addition, our system has two features: 

1) The pretreatment is simple, which simply perform the 
Gabor transformation to the face image.  

2) The EHMM has good efficiency for FER. Using the 
method, we can recognize 21000-dimensional feature in 0.41s 
and keep the recognition accuracy above 93%. 
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