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Abstract: In this paper, we put forward a patched locality preserving projection algorithm for human facial 
expression recognition. Different from traditional approaches that partition all facial images of different classes 
into sub-images, the patched locality preserving projection first partitions the same class images into different 
patches, and then construct the feature subspace from the same location patches, and finally applied locality 
preserving projection algorithm to project the feature subspaces into low dimension spaces. The experimental 
results on JAFFE and Ekman facial database show that the proposed method is effective and improve the facial 
expression recognition performance. Copyright © 2013 IFSA. 
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1. Introduction 
 

The recognition of human’s emotion from facial 
expression images has become one of the most 
popular research topics in computer vision and 
pattern recognition [1]. The study of the facial 
expression dates back to the 19th century, Darwin 
researched the expression of emotions in his 1872 
work [2]. Because of its importance to the study of 
emotion, a number of emotion theories have been 
developed. A commonly used facial expression 
recognition approach is to categorize each given 
facial images into the basic expression types, e.g., 
happy, sad, disgust, surprise, fear and angry, defined 
by Ekman and Friesen [3]. Modern facial expression 
recognition approaches generally fall into two 
categories: holistic matching methods and local 
matching methods. Holistic matching approaches use 
the whole face region as the input to a recognition 

system, e.g., PCA, LDA, and LPP [4]. The general 
idea of local matching methods is to first locate 
several facial features, and then classify the faces by 
comparing and combining the corresponding local 
statistics. As the patch-based facial expression 
recognition approaches can describe the local 
features of data well and have more stable application 
performance, and they have seen greater 
development. Hsieh and Tung [5] propose to use the 
local structure features of human face images to 
combine the sub-pattern thought with the vertical 
center principal component analysis and the 
horizontal center principal component analysis 
respectively. Kadappagari and Atul [6] give sufficient 
consideration to the global and local features of 
image data and combines PCA with Sub-PCA 
through cross sub-pattern analysis, which reduces 
time complexity and avoids overlapping sub-patterns. 
Nanni and Maio [7] put forward a weighted sub-

Article number P_1680



Sensors & Transducers, Vol. 161, Issue 12, December 2013, pp. 47-52 

 48 

pattern Gabor projection, first partitioning all images 
into sub-images, then implements a series of Gabor 
feature extraction and K-L transform operation to 
obtain feature spaces and training classifiers. The 
sub-pattern thought has also been of great help in 
manifold learning. Researches show the sub-pattern 
based manifold learning approach can describe the 
nonlinear manifold structure inside the data more 
accurately. In SPP [8], it is thought that sub-patterns 
are not independent of but correlative of each other. 
This approach finally obtains a unified low-
dimension sub-space by training different sub-
patches. SpLPP [9], combining the sub-pattern 
thought with LPP, partitions the images into non-
overlapping sub-patterns and implements dimension 
reduction for each sub-pattern. This approach can 
effectively preserve local information structure and 
nonlinear manifold structure but the defect is that it 
ignores the difference in the contribution each sub-
pattern makes to image recognition. Therefore, [10] 
puts forward Aw-SPLPP, which assigns different 
weights to each sub-patches on the basis of SpLPP, 
which is to differentiate the contributions different 
sub-patches make to image recognition and increase 
the robustness of the algorithm.  

Though some sub-pattern based manifold learning 
approaches preserve local information feature and 
local manifold structure well and have shown great 
effects in pattern classification, most of these 
approaches assume that all images are located in a 
unified manifold. Actually, images of different 
classes have their own unique sub-manifolds. 
Therefore, this paper puts forward a patched locality 
preserving projections (PLPP). The PLPP approach 
first partitions the same class images into different 
image patches, uses the same location patches to 
form a feature subspace, and then applies LPP to 
learn the manifold structure of each feature subspace. 
Experimental results show that patched locality 
preserving projection preserves the manifold and 
local information well and improves the  
recognition performance. 
 
 

2. Facial Expression Recognition Using 
Patched Locality Preserving Projection  

 

2.1. Patch-Based Manifold 
 

Human facial images contain a great amount of 
information and the relations between them are 
complicated. Therefore, to effectively extract image 
features can reduce the complexity of the 
information, obtain useful information and increase 
facial expression recognition efficiency. Though 
some linear mapping methods such as PCA are able 
to implement feature extraction and dimension 
reduction, they can only solve linear feature 
extraction problems which also require a great 
amount of storage space and time. In recent years, 
manifold based feature extraction has shown great 
effects in facial expression recognition. Manifold 

learning assumes that all high-dimension data are 
located in a potential low-dimension manifold and 
implements dimension reduction of high-dimension 
data using the nonlinear feature mapping method. 
The unique physical structure determines the locality 
of human faces. Therefore, if we can effectively 
preserve the local manifolds of data, we can increase 
the accuracy of feature extraction greatly. Locality 
preserving projection is the linear expression of 
Laplacian Eigen map. The goal is to preserve the 
similarity relation among the data, that is, the 
corresponding adjacency relation is still preserved 
after the adjacent data in the high-dimension space 
are projected to the low-dimension space. Therefore, 
it can preserve the local manifold structure in the 
nonlinear sub-manifold well. However, the traditional 
manifold learning method takes all human face 
images as a whole and thus ignores the difference of 
manifolds of images in different positions. To 
address this problem, many patch-based manifold 
learning methods have drawn wide public attention. 

Most of the existing patch-based facial expression 
recognition approaches assume that the 
corresponding sub-patches of all individuals are 
located in a unified sub-manifold, which thus ignores 
the difference between individuals. Generally, 
different individuals have different manifolds. To this 
end, this paper proposes to partition all face images 
into sub-images and put the images of the same class 
into a subset. Therefore, the images in the same 
subset have higher similarity and a more compact 
manifold structure. Suppose  nκ ,x,x,,xxX 21 , 

hence M
k Rx  , after the partition, we can get the 

subset of different classes 
pX  ( P1  p , P  is the 

number of classes). For each subset pX , partition 
the images to form a feature subspace. In this paper, 
we first partition every image into Q non-overlapping 
sub-patches of the same size [11, 12], and then merge 
all of the No.q sub-patches of the No.p person into 
one sub-pattern PQX  ( P1  p , Qq1  ), as 

shown in Fig. 1. 
 
 

 
Feature subspace 1   Feature subspace 2 Feature subspace 3 Feature subspace Q 

 
Fig. 1. Patched images and establish feature subspace. 

 
 

2.2. Patched Locality Preserving Projection 
 

LPP, linearization of LE algorithm, overcomes 
the Out-of Sample problems and retains the inherent 
geometrical and local structure of data during 
dimension reduction. Sample set was assumed 
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as D
iN RxxxxX  },,...,,{ 21 , with the existence 

of linear transformation 45n . Transformation 

matrix W  was obtained by the target function of 
maximization equation (1): 
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where 0  is sufficiently small. Therefore, target 
function can be rewritten by simple linear 
transformation:  
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So the solution to the LPP can be converted into 

optimization problem as follows:  
 

1.,minarg  WXDXWtsWXLXWW TTTT

w

, (4) 

 
where D is NN  diagonal matrix 

j
ijii SD , and 

SD L  is the Laplacian matrix. The bigger iiD  

is, the more important iy symbolizes. The solution to 

Eqs.4 can further be converted into solving the 
following eigenvalue problem: 
 

 WXDXWXLX TT   (5) 
 

By partitioning subsets and sub-patterns, we can 
get a total of PQ  sub-patterns. For each sub-pattern, 
project with the locality preserving projection. 
Assuming PQX  can be expressed as PQY  after being 
projected to the low-dimension space, and PQW  is the 

transformational matrix of PQX and XWY pqTpq  , 
the minimal cost function is thus: 
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The constraint condition is 
IWXLXW pqpqTpqpqpqT  , and pq

jy indicates the data 

of pq
ix after the projection, h indicates the number of 

samples in the sub-pattern pqX , pq
ijS  indicates the 

similarity between 
pq
ix  and

pq
jx

. 
Finally, the minimal target function is: 
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It can be seen from the solution of the target 

function above, pq
l

pqpqpq WWWW ,,, 21  is the 

transformational matrix of the sub-pattern pqX , and 
pqW is composed by the eigenvector with the 

minimal eigenvalue in the generalized characteristic 
equation (8):  
 

 pqpqTpqpqpqpqTpqpq WXDXWXLX   (1) 
 

Based on the matrix transformation above, we can 
get the project of each sub-pattern in the low-
dimension space and then the project of each person 
in the low-dimension space. 
 
 
2.3. Facial Expression Classification  
 

In this process, in order to classify an unknown 
sample X  , first, divide the image according to the 
pattern partitioning method for training samples; then 
implement dimension reduction of the sample using 
the pattern received from Class P training samples (a 
total of P patterns) and get P sample points 
 Pyyy  ,,, 21  ; finally, calculate the distances 

between P sample points and the average value of the 
corresponding samples (after projection) and classify 
the sample to the category with the minimum 
distance, as shown in Formula (9):  
 

  pp
p

yyd ,minarg   (1) 

 
where Py indicates the sample point of x  after using 

Class p  pattern projection, py indicates the central 

point after Class p  training sample projection, while 
)(,d  indicates the Euclidean distance between  

the two. 
 
 
3. Experimental Results 
 
3.1. Japanese Female Facial Expression 
 

In this experiment, we use the Japanese Female 
Facial Expression (JAFFE) [13, 14] database. The 
database is a set of 213 images of 7 different 



Sensors & Transducers, Vol. 161, Issue 12, December 2013, pp. 47-52 

 50 

expressions posed by 10 Japanese females.  
In preprocessing, all the face samples in JAFFE 
database are normalized to 32×32-pixel patches and 
processed by histogram equalization, see Fig. 2 for 
some samples. And 20 images of the same person’s 
different expressions were selected. Respectively, to 
test the proposed patched locality preserving 
projection method. The performance of the projection 
in this paper will be compared with those of SpLPP, 
LPP, SpPCA and PCA. For all facial images in each 
database, the original images were first normalized 
(in scale and orientation) such that the two eyes were 
aligned at the same position, then the facial areas 
were cropped into the final images for recognition. 
The experimental result is the average value of five-
time repeated experiments. 

 

 

 
 

Fig. 2 Samples from the Japanese female facial  
expression images. 

 
 

All images have 3232   picture elements, which 
is to say, each image can be seen as a vector 
with 10243232 D  dimensions. 

The research on the size of partitioned images is 
an important part of the sub-pattern based facial 
expression recognition approaches. In the 
experiment, we’ve compared four different image 
partition methods. Each image is partitioned into  
n (n=4, 8, 16, 32) pieces and its number of 
dimensions reduced to about 600. The classification 
and recognition rates are shown in Table 1. With the 
increase of the number of partitioned image pieces, 
the recognition rate of SpPCA increases, while those 
of BspLPP and SpLPP reach the highest when the 
number of partitioned image pieces n=8 and then the 

rates decline. The reason may be that too many 
pieces make each sub-image too small, which causes 
the loss of local structure information and damages 
the original local manifold structure. Meanwhile, 
when n=4, 8, 16, the classification accuracies of 
BspLpp are all higher than those of other four 
approaches. 
 
 

Table 1. Recognition rates and variance under different 
image partition methods. 

 
 4 8 16 32 
PLPP 77.14±0.54 77.92±0.13 77.74±1.21 70.90±0.84 
SpLPP 76.57±0.03 77.74±0.41 77.40±0.02 76.87±0.03 
LPP 72.60±7.59 74.03±4.86 75.19±0.30 73.89±2.73 
SpPCA 76.02±0.06 76.48±0.04 77.22±0.04 77.48±0.13 
PCA 76.27±1.81 76.31±1.37 76.53±0.84 76.66±0.54 

 
 
With regard to the run time, it can be seen from 

Fig. 3. The run time of the partitioning based 
algorithms PLPP, SpLPP and SpPCA is lower than 
that of standard LPP and PCA. And with the increase 
of the number of partitioned pieces, the run time of 
SpLPP increases; and when the number is 32, the run 
time reaches its highest. Compared to SpLPP, LPP 
and PCA, the run time of patched locality preserving 
is shorter and is the most stable, saving about 60 %, 
81 % and 80 % respectively at least. Therefore, the 
algorithm proposed in this paper can be applied in the 
datasets with larger dimensions, as its run time is 
basically the same with the increase of partitioned 
image pieces. 
 
 

 
 

Fig. 3. Run time under different image partition methods. 

 
 

At last, we compare the selection of the 
parameters t (in formula 2) and k (number of 
neighborhoods) in this paper. Through the 
explanation of Table 1, we partition each image into 
8 equally-sized sub-images and reduce the 
dimensions of each image to about 600. First, we fix 
the parameter t as t=600 and set k  
as 3, 5, 7, 9 and 11 respectively, of which the 
classification and recognition rates are shown below 
in Table 2. From the table we can see that when k is 
7, it has the highest recognition rate, and if the k 
value is too small, it may cause incomplete local 
information, and if it is too large, it may lead to 
distortion of local manifold structure after dimension 
reduction. Then, we fix the parameter as k=7 and set t 
as different parameters, as shown in Table 3. The 
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recognition rate increases with the increase of t and 
reaches its highest when t is 600 and then drops  
as t increases. 
 
 

Table 2. Classification and recognition rates under  
different k values. 

 
k value Recognition rate 

3 77.02±1.77 
5 77.18±1.17 
7 77.30±1.49 
9 76.81±2.73 
11 77.25±4.96 

 
 

Table 3. Classification and recognition rates under  
different t values. 

 
t value Recognition rate 

800 77.05±1.20 
600 77.55±1.55 
400 77.30±1.08 
200 77.16±1.79 
100 76.63±1.92 
10 74.83±2.80 

 
 
3.2. Ekman’s Pictures of Facial  

Affect Database 
 

We used Ekman’s ‘Pictures of Facial Affect’ 
database [14] in our experiments. The database 
contains 110 facial expression images showing 
different emotions of six male and eight female 
subjects, Fig. 5 shows part samples of Ekman’s facial 
database. We chose 77 images of 11 persons with 
seven basic facial expressions displayed by each 
person as our training set. All images have been 
adjusted to images with 3232   picture elements. In 
the experiments, each image is partitioned into  
16 images, that is, 88  patches. 
 
 

 
 

Fig. 4. Samples from the Ekman’s facial  
expression images. 

 

The recognition rates after the patching are 
subject to dimension reduction to different 
dimensions with LPP are shown in Fig. 5. First, the 
recognition rates of the patched-based algorithms are 
far higher than those of traditional LPP and PCA, 
which clearly shows that patch-based algorithms can 
preserve the local information structure of data more 
accurately. Second, with the change of number of 
dimensions, the classification accuracies of patch-
based locality preserving projection are becoming 
more stable, while that of SpPCA not, which 
indicates the performance of patch-based locality 
preserving projection is more stable. Finally, 
compared to other algorithms, even the dimensions of 
the sub-patterns are reduced to a very low value (for 
example, 8 dimensions), the patched locality 
preserving projection still shows high classification 
accuracy, which is an advantage that the other 
algorithms do not have. Meanwhile, its classification 
accuracy is slightly higher than that of SpLPP and 
reaches its highest when the dimensions of the sub-
patterns are reduced to about 23. 
 
 

 
 

Fig. 5. Classification and recognition rates with different 
sub-pattern dimensions. 

 
 

On this database, we have also selected the values 
of the parameters k and t in the algorithms. First, we 
fix the parameter k as k=5 and set t as different 
values. As indicated in Table 4, when t is 10, it has 
the highest recognition rate. Then, we fix t as 10 and 
change the value of k. As indicated in Table 5, the 
recognition rate gradually increases as the k value 
decreases and reaches its highest when k is 5; but 
when k is 3, the recognition rate drops sharply. The 
reason may be because the k value is too small which 
leads to inaccurate local information and makes it to 
be interfered by noises. 
 
 

Table 4. Classification and recognition rates under  
different t values. 

 
t value Recognition rate 

800 72.39±1.51 
500 72.47±1.49 
100 73.96±0.02 
10 75.94±1.07 
5 75.53±1.29 
1 74.04±0.55 
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Table 5. Classification and recognition rates under  
different k values. 

 
k value Recognition rate 

3 73.05±0.50 
5 75.16±0.77 
7 74.45±2.73 
9 73.96±1.07 
11 73.87±0.08 

 
 
4. Conclusions 
 

In problems concerning facial expression 
recognition, the existing sub-pattern based manifold 
learning algorithm takes the face images of all 
individuals as a whole and then partitions them into 
sub-images and uses the sub-images to form a feature 
subspace, that is, it assumes all classes of manifolds 
are unified, but actually, the patterns of different 
classes and those of the same class have their own 
unique manifold structures. Therefore, this paper puts 
forward patched locality preserving projection, which 
preserves the local information feature and manifold 
structure of the images well. Experimental results 
show that the algorithm increases emotion expression 
recognition rate and greatly reduces run time. 
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