
International Journal of Engineering Science and Computing, May 2017         10909                                                                  http://ijesc.org/ 

          
ISSN XXXX XXXX © 2017 IJESC                                                                                                   

                                                       
 

 

Dual-Tree Complex Wavelets Transform Based Facial Expression 

Recognition using Principal Component Analysis (PCA) and Local 

Binary Pattern(LBP) 
Fahad Abdu Jibrin

1
, Abubakar Sadiq Muhammad

2
 

Department of Electrical Engineering
1
, Department of Computer Engineering

2
  

School of Technology, Kano State Polytechnic, Nigeria 

 

Abstract: 

This paper presents a Facial Expression Recognition (FER) Approach using the popular Dual-Tree Complex wavelets Transform 

(DT-CWT). DT-CWT was first used as the feature extraction algorithm to extract the discriminant features from the used 

database. Principal Component Analysis (PCA) and Local Binary Pattern (LBP) were later used to reduce the size of the huge 

feature vector. K- Nearest Neighbor (KNN) was used for expression categorization into one of the pre-defined basic 

expressions.Experiments were carried out on Cohn-Kanade (CK) database. All the experiments were conducted under the same 

set-up. Results obtained shows that DT-CWT+LBP has the better performance with an averaged recognition rate of 96% and 94% 

at 3 and 4 scales respectively. 
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I. INTRODUCTION 

 

Facial Expressions (FE) plays an essential role in expressing 

human emotions and they are effective for nonverbal 

communication between people. It is a dream for many 

scientists to make computers and robots show emotions. The 

Facial expressions are the facial changes of individual’s 

mental state and intentions [1]. Paul Ekman (1971) specified a 

set of six basic emotions anger, disgust, fear, happy, sad and 

surprise which are universal and correlated with muscular 

patterns in all cultures [2]. Since FER is newly emerging field 

and has many applications due to its popularity, much research 

has been done on this topic [1],[3] ,[4].Most of the researches 

on FER systems have many components which are connected 

to each other depending on the task at hand. These 

components can be listed as Image Acquisition, Image Pre-

processing, Facial Feature Extraction and Classification into 

one of the pre-defined emotions.  In 1978  Paul Ekman et al. 

proposed Facial Action Coding System (FACs) which is later 

revised in 2002 [5]. FACS is a system that classifies human 

facial gestures into Action units according to the facial muscle 

that cause them. FACs comprises of forty four (44) Action 

Units (AUs) which are associated to contraction of particular 

set of facial muscles. Thirty (30) AUs are anatomically related 

to the contraction of specific facial muscles. While twelve (12) 

are for the upper face and eighteen (18) are for the lower face. 

Action units can occur either single or in combination [6].  

 

II. PROBLEM STATEMENT 

 

   In the last thirty years, the FER field has grown rapidly. 

Several numbers of algorithms have been introduced and 

improved to reduce the gap between human and computers in 

accuracy of FER. Presently, Wavelet Transform algorithms 

such as Discrete Wavelet Transform (DWT), Gabor Wavelet 

Transform (GWT) and Dual tree Complex Wavelet Transform 

(DT-CWT) have been commonly used for feature extraction 

due to their multi-scale and multi-directional properties. Both 

of them can demonstrate suitable characteristic of directional 

selectivity and spatial locality and utilize all the information in 

space and frequency domain. They also have the advantage of 

eliminating the effect of non-uniform illumination in a face 

image. The DWT is a very famous algorithm for feature 

extraction. The features are extracted along three different 

directions namely; Horizontal, Vertical and Diagonal [7][8]. 

However, it has some drawbacks such as poor directional 

selectivity, sensitivity to shift variance and the lack of phase 

information. GWT have been extensively used in the field of 

image processing and computer vision applications. The 

Gabor wavelet filter is an essential tool used to capture and 

extract local features both in spatial and frequency domain 

aligned at particular orientations [9],[10]. Yet, it has some 

disadvantages such as computational complexity and large 

memory requirement to store the huge Gabor wavelet feature 

extracted. The popularly known Dual-Tree Complex Wavelet 

Transform (DT-CWT) introduced by Kingsbury [11], has 

similar shapes to Gabor wavelet kernels and provides good 

directional selectivity in six different fixed orientations at 

different scales. Furthermore, the DT-CWT has some added 

advantage such as limited redundancy for image and is much 

computationally faster than Gabor wavelets, hence serve as a 

perfect replacement for Gabor wavelet filter. Thus, with DT-

CWT we can get a comparable performance for FER with less 

computational complexity. Eleyan et al. [12], applied DT-

CWT and Principal Component Analysis ( PCA) to enhance 

the face recognition performance, so also in [13] DT-CWT 

was used for face recognition. Sun et al. [14] used DT-CWT 

for face detection using spectral histogram.Y. Wang in [15], 

investigated the application of the DT-CWT based on local 

binary pattern weighted histogram method for palmprint 

recognition.  In [16] DT-CWT and Support Vector Machine 

(SVM) was used for image Denoising. Moreover DT-CWT 

was also used in [17] with SVM for pattern recognition.  In 

[18],[19],[20] DT-CWT were used as feature extraction 
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algorithm for facial expression recognition. The rest of the 

paper is organized as follows. Section 3 and 4 briefly give an 

overview of Dual-Tree Complex Wavelets Transform filter 

and Dimensionality Reduction Algorithms (i.e. LBP, PCA) 

respectively. Section 5 describes the proposed method and 

section 6discusses the simulation results. The conclusion of 

the paper is given in section 7. 

 

III. DUAL-TREE COMPLEX WAVELETS 

TRANSFORM (DT-CWT) 

 

The DT-CWT introduced by Kingsbury [11],[21],[22] possess 

similar shapes to Gabor Wavelets Transform. As shown in 

Figure1, the DT-CWT contains two trees of real filters, tree a 

and tree b, which give the real and imaginary parts of the 

complex coefficients. 
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Fıgure.1. Dual-Tree Complex Wavelet Transform [11]. 

 

The DT-CWT filters used are designed to give perfect 

reconstruction at every level. The transform has the ability to 

differentiate positive and negative frequencies and produces 

six sub-bands strongly oriented in 15 , 45 75and    
as 

shown in Figure1, which is same with Gabor transform of 

directional selectivity property. However unlike Gabor 

wavelet transform where the sub-band can be computed in any 

direction, here the directions are fixed. The DT-CWT 

expansion of an image ( )f x


is given by: 

 

Where: 15 , 45 75i and     
. The sacling function 

,oj k and the wavelet function ,

i

j k are complex. ( , )oW j k

indicate the scaling coefficients and ( , )W j k are wavelet 

coefficients of the transform. Hence six sub-bands are 

obtained corresponding to 15 , 45 75and    
. 

IV. Dimensionality Reduction Algorithm 

A. Principal Component Analysis 

Principal Component Analysis is one of the standard methods 

used in signal processing and pattern recognition applications 

for feature extractions and data dimensionality reduction. 

Since the pattern in data may be difficult to find especially in 

data of high dimension, and the pattern often contain 

redundant information. Therefore PCA can be thought as a 

way of recognizing patterns in data, and expressing the data in 

such a way as to emphasize their similarities and differences, 

while preserving most of the essential information contain in 

the data. It finds the orthogonal basis for data, sorts dimension 

in order of importance and discards low significance 

dimensions [23]. The main purpose of PCA is to reduce the 

dimensionality of the raw data while retaining as much as 

possible the variation present in the data set. 

 

B. Local Binary Pattern 

The local binary pattern operator is an effective means of 

texture description. The original LBP operator introduced by 

Ojalaet al. [24], labels the pixels of an image by thresholding a 

3 3 neighborhood of each pixel with center value and 

considering the resulting as a binary number with the 256-bin 

histogram of the labels computed over a region is used as a 

texture descriptor. An example of the basic LBP operator is 

shown in Figure 2. 
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Figure. 2. Example of Basic LBP Operator. 

 

V. PROPOSED METHOD 

 

The proposed approach includes different modules as shown 

in the Flowchart below. 

Feature Extraction
(DT-CWT)

Dimensionality Reduction

(PCA/LBP)

Classifier
(KNN )

Decision

Input Image

 
The FE database used is the Cohn-Kanade (CK) database. All 

the images were categorized into training and testing sets.The 

images in CK database are originally of size 640×490, As such 

they were cropped and resized to an appropriate dimension of 

256×256 before decomposed using DT-CWT into 3 and 4 

scales to extract the discriminant features and obtained the 

wavelet sub-bands along its fixed orientations. The sub-bands 

at each scale obtained were then concatenated to form a long 

feature vector. The size of the vector is later reduced using 

PCA and LBP then the classification was carried out using K- 

Nearest Neighbor (KNN). Cohn-Kanade (CK) database [25] 

contains 486 image sequences posed across 97 subjects. Each 

of the sequence contains images from onset (neutral frame) to 

peak expression (last frame) and has a resolution of 640 490  

pixels. The images consist of 12-16 frames. The ages of the 

subjects ranged from 18-30 years of which 65% were female 

and 35% were male. The distribution of the ethnic group is 

81% are Euro-American, 13% Afro-American and 6% others. 
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The facial expression of each subject represented six basic 

expressions, anger, disgust, fear, happy, sad, and surprise, as 

well as the neutral expression. Some subjects do not have 

image sequences corresponding to all of the six basic 

expressions and in some cases, only one image sequence per 

expression was available. Figure 3 below shows an example of 

images sequence in Cohn-Kanade database. 

 

Figure.3.An Example of Images from Cohn-Kanade 

Database. 
 

VI. SIMULATION RESULTS AND DISCUSSIONS 

 

The simulation of the proposed approach was implemented in 

Matlab environment using CK database. In our experimental 

setting, we first extract the feature vector representation with 

DT-CWT using samples from the used database. In order to 

compare the recognition rates performance we obtained      

DT-CWT, DT-CWT+PCA and DT-CWT+LBP feature 

representations. Lastly, we classify the salient feature 

extracted using KNN classifier withL2distancemetric measure. 

We categorized the images In CK database into training and 

testing sets thus, 21subjects with total number of 558 images 

containing all expression were used with four images per 

subject. Here three images from each subject per expression 

was used for training, thus, 441 (75%) images, while one 

image from each subject per expression was used for testing, 

which gives a total of 147 (25%) data set. A uniform LBP was 

used in which each image is divided into region of 8 8 , a 

radius of 1 was used with 8 samples within each radius.The 

result of the recognition rates (RR) obtained are given in tables 

1, 2 and 3 for DT-CWT, DT-CWT+PCA and DTCW+LBP 

respectively.From the result shown below it reveals that, the 

performances of DT-CWT +LBP was the best recognition rate 

obtained with an averaged recognition of 96% and 94% at 3 

and 4 scales respectively. Nevertheless the rest of the 

algorithms demonstrate good performance as well when 

compared with some of the previous work reviewed.  

 

Table. 1. Recognition Rates of DT-CWT. 

 

Expression 

DT-CWT 

3 Scales 4 Scales 

Angry 86 86 

Disgust 96 91 

Fear 95 86 

Happy 100 92 

Neutral 95 95 

Sad 95 100 

Surprise 96 91 

Average 95% 92% 

Table. 2. Recognition Rates of DT-CWT+PCA. 

 

Expression 

DT-CWT+PCA 

3 Scales 4 Scales 

Angry 95 81 

Disgust 91 95 

Fear 95 91 

Happy 95 77 

Neutral 84 90 

Sad 91 95 

Surprise 100 100 

Average 93% 90% 

 

Table. 3.Recognition Rates of DT-CWT+LBP. 

 

Expression 

DT-CWT+LBP 

3 Scales 4 Scales 

Angry 97 100 

Disgust 95 90 

Fear 94 85 

Happy 100 96 

Neutral 91 100 

Sad 92 95 

Surprise 100 92 

Average 96% 94% 

 

To have a better visual understanding of the results obtained 

figure 4 and 5 shows the overall results of DT-CWT, DT-

CWT+PCA and DT-CWT+LBP at 3 and 4 scales respectively. 

 

 
Figure.4. Recognition Rate of DT-CWT, DT-CWT+PCA 

and DT-CWT+LBP at 3 scales. 

 

 
Figure.5. Recognition Rate of DT-CWT, DT-CWT+PCA 

and DT-CWT+LBP at 4 scales 
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VII. CONCLUSION 

 

DT-CWT was used as feature extraction algorithm for Facial 

Expression Recognition. PCA and LBP were used as the 

dimensionality reduction algorithms conducted on CK 

database. Results obtained from all experiments conducted 

shows that DTCW-+LBP has outperformed DT-CWT alone 

and DTCWT+PCA with an averaged recognition rate of 96% 

and 94% at 3 and 4 scales respectively.Furthermore, the 

results obtained reveals that apart from reducing the size of the 

feature vector with PCA and LBP algorithms, the performance 

also increases.  
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