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Abstract: Feature extraction is a key part of facial expression recognition. As the local 

direction pattern (LDP) has good robustness to noise, it is often used in texture feature 

extraction of face region. LDP does not encode the central pixel to cause important 

information to be lost, thus this paper proposes a new feature descriptor called eLDP 

(extended local direction pattern) for feature extraction. First, the mean value of the 

eight directional edge response values and the gray value of center pixel is calculated. 

Second, the mean value is taken as the threshold. Then, the expression image is 

encoded using nine encoded values. In order to reduce redundant information and get 

more effective information, PCA is used dimensionality reduction. Finally, facial 

expression recognition using support vector machine, experiments on the JAFFE 

database show that this method not only shortens the operation time of feature 

extraction, but also improves the recognition rate compared with the feature extraction 

algorithm with good performance in recent years 
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1. Introduction 

Facial expression recognition plays an important role in research of human-computer 

interaction, computer vision, human psychology and emotion simulation [1]. Extracting 

an effective facial representation from human face images is a vital component of any 

successful facial expression recognition system. Recognition performance is heavily 

influenced by the information contained in the expression representations [2]. The 

methods of facial expression feature extraction are broadly divided into two types: 

global feature extraction and local texture feature extraction. Compared with global 

feature extraction, local feature extraction is more robust to the changes of illumination 

and posture. LBP is a commonly used method for local feature extraction, which is 
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computationally efficient and robust to monotonic illumination changes, but the LBP 

operator produces very long histograms and thus in the case of a region descriptor, it 

is very difficult to use. To overcome this problem, CS-LBP [3] has been introduced 

which produces very small and compact binary patterns. Then Taylor feature pattern 

(TFP) [4] based on the LBP and Taylor expansion has been presented to obtain an 

effective facial feature from the Taylor feature map. A more robust facial descriptor, 

named as Local Directional Pattern (LDP) [5], has been devised by Jabid et al., where 

the LDP representation of face demonstrated better recognition performance than LBP. 

In order to further improve the LDP operator and obtain better recognition 

performance, Local Directional Texture Pattern (LDTP) [6] and Dimensionality reduced 

local directional pattern (DR-LDP)[7] have been introduced. Local Directional Ternary 

Pattern [8] has been devised which efficiently encodes information of emotion-related 

features by using the directional information and ternary pattern. However, the above 

improved methods ignored the importance of central pixels to image texture features, 

which affects the recognition rate. 

This paper proposes a eLDP feature extraction method, which encodes the central pixel 

and increases the difference of various expressions to classify and recognize. In order 

to further reduce the characteristic dimension of eLDP and improve the recognition rate, 

the principal component analysis (PCA) method [9] is used to reduce the 

dimensionality of eLDP descriptors. Experimental results show that compared with the 

current feature extraction algorithm, the proposed method greatly shortens the feature 

extraction time and improves the recognition rate. 

 

2. Extended Local Directional Pattern (eLDP) 

2.1 Local Directional Pattern (LDP) 

A LDP operator computes the edge response values in all eight directions at each pixel 

position and generates a code from the relative strength magnitude. Given a central 

pixel in the image, the eight directional edge response values {mi}, i= 0,1,...,7are 

computed by Kirsch masks M𝑖[10] in eight different orientations centered on its 

position. 

The response values are not equally important in all directions. The presence of a 

corner or edge causes high response values in some particular directions. Here, the top 

k directional bit responses, bi, are set to 1. The remaining (8-k) bits of the 8 bit LDP 

pattern are set to 0. The best recognition rate is achieved when k=3 [5]. Fig. 1 shows 

the mask response and LDP bit positions, and Fig. 2 shows an exemplary LDP code with 

k=3. 

http://xueshu.baidu.com/s?wd=paperuri%3A%28298a17fd4cdcb323cc274243a9fb7050%29&filter=sc_long_sign&tn=SE_xueshusource_2kduw22v&sc_vurl=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2FS0957417416303128&ie=utf-8&sc_us=18018933481477235698
http://xueshu.baidu.com/s?wd=paperuri%3A%28298a17fd4cdcb323cc274243a9fb7050%29&filter=sc_long_sign&tn=SE_xueshusource_2kduw22v&sc_vurl=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2FS0957417416303128&ie=utf-8&sc_us=18018933481477235698
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Fig. 1 (a) Eight directional edge response positions, (b) LDP binary bit positions 
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Fig. 2 LDP code with k =3 

 

2.2 Extended Local Directional Pattern (eLDP) 

The central pixel provides more information than its neighborhood under some certain 

circumstances. Though LDP features have great discriminative power, LDP ignores the 

importance of central pixels to image texture features, which may lead to the loss of 

important information. In view of the above problems, this paper proposes the eLDP 

operator which adds encoding to the central pixel. 

In order to encode the central pixel, the mean value of the 3 ×  3 region including the 

central pixel is obtained by using the equation (1) after calculating the eight directional 

edge response values. And then, the mean value is taken as the threshold, and we set 

values of the top threshold to 1, and set the other (9–k) values to 0. Finally, the eLDP 

code is derived using the equation (2): 
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Where mi is edge response values, mc is the gray value of center pixel, and m is the 

mean value of the 3 ×  3 region. Fig. 3 shows a eLDP code. The process of encoding one 

pixel of the image by using eLDP operator is shown in Fig. 4. 
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Fig. 3 eLDP code 
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Fig. 4 Encoding process of eLDP 

 

The eLDP code of each pixel (x, y) produces the corresponding eLDP coding pattern 

according to the original coordinate. After computing the eLDP code, the input image I 

of size M×N is represented by a eLDP histogram HeLDP using (3). The resultant 

histogram HeLDP is the eLDP descriptor of that image.   

1 1

1,
( ) ( ( , ), ) , ( , )

0,

M N

eLDP

x y

a i
H i f eLDP x y i f a i

a i 


  


                                                     (3) 

Where i is the eLDP code value. Fig. 5 shows the eLDP expression feature extraction 

process: 

 

eLDP eLDP histogram

 

Fig. 5 The eLDP expression feature extraction process 

 
Although eLDP effectively extracts the expression feature information, its feature 

extraction speed is slower and the feature dimension is higher than other local texture 

feature extraction algorithm. Therefore, in order to solve the above problems, the 

following research is performed in this paper. 

 

3. Fusion of eLDP and PCA for feature extraction 

PCA method is a commonly used global feature extraction algorithm, which can 

effectively reduce the feature dimension while extracting global features [11]. eLDP is 

a local feature extraction method, and its feature dimension is too high. The fusion of 

PCA and eLDP for facial expression feature extraction can not only obtain the global 

and local feature information of facial expression, which is beneficial to improve the 

recognition rate, but also can further reduce the feature dimension, which is helpful to 

shorten the calculation time. 
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Fig. 6 face expression feature extraction process of fusion PCA and eLDP 

 

The implementation process of facial expression feature extraction method that 

combines PCA and eLDP is shown in FIG. 6 . Firstly, the local feature information of the 

facial expression image is extracted by eLDP; then, the features of the original 

expression image and the eLDP feature image are extracted and fused by the PCA, and 

finally the feature information of the facial expression image is obtained. 

 

4. Experiment and analysis 

Support Vector Machine (SVM) [12] is a good machine learning method that provides 

good classification accuracy in pattern recognition. Therefore, we use SVM to classify 

facial expressions. 

Most facial expression recognition systems are dedicated to identifying a set of basic 

emotional expressions such as anger, disgust, fear, happiness, sadness and surprises 

[13]. These 6 types of expressions can also be extended to 7 types of expressions by 

including neutral expressions [14]. This paper mainly studies the recognition of 6 types 

and 7 types of basic expressions. In order to verify the effectiveness of the proposed 

algorithm, two kinds of experiments are carried out in this thesis: the first is the 

contrast ratio experiment, and the second is the time contrast experiment [15]. All 

experiments were conducted using Matlab r2012a on Intel Core i3-3220 CPU @ 3.30 

GHz, 4.00GB RAM, Microsoft Windows 7 platform. 

The JAFFE facial expression database is a basic expression database established by 

ATR in Japan for the study of expression recognition [16]. In the preprocessing stage, 

all the images are uniformly normalized to 150× 110 pixels. FIG. 7 shows an example of 

preprocessed images. Then use the block method described in section 2.2 to divide the 

normalized image into 7× 6 blocks for feature extraction. 

 

 

Fig. 7 Example of face expression image in JAFFE facial expression bank 

(Expressions are anger, disgust, fear, happiness, sadness, surprise and neutrality) 
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In the experiment, the face expression images in the JAFFE face expression bank were 

extracted using the LDP [3], LDTP [4], DR-LDP [5], and the eLDP and fusion PCA and 

eLDP feature extraction methods described herein. Expression features, then use SVM 

for classification recognition. A 10-fold cross-validation method [17] was used to 

calculate the average recognition rate and the standard deviation. The obtained 

experimental results of eLDP are shown in Table 1. From Table 1, it can be seen that 

compared with other algorithms, eLDP shortens the recognition time, but the 

recognition rate is almost the same as that of LDP. However, the method of merging 

PCA and eLDP is 6.93 ms longer than that of eLDP, but it is still far. Less than the 

identification time of other algorithms, the recognition rate has also been greatly 

improved. Experiments show that the method proposed in this paper can not only 

improve the recognition rate of facial expression recognition, but also can greatly 

shorten the operation time of expression feature extraction and further improve the 

recognition rate. 

 

Table 1 Recognition Results of JAFFE Database 

Method 6-class (%) 7-class (%) Time(ms) 

LDTP 91.2 88.4 103.36 
DR-LDP 92.4 90.7 95.33 

LDP 90.1 86.4 88.79 
eLDP 90.2 87.3 57.65 

PCA+eLDP 94.5 91.7 64.58 

In order to better understand the recognition rate of a single expression type, JAFFE's 

6-type expressions and 7-type expressions were extracted using the method described 

in this article. Then the SVM was used for classification and recognition. The 

recognition results are shown in Table 2 and Table 3. It can be seen that in the six types 

of facial expression recognition, the recognition rate of happiness is the highest, and 

the recognition rate of disgust is relatively low; in the seven types of facial expression 

recognition, the recognition rate of happiness is the highest, and the recognition rate of 

fear and sadness is low. Due to the addition of neutral expressions, some expressions 

and neutral expressions are confused, resulting in a decrease in the other six 

expression recognition rates. 

 

Table 2 CM of 6-class facial expression recognition using SVM 

(%) Anger Disgust Fear Joy Sadness Surprise 

Anger 94.8 5.2     

Disgust 2.6 92.0   5.5  

Fear   93.5 1.7  4.8 

Joy    100   

Sadness  7.6   92.4  

Surprise   3.7   96.3 
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Table 3 CM of 7-class facial expression recognition using SVM 

(%) Anger Disgust Fear Joy Sadness Surprise Neutral 

Anger 93.9 6.1      

Disgust 3.5 90.1 4.6  1.8   

Fear  1.7 89.2  3.6  5.5 

Joy    95.4   4.6 

Sadness 2.1 5.8   88.2  3.9 

Surprise   2.7   92.8 4.5 

Neutral 2.9   3.4  2.1 91.6 

 

4. Conclusion 

Aiming at the problem of high time consumption of LDP algorithm, this paper proposes 

an improved algorithm—eLDP. At the same time, it proposes an algorithm for feature 

extraction of eLDP and PCA in order to reduce feature dimensions and improve 

recognition rate. This method not only solves the problem that LDP extracts the slow 

expression feature, but also improves the recognition rate compared with several 

feature extraction methods with better effect. Experiments on the JAFFE facial 

expression database verify the effectiveness and superiority of the method in 

processing speed and recognition rate. The most obvious changes in facial expression 

are eyebrows, eyes, and mouth regions. Therefore, in the subsequent consideration of 

extracting expression features, the characteristics of these three regions will be 

enhanced to further improve the recognition rate of facial expression recognition. 
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