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Abstract— In this paper, we proposed a technique for facial expression representation based 
on combination of Curvelet Transform and Complete Local Binary Pattern (CLBP).  The 
curvelet transform offers improved directional capability, better ability to represent edges 
and other singularities along curves as compared to other traditional multiscale transforms.  
Hence, we transform original face images to frequency domain at a specific scale and 
orientation using curvelet transform.  Rotation invariant uniform binary patterns are 
extracted from the approximate sub-band using CLBP method to represent facial 
expressions, which form the feature vector.  The efficacy of the proposed method for facial 
expression representation is evaluated based on expression recognition carried out using a 
benchmark database such as JAFFE. The recognition is performed using a Chi-square
distance measure with a nearest neighbor classifier. The experimental results show that our 
method outperforms LBP based approach and curvelet based LBP approach. 

Index Terms—Facial Expression, Curvelet Transform, Local Binary Pattern, Complete 
Local Binary Pattern 

I. INTRODUCTION

In Digital Image Processing, Pattern Recognition and Computer Vision, the human facial expression 
recognition is one of the most active research topics in the field of human computer interaction. Facial 
expression is natural and immediate means for human beings to communicate their emotions, intentions or 
social communications and physiological signal. Facial expression recognition is the task of identifying 
mental activity, facial motion and facial feature deformation from still images, image sequences or videos 
and classifying them into abstract classes based on the visual information only. Generally, this is possible 
because human facial gestures are similar.
Commonly, two methods are used to extract facial features: geometry-based methods and appearance-based 
methods [1] [2] [16] [17]. The geometric based features present the shape and locations of facial components 
such as mouth, nose, eyes and eyebrows. The facial feature points are extracted to form a feature vector that 
represents the face geometry. Appearance based features present the appearance changes of a face image, 
such as wrinkles and furrows. In recent years, many researchers have proposed appearance based methods to 
extract facial features. Most promising appearance-based methods are based on Local Binary Patterns (LBP) 
features because the important properties of LBP features are their tolerance against illumination changes and 
their computational simplicity. C. Shan et al. [3] used LBP operator for representing salient micro-patterns of 
face images. In [4], the authors have formulated Boosted-LBP to extract the most discriminant LBP features, 
and the best recognition performance is obtained by using Support Vector Machine classifiers.  W. Liu et al. 
[5] have proposed to extract the characteristics of global and local facial features using LBP. In this paper, the
global facial features are extracted by dividing the facial image into non-overlapping rectangle regions. And
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the histogram is computed for each block of the whole facial image. Local LBP is extracted for some 
important regions such as mouth, eye neighbourhood. X. Feng et al., [6] combined LBP with linear 
programming (LP) technique to classify seven facial expressions such as Anger, disgust, happy, sad, fear, 
surprise and neutral. S. Liao et al. [7] have combined advanced LBP and Tsallis entropy information with 
discriminating appearance features to characterize facial expression. 
Curvelet transform has been recently proved to be a powerful tool for multiresolution analysis of images. The 
scientists have contributed techniques for facial expression recognition based on curvelet transform [18] [19] 
[20]. Wavelets do work well in one-dimension, but they fail to represent higher dimensional singularities 
especially curved singularities. Curvelet can provide a sparse representation of the objects that exhibit ‘Curve 
punctuated smoothness’ [21] i.e. objects those are smooth except along a general curve with bounded 
curvature. The literature survey reveals that, the combination of curvelet transforms with LBP yields good 
feature vector than using the curvelet transform alone. The curvelet based LBP texture operator is a good 
feature extractor. A. Saha et al. [9] presented a novel approach using the curvelet transform and LBP for 
recognition of facial expression. The LBP actually uses only the sign component of CLBP for pattern 
recognition. This may lead to some incorrect matches. For example, the difference vectors (14, 15, -10, -20, -
22, 54, 35, 30) and (150, 1, -155, -10, -100, 150, 1, 150) have produced same sign vector (1, 1, -1, -1, -1, 1, 1, 
1). However, it is hard to say they have similar local structure. In order to overcome incorrect matches using 
LBP, CLBP was introduced by Z. Guo et al. [14]. In CLBP, the image local differences are decomposed into 
two components, i.e., signs (sp) and magnitudes (mp) respectively.
In this paper, we proposed a technique for facial expression representation based on combination of curvelet 
transform and CLBP. First, we decomposed the original image into curvelet sub-bands, and then apply the 
rotation invariant uniform CLBP on the approximate sub-band to extract the texture features of facial 
expression that forms a feature vector. Experiments show that these features are useful for facial expression 
recognition is performed using a nearest neighbour classifier and obtained the best recognition rate compared 
to other methods. The organization of the paper as follows. Section II describes the curvelet transform 
briefly. LBP and CLBP are described in Section III and IV respectively. The section V describes the 
proposed method and experimental results are shown in section VI. Finally, section VII concludes the paper.  

II. CURVELET TRANSFORM

The Curvelet Transform introduced by Candes and Donoho in 1999 a multi-scale representation suited for 
objects which are smooth away from discontinuities across curves [10]. Curvelets present highly anisotropic 
behaviour as it has both variable length and width. At fine scale, the relationship between width and length 
can be expressed as width 2; anisotropy increases with decreasing scale, in keeping with power law. 
Second generation curvelet transform [11] has two different digital implementations: curvelets via USFFT 
(Unequally Spaced Fast Fourier Transform) and curvelets via Wrapping. These new discrete curvelet 
transforms are simpler, faster and less redundant compared to their first generation version. Both the digital 
implementations use the same digital coronization but differ in the choice of spatial grid. Curvelets via 
Wrapping has been used for this work as this is the fastest curvelet transform currently available [11]. If 

is taken to be a Cartesian array and to denote its 2D Discrete Fourier 
Transform, then the architecture of curvelet via wrapping is as follows.

1. 2D FFT (Fast Fourier Transform) is applied to obtain Fourier samples  .
2. For each scale and angle , the product is formed, where is the discrete 

localizing window.
3. This product is wrapped around the origin to obtain ; where the range for 

and is and ; and are constants.
4. Inverse 2D FFT is applied to each , hence creating the discrete curvelet coefficients.
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Figure 1. Curvelets in Fourier frequency (left) and Spatial domain  (right) [11] 

 

 
 

 
 
 

 

 

 

 

 

Figure 2. Curvelet Coefficients for one of the  facial expressions 

III. LOCAL BINARY PATTERN (LBP) 

The original LBP operator, introduced by Ojala et al., [12], is a powerful means of texture description. The 
operator labels the pixels of an image by thresholding the 3x3-neighbourhood of each pixel with the centre 
value and considering the result as a binary number. Then the histogram of the labels can be used as a texture 
descriptor. Later the operator was extended to use neighbourhoods of different sizes [13]. Using circular 
neighbourhoods and bilinearly interpolating the pixel values allow any radius and number of pixels in the 
neighbourhood.  For neighbourhoods we will use the notation (P, R) which means P sampling points on a 
circle of radius of R. The Fig. 4 shows an example of the circular (P=8, R=2) neighbourhood. Another 
extension to the original operator uses so called uniform patterns [13]. A Local Binary Pattern is called 
uniform if it contains at most two bitwise transitions from 0 to 1 or vice versa when the binary string is 
considered circular. For example, 00000000, 00011110 and 10000011 are uniform patterns. Ojala et al.
noticed that in their experiments with texture images, uniform patterns account for a bit less than 90% of all 
patterns when using the (8, 1) neighbourhood and for around 70% in the (16, 2) neighbourhood.
We use the following notation for the operator: . The subscript represents using the operator in a 
( ) neighbourhood. Superscript stands for using only uniform patterns and labelling all remaining 
patterns with a single label. Rotation invariant pattern could be defined as 
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The mapping from to (superscript “ ” means rotation invariant “uniform” patterns 
with ), which has  distinct output values. A histogram of the labelled image  can be 
defined as
 

 
in which is the number of different labels produced by the operator and  

 
This histogram contains information about the distribution of the local micro patterns, such as edges, spots 
and flat areas, over the whole image.  For efficient face representation, one should also retain spatial 
information.

IV. COMPLETE LOCAL BINARY PATTERN (CLBP)

Complete Local Binary Pattern (CLBP) is a generalized version of LBP which is proposed by Z. Guo et al. 
[14] and it has proved to be effective on texture analysis. In CLBP, a local region is represented by centre 
pixel and the difference between the values with local centre pixel with magnitude that is called as Local 
Difference Sign-Magnitude Transform (LDSMT). CLBP has three different components, CLBP-S indicates 
the sign (positive or negative) of difference between the centre pixel and local pixel, CLBP-M indicates the 
magnitude of the difference between the centre pixel and local pixel and CLBP-C indicates the difference 
between local pixel value and average central pixel value. CLBP-S is nothing but normal LBP. 

and is the gray value of centre pixel and is the value of its neighbours. CLBP-M is calculated as same 
as CLBP-S but it deals with the difference of the magnitude.

and is a threshold to be determined adaptively and is the magnitude component. The central image 
pixel also has discriminant information. Hence CLBP_C is given by

where is defined in equation (5) and threshold can be calculated as the average gray level of the whole 
image.
The three operators CLBP_S, CLBP_M and CLBP_C can be combined in two ways jointly or hybridly. In 
hybrid way, 2-D joint histogram CLBP_S/C or CLBP_M/C is computed first and then it is converted to 1-D 
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histogram and then it is concatenated CLBP_M of CLBP_S to generate join histogram. The feature map of 
face expression is obtained by applying method on Curvelet approximate sub-band of face image.
 
 

 

 
 
 
 
 
 
 

 
 
 

 

       Figure 3. (a) A sample block (b) Local difference                        Figure 4. Central pixel and its P circularly and evenly 
(c) sign component (d) magnitude component                                          spaced neighbours with radius R [14]

CLBP-M is calculated as same as CLBP-S but it deals with the difference of the magnitude.

 

 
and is a threshold to be determined adaptively and is the magnitude component. The central image 
pixel also has discriminant information. Hence CLBP_C is given by

 
 
where is defined in equation (5) and threshold can be calculated as the average gray level of the whole 
image. The three operators CLBP_S, CLBP_M and CLBP_C can be combined in two ways jointly or 
hybridly. In hybrid way, 2-D joint histogram CLBP_S/C or CLBP_M/C is computed first and then it is 
converted to 1-D histogram and then it is concatenated CLBP_M of CLBP_S to generate join histogram. The 
feature map of face expression is obtained by applying method on Curvelet approximate sub-band 
of face image.

V. FACIAL EXPRESSION RECOGNITION

Initially the images are cropped to extract the face of the subject. Curvelet transform is not independent of 
illumination changes hence normalization is done using histogram equalization to increase the contrast in Fig. 
5(b). After that, curvelet transform is applied to the normalized image at a selected scale and orientation.
The curvelet transform decompose the normalized image into approximate sub-band Fig. 5(c) and detailed 
sub-bands. The Fig. 2 shows results of curvelet transform applied to normalized image for scale=3 and 
orientation=8. It is observed that the approximate sub-band as more energy than detailed sub-bands. 
Therefore, we apply rotation invariant uniform CLBP ) on the approximate sub-band. As discussed 
in the section III, we extract three components CLBP_C, CLBP_M and CLBP_S, which are shown in the Fig. 
5(d), 5(e) and 5(f). These three component features are combined to form CLBP feature map, which represent 
the expression of a face. The histogram of 255 labels is calculated and based on the class labels of 
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the images, feature vectors of the same class label are grouped to form the training template for a 
particular class of expressions. Thus,
 

 
where is the number of training images available for the corresponding class. The representative feature set 

 of the class is the cluster center of template  and is calculated as 

A simple nearest neighbor classifier using the Chi-square metric is used for classification: 
 

 

Here, S is the feature vector of length N extracted from the test image.
 

  

Figure 5. (a) Original Image (b) Normalized Image (c) Curvelet Approximate Sub-band (d) CLBP_C (e) CLBP_M  (f) CLBP_S

VI. EXPERIMENTAL RESULTS
Experiments are conducted on a JAFFE database [15] (some sample images are shown in Fig.6 which 
includes 3 or 4 examples for each of the six basic facial expressions and a neutral face image for each person, 
a total of 213 images of 10 persons. The image size is 256 x 256 pixels. All images of JAFFE database were 
used for 6-class and 7-class expression recognition. We pre-process the faces to size 110 x 150 pixels. The 
pre-processed face images are divided into ten sets. 10-fold cross-validation test carried out i.e. ten rounds of 
testing are carried out and at each time, a different combination of nine sets are used for training and the 
remaining one set is used for testing.  The recognition rates are the averages of the recognition rates of all 
tests. The recognition rates for different combination of curvelet (Scale, Orientation) and (Sample 
points, Radius) are shown in the Table I. Curvelet(3,8) and CLBP(8,2) combination yields good results for 6-
class facial expressions compare to other combinations. Similarly same combination of curvelet and CLBP 
also yields good results for 7-class facial expressions. 
The confusion matrices are calculated using Curvelet (3,8) and CLBP(8,2) combination for 6-class  and 7-
class facial expression. The confusion matrix shows the proportion in percentage, any expression shown in a 
row is falsely detected as another expression in the column. The confusion matrix of 6-class recognition for 
the above said combination is shown in the Table II. It observed that Happiness and Surprise can be 
recognized with high accuracy, while Anger, Fear and Sad are easily confused with others. The confusion 
matrix of 7-class recognition for the above said combination show in the Table III. It is observed that, 
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Surprise, Happy, Neutral and Fear can be recognized with high accuracy, while the recognition rates for 
Anger, Disgust and Sad are less accurate.

TABLE I: RECOGNITION RATE OF OUR APPROACH FOR DIFFERENT   COMBINATIONS ON JAFFE DATABASE

           

 
 
 
 
 
 
 

 

TABLE IV: COMPARISON OF FACIAL EXPRESSION   ECOGNITION  RATE  FOR JAFFE DATABASE

 
 

 

 

 
 
 
The proposed approach is compared with LBP based approach [12] and curvelet based LBP approach [9] and 
the results are shown in Table IV. In all the experiments, Chi-square based nearest neighbour classifier is 
employed. Our approach exhibit 95.56% recognition rate, where as LBP performs 85.57% and curvelet based 
LBP approach yields 93.69%. Therefore, our technique outperforms the LBP and curvelet based LBP 
approach.  

VII. CONCLUSION

We introduced a new method for facial expression representation using combination of curvelet transform 
and CLBP. The facial expression is represented by extracting the features from still images, using the 
curvelet based , which has been evaluated based on face recognition on JAFFE database and 
experimental results show that our technique yields a good recognition rate compared to curvelet based LBP 
and LBP technique. This is due to the fact that, the curvelet transform preserves the edges and other 
variations occurred in the face during expressions. Further, the approximate sub-band represents these 
variations accurately compared to the detailed sub-bands. The CLBP extracts the rotation invariant uniform 
binary patterns, which helps in extracting the rotation invariant uniform features from faces.  
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TABLE II: CONFUSION MATRIX OF 6-CLASS FACIAL EXPRESSION RECOGNITION USING CURVELET BASED ON JAFFE
DATABASE

Expressions Anger % Disgust % Fear % Happy % Sad % Surprise %
Anger 93.33 3.33 3.33 0 0 0

Disgust 3.33 96.67 0 0 0 0

Fear 3.33 0 96.67 0 0 0

Happy 0 0 0 100 0 0

Sad 3.33 6.67 3.33 0 86.67 0

Surprise 0 0 0 0 0 100

Curvelet and combination Recognition Rate (%) 

Curvelet (3,8) + CLBP(8,2) 95.56

Curvelet (3,8) + CLBP(8,1) 90.17

Curvelet (2,8) + CLBP(8,2) 93.25

Curvelet (2,8) + CLBP(8,1) 90.85

Approaches Recognition Rate (%)

LBP [7] 85.57

Curvelet + LBP[9] 93.69

Our Approach 95.56
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Figure 6. Sample facial expression images from the JAFFE database[15]

TABLE III: CONFUSION MATRIX OF 7-CLASS FACIAL EXPRESSION RECOGNITION USING CURVELET BASED ON JAFFE
DATABASE
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