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ABSTRACT 
Facial expressions are a valuable source of information that accompanies facial biometrics. Early detection of physiological 
and psycho-emotional data from facial expressions is linked to the situational awareness module of any advanced biometric 
system for personal state re/identification.  A new hidden Markov model (HMM) based feature generation scheme is proposed 
for face recognition (FR) in this paper. In this scheme, HMM method is used to model classes of face images. A set of Fisher 
scores is calculated through partial derivative analysis of the parameters estimated in each HMM. These Fisher scores are 
further combined with some traditional features such as log-likelihood, 2-D DCT and appearance based features to form 
feature vectors that exploit the strengths of both local and holistic features of human face. Neural Network is then applied to 
analyze these feature vectors for face recognition (FR). Performance improvements are observed over stand-alone HMM 
method and Fisher face method which uses appearance based feature vectors. A further study reveals that, by reducing the 
number of models involved in the training and testing stages of Neural network, the proposed feature generation scheme can 
maintain very high discriminative power at much lower computational complexity comparing to the traditional HMM based 
face recognition (FR)  system. Experimental results on a public available face database are provided to demonstrate the 
viability of this scheme. The performance of this system has been validated on three public databases: the JAFFE, the Cohn-
Kanade, and the MMI image. 
Keywords: Face recognition, Hidden Markov model, Fisher scores, Facial Expression, neural network   

1. INTRODUCTION 
One of the most popular appearance based methods [1–3] for face recognition (FR) developed in recent years is the 
Fisher face method. The Fisher face method performs LDA of feature vectors obtained as one-dimensional 
representation of a face image and retrieves the identity of person based on the nearest-neighbor classification criterion 
in the LDA space. This method is insensitive to large variation in lighting direction and facial expression [2]. 
Meanwhile, statistical model based methods such as hidden Markov model (HMM) have also been proposed for FR 
problems [4–8]. This method uses HMM to describe the statistical distribution of observation vector sequences which 
are generated from small sub-image blocks of face image. Classification is usually based on Bayesian decision rule, 
e.g., maximum a posteriori (MAP) criterion. Comparing with appearance based methods; HMM methods focus mainly 
on local characteristics of human faces. These methods have the flexibility to incorporate information from different 
instances of faces at different scales and orientations [5]. However, in these existing statistical model based methods, 
only the calculated likelihood of a particular observation on each established model is used as the measure of closeness 
of the observation towards the corresponding class. In this work, we present a new feature vector generation scheme 
from HMMs. The scheme generates feature vectors which represent the influence of the model parameters of several 
competing HMMs on the generation of a particular observation vector sequence. Similar methods were proposed and 
used in biosequence analysis, speech recognition, and speaker identification [9, 14, and 15]. Unlike previous schemes 
which are inherently two-class problem oriented, the proposed scheme in this work is multi-class problem oriented and 
the resulting feature vectors appear to be more effective. We also explore the strengths of both Fisher face method, 2-D 
DCT and HMM method by combining appearance based features (as seen in Fisher face approaches) and statistical 
model based features together to form new feature vectors, which may have greater discriminative power over those 
used separately. Furthermore, in a typical multi-class HMM method, one HMM is established for each class of object 
(e.g. faces of one person), and a test observation is compared to all the available classes in order to determine its 
identity. In this work we attempt to reduce the number of HMMs involved in this process and manage to achieve a 
comparable recognition performance as when all HMMs are used. Apparently the model reduction translates to a 
significant computational advantage, which effectively improves the scalability of such statistical model based methods.  
Computer-based recognition of facial expressions has attracted much attention in recent years. The ultimate objective of 
facial expression recognition has been the realization of intelligent and transparent communications between humans 
and machines. The facial expression recognition will be a basic and indispensable component of technologies for the 
creation of human-like robots and machines. Through detailed investigations of the characteristics of each expression 
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in 2-D DCT based frequency domain, we have discovered that “anger” and “sadness” may be distinguished in better 
accuracy if only two of them are the subjects of classification. It has also been made clear that the facial expressions 
may be divided into two groups; with one group having two “easy” members, “smile” and “surprise”, and the other 
group with two “challenging” expressions, “anger” and “sadness”, and these two groups may be separated easily. It is 
these experiment-based insights that have motivated us to use neural network to perform the recognition task. This is 
the first work in integrating neural network, fisher scores and 2-D DCT schemes in the facial expression recognition. 
Experiments using two facial image databases demonstrate that the proposed technique outperforms, as a whole, all the 
above-mentioned recognition methods for the same databases while  attractive computational efficiency. 

2. RELATED WORKS 
To date, several facial expression recognition methods have been proposed. See for examples, [1]-[8] and the references 
therein. The facial action coding system (FACS) designated by Ekman [1] is well-known for facial expression 
description. In this system, the 3-D face is divided into 44 action units, such as nose, mouth, eyes, etc. The movements 
of muscles of these feature-bearing action units are used to describe any human facial expression of interest. The 
drawback of this method is that it requires 3-dimensional measurements and may thus be too complex for real-time 
processing. To alleviate this problem, a modified FACS using only 17 important action units was proposed in [2] for 
facial expression analysis and synthesis. However, 3-dimensional measurements are still needed. The complexity of the 
above modified FACS is reduced when compared with the original FACS, but some information useful for facial 
expression recognition may be lost. In recent years, facial expression recognition based on 2-dimensional digital images 
has been a focus of research [3] - [8]. In [3], a radial basis function neural network is proposed to recognize human 
facial expressions. The 2-dimensional discrete cosine transform (2-D DCT) is used to compress the entire face image 
and the resulting lower frequency 2-D DCT coefficients are used to train a one hidden- layer neural network using BP-
based technique or constructive algorithm in [6], [7].  
NN-based recognition methods have been found particularly promising [3], [6], [4], since neural network can easily 
implement complex mapping from the feature space of face images to the facial expression space. However, finding a 
proper network size has always been a frustrating and discouraging experience for neural network developers. This is 
dealt with by long and costly trial-and-error recursions. Motivated by these limitations and drawbacks, a recognition 
technique using constructive neural network has been proposed [7], where recognition rates of 98.5% and 95.8% have 
been obtained (without rejection) for the training and testing images, respectively. Constructive neural network are 
capable of systematically determining the proper network size required by the complexity of the given problem, while 
reducing considerably the computational cost involved in network training when compared with the standard BP-based 
training techniques [2], [6]. Recently, a recognition technique using 2-D DCT and the K-means algorithm has been 
proposed, which is generally efficient and provides higher recognition rates [8], but the number of standard vectors may 
become quite large such that the K-means based clustering and vector matching reduce the computational merits that 
could be expected. 
 In the entire above 2-D image based facial expression recognition methods, the confusion matrices reveal that (i) 
expressions “smile” and “surprise” are relatively easier to recognize and are slightly confused with other expressions, 
and (ii) “anger” and “sadness” are very often confused because of their similar characteristics, which lowers the overall 
recognition rate. Through detailed investigations of the characteristics of each expression in 2-D DCT based frequency 
domain, we have discovered that “anger” and “sadness” may be distinguished in better accuracy if only two of them are 
the subjects of classification. It has also been made clear that the facial expressions may be divided into two groups; 
with one group having two “easy” members, “smile” and “surprise”, and the other group with two “challenging” 
expressions, “anger” and “sadness”, and these two groups may be separated easily. It is these experiment-based insights 
that have motivated us to use neural network to perform the recognition task. This is the first work in integrating neural 
network, decision tree and 2-D DCT schemes in the facial expression recognition. Experiments using two facial image 
databases demonstrate that the proposed technique outperforms, as a whole, all the above-mentioned recognition 
methods for the same databases while enjoying attractive computational efficiency. 

3. THE PROPOSED EXPRESSION RECOGNITION TECHNIQUE 
The new technique uses a neural network. The neural network is trained such that the two groups are separated with as 
little confusion as possible. As expected, our experiments indicated that this could be done easily. The neural network 
trained to divide “happy”, “surprise”, “anger”,” shock”, “disgust” and “sadness”. However, this is much easier than the 
separation of all the 6 expressions by a single neural network [2], [6], [7]. The proposed recognition technique consists 
of two phases: training and testing, which are described separately below. 
 
3.1 Features of different images 
The features of facial images used in recognition must not be influenced by the appearance of any individual human. 
Therefore, pre-processing of the face images is needed in order to extract some information that is required by the 
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recognition task and shared by all the expression images of the same category. One may make difference images by 
subtracting the neutral images from the expression images. The difference images are then expected to have much less 
to do with the appearance of the individual whose facial expressions are the subject of recognition. Therefore, the 
recognition task will become easier due to the use of difference images. It should be noted that the facial expression 
“neutral” will not be the subject of recognition. 
 

 
 

Figure 1: Block diagram of the proposed facial expression recognition system 

 
3.2 Data compression using 2-D DCT 
Obviously, it is very difficult for the classifier to recognize the facial expression from the difference images, as a 
difference image still has a large number of data. To facilitate the recognition, we need to compress the difference 
image to reduce data in a proper way, without losing the key features that play important role in the recognition task. 
The 2-D DCT used frequently in image compression is a powerful tool for this purpose. The 2-D DCT can reduce the 
number of data significantly by transforming an image into the frequency domain where the lower frequencies present 
relatively large magnitudes while the higher frequencies indicate much smaller magnitudes. That is to say, the higher 
frequency components can be ignored without damaging the key characteristics of the original difference image, as far 
as the facial expression recognition is concerned. The size of the facial expression images is M×N. The 2-D DCT 
coefficients of a square block with size L1×L2 of the lower frequencies hold much of the information on the facial 
expressions, and are arranged as an input vector to the neural network for training or testing purposes. See Fig.2 for the 
image processing process.  
 
3.3 Fisher scores for HMM 
The computation of the Fisher scores depends on the structure of the statistical model. The statistical model we choose 
for FR is a one-dimensional ergodic HMM which assumes the observation distribution density as Gaussian with 
diagonal covariance matrix. For a Gaussian HMM, the parameters needed to represent the model include three 
components, i.e., the state transition distribution A, the observation probability distribution B and the initial states 
distribution [16]. In order to completely represent the gradients, all three components should be considered.  
 
3.4 Neural Network Training 
The dimension of the input vector of the neural network is M ×N.  One-hidden-layer neural network are considered in 
this work, which are trained by the program “TRAINGDX” provided in the MATLAB toolbox (TRAINGDX is a BP-
based network training function that updates weight and bias values according to gradient descent momentum and an 
adaptive learning rate). There is only one output “logsig” node in the neural network and the threshold for expression 
classification is set to 0.6. “logsig” is also the activation function for all the hidden units. The training parameters, such 
as the learning rate, number of epochs, etc. are properly selected. The input vector dimension, the number of hidden 
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units, the initial weights, and the training parameters are systematically changed each time neural network is trained in 
order to achieve higher mean recognition rate of the 4 expressions. The neural network that presents the best 
recognition rate at each node is saved for testing. 
 

4. EXPERIMENTAL RESULTS 
Here, we first introduce a recently developed database that was constructed by using an efficient projection-based 
procedure. The database consists of images of 80 women, with each having 7 expression images, i.e., neutral, happy, 
anger, sadness, shock, disgust and surprise. A digital camera is used to take frontal images of each person. The images 
are incorporated into the computer where they are converted into gray images of size M×N. Then, horizontal and 
vertical projections (i.e., summations of the gray-level values of the pixels on the same horizontal or vertical line) for 
the top two sub blocks are performed. The minimum points of the projection curves will be the candidates for the eye 
positions. To get stable results, DFT is used to smooth the curves (only 8 DFT coefficients are used in the IDFT). 
Clearly, the eye positions are correctly detected and determined. Next, the mouth is detected using similar projections 
applied to the bottom block. To obtain reliable mouth positions, compensation of white teeth is introduced before the 
projections are performed, by setting a proper empirical threshold such that the white teeth are detected and blackened. 
Based on the eye and mouth positions detected, the image is rotated and scaled if needed, and finally an image of size 
256×256 is produced. The proposed technique is applied to database (a) and (b) that have front face images of 120 men 
and 80 women, respectively. Each individual has 5 facial expression images of size 256×256 (“neutral”, “smile”, 
“anger”, “sadness”, and “surprise”), with four of them (“smile”, “anger”, “sadness”, and “surprise”) being the subject 
of recognition. Sample images from databases (a) and (b) are given in Fig. 4. For each database, the images of the first 
60 individuals are used for training and the remaining images are used to test the trained decision tree. Twenty (20) 
NNs were constructed for each specified pair of 2-D DCT block size and number of hidden units.  
 

Table1. Confusion matrix of man facial expression recognition 
Facial 

Expression 
Happy Surprise Anger Sadness Shock Disgust Neutral 

Happy 
 

150 2 0 0 2 1 2 

Surprise 
 

0 119 2 1 5 2 0 

Anger 
 

0 1 121 1 2 2 0 

Sadness 
 

0 1 0 128 4 1 2 

Shock 
 

0 2 2 0 121 2 0 

Disgust 
 

0 2 0 2 2 116 1 

Neutral 
 

2 0 1 2 0 0 117 

 
Table2. Confusion matrix of woman facial expression recognition 

 

 

Facial 
Expression 

Happy Surprise Anger Sadness Shock Disgust Neutral 

Happy 
 

73 0 0 0 2 1 2 

Surprise 
 

0 75 1 0 5 2 0 

Anger 
 

0 3 73 0 3 1 0 

Sadness 
 

0 0 0 74 2 2 2 

Shock 
 

0 4 2 0 72 2 0 

Disgust 
 

0 2 1 1 1 74 1 

Neutral 
 

2 2 0 2 0 0 74 
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All the NNs trained present fast convergence and the training process terminated within 500 epochs, with the summed 
square error (SSE) reaching the pre-specified goal or occasionally saturated. In Fig.5, examples for the SSEs of each 
node for database (b) are given. Extensive simulations revealed that the SSE goal does not affect the performance of the 
neural network obtained in terms of training recognition rate if set lower than 0.6. Figs. 6-11 show the maximum and 
mean recognition rates versus the number of hidden units of NN and the block size of lower frequency 2-D DCT 
coefficients. To achieve good performance, one needs to set the block size of 2-D DCT larger than 8 and the number of 
hidden units larger than 5. On the other hand, the recognition rates will not improve when the block size becomes 
larger than 36 and the net has more than 11 hidden units. 
The mean testing recognition rate for database (a) is as high as 98.5%, which presents the highest record among all the 
previous techniques for the same database. For database (b), the testing mean recognition rate is 95.8%, which is 
similar to that of [8]. Obviously, the proposed technique presents, on the whole, improved recognition capabilities in 
comparison with those previous techniques.  

 
 

Figure 2: Performance plot 
 

 
Figure 3: ROC plot 

 

 
Figure 4: Regression plot 
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Training and Testing: 
The proposed network was trained with DCT matrix and fisher scores. When the training process is completed for the 
training data, the last weights of the network were saved to be ready for the testing procedure. The time needed to train 
the training datasets was approximately 5.20 minutes. The testing process is done for 400 cases. These 400 cases are 
fed to the proposed network and their output is recorded.  
Performance plot:  Performance plot show the training errors, validation errors, and test errors appears, as shown in 
the training process. Training errors, validation errors, and test errors appears, as shown in the following figure 2. 
Receiver Operator Characteristic Measure (ROC) Plot: The colored lines in each axis represent the ROC curves. 
The ROC curve is a plot of the true positive rate (sensitivity) versus the false positive rate (1 -specificity) as the 
threshold is varied. A perfect test would show points in the upper-left corner, with 100% sensitivity and 100% 
specificity. For this problem, the network performs very well. The results show very good quality in the following figure 
3. 
Regression plots: This is used to validate the network performance. The following regression plots display the network 
outputs with respect to targets for training, validation, and test sets. For a perfect fit, the data should fall along a 45 
degree line, where the network outputs are equal to the targets. For this problem the fit is reasonably good for all data 
sets, with R values in each case of 0.93 or above. The results show in the following figure 4. 
 

5. CONCLUSIONS 
In this paper, a new facial expression recognition technique is proposed which uses 2-D DCT, HMM, Fisher Scores and 
neural network to separate the facial expressions systematically. The 2-D DCT and fisher scores are applied to the 
difference images to compress and refine the features useful for the recognition task. In this paper we have proposed to 
combine feature detection and extraction and recognition of facial expression into one system. We proposed a new 
method of feature detection and statistical approach is introduced in an attempt to improve the recognition rate.  
The new technique has been applied to two databases of 150 men and 100 women facial expressions. Experimental 
results have demonstrated the superior effectiveness of the new method.  
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