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Abstract: Global features-based methods and local features –based methods have been very successful in face 
recognition system, yet they can be combined together and jointly optimized so as to minimize the error of a 
nearest-neighbor classifier. We consider both descriptor for face images with Local Multiple Pattern, and 
discriminant learning techniques with Exponential Discriminant Analysis. A combination framework based on 
Local Multiple Pattern and Exponential Discriminant Analysis has been proposed in this paper. Firstly, our 
approach encodes the multi-scale face feature by Local Multiple Pattern, and then they have been extended to 
strengthen the discriminative ability by Exponential Discriminant Analysis; Secondly, we suggest to use the 
above feature on different layers independently so that a multiple classifier system can be attained. Using these 
techniques, we obtain the state-of-the-art performance on two public available databases.  
Copyright © 2013 IFSA. 
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1. Introduction 
 

Face recognition has been a hot research topic in 
recent years due to the increasing demands of real-
world applications [1, 2]. Since face recognition 
includes two major components: face representation 
and face matching, two jobs should be taken into 
account. Firstly, the extracted descriptor is required 
to be not only discriminative but also invariant to 
apparent changes and noise. Moreover, the matching 
should be robust to variations from pose, expression, 
and illumination. 

Among the most widely used methods for face 
recognition based on feature extraction can be 
divided into two classes: global features approaches, 
such as Principal Component Analysis (PCA), Linear 
Discriminant Analysis (LDA) [3] and 2D PCA have 
taken into account the whole image; local features 
approaches, such as Local Features Analysis (LFA), 
Gabor wavelet-based features and Local Binary 
Pattern (LBP) [4] consider only the local region 
within the image, so the distributions of faces are less 
affected by various changes. Recently, local binary 
pattern (LBP) is gaining more attention. 
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Ahonen et al. proposed to use the histogram of 
Local Binary Pattern (LBP) to describe the micro-
structures of the face because it is invariant to 
monotonic photometric change and can be efficiently 
extracted. However, the method still suffers two 
drawbacks. On one hand, LBP may not discriminate 
multiple patterns due to its binary patterns only 
comprising of 0s and 1s. In addition, another 
limitation of LBP is its sensitivity to random and 
quantization noise in uniform and near-uniform 
image regions such as the forehead and cheeks. The 
disadvantage of LBP method results from the 
threshold at exactly the value of the central pixel. 
Hence, many methods have been proposed to tackle 
the above problem that exists in LBP. Lastly, Local 
multiple patterns (LMP) [5], a generalization of LBP, 
Local Ternary Patterns (LTP) [6] and Local Multiple 
Layer Contrast Pattern (LMLCP) [7] has been 
proposed. The LMP extends binary patterns to 
multiple patterns, which can preserve more structural 
information, and be more robust to apparent changes 
and noise. However, the LMP method suffers two 
drawbacks. Firstly, the existing encoding method of 
LMP will lead to the enormous dimension as shown 
in Fig. 1. Hence, we adopt a special encoding method 
to deal with the problem. In addition, in order to keep 
the resulting code histogram formative and compact, 
enhance the discriminant ability of the descriptor, we 
apply the discriminant analysis technique to the code 
histogram. 

Linear discriminant analysis (LDA) is well known 
as a powerful tool for discriminant analysis, and the 
LDA-based methods have been used very successful 
in face recognition [8, 9]. LDA constructs a 
discriminant subspace distinguish “optimally” faces 
of different persons. In the case of a small training 
data set, however, LDA seriously suffers from the 
SSS problem. To date, many approaches have been 
proposed to tackle this problem such as PCA+LDA 
(Fisher faces) [10] and NLDA [11]. Recently, an 
exponential discriminant analysis (EDA) [12] 
technique has been presented. Compared with 
PCA+LDA (Fisher faces) and NLDA, EDA can 
extract not only the most discriminant information 
included in the null space of the within-class scatter 
matrix, like NLDA, but also the discriminant 
information included in the non-null space of the 
within-class scatter matrix, like PCA + LDA (Fisher 
faces). Furthermore, the original data can be 
transformed into a new space where LDA criterion is 
applied, the distance diffusion mapping strategy can 
enlarge the margin between different classes so that 
the classification accuracy can be improved by EDA. 
In summary, we consider to fuse the LMP and EDA 
in this paper. 

Using these methods, we obtain a highly 
discriminative and compact face representation. 
Besides the representation, the matching also plays 
an important role. In most practices, the above face 
features are typically fused on the feature layer. 
Further, the policy will weaken the ability of classify 
to various variations from uncontrollable conditions. 

We found that a specific face feature layer 
contributes differently when the illumination 
combinations of input face images are different. 
Based on this observation, we propose a multiple 
classifier method. Specifically, we adopt the feature 
of different layer to recognize respectively and then 
fuse them as the final decision. Combining a 
discriminative multi-scale-based descriptor and a 
multiple classifier method, our combination 
framework achieves the leading performance on both 
ORL and YALE database. 

The rest of this paper is organized as follows: In 
Section 2, we briefly introduce the LMP method and 
its encoding method, and then EDA method is 
analyzed in Section 3. In Section 4, we introduce a 
combination framework with LMP and EDA and 
present the details of the proposed framework. 
Section 5 provides experimental results and 
discussion. Section 6 concludes the paper. 

 
 

2. Local Multiple Pattern 
 
2.1. Review of Local Binary Pattern 
 

The original LBP operator labels the pixels of an 
image by threshold the 3×3-neighborhood of each 
pixel with the center value and considering the result 
as a binary string. After that, the binary string is 
transformed to a decimal label as shown in the 
following equation. 
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where  , ,P RLBP x y  is the decimal label of 

point  ,x y , P is the number of sampling points,  

R is the radius of a circle neighborhood, cg  is the 

gray level of central point  ,x y , ig  is the gray 
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2.2. Review of Local Binary Pattern 
 
LBP’s binary patterns only consider the sign 

(positive or negative) evaluated by i cg g , while 

the contrast information has been ignored. Moreover, 
contrast characteristic is important for recognition by 
humans. So, it is very necessary to introduce contrast 
to features extraction for classification. As a result, 
LMP is adopted in this paper. 

Firstly, the middle patterns between 0 and 1 have 
been added by LMP so that it not only can describe 



Sensors & Transducers, Vol. 153, Issue 6, June 2013, pp. 92-99 

 94 

abundant information than LBP but also can be more 
robust for image analysis, especially, the analysis of 
flat areas. Secondly, providing the nonlinear change 
of contrast value dos not exceed the range of one 
layer, the interference caused by illumination 
variation can be eliminated. Next, we will show how 
the LMP is derived.  

For simplicity, the equidistant dividing model has 
been adopted here. Thmax and Thmin are the maximum 

and minimum values of i cg g  respectively. L  

corresponds to the number of divided patterns, which 
separate the interval [Thmin, Thmax] into L  parts by 

 1L   thresholds by the following formula (3)－

(5). 
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LMP features value of the center pixel cg  can be 

evaluated by the following formula: 
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However, it is obvious that the feature dimension 

expansion of LMP is enormous, so a special coding 
scheme designed has been used here that splits each 

multiple pattern into L parts, subsequently treating 
these as L separate channels of LBP descriptors. An 
illustration of the basic LMP operator is shown in 
Fig. 1, and L has been set 4 here. 

Fig. 2 shows the original images and the 
corresponding local features extracted by LBP 
(second column), LTP (third column), LMP (from 
fourth column to seventh column). As can be seen, 
the proposed LMP method has extracted more 
abundant face information than LBP and LTP method 
from the original images. Furthermore, the face 
space’s scale is getting larger and larger now. In 
order to get a more compact face descriptor and 
further improve the discriminative ability of the 
descriptor, the EDA method has been suggested to 
use. 

 
 

3. Exponential Discriminant Analysis 
 

3.1. Review of Linear Discriminant Analysis 
 
The objective of LDA is to find the most 

discriminant feature of the data, which takes care of 
class information. Furthermore, it aims at 
maximizing the between-class scatter while 
simultaneously minimizing the within-class scatter. 
The criterion function of LDA is given as: 
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w
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The optimal projection matrix W can be attained 
by solving the generalized eigenvalue problem: 
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Fig. 1. Calculating the LMP code. 
 
 

 

 
 

Fig. 2. Original images and the corresponding measures extracted by LBP (second column),  
LTP (third column), LMP (from fourth column to seventh column). 
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3.2. Review of Exponential Discriminant 
Analysis 

 
Recently, an approach to tackle the SSS problem 

coming from the LDA method has been proposed by 
Zhang et al. The idea of the approach is to capture 
linear combination of the mixed central moments 
including second-order mixed central moments so 
that the better representation of data can be attained. 

Suppose a training sample set include C patter 

classes  1 2, , CL L L  and the number of samples 

in class iL  is denoted by iN . The total number of 

training samples is N and then ii
N N . The 

between-class scatter matrix bS and the within-class 

scatter matrix wS can be defined as follows: 
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where m is the average of the total training samples, 

im is average of the training samples of ith class, iX  

is the set of all training samples of ith class. 
Definition 1: Given an arbitrary n-order square 

matrix A, its exponential is defined as follows:  
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In EDA, the input data can be transformed into a 
new space by the exponential of matrix so that it 
enlarges the distance between classes. Moreover, the 
LDA criterion is applied in the transformed space 
resulting in better classification. The criterion of 
EDA is as follows: 
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4. A Combination Framework of LMP  
and EDA Methods 
 
In this section, we propose a combination 

framework of LMP and EDA. First, we intuitively 
illustrate the diversity of LMP method, and then 
present our combination framework.  

LMP extends LBP from binary patterns to 
multiple patterns which will result in a considerable 
problem of feature dimension expansion. 
Furthermore, the LMP features will be sparse and 
weaken the ability of reflecting texture pattern. As a 
result, we adopt a special coding scheme. The 
advantage of the coding scheme is as follows: Firstly, 
it contributes to extract multi-scale LBP feature. The 
LMP features from different layers contain different 

texture information. Fig. 2 shows the different texture 
information using LBP, LTP and LMP. It is observed 
that the texture information of LMP in Fig. 2 is 
distinctly different. Secondly, we find that the feature 
of different layer contributes differently for 
recognition when the face is under uncontrollable 
condition. For example, compared with the features 
of the higher layer, the features of the lower layer are 
more robust to dramatic illumination changes. Based 
on this observation, the LMP face feature on different 
layer will be designed to recognize independently so 
that a multiple classifier system can be attained.  

The LMP face feature can achieve promising 
result because of its strong descriptive ability. But it 
still leaves room for us to improve it. In this paper, 
we advise to use exponential discriminant analysis 
method improve the discriminative ability of the 
LMP descriptor so that the resulting face 
representation is compact, highly discriminative and 
then the individual recognition performance can be 
improved efficiently. Furthermore, only if the 
individual classifiers are effective and diverse, 
combination of classifier would achieve higher 
recognition accuracy than individual classifiers.  

Diversity is a very important and necessary 
characteristic in the design of multiple classifier 
system [13, 14]. The solution takes advantage of the 
fuzzy membership function. It represents the degree 
of being similar to the category instead of YES/NO. 
In the proposed method, Chi square is used as fuzzy 
membership function which shows the degree of 
sample x belongs to class A. Finally, we can attain 
the fuzzy recognition results of different layers. The 
formula is as follows: 
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c
L denotes the degree of the test sample belongs 

to the c-th class co  of face database on the L-th 
layer. Namely, we can obtain a set of fuzzy 
recognition results which represent the degree of the 
testing samples belong to all classes on different 
layers by the above step. Finally, we fuse the 
recognition results on different layer, and then the 
nearest neighbor (NN) distances as classifier has been 
used to make decision. 

In summary, we present a LMP diversity 
matching method based on EDA as shown in Fig. 3. 
The main steps of the combination framework are 
stated as follows: 

Step1: Feature extraction: extract the multiple 
scales LBP feature including LMP1, LMP2, … LMPL 

Step 2: Optimizing feature space: the feature of 
different layer is strengthened the discriminative 
ability by EDA method.  

Step 3: Matching: calculate the distance of feature 
vector on different layers and classify respectively.  
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Step 4: Fusion: the diverse recognition results on 
different layers are fused lastly. 

Step 5: Decision making: the nearest neighbor 
(NN) distances acts as classifier. 
 
 
5. Experimental Results and Discussion 

 
In this section, we evaluate the effectiveness of 

the proposed combination framework by various 
experiments on both ORL and the Yale B database 
and summarize several interesting experiment results. 
It contains three types of experiments. Firstly, we 
compare LMP method with LBP and LTP methods to 

validate its strong descriptive power. Then, we 
provide the comparison of EDA method with the 
competing methods including PCA, LDA and 
PCA+LDA (Fisher faces). Lastly, we validate the 
effectiveness of the combination framework with 
independent LMP and EDA methods. The 
experiment setting is described as follows. For each 
database, we randomly select n samples of each 
individual for training, and use the remaining facial 
images for testing. For LMP, considering the 
spending of time and space, we set L=4. For PCA, 
we reserve 99 % of the principal components for 
recognition. The nearest neighbor (NN) distances as 
classifier has been used in this paper. 

 
 

 

 
 

Fig. 3. Combined framework of LMP and EDA. 
 

 
5.1. Experiments on the ORL Database 

 
In this experiment, we use ORL face database to 

test the performance of the combined framework in 
dealing with small light, expressions, scale and pose 
variation. For the ORL database, a random subset 
with (n = 1, 3, 5, 7) images per subject was taken to 
form the training set, and the rest of the images were 
used as the testing set. The first experiment is devised 
to validate the effectiveness of LMP operator.  
Table 1 shows that the recognition results of different 
methods on different reference sets. As can be seen, 
LMP outperforms LBP and LTP methods on all 
subsets. The recognition accuracy of LMP achieves 
more than 85.49 % recognition rate on average, while 
LBP and LTP methods only reach 82.27 % and  
82.86 % recognition rate respectively. Therefore, 
LMP is an effective method for texture description. 

The second experiment was designed to compare 
EDA with the homologous methods such as PCA, 
LDA, PCA+LDA (Fisher faces). The average 
recognition results are shown in Table 2. As can be 
seen, EDA method significantly outperforms the 

other competitive methods on all the training sets. 
Especially, the LDA and PCA+LDA (Fisher faces) 
fail to wok when the training subset is one image 
with per subject. The reason is that within-class 

scatter matrix wS  becomes a zero matrix while EDA 

can deal with the problem successfully. Therefore, 
the above experiment result validate that EDA is 
effective compared with the other competitive 
methods. 

To evaluate the efficiency of the combination 
framework, we compare the recognition rate of the 
proposed method with the independent LMP method 
and EDA method. The recognition accuracy under 
each reference set is shown in Fig. 4. As can be seen, 
the advised combination framework almost achieves 
to 98 % recognition rates on all reference sets, while 
another competing methods EDA can reach 98 % 
recognition rates when only relative many images are 
selected as reference image, and LMP obtains only 
about 92 % recognition rates in this case. Meanwhile, 
the recognition rates of LMP seriously degrade when 
the number of reference images is small. It is obvious 
that the proposed combination framework is relative 
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robust to the number of reference image, while the 
other competing methods including EDA and LMP 
are sensitive to the number of reference image. 
Furthermore, the advised methods achieve higher 
recognition rates on all subsets than LMP and EDA. 
 
 

Table 1. Performance comparison on ORL database  
when using local features. 

 

 
 
 

Table 2. Performance comparison on ORL database  
when using global features. 

 

 
 
 

 
 

Fig. 4. Performance comparison on ORL database  
using combined framework. 

 
 

5.2. Experiments on the Yale B Database 
 
For the experiments, we chose Yale B database to 

test face recognition algorithms, which contains 
images of 10 individuals in nine poses and 64 
illuminations per pose. In order to validate the 
proposed method is robust to reference image with 
different illumination and pose synchronously, a 
random subset with (n = 1, 3, 5, 7) images per subject 
was taken to form the training set, and the rest of the 
images were used as the testing set. Meanwhile, we 
perform three experiments on this database.  

The first experiment is designed to test LMP is 
insensitive to different illumination and pose than any 
other competitive methods such as LBP and LTP. 
The recognition results are shown in Table 3. As can 
be seen, LMP outperforms LBP and LTP on all 
reference sets methods, which show that LMP is 
more suitable for image analysis, including the 
analysis of image under different illumination and 
pose. 

 
 

Table 3. Performance comparison on Yale B database 
when using local features. 

 

 
 
 

The second one is designed to compare EDA with 
PCA, LDA and PCA+LDA (Fisher faces) methods 
under different illumination and pose. The 
comparison of results is illustrated in Table 4. As 
shown in the results, EDA outperforms PCA, LDA, 
and PCA+LDA (Fisher faces) methods on all subsets. 
As mentioned above, the LDA and PCA+LDA 
(Fisher faces) fail to wok when the training subset is 
one image with per subject again. Therefore, EDA is 
superior to any other competitive methods. 
 
 

Table 4. Performance comparison on Yale B database 
when using global features. 

 

 
 

 
 

Fig. 5. Performance comparison on Yale B database  
using combined framework. 
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In order to further analyze the recognition rates of 
the advised combination framework is robust versus 
different lighting and pose conditions, the third 
experiment has been devised. The recognition 
accuracy under each reference set is shown in Fig. 5. 
As can be seen, the combination framework achieves 
closely to 100 % recognition rates on all reference 
sets, while the other competing method EDA is 
ineffective this time. Furthermore, LMP method can 
reach 100 % recognition rates when only relative 
many images are selected as reference image. Hence, 
the advised combination framework is superior than 
LMP and EDA methods. 
 
 
5.3. Discussion 

 
Several experiments on different databases have 

been performed. It is worthwhile to highlight several 
interesting experimental results of the combination 
framework as follows. 

Firstly, Comparing with Fig. 4 and Fig. 5, the 
experimental results show that LMP outperforms 
EDA when the database includes illumination 
variation, because the local features are more robust 
in uncontrolled environment. Instead, EDA attains 
the higher recognition rate than LMP when the 
database is normal. Furthermore, the advised 
combination framework attains the perfect results on 
two databases. The reason is as follows: the method 
makes good use of the strong descriptive ability of 
LMP, and then the multiple classifier system can 
guarantee the recognition result is diverse. It is the 
most important thing is that the ability of individual 
classifier has been strengthened by EDA. The 
experimental results have justified this point. 

Secondly, as can be seen from Fig. 4 and Fig. 5, 
the proposed combination framework is not only 
robust to the number of reference image but also can 
attain the perfect result on all reference sets. However, 
the LMP and EDA have been affected by the number 
of reference image on two bases. Especially, the 
Phenomena become more evident on YALE B 
database.  

In practical applications, sometimes, there might 
be only a small number of training samples that is 
available for each subject or the training sample is 
under uncontrollable conditions including pose, 
illumination, and expression variation. In this case, 
the EDA and LMP methods will be inefficient, while 
the proposed combination framework can work better. 

 
 

6. Conclusions 
 
In this work, we have built the diversity matching 

scheme by the local multiple pattern, and then EDA 
has been suggested to apply in every LMP feature 
space respectively, which is helpful in improving 
classification accuracy. Two face databases, the ORL 
and the Yale B, are used to evaluate the combination 

framework. Experimental results show our method 
achieves the leading performance on various database 
in recognition accuracy. Furthermore, it is robust to 
the number of reference image. 

In the future, we will continue our work by 
further investigating some related issues such as 
“whether the 3D feature can be combined?” and 
“whether the combined framework is effective to deal 
with the problem of aging?” 
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