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Intelligent human-computer interaction (HCI) integrates versatile tools such as per-

ceptual recognition, machine learning, affective computing, and emotion cognition to 
enhance the ways humans interact with computers. Facial expression analysis is one of 
the essential medium of behavior interpretation and emotion modeling. In this paper, we 
modify and develop a reconstruction method utilizing Principal Component Analysis 
(PCA) to perform facial expression recognition. A framework of hierarchical radial basis 
function network (HRBFN) is further proposed to classify facial expressions based on 
local features extraction by PCA technique from lips and eyes images. It decomposes the 
acquired data into a small set of characteristic features. The objective of this research is 
to develop a more efficient approach to discriminate between seven prototypic facial ex-
pressions, such as neutral, smile, anger, surprise, fear, disgust, and sadness. A construc-
tive procedure is detailed and the system performance is evaluated on a public database 
“Japanese Females Facial Expression (JAFFE).” We conclude that local images of lips 
and eyes can be treated as cues for facial expression. As anticipated, the experimental 
results demonstrate the potential capabilities of the proposed approach. 
 
Keywords: intelligent human-computer interaction, facial expression classification, hier-
archical radial basis function network, principal component analysis, local features 
 
 

1. INTRODUCTION 
 

The intelligent human-computer interaction (HCI) technologies play important roles 
in the development of advanced and ambient communication/computation. In contrast to 
the conventional mechanisms of passive manipulation, intelligent HCI integrates versa-
tile tools such as perceptual recognition, machine learning, affective computing, and 
emotion cognition to enhance the ways humans interact with computers. Migrating from 
W4 (what, where, when, who) to W5+ (what, where, when, who, why, how), novel intel-
ligent interface design has placed emphasis on both apparent and internal behavior of 
users [1]. Nonverbal information such as facial expression, posture, gesture, and eye gaze 
is suitable for behavior interpretation. Facial data analysis is one of the essential medium 
of perceptual processing and emotion modeling.  
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Facial expression recognition methods can be generally divided into two categories: 
static images vs. video sequences, based on differ use of data and feature extraction 
methods. Typical techniques include optical flow estimation, spatial feature analysis, and 
local filter analysis [2-13]. Yacoob and Davis [12] utilized optical flow method to track 
the dynamic movement of facial features from video sequences and classified the repre-
sentation of facial feature movement into six expressions (i.e., smile, surprise, anger, fear, 
sadness, and disgust). The recognition rate ranges from 80% to 94%. Barlett et al. [2] 
combined optical flow and principal component analysis (PCA) for facial expression 
recognition. Rosenblum et al. [8, 9] developed a three-level radial basis function network 
to model the full temporal profile of facial expressions based on 2D discrete cosine 
transform of the entire face image sequences. Their best recognition rate is 88%. Otsuka 
and Ohya [7] presented a facial recognition model by combining Hidden Markov Model 
and optical flow, and then estimated the condition of facial muscles from image se-
quences. The Facial Action Coding System (FACS) derived by Ekman and Friesen has 
been widely used to describe the facial expression by movement of action units (AUs) 
[14]. The FACS is often incorporated with the above mentioned techniques to delineate 
the details of human expression for video sequences. Mase [6] proposed the FACS+ sys-
tem for coding, analysis, and recognition of facial expressions by using an optimal esti-
mation optical flow scheme. His approach was focused on computing the motion of fa-
cial muscles correspond to Action Units (AUs). Tian et al. [10] developed an automatic 
face analysis system based on both permanent facial features and transient features with 
recognition rates of 96.4% for upper face AUs and 96.7% for lower face AUs. Donato et 
al. [15] provided a more detail review of the recent techniques for facial expression rec-
ognition based on video sequences and FACS encoding.  

Facial expression recognition from still images is a more difficult problem than 
from video sequences due to the fact that less information during expression actions is 
available [16]. Cottrell and Metcalfe [17] applied PCA and backpropagation neural net-
work to recognize facial expression, gender, and identity from static images. Similar ap-
proach was proposed by Padgett and Cottrell [18] combining PCA and feed-forward net-
work to recognize six emotions. The hit ratio is improved to 84% by only feeding the 
features of eyes and mouth. Matsuno et al. [19] proposed an approach which recognized 
facial expressions from static images based on pre-computed facial expressions parame-
ters. They computed the amount of image gradient magnitude warping vector to learned 
vectors of four facial expressions (happiness, sadness, anger, and surprise). Chen and 
Huang [16] modified linear discriminate analysis (LDA) algorithm and presented a new 
clustering based feature extraction method for facial expression recognition. The per-
formances are 86.7%, 98.2%, and 89.1% for neutral vs. non-neutral, smile vs. non-smile, 
and anger vs. non anger, respectively. A constructive feed-forward neural network was 
further proposed for facial expression recognition with pruning technique by Ma and 
Khorasani [20]. Four facial expressions were studied: surprise, anger, happiness, and 
disgust. The best recognition rates are 100% and 93.75% (without rejection). Other ap-
proaches such as multiple discriminate analysis, 2D Gabor wavelet representation, linear 
discriminate analysis, feature point position comparison, and potential field analysis can 
also been found in the literatures [5, 21-23]. 

In this paper we are concerned with automatic classification of facial expressions 
from still images. The psychologists have indicated that as least six emotions are univer-
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sally associated with distinct facial expressions, including smile, sadness, surprise, fear, 
anger, and disgust. Examples of Japanese Females Facial Expression (JAFFE) databases 
are shown in Fig. 1 [21]. We will also focus on these expressions. The organization of the 
remainder of this paper is as follows. In section 3, the main components of the proposed 
system are illustrated. We utilized PCA in the pre-processing stage to extract features 
from face imagery. We further proposed a hierarchical radial basis function network 
(HRBFN) to fulfill the facial expression differentiation task. In section 4, the experimen-
tal results are presented to demonstrate the potential capabilities of the proposed ap-
proach. Finally, conclusions are stated in section 5. 

 
Fig. 1. Examples of seven principal facial expressions in JAFFE [21]: smile, disgust, anger, sur-

prise, fear, neutral, and sadness (from left to right). 

2. FACIAL EXPRESSIONS RECONSTRUCTION WITH PCA 

Most approaches in computer recognition of faces and expressions have been fo-
cused on detecting individual features such as eyes, head outline, mouth, or defining a 
face model by position, size, and relationships among these features [24]. Features ex-
traction plays an essential role in the pre-processing stage. Principal Component Analysis 
(PCA) has been commonly used to faces recognition problems [5, 22, 25, 26]. Typical 
PCA algorithm (Eigenface/Fisherface) is one of the main streams of research on face 
feature processing [26, 27]. PCA has advantage over other face recognition schemes in 
its speed and simplicity. We utilized PCA in the pre-processing stage to extract features 
from face imagery. 

The basis of the ordinary image space is composed of all single pixel vectors. How-
ever, the image space is not a optimal space for face representation and categorization. 
The aim of applying PCA is to build a face space which better describes the face images. 
The basis vectors of this face space are called the principal components. These compo-
nents will be uncorrelated and will maximize the variance accounted in the original basis. 
It can also reduce the dimension of the feature space. The computation complexity is thus 
reduced [28]. 

By concatenating each row of the image by row, a face image can be transformed to 
a column vector. Assume the width and height of the image are n pixels and m pixels 
respectively, the size of the transformed vector of this image will be n × m by 1. Given M 
facial expression images as training data, we convert these images to corresponding col-
umn image vectors Γi, where i = 1, 2, …, M. Compute the mean of training data Ψ =  
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AAT = C. Then we can conclude that λkuk = Cuk. Thus the vectors uk and scalars λk are the 
eigenvectors and eigenvalues, respectively, of the covariance matrix C = AAT. 

Because the size of covariance matrix C is nm × nm, it is time-consuming to deter-
mine nm eigenvalues and eigenvectors. It is necessary to reduce the complexity of the 
computation. Define a matrix C ′ = ATA, then the size of C ′ is M by M and let vi denote 
the eigenvectors of the matrix C ′, we obtain ATAvi = µivi. Multiply A to both sides, we 
have 

AATAvi = µiAvi.                                                     (3) 

We can observe from Eq. (3) that Avi is the eigenvector of C = AAT [29]. So we can 
now reduce the method by derive p (p < nm) eigenvectors (vi) of the matrix C ′ and derive 
the p eigenvectors of covariance matrix C by multiplying A to vi. The face images can be 
represented in the way by projecting the data in the image space onto the face space (also 
called Eigenfaces). The dimension of the projected data in the feature space is much 
smaller than that in the original image space. After the Eigenfaces are obtained from the 
training set, we may transform face image into feature space by a simple projection op-  
eration ( ),T

i ix u Γ Ψ= −  i = 1, 2, …, p, where xi denotes the projection of the face image 
Γ projected onto the i-th Eigenface component ui, where Ψ is the average face image of 
the training set. The projections constitute a vector XT = [x1, x2, …, xp] called projection 
vector. We will treat the projection vector X as the features for further training process. 

To illustrate the feasibility of using eigen feature to fulfill expression classification 
task, we modify the PCA reconstruction method for preliminary evaluation [30]. Notice 
that if the input image is much similar to some expression training set, the reconstructed 
image will has less distortion than the image reconstructed from other eigen vectors of 
training expressions. Based on this episode, we divide the training set into seven classes 
according to different expression and compute the eigen space of each class. For a test 
face image, we first project it onto the eigen space of each class independently and then 
derive reconstructed image from each eigen space. By measuring the similarity (mean- 
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square error) between input image and the reconstructed image of each class, we can 
identify the class of input image whose reconstructed image is most similar to the input 
one. The procedure of the developed PCA reconstruction method is delineate in Fig. 2. 

 
Fig. 2. Classification procedures of PCA reconstruction. 

3. THE COMPONENTS OF HRBFN ARCHITECTURE 

3.1 Basic RBFN Description 
 
Neural network technology offers a number of tools such as learning and adaptation, 

generalization and robustness, feature extraction and distributed representation. The neu-
ral net approach has been shown fruitful in solving face recognition problems [31-36]. 
The radial basis function neural network (RBFN) theoretically provides a sufficient large 
network structure such that any continuous function can be approximated to within an 
arbitrary degree of accuracy by appropriately choosing radial basis function centers [28]. 
The RBFN is trained using sample data to approximate a function in multidimensional 
space. A basic topology of RBFN is depicted in Fig. 3. The RBFN is a three-layered net-
work. The first layer constitutes input layer in which the number of nodes is equal to the 
dimension of input vector. In the hidden layer, the input vector is transformed by radial  

basis function as activation function: 
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Fig. 3. Basic topology of RBFN. 
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where ( ;  ),ij i jx cϕ ϕ= � �

 and i = 1, 2, …, N, j = 1, 2, …, m. We can then rewrite Eq. (5) to 
the form ϕ ⋅ W = D. Thus, the weight matrix can be obtained by the least square ap-
proximation algorithm W = (ϕTϕ)-1ϕTD. 

We employed the RBFN to classify the facial expressions images in the Eigen-space 
domain extracted via PCA as described in the previous section. The architecture is de-
picted in Fig. 3. The major advantages of RBFN over other models such as feed-forward 
neural network and backpropagation are its fast training speed and local feature conver-
gence [28]. We first divided the training set images into seven classes (six principal ex-
pressions plus a neutral expression). Then the Eigen-vectors of the correlation matrix of 
the training data were computed. Next, the principal components of the projection of 
each image were collected as the training set for RBFN. For a test image, we project it 
onto the Eigen-space obtained previously. Then, the projection vector was fed into RBFN. 
Thus, the output of the RBFN will indicate which class this input image belongs to. 
 
3.2 Hierarchical RBFN (HRBFN) Model 
 

The cognitive and emotional states of a person can be correlated with visual features 
derived from images of the mouth and eye regions [1, 37]. Examining the cues for facial 
expression suggested by Ekman and Friesen [38], the actions of eyes, brows, and lips can 
significantly discriminate the changes of various expressions. Many researches on facial 
expression representation have focused on the specific feature motion of upper face (i.e., 
eyes and brows) and lower face (lips) [10, 18]. To improve the performance of classifica-
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tion, we further proposed a hierarchical RBFN model (HRBFN) and replaced RBFN in-
dicated in the forth block in Fig. 4. The schematic diagram of the proposed HRBFN 
model is presented in Fig. 5. We divided the classification process into two stages: eyes 
phase and lips phase. In the first layer (eyes phase), we intend to categorize the expres-
sions into k (2 ≤ k ≤ 6) coarse classifiers according to Eigen-features of eyes. Each clas-
sifier is aimed to differentiate candidates of a subset of expressions. The number of ex-
pressions to be recognition is denoted as nk for classifier k. The notation is shown in Fig. 
5. The philosophy of the first layer classifier design is illustrated in section 4. It is a 
coarse to fine hierarchical classification model.  

 
Fig. 4. The recognition flow chart of single stage RBFN. 

 
Fig. 5. Schematic block diagram of the proposed HRBFN model. 

4. EXPERIMENTAL RESULTS 

In this section, we demonstrate the capabilities of the proposed HRBFN approach in 
classifying seven facial expressions. The JAFFE database used in the experiments con-
sists of 212 frontal pose images of ten Japanese females. Each person posed some exam-
ples of each of the seven fundamental facial expressions, such as neutral, smile, sadness, 
surprise, fear, anger, and disgust. The database are partitioned into two sets, namely, 73 
training images and 139 test images without overlapping. Images of different expressions 
are randomly selected from ten persons to make training set and the remaining images 
are used as the test set. To investigate the local effect of the source images, two types of 
images were further acquired for the experiments (examples were illustrated in Fig. 4):  
 
Type A  Face images without hair, shoulders. Image size: 80 × 80. 
Type B  Images of eyes and mouth region with size of 80 × 20 and 45 × 30, respec-

tively.  
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(a) Type A − face images 

 
(b) Type B − eyes and lips images. 

Fig. 6. Simulation sample images extracted from JAFFE database. 

 
We used the images acquired from the database and transformed them into type A 

and type B images to perform the experiments according to the procedure introduced in 
the previous sections with PCA reconstruction, single stage RBFN, and HRBFN ap-
proaches. Table 1 lists the test results. For comparison, the classification results of single 
stage RBFN with PCA pre-processing is illustrated in Table 2. The detail classification 
performance comparison of each expression for type B image data are shown in Tables 3 
and 4.  
 

Table 1. Classification rate (%) of PCA reconstruction method. 

Test set 
Data type Training set 

Top one match Top two match 

Type A – face 100 78.42 89.21 

Type B – lips 100 69.06 83.45 

Type B − eyes 100 73.38 87.77 

 

Table 2. Classification rate (%) of single stage RBFN with PCA pre-processing method. 

Test set 
Data type Training set 

Top one match Top two match Top three match 

Tyep A – face 100 54.68 79.14 86.33 

Type B – face 100 69.78 84.17 92.09 

Tyep B – eyes 100 44.60 74.82 82.73 
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Table 3. Comparison of the classification rate (%) of different approaches on type B eyes 
test set. 

Method Sadness Smile Disgust Neutral Surprise Fear Anger 
PCA Reconstruction 42.86 68.42 70.0 80.0 85.0 89.47 80.0 

PCA + RBFN 28.57 52.63 25.0 50.0 30.0 100 30.0 

Table 4. Comparison of the classification rate (%) of different approaches on type B lips 
test set. 

Method Sadness Smile Disgust Neutral Surprise Fear Anger 
PCA Reconstruction 61.90 78.95 50.0 75.0 85.0 78.9 55.0 

PCA + RBFN 61.90 68.42 70.0 60.0 75.0 78.95 75.0 

 
As we can observe from Tables 1 and 2, the classification rate of using PCA recon-

struction method based on face images is up to 89.21% (top two matches). The correct 
classification can be further extended to 92.09% and 82.73% based on local lips and eyes 
features and single stage RBFN, respectively, by counting the top three matched candi-
dates. Thus, it is possible to re-organize the training set and construct a hierarchical 
RBFN as proposed in this paper.     

To obtain the design guideline of the hierarchical classifiers of the multiple layers 
delineation structure, we want to observe whether local image (lips or eyes) eigen-feature 
can help to do the preliminary clustering task. The confusion matrices of the single stage 
RBFN top one match test results are recorded in Tables 5 and 6. Not all expressions were  
 

Table 5. Confusion matrix of facial expression classification measured by single stage RBFN 
method on type B eyes test images from JAFFE database. 

I\O Sadness Smile Disgust Neutral Surprise Fear Anger 
Sadness 6 1 1 0 0 13 0 
Smile 0 10 1 0 0 8 0 

Disgust 1 1 15 0 0 13 0 
Neutral 0 3 0 10 0 7 0 
Surprise 0 0 0 3 6 14 0 

Fear 0 0 0 0 0 19 0 
Anger 0 0 0 0 0 14 6 

Table 6. Confusion matrix of facial expression classification measured by single stage RBFN 
method on type B lips test images from JAFFE database. 

I\O Sadness Smile Disgust Neutral Surprise Fear Anger 
Sadness 13 0 1 1 0 0 6 
Smile 4 13 1 1 0 0 0 

Disgust 4 2 14 0 0 1 1 
Neutral 3 0 0 12 0 4 1 
Surprise 3 1 1 0 15 0 0 

Fear 1 0 1 1 1 15 0 
Anger 3 1 1 0 0 0 15 
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equally well recognized by the system. As we can see from the confusion matrices, ex-
pression “fear” was often mis-classified by others. Similarly, expressions “sadness” and 
“disgust” were also mis-classified. Thus, we intend to divide the mid-level classification 
into various categories and train the lips image individually for each classifier to perform 
less intensive identification task in the second stage. Various scenarios can be created. 
We have tested all cases. Three of the well trained cases are: scenario A is formed by 
using expression “surprise” as one subset and the reset expressions are in one subset, 
scenario B contains two subsets 0 (“surprise, neutral”) and the reset of expressions, sce-
nario C also divided into two parts with (“smile”, surprise”, neutral”) and (others). Clas-
sification results of the proposed HRBFN are illustrated in Table 7. The best classifica-
tion ratios of the first phase, eyes layer, is 100% for training set and 95.68% for test set. 
The performance of lips phase is around 72.66%. Lyons reported 75% generalization rate 
over expression identification on the same database but with six classes [21]. Both simu-
lation results are compatible. Our results for the eyes phase are outperforming. Besides, 
the proposed HRBFN is simple and with low complexity. From these results, we con-
clude the local face features is useful for differentiating expressions when a more appro-
priate modular classifiers are provided. 
 

Table 7. Classification rate (%) of the proposed HRBFN model. 

Scenario A Scenario B Scenario C 
 

eye phase lips phase eye phase lips phase eye phase lips phase 
Training set 100 100 100 100 100 100 

Test set 95.68 71.94 93.52 72.66 91.37 69.78 

Table 8. Comparison of the classification rate (%) of different HRBFN arrangements on 
test set. 

Scenario Phase Sadness Smile Disgust Neutral Surprise Fear Anger 

eyes 100 100 100 95.0 80.0 94.73 100 A 
lips 66.67 73.68 70.0 65.0 80.0 73.68 75.0 
eyes 100 100 100 70.0 90.0 100 95.0 

B 
lips 57.14 68.42 80.0 70.0 85.0 78.95 70.0 
eyes 95.24 84.21 90.0 95.0 90.0 84.21 100 

C 
lips 57.14 57.89 60.0 95.0 65.0 73.68 80.0 

5. CONCLUSIONS 

In this paper, we proposed a hierarchical RBFN model (HRBFN) and combined 
PCA feature extraction method to tackle facial expressions classification problems. The 
related methods were also investigated. From our experimental results, full face images 
provide confusing information for distinguishing the facial expressions. We proposed a 
new construction of HRBFN model. As expected, it could strain the difficult expression 
classification efficiently. This cascade strategy works properly. We conclude that local 
images of lips and eyes can be treated as cues for facial expression. They are good enough 
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to provide feature for discrimination. Moreover, the images of eyebrows can also be 
adopted to test the recognition performance. 

Nevertheless, the proposed work is constrained to a proper extraction of lips and 
eyes images. This limitation can be resolved by advanced development of computer vi-
sion technology. In fact, the recognition of facial expressions is a challenging task. The 
appearance of one expression may vary from person to person. Variations of each ex-
pression may also large in different databases. Furthermore, some expressions are am-
biguous, such as surprise and fear. The difference between such expressions is hard to 
discriminate. We also found that most of the misjudgment was classified into expressions 
that looks similarly to the expression it should be. This is an interesting phenomenon and 
may be the important clues for the future research to improve the classification perform-
ance. More work should be conducted to validate the technique on other larger databases 
such as CMU AMP Face Expression Database [39] and POFA image set of Ekman and 
Friesen [40]. In addition, we can apply learning mechanism to determinate the optimal 
combination of first layer classifiers to yield good performance. Meanwhile, the PCA 
reconstruction scheme can be also re-arranged hierarchically to seek changes of improv-
ing hit ratio. 
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