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Abstract. In this paper, a simple and computationally efﬁcient approach is proposed for person independent
facial emotion recognition. The proposed approach is based on the signiﬁcant features of an image, i.e., the
collection of few largest eigenvalues (LE). Further, a Levenberg–Marquardt algorithm-based neural network
(LMNN) is applied for multiclass emotions classiﬁcation. This leads to a new facial emotion recognition
approach (LE-LMNN) which is systematically examined on JAFFE and Cohn–Kanade databases. Experimental
results illustrate that the LE-LMNN approach is effective and computationally efﬁcient for facial emotion
recognition. The robustness of the proposed approach is also tested on low-resolution facial emotion images.
The performance of the proposed approach is found to be superior as compared to the various existing methods.
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1. Introduction
Over the last 20 years, there has been a growing interest in
the ﬁeld of human computer interaction. In the case of
human to human interaction, it is discovered that verbal
cues provide 7%, vocal cues, 38%, and facial expressions 55% meaning of the message [1, 2]. Thus, the facial
expression provides more information than the thousand
spoken words. The visual perception of human emotion is
mainly focused on the facial expression of emotions.
Deriving an effective facial expression representation from
the original face image databases is an interesting and
challenging problem.
Extracting the facial features from the face images is an
important step for facial emotion recognition. There are two
basic methods to extract the facial features, i.e., geometric
features-based methods and appearance-based methods [3].
Geometric features contain information about the shape and
location of the local features such as mouth, nose and eyes.
These local feature statistics and locations are used for the
classiﬁcation. On the other hand, appearance-based methods extract the features of whole face region. They consider
all the pixels of a face image and represent it by a vector
space matrix. However, these vector space matrices are
very large, which increases the computational complexity
*For correspondence

in the system [4]. Although, geometric features-based
methods provide better performance than the appearancebased method, these methods are more sensitive to noise
and tracking errors.
Automatic facial expression recognition involves facial
features representation and classiﬁcation. Facial features
representation is used to calculate a set of features from the
original face images. In literature, optical ﬂow analysis has
been used to estimate the displacement of feature points [5–
7]. Facial geometry-based analysis has been widely used in
facial expression representation, where the shapes and
location features are extracted to represent the face geometry [8, 9]. However, the geometry-based method requires
accurate and reliable feature detection which is a difﬁcult
task in many applications.
Another method to represent the facial expression is the
appearance-based method, which uses spatial analysis.
Principal component analysis [10], linear discriminant
analysis [11, 12], independent component analysis [13] and
wavelet analysis have been commonly used to extract the
facial features. Due to the superior performance, Gabor
wavelet method has been widely exploited in the facial
expression analysis [14]. However, it requires large memory space and higher computational time. In recent years,
local binary patterns (LBP) method has been introduced for
appearance-based face analysis which requires comparable
memory space and computational time [15].
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The LBP operator was introduced by Ojala et al [16, 17].
The LBP operator uses the neighborhoods of 3 9 3, 8 9 8
or 16 9 16 pixels size. In this, operator labels the pixels
pq ðq ¼ 0; . . .; 7Þ of an image by thresholding each pixel
with the value of center pixel pc. An illustration of LBP
operator is shown in ﬁgure 1.
The values in each pixel are thresholded with the center
pixel value and a binary number is extracted.

1 if pq  pc
Bðpq  pc Þ ¼
:
ð1Þ
0 otherwise

few larger eigenvalues, one can effectively represent the
dynamics of face images [26]. The motivation of presented
work is to propose a technique which requires less memory
space and computational time as compared to Gabor ﬁlter
and LBP methods.
The rest of the paper is structured as follows. A brief
overview of existing LBP method is given in section 1. Section 2 describes the proposed approach for facial emotions
recognition. Section 3 deﬁnes the details of JAFFE and Cohn–
Kanade database and the experimental results are explained in
section 4. Finally, conclusions are drawn in section 5.

The LBP can be computed as follows:
LBP ¼

7
X

Bðpq  pc Þ2q ;

ð2Þ

2. Proposed approach for facial emotion
recognition

q¼ 0

where 2q is a binomial factor for each B(pq - pc). LBP has
proven to be an effective method in appearance-based face
representation and it has been applied to motion detection,
visual inspection and scene analysis [18].
Face images consist of micro-patterns which can be
described by LBP histograms and computed over the entire
face without any indication of pattern locations. Shan et al
[15] performed person independent facial emotion recognition using LBP features and different machine learning
techniques such as template matching, support vector
machines, linear discriminant analysis and linear programming. However, the LBP-based methods are complex
as the thresholding and histogram of selected small subdivision is the part of initial process of LBP operator.
In the past, different techniques have been proposed to
classify facial emotions, such as neural network [19, 20],
support vector machines (SVM) [21], Bayesian network
[22], and fuzzy rule-based classiﬁers [23, 24]. The Hidden
Markov Model (HMM) is also proposed to model the temporal behavior of facial emotions from the image sequence
[25]. However, HMMs cannot deal with the dependencies in
observations. Therefore, a new approach for facial expression recognition based on the property of larger eigenvalues
of an image and LM-based neural network is proposed.
In this paper, a new facial emotion recognition approach
based on the larger eigenvalues and LM-based classiﬁer is
proposed. The larger eigenvalues of a diagonal matrix are
less affected by noise and contrast whereas smaller eigenvalues are more sensitive to noise. Therefore, by using only
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Figure 1. The basic LBP operator (Binary number = 00100101,
Decimal number = 37).

2.1 Eigenvalues computation
In this paper, the larger eigenvalues are considered for
important features representation of face images. Therefore,
before proceeding to the proposed approach, it is necessary
to formulate eigenvalue-based problem which is used for
facial emotion representation. The generalized Rayleigh
quotient for optimization is given as Wee and Parmesran
[26], Bie et al. [27],
<ðwÞ ¼ max
w

wT Aw
;
wT Bw

ð3Þ

where A, B 2 <nn are both symmetric matrices and B is
positive deﬁnite and hence invertible. Moreover, w is the
nonzero scaling vector and it does not change the value of
the object (face image) matrix A. Thus, one can impose an
additional scalar constraint on w and optimize the object
matrix A in the form B without any loss of information. The
constraint is chosen to be unity matrix as wT Bw = 1. One
should note that the eigenvalues can be obtained for square,
symmetric and deﬁnite matrix only and therefore, the face
image matrix A and its optimized matrix B should be in
such compatible forms.
The numerator of Eq. (3) produces a matrix whose
eigenvalues are the diagonal elements which can be represented as
wT Aw ¼ wT BwK;
¼ IK ¼ K:

ð4Þ

where K ¼ diag (k1 ; k2 ; . . .; kn Þ and k1  k2      kn :
Here, most of the important dynamics of an image are
represented along the direction indicated by the larger
eigenvalues whereas the smaller eigenvalues are more
sensitive to noise [26]. Thus, by using few larger eigenvalues, the dynamics of interest of an image with minimum
effect of noise and resolution can be represented. This also
reduces the dimension and computational complexity
without extensive deterioration. Therefore, in this paper, an
attempt has been made and only six largest eigenvalues are
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weights and threshold and F(x) is to be minimized with
respect to the parameter vector x.
The gradient rFðxÞ is given as

considered for statistical feature representation of face
images.

rFðxÞ ¼ 2J T ðxÞeðxÞ;

2.2 Emotion classiﬁcation

N
X

q
m X
X


e2i ðxÞ ¼

T

t i  pj

 


ti  pj ;

xkþ1 ¼ xk  S1
k gk
 T
1
ð7Þ
xkþ1 ¼ xk  2J ðxk ÞJðxk Þ 2J T ðxk Þeðxk Þ;
 T
1 T
xkþ1 ¼ xk  J ðxk ÞJðxk Þ J ðxk Þeðxk Þ:

2

where S1
k ¼ r F ð xÞ x¼xk is called as Hessian matrix and
gk ¼ rFðxÞjx¼xk is the gradient. Eq. (7) is called as Gauss–
Newton method. Further, the Hessian matrix S1
k can be
approximated as
2
S1
k ¼ r Fðxk Þ þ lk I:

Then the LM algorithm can be approximated as

1
Dxk ¼  J T ðxk ÞJðxk Þ þ lk I J T ðxk Þeðxk Þ:

ð5Þ

where e(x) is the square error between the input vector pq
and the target output tm of the neural network, and
N ¼ 1; 2; 3; . . .; q  m. Here, x is the vector of all the
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This algorithm has very important feature such that as lk
increases, it approaches the steepest decent algorithm and as
lk decreases to zero, the algorithm become Gauss–Newton.
Generally, the LM algorithm begins with lk ¼ 0:01. If a
step does not reach to smaller value for F(xk), then the step is
repeated by multiplying the lk by factor r C 1. This
approaches to the steepest descent but results into slow
convergence. On the other hand, if a step produces a smaller
value for F(xk), then the lk is divided by r C 1 for the next
step so that the algorithm becomes Gauss–Newton and
provides the faster convergence. The MSE is proportional to
the sum of squared error over the U targets in the training
set. The error function F(xk) is highly nonlinear and therefore, Levenberg–Marquardt algorithm is best suited for

i¼1 j¼1

i¼1

ð6Þ

where J is the Jacobian matrix. Suppose, xk is the value for
kth iteration, then xkþ1 for (k ? 1)th iteration can be calculated as

SVM has been extensively used as a classiﬁcation method
and successfully applied to facial emotions classiﬁcation [6,
15, 21]. However, SVM makes only binary decisions and
so, multiclass classiﬁcation is accomplished by using oneto-all method. Therefore, it is necessary to suggest a new
method for efﬁcient multiclass classiﬁcations. In literature,
the neural networks are widely used in the ﬁeld of facial
expression recognition for classiﬁcation [19, 20, 28]. In
these methods, numerical optimization techniques-based
learning is generally suitable for classiﬁcation task. However, the selection of the optimization techniques is totally
depends on the nature of error function. The Levenberg–
Marquardt algorithm is a modiﬁcation of Newton’s method
specially designed for minimizing the error function that is
sum of squares of non-linear functions [29–32]. This is very
well suited to neural network training, where the mean
squared error is used as the performance index. The
architecture of three-layer LM-based neural network is
shown in ﬁgure 2.
The main aim of the Levenberg–Marquardt-based neural
network is to learn the relations between a set of input
vector pq and target output tm pairs; ½ðp1 ; t1 Þ;ðp1 ; t2 Þ;
   ; ðp1 ; tm Þ; ½ðp2 ; t1 Þ; ðp2 ; t2 Þ;    ; ðp2 ; tm Þ;    ;
ðpq ; t1 Þ;
ðpq ; t2 Þ;    ; ðpq ; tm Þ. The mean square error (MSE) is the
performance measure of the neural network. Suppose, F(x)
is squared error function then
FðxÞ ¼
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Figure 2. The basic architecture of LM-based neural network.
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nonlinear functions. Thus, the Levenberg–Marquardt algorithm can be a correct solution for above nonlinear error
function optimization. Therefore, it is straightforward
adapted for training. Thus, Eq. (5) evaluates the performance of the LM-based neural network classiﬁer [33].
Using the above mathematical analysis, a facial emotion
recognition approach based on the larger eigenvalues
extracted from the image matrix and LM-based neural network is proposed. The face image has been normalized before
proceeding to make face image contrast independent. The
proposed approach is summarized in the following steps:
Step 1: Normalized the face image by its energy using
the formula
rði; jÞ
r~ði; jÞ ¼ sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ;
N
M
PP
½rði; jÞ2

ð10Þ

i¼1 j¼1

N X
M
1 X
r~ði; jÞ:
N  M i¼1 j¼1

ð11Þ

Step 3: Compute the covariance matrix [C] as
½C ¼

Step 4:

Step 5:
Step 6:

Step 7:
Step 8:

1
RRT ;
N1

Target
emotion

Normalization

Normalization

Covariance
matrix

Covariance
matrix

Eigenvalues
(SVD)

Eigenvalues
(SVD)

Eigenvalues
vector pq

Eigenvalues
vector t m

LM based
NN

Emotion
classification

Emotions
result

Figure 3. Block diagram for presented algorithm.

where r(i, j) is the N 9 M gray-scale test image.
Step 2: Compute the mean operator l of the normalized
test image r~ði; jÞ as
l¼

Input face
image

ð12Þ

where R ¼ r~  l. This step converts the face
image matrix into symmetric matrix.
Suppose the eigenvalues of [C] are represented
as K, then they can be calculated using singular
value decomposition (SVD) in descending
order.
Obtain the ﬁrst n diagonal eigenvalues of the
above matrix, i.e., Kn where, n = 6.
Calculate Kn for all images available in image
database using step 1 to step 5 and form the
vector space pq for facial emotion classiﬁcation.
Repeat the step 1 to 6 for target images and
form a vector space tm.
Classify and test the emotions using the Levenberg–Marquardt (LM)-based neural network.

The whole process of emotions recognition is summarised using the ﬂow chart as shown in ﬁgure 3.
The largest eigenvalues mainly represents the dominant
features of the face image and are less sensitive to noise and
blur effects. After detailed study and analysis on image
eigenvalues, it is observed that the magnitude of ﬁrst few (1
to 10) eigenvalues are signiﬁcant and the magnitude of
remaining eigenvalues is very small or zero. Therefore, in
proposed approach ﬁrst six largest eigenvalues has been
used to represent the face image features. Since the larger

eigenvalues are independent of noise and resolution effect,
the proposed approach is monotonic.

3. Facial expression database
Popular databases for facial emotions recognition are JAFFE
database [34] and the Cohn–Kanade database [35]. The
JAFFE database contains 213 images of seven facial expressions posed by 10 Japanese female models. Each image size is
of 256 9 256 pixels. The Cohn–Kanade database is another
most popular database used for facial expression recognition
which includes 486 sequences from 97 posers. Each sequence
of face images begins with a neutral expression and proceeds
to peak expressions. All the images in Cohn–Kanade database
are of the size 640 9 490 pixels.
Physiological studies indicate that the basic emotions
have some universal facial expressions across all cultures
and most of the recognition systems attempt to recognize a
set of these prototypic emotional expressions such as
Anger, Disgust, Fear, Joy, Sadness, Surprise and Neutral
[23]. For experimentations, JAFFE database of 213 images
of seven facial expressions posed by 10 Japanese female
models and 320 image sequences from Cohn–Kanade
database are considered. The sample face images from the
JAFFE database and Cohn–Kanade database are shown in
ﬁgure 4 and ﬁgure 5, respectively.

4. Experimental results and discussion
The facial emotions recognition method based on larger
eigenvalues and LM-based neural network classiﬁer (LELMNN) is applied to the databases discussed above. The
experimental results are described and analyzed in the
following subsections.

Levenberg–Marquardt algorithm-based classiﬁer
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Figure 4. The sample face expression images from JAFFE database.

Figure 5. The sample face expression images from Cohn–Kanade database.

4.1 Experimentation on the JAFFE database
The LE-LMNN approach is applied on publicly available
JAFFE database [34]. The JAFFE database consists of 213
images of Japanese models. This dataset is formed for
seven-class expressions recognition (six emotional expressions and one neutral face).
In this experiment, all 213 images of the JAFFE dataset
are used for seven-class expression recognition. The face
images are normalized to ﬁx the distance between two eyes
and these images are cropped to the size of 128 9 128
pixels. To evaluate the expression recognition, a 10-fold
cross-validation testing scheme has been adapted for the
various experimentations. In these experiments, the entire
dataset is partitioned randomly into 10 groups with equal
number of images. Further, nine groups are used as a
training database to train the neural network classiﬁer
where as one group is used as a test dataset. One should
note that the 10-fold cross-validation scheme give the
optimum performance only for larger datasets.

First of all, the appearance-based facial expression
extraction is performed using the proposed eigenvaluebased approach. For each image, Kn(n = 6), six larger
eigenvalues are obtained. Further, the Levenberg–Marquardt-based neural network with 10 neurons in the input
layer, 10 neurons in each of the two hidden layers and 7
neurons in the output layer is used. Initially, lk is set to
0.001. If a step does not reach to smaller value for error
function then the step is repeated by multiplying the lk by
the increase factor 10. This approaches to the steepest
descent but results into slow convergence. On the other
hand, if a step produces a smaller value for error function,
then the lk is decreased by factor 0.1 for the next step so
that the algorithm will move towards the Gaussian–Newton, which provides the faster convergence. The maximum
value of lk is set to 10 with 0.1 minimum performance
gradient.
The seven outputs of the neural network represent the
seven different emotions. The training space consists of
different sets of Kn. The testing of the seven-class emotions
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Figure 6. The plot of magnitude of eigenvalues in descending
order.

The variation of magitude of eigenvalues of a image
covarience matrix C for a ﬁrst individual of JAFFE database (ﬁgure 3) is shown in ﬁgure 6. It is observed from
ﬁgure 6 that the convergence of magnitude of eigenvalues
is faster and become zero after some larger eigenvalues.
Therefore, most of the features of an image can be represented efﬁciently using few nonzero eigenvalues.
It is reported in literature that [4] the recognition accuracy of face images can be very with respect to the change
in number eiegenvalues. Therefore, the recognition accuracy is obtained using the proposed approach for different
number eigenvalues. The comparison of recognition performance of various emotions at the different number of
eigenvalues is shown in ﬁgure 7.
From ﬁgure 7, it is observed that the recognition performance of proposed approach is less affected by the
variation in number of eigenvalues. Moreover, recognition
performance of Surprise and Neutral emotion is higher than
the other emotions as they are more distingushabale from
rest of the emotions.
In general, the emotions recognition performance is presented in the form of confusion matrix. A confusion matrix is a
speciﬁc table layout that allows visualization of the performance of an algorithm, speciﬁcally supervised learning.
Table 1 shows the confusion matrix of seven-class facial
emotions recognition for JAFFE database. It is observed that
Disgust, Joy, Neutral and Surprise emotions are recognized
with high accuracy (94.4–96.5%) while the recognition rates
for Anger, Fear and Sadness are much lower (91.0–94.2%).
Table 2 shows the comparison of recognition performance of the reported methods and the LE-LMNN
approach for JAFFE database. It is observed from tables 1
and table 2 that the LE-LMNN approach provides signiﬁcantly higher recognition performance as compared to the
reported methods [36, 37]. As the proposed method suits
well to the JAFFE database, it is also applied on Cohn–
Kanade database and discussed in the next subsection.

Figure 7. Variation of recognition performance of different
emotions.

is carried out by calculating the closeness of desired pq
values and tm vector space obtained from the training and
testing datasets, respectively.

4.2 Experimentation on the Cohn–Kanade
database
In this experiment, the LE-LMNN is applied on Cohn–
Kanade database [35], one of the most comprehensive

Table 1. Confusion matrix of seven-class facial emotions recognition using LE-LMNN proposed approach (JAFFE Database).

Anger
Disgust
Fear
Joy
Sadness
Surprise
Neutral

Anger (%)

Disgust (%)

Fear (%)

Joy (%)

Sadness (%)

Surprise (%)

Neutral (%)

92.6
0
0
0
2.1
0
0

2.4
94.4
0
0
0
0
2.3

0
0.8
91.0
1.4
0
0
0

0
0
6.0
96.0
0
0.2
0

2.5
0
0.5
0
94.2
0
1.5

0
0
0
0
1.0
96.5
0

2.5
4.8
2.5
2.6
2.7
3.3
96.2

Bold values indicate the highest value of observation among the different methods
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Table 2. Comparison of recognition performance of reported
methods and LE-LMNN proposed approach (JAFFE database).
Method (feature ? classiﬁer)

Seven-class recognition (%)

Advanced LBP ? NLDA [37]
LBP ? LP [36]
LE-LMNN (proposed approach)

85.6
93.8
94.5

Bold value indicates the highest value of observation among the different
methods

databases in the current research area. Here, 320 image
sequences are selected and cropped into smaller size of
100 9 100 pixels. The selection of the sequence is based
on the seven emotions. These sequences come from 96
subjects, with seven-emotions per subject. For fair comparison with existing techniques [15] 1280 images (108
Anger, 120 Disgust, 99 Fear, 282 Joy, 126 Sadness, 225
Surprise, and 320 Neutral) are considered for the test. In
literature, most of the performances are based on the
10-fold cross-validation testing scheme. Therefore, a
10-fold cross-validation scheme is adapted in this experiment. In this, the entire dataset is partitioned into 10 groups
of approximately equal number of images and nine groups
are used as a training database to train the neural network
classiﬁer whereas one group is used as a test dataset. The
LM-based learning neural network is used to classify the
emotions having the same conﬁguration as given in section 4.1. Table 3 shows the confusion matrix of seven-class
facial expression recognition. In this experiment, disgust,
joy, surprise and neutral are recognized with high accuracy
(98.7–99.7%) while the recognition rates for anger, fear and
sadness are comparatively lower (93.1–94.5%).
Recently, Shan et al [15] conducted the various experimentations using different LBP representation with SVMs
(RBF) on Cohn–Kanade database. Boosted-LBP performed
best among the LBP based method, achieving 91.4%
recognition rate whereas the LE-LMNN proposed method
achieves highest recognition rate of 96.47%. Thus, the
proposed method performs better than the methods reported
in literature. The comparison of various reported methods
and LE-LMNN proposed method is summarized in table 4.
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It is also observed that the recognition rate for Cohn–
Kanade database is higher than the JAFFE database. This is
due to the less number of images in the JAFFE database.
Thus, the LM-based neural network performed better and
models the input–output relationship to the desired accuracy for larger datasets.
The LE-LMNN proposed method is implemented using
MATLAB R2011a on an Intel(R) Core(TM) i3 CPU with
2.4 GHZ frequency and 4 GB RAM. The memory space
required for feature dimensions as well as computational
time required for feature extraction process by LBP operator, Gabor ﬁlter and proposed approach is also compared.
The eigenvalues in the proposed approach are calculated
using the covariance matrix as well as Singular Value
Decomposition (SVD) which contribute most of the computational complexity in the calculation. The computation
of the covariance matrix [A] of a N 9 N pixels image
requires multiplications and summation of the order O(N)3.
Moreover, for SVD operation, the computational complexity is also of the order O(N)3 [4]. However, the computational complexity reduced dramatically in classiﬁcation
phase as proposed algorithm needs only six eigenvalues.
The comparison of various existing methods and proposed
approach is shown in table 5. It is observed from table 5
that the proposed approach has the signiﬁcant speed and
requires very less storage memory space as compared to the
reported methods. Thus, the LE-LMNN method proves to
be superior in terms of memory space and speed.
Table 4. Comparison of registration performance of reported
methods and LE-LMNN proposed approach (Cohn–Kanade
database).
Method (feature ? classiﬁer)

Seven-class recognition (%)

Geometric feature ? TAN [22]
LBP ? template matching [15]
Gabor ? SVM [15]
LBP ? SVM [15]
Boosted-LBP ? SVM [15]
LE-LMNN (proposed approach)

73.2
79.1 ± 4.6
86.9 ± 3.5
88.9 ± 3.5
91.4 ± 3.8
96.47

Bold value indicates the highest value of observation among the different
methods

Table 3. Confusion matrix of seven-class facial expression recognition using LE-LMNN proposed approach (Cohn–Kanade Database).

Anger
Disgust
Fear
Joy
Sadness
Surprise
Neutral

Anger (%)

Disgust (%)

Fear (%)

Joy (%)

Sadness (%)

Surprise (%)

Neutral (%)

94.0
0
0
0
3.2
0
0

0.9
98.7
0
0
0
0
0

0
0
93.1
0
0
0.3
0

0
1.1
4.2
99.6
0
0
1.3

2.5
0
1.5
0
94.5
0
0

0
0
0
0
0
99.7
0

2.6
0.2
1.2
0.4
2.3
0
98.7

Bold value indicates the highest value of observation among the different methods
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Table 5. Memory space and computational time for extracting LBP, Gabor-ﬁlter and Eigenvalue based features.

Memory (Feature dimension)
Time (feature extraction) (second)

110 150

Gabor feature [15]

LBP feature [15]

LE-LMNN (proposed approach)

42,650
30

2478
0.030

6
0.018

55 75

36 49

27 37

18 25

14 19

Figure 8. The sample low resolution face expression images from Cohn–Kanade database.

Table 6. Recognition performance (%) in varying resolution of LE-LMNN approach and reported methods.
Pixels size
LE-LMNN
LBP
Gabor
Feature tracking

110 9 150

55 9 75

36 9 49

27 9 37

18 9 25

14 9 19

97.4
92.6
92.2
91.8

96.5
88.9
91.6
91.6

95.4
87.3
–
–

94.2
84.3
77.6
–

93.22
79.6
–
–

91.5
76.9
68.2
–

4.3 Evaluation of varying resolution
Tian [20] and Shan et al [15] conducted the various
experimentations on six different face resolutions
(110 9 150, 55 9 75, 36 9 48, 27 9 37, 18 9 24 and
14 9 19 pixels). These images are down sampled and
cropped from the original Cohn–Kanade database. The
value of Kn increases slightly as the resolution of an image
decreases and therefore, the recognition performance is less
affected by the change in resolution (91.5–97.4%). The
same image database as considered by Tian [20] and Shan
et al [15] is used in this experiment and shown in ﬁgure 8.
The experimentations are carried out using the LELMNN approach and recognition performance is compared
with different reported methods as shown in table 6. It is
observed from table 6 that the recognition performance of
LE-LMNN is less affected by the reduction in resolution,
whereas the recognition performance of the methods
available in literature reduces drastically for lower resolutions. Hence, the LE-LMNN approach for facial expression
recognition proves to be an efﬁcient and robust alternative
to the methods available in literature.

5. Conclusion
In this paper, a new facial emotion recognition method
based on the larger eigenvalues and Levenberg–Marquardt-based classiﬁer (LE-LMNN) is proposed. The
facial features are represented by few eigenvalues of

diagonal matrix and therefore, reduce the memory space
and the computational complexity. This technique is
invariant to contrast as the test images are normalized.
The proposed approach is examined on most popular and
publicly available JAFFE and Cohn–Kanade databases.
The various experimentations show that LE-LMNN proposed approach is more effective and computationally
efﬁcient for all seven-facial expressions recognition. It is
concluded that the recognition performance of the proposed approach is signiﬁcantly higher than the existing
facial expression recognition methods. Moreover, the LELMNN method is more robust over the considerable range
of low resolution of face images.
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