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Abstract- Facial expression recognition has received a lot of attention in recent years due to its importance in many 
multimedia and human-computer interaction applications. One of the critical issues for a successful facial expression 
recognition system is to develop a discriminative feature descriptor. In this paper, we present a texture descriptor, Local 
Direction and Transition Pattern, to effectively capture the facial features. The recognition performance of the proposed 
method is evaluated on the Cohn-Kanade facial expression dataset with a support vector machine classifier. Experimental 
results show that the proposed method yields good recognition accuracy than other existing methods. 
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I. INTRODUCTION 
 
Facial expression is a natural means in response to a 
person's internal emotional states, intentions, and 
social communications [1]. Automatic facial 
expression recognition (FER) refers to computer 
systems that attempt to automatically analyze and 
recognize facial expressions from images or videos. 
The impact of FER has been growing in many 
realworld applications, such as human-computer 
interaction, video conference, building surveillance, 
medical care and cure, etc. Even though several 
promising methods have already been proposed, 
achieving high recognition accuracy is still a 
challenge task. Facial feature extraction is most 
crucial to the effect of an FER system, in that only 
precise extraction of a representative feature set can 
greatly improve the performance and effect of the 
classification algorithm. Based on the type of facial 
features used, FER approaches can generally be 
categorized into geometrical feature based methods 
and appearance based methods. The geometrical 
features present the shape and locations of facial 
components (including mouth, eyes, brows, and 
nose). The facial components or facial feature points 
are extracted to form a feature vector that represents 
the face geometry. The appearance features present 
the 
appearance (skin texture) changes of the face, such as 
wrinkles and furrows. The appearance features can be 
extracted on either the whole-face or specific regions 
in a face image [1]. The geometrical feature based 
approaches 
require extra computation to localize different facial 
components before extracting facial features. In 
addition, they usually require accurate and reliable 
facial feature detection and tracking, which are 
difficult to accommodate in many situations. In 
contrast to geometrical features, the appearance based 
methods are simple to implement and work on the 

facial images directly to represent facial textures. The 
local binary patterns (LBP) [2, 3] and Gabor wavelets 
[4, 5] are two representative appearance based 
methods which have been utilized successfully. FER 
is usually formulated as a machine learning problem 
including the extraction of facial features for 
representation followed by classification. An 
adequate facial representation is important for 
effective expression recognition as the classification 
performance is limited by the quality and relevance of 
the features used in the representation. Recently, 
many variants of LBP have been introduced as a 
feature descriptor for facial expression representation 
[6-9]. In this paper, we propose an appearance based 
FER approach, the local direction and transition 
pattern (LDTP), which provides a new way of the 
face representation. The recognition performance of 
our approach is evaluated using the Cohn-Kanade 
(CK) facial expression database with a support vector 
machine (SVM) classifier. Experimental results with 
prototypic expressions are provided to illustrate that 
our method yields improved recognition rate against 
other well-known appearance based feature 
representation methods. The rest of the paper is 
organized as follows. Firstly, the concept of LDTP is 
introduced. Secondly, our proposed approach is 
described in detail. Thirdly, experimental results and 
comparisons with other methods are presented. 
Finally, a conclusion is given. 
 
II. THE PROPOSED APPROACH 
 
2.1. Local Direction and Transition Pattern 
Local pattern features (such as LBP and its different 
variants) play an important role in various 
applications of computer vision, especially in the 
facial image analysis task. The basic concept behind 
these local pattern features is that the pixels of an 
image are labeled by considering the properties of the 
neighborhood surrounding each pixel. In this study, 
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we propose a novel local texture descriptor, LDTP, to 
extract the specific structure in the facial image. 
The LDTP descriptor is an eight bit binary code 
assigned to each pixel of an image. For a 3  3 
neighborhood of a pixel, the code consists of two 
parts. Referring to Figure 1, given a central pixel pc 
and its neighbors pi, i = 1, …, 8, we can calculate the 
intensity difference between pc and its four-
connected components; that is, only the north, south, 
east, and west neighbors of the central pixel are 
considered, to form a part of the LDTP code. In 
addition, the 
intensity difference between the north and northwest, 
the west and southwest, the south and southeast, as 
well as the east and northeast are form another part of 
the LDTP code. 
 
The LDTP value is derived by 
 

 

 
 
where gc is the gray value of the central pixel pc, gi 
denotes the gray value of the pixel pi, and Th is a 
threshold specified by the user. 
 

 
Fig. 1. The local direction and transition pattern. 

 
2.2. Feature Representation using LDTP 
The combination of local structure information and 
spatial relationships provides a better facial feature 
representation and describes the image content more 
accurately [10]. Therefore, in order to capture the 
local information of the micro-patterns in the face 
image, the facial image is divided into M small non-
overlapping regions {R1, R2, ..., RM}, where each 
region has the same size commonly. There are two 
steps to represent the face using the proposed texture 
descriptors. First, the histogram of LDTP within each 
region are independently generated, respectively. 
Second, the LDTP histograms extracted from each 
region are then combined yielding a single enhanced 
histogram. Finally, the enhanced histogram is used as 
the facial feature vector to represent the 
global description of the face. Figure 2 illustrates the 
proposed feature extraction framework. 

 
Fig. 2. The proposed facial features extraction framework. 

 
2.3. FER with SVM 
After feature extraction, the next task is to classify the 
different input patterns into distinct defined classes 
with a proper classifier. In the study of facial 
expression recognition, a comparative analysis of 
four machine learning techniques are examined, and 
SVM performed the best [3]. According, we also 
consider the SVM to verify the 
effectiveness of the proposed approach. SVM is a 
very popular technique for data classification in the 
machine learning community. The concepts of it are 
Statistical Learning Theory and Structural 
Minimization Principle [11]. SVM has been shown to 
be very effective because it has the ability to look for 
a hyperplane meet for the requirement of 
classification, which is a best support vector to 
distinguish two different classes, under the condition 
of limited information based on small samples. 
Given a set of training samples X = (xi, yi), where xi 
 Rm, and yi {+1, 1} is the corresponding 
output for the ith tranning sample. The output of a 
linear SVM is 

 
where y is the result of classification, w is the normal 
weight vector corresponding to those in the feature 
vector x, and b is the bias parameter in the SVM 
model that determined by the training process. 
Maximizing the margin can be achieved through the 
following optimization problem: 

 
More and more researchers pay attention to 
SVMbased classifiers for the facial image analysis 
task, since their demonstrated robustness and ability 
to handle large feature spaces makes them 
particularly attractive for this work. In our work, we 
used the SVM implementation in the public available 
library LIBSVM [12] in all experiments. 
 
III. RESULTS AND DISCUSSION 
 
To evaluate the performance of our approach, we 
performed 10-fold cross validation on the wellknown 
Cohn-Kanade (CK) facial expression database [13]. 
The database consists of 100 university students aged 
from 18 to 30 years, of which 65% were female, 15% 
were African-American, and 3% were Asian or 
Latino. Subjects were instructed to perform a series 
of 23 facial displays, six of which were based on 
description of prototypic emotions. 
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As in [3], we select 320 image sequences from the 
CK database for our experiments. The sequences 
come from 96 subjects, with 1-6 emotions per 
subject. For each sequence, the neutral face and three 
peak frames were used for prototypic expression 
recognition, resulting in 1280 images (108 Anger, 
120 Disgust, 99 Fear, 282 Happiness, 126 Sadness, 
225 Surprise, and 320 Neutral). In our approach, the 
threshold value (Th) and the block number are two 
important factors that influence the recognition 
quality. In this experiment, we show that the 
appropriate experiment setups are necessary to obtain 
better recognition rate. The results are presented in 
Table 1. It can be seen that if the 
threshold value is fixed, the recognition rate is 
improved as the block number are increased. 
Theoretically, more blocks considered should provide 
more texture information; however, as the number of 
blocks increased, the computation effort should be 
increased. From our observation, in order to satisfy 
both recognition accuracy and computation effort 
requirements, the threshold value is 3 and 6 × 6 
blocks are the appropriate parameter values to 
provide better recognition performance. 
 

Table 1. Recognition rate (%) with different threshold values 
and number of blocks 

 
 

The confusion matrix of 6-class recognition is shown 
in Table 2. It is observed that, Anger, Fear, 
Happiness, Sadness, and Surprise can be recognized 
with high accuracy (95-100%), while the recognition 
rate for Disgust is much lower. The confusion matrix 
of 7-class recognition is shown in Table 3. It can be 
found that as we include the neutral expression in the 
7-class recognition problem, the accuracy of Sadness 
lightly decreases because some samples are confused 
with the neutral expression. 
 

Table 2. Confusion matrix of 6-class FER 

 
(AN: Anger, DI: Disgust, FE: Fear, HA: Happiness, 
SA: Sadness, SU: Surprise) 

Table 3. Confusion matrix of 7-class FER 

 
(AN: Anger, DI: Disgust, FE: Fear, HA: Happiness, 
SA: Sadness, SU: Surprise, NE: Neutral) 
 
In order to justify our approach, we also implement 
some other appearance based feature descriptors, 
namely LBP [3], LDP [6], LMP [8], CLBP [9], and 
hybrid MBP and LSDP [14], to compare the 
performance. These methods are almost based on 
LBP or its variants. Although we cannot make a 
direct comparison due to different experiment 
setups and preprocessing procedures, comparison in 
Table 4 indicates that our approach provides better 
recognition rate than any other aforementioned 
feature descriptors for both the 6-class and 7-classs 
expression datasets. Therefore, it can be said that the 
proposed approach based on LDTP provides an 
effective way for facial expression recognition. 
 

Table 4. Comparison with the state-of-the-art methods 

 
 
CONCLUSIONS 
 
In this paper, we proposed a novel facial expression 
recognition method based on the LDTP descriptor. 
The proposed method fully utilizes the facial textures 
and thus provides increased robustness in many 
situations. Experimental results show that the 
proposed method provides an effective way for facial 
feature representation with high discriminative 
ability, which can promote the performance of facial 
expression recognition inherently. Further work of 
considering more facial textures in the proposed 
approach is in progress. 
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