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Abstract
facial expression recognition by

In this paper, a novel algorithm is proposed for
integrating curvelet
transform and online sequential extreme learning machine
(OSELM) with radial basis function (RBF) hidden node
having optimal network architecture. In the proposed
algorithm, the curvelet transform is firstly applied to each
region of the face image divided into local regions instead
of whole face image to reduce the curvelet coefficients too
huge to classify. Feature set is then generated by calcu-
lating the entropy, the standard deviation and the mean of
curvelet coefficients of each region. Finally, spherical
clustering (SC) method is employed to the feature set to
automatically determine the optimal hidden node number
and RBF hidden node parameters of OSELM by aim of
increasing classification accuracy and reducing the
required time to select the hidden node number. So, the
learning machine is called as OSELM-SC. It is constructed
two groups of experiments: The aim of the first one is to
evaluate the classification performance of OSELM-SC on
the benchmark datasets, ie.. image segment, satellite
image and DNA. The second one is to test the performance
of the proposed facial expression recognition algorithm on
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the Japanese Female Facial Expression database and the
Cohn-Kanade database. The obtained experimental results
are compared against the state-of-the-art methods. The
results demonstrate that the proposed algorithm can pro-
duce effective facial expression features and exhibit good
recognition accuracy and robustness.

Keywords Online sequential extreme leaming machine -
Local curvelet transform - Spherical clustering -
Facial expression recognition

1 Introduction

During the last few decades, research community has
witnessed considerable interest in facial expression recog-
nition due to its imperative applications in different areas
such as human—computer interaction, human-robot inter-
action, forensic, medical treatment, virtual reality and data-
driven animation [l—4]. According to the Facial Action
Coding System (FACS) in [5], the facial expressions
basically consist of six class, i.e., happiness, sadness, fear,
anger, disgust and surprise. On the other hand, the humans
have special facial expressions relating to only themselves.
Each of the facial expression groups can be represented by
all kinds of facial expressions. Since the face recognition
under facial expression variation and the facial expression
recognition from the images including different facial
expressions are still challenging problems and are being
done researches for solution [6, 7].

Extracting the representative facial features from the
face images is the best important step at facial expression
recognition. In the literature, the facial expression recog-
nition algorithms were constructed based on feature-based
methods extracting the shape and location information of
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significant regions of the face geometry [8, 9] or appear-
ance-based methods extracting facial features by a set of
filters [ 10—~13]. In this paper, the curvelet transform is used
for extracting the image features. Curvelet transform is an
efficient feature extraction tool achieving localization in
both time domain and frequency domain [14]. A lot of
curves and lines of a face can easily be captured better than
wavelet transform conceming the point singularities in a
face [14-17]. However, it is generally used together with
the dimension reduction techniques since the curvelet
transform extracts very large features similar to the other
appearance-based methods.

In this paper, it is applied the curvelet transform to local
subregions of image to get rid of above disadvantage. Some
statistical features relating to these local regions are cal-
culated. In the literature, there are available some local
feature extraction methods such as Local Binary Patterns
(LBP) [18] and Scale Invariant Feature Transformation
(SIFT) [19] operating on certain small blocks of whole face
image to improve the recognition performance. In the
proposed facial expression recognition algorithm, the dis-
tinctive feature sets generated by local curvelet transform
are used to train and test a classifier. The training process
and storing space of a classifier increase in a case of the
large training data. This is not appropriate for online
applications. In order to take action on the difficult more
effectively, the different online learning algorithms such as
resource allocation network (RAN) [20], minimal RAN
(MRAN) [21], growing and pruning radial basis function
(GAP-RBF) [22] and generalized adaptive resonance the-
ory (GART) [23] were proposed. However, their accus-
tomed insufficiencies are that too many parameters need to
be determined and the training time is too long. In this
paper, it is introduced a new version of online sequential
extreme leaming machine (OSELM) proposed by Huang
et al. for classifying discriminative facial features by
reducing these limitations [24, 25]. OSELM on the basis of
extreme learning machines (ELM) provides one-by-one
and chunk-by-chunk updating and computationally effi-
ciency [26]. ELM is generalization of single-hidden layer
feed-forward networks (SLFNs) [26. 27]. Differences
between ELM and SLFN are that the hidden layer
parameters of ELMs do not need to iteratively tune, the
weights of hidden nodes and biases are randomly chosen,
output weights are analytically determined [26, 28, 29] and
ELM can be trained in much faster speed and produces
better generalization performance [30]. However, OSELM
needs to determine the hidden node number similar to
ELM. In [31], it was introduced structure-adjustable algo-
rithm to the training stage of OSELM. This algorithm
called as SAO-ELM was resulted in large hidden node
number although it dispensed the parameter selection time.
In this paper, the hidden node number and the hidden layer
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parameters of OSELM with RBF hidden nodes are auto-
matically determined by spherical clustering (SC) method
in [32]. The obtained centers and radius of the spheres are
transformed to the parameters of RBF hidden nodes. It is
referred as OSELM-SC. Thus, the generalization perfor-
mance of OSELM is improved thanks to the optimal hid-
den node parameters. Moreover, it is used less hidden node
than OSELM and does not spare extra time and struggle to
determine their number.

The proposed novel facial expression recognition algo-
rithm consists of the following steps: (i) the face in image
is detected and cropped, (ii) the cropped image is prepro-
cessed in order to provide further illumination invariant,
(ii1) the curvelet transform is applied to the local regions of
the face image, (iv) the statistical features relating to the
regions are extracted and (v) OSELM-SC classifier is
applied to the obtained features.

This paper is organized as follows. Section 2 describes
the learning algorithms of OSELM and OSELM-SC.
Section 3 presents a short review of curvelet transform.
Section 4 introduces the proposed algorithm for facial
expression recognition. Section 5 gives comparatively
experimental results for both OSELM-SC classifiers and
the proposed facial expression recognition algorithm.
Section 6 provides conclusions.

2 Online sequential extreme learning machine
and its version based on spherical clustering

This section reviews the OSELM and OSELM-SC

classifiers.

2.1 Online sequential extreme learning machine
with radial basis function

Given a training set consisting of N samples,
(xj, 1) € R"xR™, where x; is an input vector and f; is the
associated target vector, an OSELM with M hidden nodes
is formulated as

M
(%) = _ BuGlcmbu:H) =1 j=1,..4N, (1)
m=1

where G(cp,bm,x;) shows the output of the m-th hidden
node with radial basis activation function (RBF) for the
input x; described by

G(cm, bm, X;) = exp{-b,,,”xj —c,,,”z}, by € R (2)

(¢ps by, refers to the leaming parameters of hidden nodes
and f3,, is the weight vector connecting the m-th hidden
node to the output nodes.
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OSELM is trained at two stages: The initialization stage
and sequential learning stage [24]. In the initialization
stage, only N, training samples are used to train the
OSELM with the condition N, C M. The following steps
are applied:

1. All input weights c,, and b,, are given randomly.
2. The initial hidden layer output matrix, H,, and

the initial output weights, p° are calculated,
respectively:

Gler,b1,x1) Glem, by, x1)
Ho = : E ;

G(ey, by, xn,) Glem, b, xng) | ot

(3)

P, = (HIHo) ™. (4)
B° = PoHJ T (5)

where Ty = [t;, ..., ty,].

3. k is set to 0 and then the sequential leamning stage is
run.

The sequential learning stage is completed at three
steps:

1. The (k? 1)-th chunk of data is taken.

2. The new partial hidden layer output matrix Hy,; and
the output weights <’ ! are calculated by

Hip = [G(e1, by, x1). . .Glem, b, Xi41)] (6)

-1
Pio = Py — PeH! (I + Hiepn PeHL) HenPe (7)

B = B* + PenHE (Tir — Hin BY) (8)
where Ty = [t tppy].

3. kissettok ? 1 and it is run the first step of sequential
leamning stage. After k = N, the training of OSELM is
stopped and the OSELM output s(z) assigned to an
unknown input vector z is calculated by ¢,,, b,,, and the
final value of f,,

M
5(2) =Y BuG(Cm, b, 2). (9)
m=1
2.2 Online sequential extreme learning machine
with radial basis function initialized by spherical
clustering

Given [xj,f,{,) with x; e R", 1}, € {~1,1} forj=1,..,N
and m = 1,...,M defines a set of N samples each of which
is associated with one of the M classes (M > 1) such that
any label r;f' = 1 for a unique m and - 1 for the others [32].
M-class spherical classes are defined by

Sm={x € R"||(x; — cm)||’~RE =0, j=1,...,N,
m=1,.. M}
(10)
where R,, € R and ¢,, € R" are the radius and center of the
surface §,,, respectively. §,, sphere includes the associated

samples, and the misclassification error is zero if it is sat-
isfied the following quadratic inequalities,
2 .
I~ em) Rl 0, 4, =1 (11)
2 5
(= cm)||—RE <0, =1 (12)

To get the smallest volume robust spheres including the
associated class samples, the optimization problem is
constructed as

min - g(Rm) = mZ;R,’,. (13)
subject to || (x; — cm)||2—an[ 0, #=-1 (14)
16y = em)[[*~Rp <0, 24 =1 (15)

To obtain a solution in a case of that the samples can not
be spherically separated, the constrained optimization
problem in Eq. (13) can be transformed using the penalty
function method into an unconstrained one:

M N M
min L- ZZ;f(rf.;(llw ~an)|-R2)) +AY K,

m=1 j=
(16)

where A[ 0 is the regularization parameter that should be
chosen sufficiently small to include almost all class sam-
ples by the spheres but sufficiently large for preventing
over-fitting and for excluding noise and outliers, and the
penalty function f(-) is chosen as the ramp function:

f=¢ ¢l o fO)=1 ¢ 0
f(E)=0 £<0 f(5)=0 Q0 (17)

The optimization problem in Eq. (16) is solved by the
gradient-descent method with adaptive leaming rate. The
negative gradients of L cost function with respect to ¢,
centers and R, radii are calculated:

22y - enlf (- e PR2))
m j=1

(18)
_Xz:rif(r,{.(lﬂxj — cm)[~R2) ) R — 24R&

(19)

oL
- =2

@ Springer



134

Neural Comput & Applic (2016) 27:131-142

¢, centers and R, radii are updated as follows.

den(v+1) = aden(v) - (1 - a)q(u)%m (20)

ARy (v + 1) = adRpy(v) — (1 — o)n(v) X (21)
OR

where o is the momentum constant and #(v) is the adaptive

learning rate for v-th epoch. The parameters are conven-

tionally determined as in [33, 34]. On the other hand, the

regularization parameter A is determined adaptively as

follows.

if A\ N,
if L+ 1\ L), A"!'=001+A"

elseif L(v+1)[ L(v), A" =A"—-0.01A" end

end

In the beginning, each class is separately clustered by k—
means. The cluster number is automatically adjusted
taking into consideration the quantization error ratio. All
radius and center parameters are then updated by the
proposed unconstrained optimization problem for only 30
epochs.

In order to determine the RBF hidden node parameters
of OSELM-SC, the obtained final center and radius values
are used. The center values of OSELM-SC are set to ¢,
and b,, values are calculated by

bm =1/(2 x RZ).
The output of OSELM-SC is expressed as

(22)

M
) =D nexp{~1/@x Ry —eal’} =1 )
m=1
J= 1N

3 Curvelet transform

Fourier transform is far from being universally effective in
image processing. Many researchers have sought alterna-
tives to Fourier transform and consequently introduced new
tools such as Gabor transform, wavelet transform and
curvelet transform. Curvelet transform is a multi-scale and
multi-directional tool. It was first proposed based on an
anisotropic geometric wavelet transform, called as ridgelet
transform in [35]. It has high directional sensitivity and
anisotropy. The curvelet transform allows almost optimal
sparse representation of curve singularities because of its
parabolic scaling properties [35]. In the transform, the
image is firstly smooth partitioned to analyze local line or
curve singularities. The curve singularities in each smooth
partitioned block are then approximated to a line singu-
larity. The ridgelet transform is finally applied to the
obtained blocks, subimages. This block ridgelet-based
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transform was referred as curvelet transform. Because of
more time-consuming and unclear of the geometry of
ridgelet geometry, second generation curvelet transform
was proposed based on the Fourier transform in order to
handle image boundaries in [36]. The curvelet transform is
faster, less complex, and less redundant as compare to the
other transforms [36].
Curvelet transform is defined by the inner product

CUJ‘ k): = (,f! ‘Pj,u):

where ¢;; is the curvelet basis functions, f is signal and j,
1, and k are scale and orientation, and position, respectively.

The continuous curvelet transform is represented by
r and @ polar coordinates in the frequency domain. Figure 1
shows how the image is decomposed by the radial divisions
into multiple scales and the angular divisions into different
positions or orientation. For each j C jo, the gray window
in Fig. 1 is defined as

(24)

_ t
Uy(r,0) = 273W(27r)V (M , (25)
2n
where [j/2] is the integer part of j/2, and W(r) and V(1) are
the windows used for radial and angular partition, respec-
tively. The windows obey to the basic conditions

i W2 (2ir)=1 re G%) (26)
Jj=—0x
ivz(:~n:1 IE(—%,%). (27)
l=—oc

They are smooth nonnegative and real valued on ¢ € [ 11]
and r € [1/2,1].

Curvelet are defined as function of x = (xj,x2) by
rotating and shifting ¢; at the scale 2° / by

Pj1x(x) = @; (Rﬂg (x -x '”))‘

where orentation 0 = 22131,

(28)
[=0,1,..., with 0
<6<2m position x) = xR;'(27k;,27/%k,), shift

S 272

Fig. 1 Space-frequency tiling in curvelet domain [36]
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©,

Fig. 2 Wrapping a segment around the origin [36]

parameter k = (ky,kz) € Z?%, and Ry, i1s an orthogonal
rotation in radians.

The curvelet coefficients are expressed as an integral
over the entire frequency plane by using Plancherel’s
theorem.

1) = 5 [ F(@)p 0

| p i)
= ZI-Z/_,"{U))U,-{RM:))(:" o Ydw. (29)
Let the input fit;, 5] (0 -1, #,\ n) in the spatial
Cartesian, then the discrete curvelet transform can be

defined by
PGk = Y flnn) (30)
0<n,\ n

The curvelet transform based on wrapping technique is
applied at four steps:

l. Compute 2D Fast Fourier Transform (FFT)
coefficients,

2. Generate a product of U; for each scale and angle,

3. Index the data by wrap this product around the origin
as shown in Fig. 2,

4. Apply a 2D inverse FFT and collect the discrete

curvelet coefficients in spatial domain.

4 Proposed facial expression recognition algorithm

In this section, it is introduced the proposed facial
expression recognition algorithm. The proposed algorithm
relies on image decomposition by curvelet transform for
facial expression recognition and the performance of
OSELM-SC classifiers. A block schematic diagram of the

proposed facial expression recognition algorithm is shown
in Fig. 3. The algorithm is applied at sixfolds:

1. Detect the face regions both in the training and testing
images by Viola-Jones algorithm [37],

2. Apply histogram equalization to all images in order to
obtain further robustness against illumination [38],

3. Divide the whole face images into local regions and
apply curvelet transform to the regions,

4. Extract some statistical features, i.e., standard devia-
tion, mean and entropy,

5. Spherically separate a part of training data and
determine the hidden node number and the parameters
of the hidden node,

6. Apply OSELM-SC
coefficients.

classifiers to the qualified

Figure 4 shows the some curvelet coefficients at the first
three scales relating to the curvelet transform with four
scales and eight different angles applied to an image from
the JApanese Female Facial Expression database (JAFFE)
[39]. As seen from Fig. 4, the approximation accuracy of
face image reduces as the scale number increases. In this
paper, the curvelet coefficients of only first scale were
used.

5 Experimental results

In this section, two different experiments are constructed to
evaluate the performance of the proposed algorithm. The
first experiment is built to show the performance of
OSELM-SC classifiers on benchmark classification prob-
lems and to compare them with the other online learning
algorithms in the literature, such as OSELM, GART,
MRAN and GAP-RBF. On the other hand, the second
experiment is arranged to test the proposed new face
expression recognition algorithm on the JAFFE database
[39] and the Cohn-Kanade database [40]. The comparative
experiments with the facial expression algorithms in the
literature are carried out. In addition, the advantages of
OSELM-SC are presented on a facial expression recogni-
tion problem. All the experiments are conducted in
MATLAB 7 environment on a computer with 3.4-GHz
core-i7-CPU and Windows 7 operation system.

5.1 Classification by benchmark datasets

In the first experiment, the performance of OSELM-SC is
evaluated on three benchmark classification problems, i.e.,
image segment, satellite image and DNA from the Uni-
versity of Califonia at irvine repository of the machine
leaming database [41]. The properties of the problem set
are described in Table 1. In the image segmentation
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Fig. 3 The block schema of the Training Testing

proposed facial expression Image Image
recognition algorithm l ¢ )
Face Detection [Mlumination Invariance Feature Extraction
ViolaJones > =
Detector Histogram Equalization Local Curvelet Transform
Y
Statistical Features Classification
Standard Deviation, »
Mean, Entropy OSELM-SC

100

120

20 406 60 80 100 120

(a)

56 100

(e) (f)

150

(d)

20 40 60
(h)

Fig. 4 a Cropped original JAFFE image, b curvelet subband at the first scale, ¢, d curvelet subbands at the second scale and the first two angular
orientations and e-h curvelet subbands at the third scale and the first four angular orientations

Table 1 Characteristics of benchmark classification problems

Problem # Input # Class # Training # Testing
space data data
Image segment 19 7 1,500 810
Satellite image 36 6 4,435 2,000
DNA 180 3 2,000 1,186

problem, each image was separated into the regions with
3 9 3 pixels. The total number of regions in database is
2,310. In this classification problem, each region is

@ Springer

assigned to any one of seven image parts, i.e., brick facing,
sky, foliage, cement, window, path and grass. Nineteen
Different features relating to each region are used as inputs.
The training and testing data sets are randomly selected
from the database. In the satellite image problem, one
frame of landsat multispectral scanner imagery is com-
posed of four digital images of the same scene in four
different spectral bands. Each scene image having
82 9 100 pixels was divided into the regions with 39 3
pixels. In this classification problem, the central pixel in
each region is assigned to the six categories, i.e., red soil,
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cotton crop, gray soil, damp gray soil, soil with vegetation
stubble and very damp gray soil. Thirty-six spectral fea-
tures extracted of each region are used as inputs. The DNA
(primate splice-junction gene sequences) problem consists
of recognizing the boundaries between exons (the regions
of the DNA sequence retained after splicing) and introns
(the regions of the DNA sequence that are spliced out) in a
DNA sequence. The boundaries are classified into three
groups as: exon/intron (EI sites), intron/exon (IE sites) and
neither (sites). In the problem, a DNA sequence includes
60 elements called as “nucleotides™ or “base-pairs.” In the
problem, the symbolic variables in the DNA sequence are
shown by three binary indicator variables; 180 binary
features are employed as inputs. The training and test sets
of DNA and satellite image problems were previously fixed
in [41], but the order of training set was randomly mixed
up for each trial as in [24] in this paper.

The experimental results are also compared with several
related methods, namely GART, MRAN, GAP-RBF and
SAO-ELM. For the simulations of OSELM, it should
previously be determined only the optimal number of
hidden nodes. In this paper, the hidden node number of
OSELM was determined by using twofold cross-validation
method as in [24]. The training set was divided into two
nonoverlapped sets as the training and validation ones. The
number of hidden nodes is gradually increased to
0.1 9 N with an interval of five. The optimal hidden node
number is selected one exhibiting the averaged smallest
validation error over ten trials. The number of initial
training samples (Np) is set to be equal to No = M ? 100

as stated in [24]. In Table 2, it is comparatively summa-
rized the hidden node number, the parameter selection
time, the average training and testing times, and the aver-
age training and testing classification accuracy. The
parameter selection means the duration passing through ten
trials. OSELM-SC is run ten times in order to compare with
OSELM in the same circumstance in that parameter
selection time although the proposed OSELM-SC algo-
rithm is not more sensitive to the initial parameters thanks
to SC algorithm, and just one trial is absolutely sufficient
for SC. On the other hand, the results relating to classifi-
cation accuracy were averaged over fifty trials for OSELM
similar to [24] and over ten trials for OSELM-SC. The
results relating to other networks were cited directly from
the literature [21-24, 31]. In addition, the training, testing
and parameter selection times of GART, MRAN and GAP-
RBF are not given in Table 2 due to the use of the com-
puters with different properties in [21-23, 31]. However, it
can be controlled from [24] and [31] that they have seven
more times training times at least over OSELM [24]. The
training time of SAO-ELM is less in a small rate than that
of OSELM in [31].

As seen from Table 2, OSELM-SC has better general-
ization performance than OSELM and exhibits also good
performance with respect to the results directly taken from
the literature. In addition, it can be deduced that OSELM-
SC is better than OSELM in all aspects including the
parameter selection time, training time, testing time,
training accuracy and testing accuracy. All of these
advantages come with small hidden node number and

Table 2 Recognition rates of the proposed algorithm on benchmark classification problems

Problem Algorithms # Hidden node Training Testing Parameter Training Testing
number accuracy accuracy selection time (s) time (s) time (s)
Image segment OSELM-SC 133 97.00 94.57 48.48 0.1248 0.0156
OSELM [24] 180 96.18 94.10 49.06 0.1947 0.0172
MRAN [21] 53.1 - 93.30 - " -
GAP-RBF [22] 44.2 - 89.93 - * -
GART [23] - 98.04 90.53 - - -
SAO-ELM [31] 191 97.25 95.16 - - -
Satellite image OSELM-SC 233 94.88 90.55 50.33 0.5928 0.1248
OSELM [24] 400 93.83 89.25 200,51 1.8861 0.2455
MRAN [21] 204 - 86.36 - " -
GART [23] - 98.04 90.53 - - -
SAO-ELM [31] 413 94.80 91.39 - - -
DNA OSELM-SC 3 95.05 93.34 14.83 0.0780 0.000
OSELM [24] 200 95.32 93.26 77098 2.0567 0.6019
MRAN [21] 5 - 86.85 - . -
GART [23] - 1.00 88.31 - - -
SAO-ELM [31] 214 96.40 94.54 - - -

® The values are at least seven more times than those of OSELM in [24, 31]
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Neutral

Happy

Fig. 5 Facial expression samples of the JAFFE database

optimal parameters of RBF hidden node; especially the
results relating to DNA problem shows drastically the
performance of OSELM-SC with three hidden nodes.

5.2 Facial expression recognition experiment

In the second experiment, the proposed facial expression
recognition algorithm is evaluated on the JAFFE database
[39] and the Cohn-Kanade database [40]. The JAFFE
database includes 213 grayscale facial expression images
relating to 10 Japanese females [39]. There are seven dif-
ferent facial expressions consisting of happy, sadness, fear,
surprise, angry, disgust and neutral. Each subject has two to
four different images with the resolution of 256 9 256
pixels for each expression. Figure 5 shows some images
comprising seven basic facial expressions from the JAFFE
database. In this paper, the images of JAFFE are posed as
seven-class classification problem.

Cohn-Kanade database consists of 2,105 images of 182
subjects in the age range of 18-30 years [40]. Images
have the resolution of 640 9 480 or 640 9 490 pixels.
About 65 % of subjects are female, 15 % is African-
American and 3 % is Asian or Latino. All of the image
sequences start with a neutral expression and finish at the
expression apex. The images
expression are located in the last frames of the sequences.
In this paper, the images of Cohn-Kanade database are
posed as six-class classification problem. Figure 6 shows
some samples of six basic facial expressions from the
Cohn-Kanade database. Cohn-Kanade database was
commonly used in the literature [40]. However, it was
used different image sequences in there. It is difficult to
find same sequences and same labeling in there. In this

discriminative of an
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Disgust

Sadness

Suprise

paper, it was chosen 1,184 images including one of the
six expressions, four images for each expression of 92
subjects are taken in accordance with [42] in order to
make a fair comparison. The images are selected from the
last frame of each sequence.

In the facial expression algorithm, after being detected
the face locations in all images by Viola-Jones algorithm,
they were cropped and scaled to 128 9 128 pixels reso-
lution. To get the illumination invariance, the histogram
equalization method was applied to all cropped images.
The images were divided into the regions of 16 9 16
pixels. The curvelet transform was applied to the images at
four scales and eight different angles to the local regions.
Statistical features of relating to only the first scale were
calculated since the first scale provided an efficient cor-
rectness [17, 34]. The Euclidean norms of all approximate

sl

Anger Disgust Fear

A

Suprise Sadness

Happy

Fig. 6 Facial expression samples of the Cohn-Kanade database
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coefficients were used due to their complex value [34]. The
proposed OSELM-SC classifiers were used for classifying
the statistical features.

In order to evaluate the performance of the proposed
facial expression algorithm in this paper, leave-one-sub-
ject-out cross-validation method was used [12, 18, 42-47].
In the leave-one-subject-out evaluation method, the test set
was composed of images of one subject, out of the 10 total
and the remaining images were used to generate the
training set. The training set does not contain any image of
the test subject at each trial. Since the test image is not
included in training set, this method is more appropriate
and consistent than leave-one-out evaluation method to
show the generalization ability of algorithm. In the JAFEE
database, the images of 10 subjects in the database are
separated into 10 sets, each of which includes images of
one subject. All images in the Cohn-Kanade database were
separated into 10 sets, and all images of one subject were
included in the same set.

The performance of OSELM-SC in the proposed algo-
rithm was compared to k-NN with 1-Nearest Neighbor,
ELM and OSELM. Tables 3 and 4 show the performances
of the proposed algorithm on the JAFEE and Cohn-Kanade
databases. From the tables, it can be observed that
OSELM-SC has the highest testing accuracy, the smallest
hidden node number and the lowest parameter learning
time. Furthermore, it can be inferred that the proposed
algorithm extracts the efficient features for recognizing
facial expressions.

The confusion matrix analyzes the confusion between the
expressions. Tables 5 and 6 show the averaged confusion
matrix obtained by using OSELM-SC on the JAFFE and the
Cohn-Kanade databases, respectively. The confusion matrix

explains that all of the expressions are recognized with high
accuracy and that the biggest confusion takes place on the
fear, disgust, and angry expressions. On JAFFE database,
the fear expression is confused with the disgust 6.10 %, the
surprise 1.70 %, the sadness 1.64 % and the angry 0.46,
whereas the angry expression is confused with the disgust
1.60 %, the fear 3.00 % and the sadness 2.65 %, and the
disgust expression is confused with the fear 5.79 % and the
happy 0.91 %. Once again, on the Cohn-Kanade database, it
is observed that the largest difficulties occur on the classifi-
cation of the disgust and anger expressions. Explicitly, the
disgust expression is misclassified as the fear 5.06 % and the
anger 2.14 %, whereas the angry expression is misclassified
as the disgust 4.55 % and the fear 1.90 %. This situation
explains that each person shows the disgust, angry and fear
expressions in a lot different ways from the others. The
happiness, surprise and sadness expressions may be
expressed in a similar way.

Tables 7 and 8 demonstrate the comparison with the
reported results of the algorithms in [12, 42-47] for the
JAFFE database and in [18, 42] for the Cohn-Kanade
database. These algorithms were selected because of
available the state-of-the-art performance using the same
evaluation method and the same databases. However, the
recognition results in [44] were produced by taking away
two JAFFE images called as KR.SR3.79 and NA.SU1.79.
As observed in Tables 7 and 8, the proposed approach is
better than all seven algorithms in [12, 42-47] for the
JAFFE database and three algorithms in [18, 42] for the
Cohn-Kanade database in view of average recognition rate.
The recognition rate of the proposed algorithm by using the
OSELM-SC was calculated to be 94.65 and 95.17 % by
leave-one-subject-out evaluation method on the JAFFE and

Table 3 Recognition rates for different classifiers of the proposed algorithm on the JAFFE database

Classifier Training accuracy Testing accuracy Parameter selection time (s) Hidden node number Training time (s) Testing time (s)
OSELM- 94.45 94.65 20.53 7 0.015 0.0
sc
ELM 95.45 94.44 74.13 128 0.046 0.0
OSELM 94.45 94.56 64.53 128 0.109 0.0
k-NN - 86.66 - - - 0.031

Table 4 Recognition rates for different classifiers of the proposed algorithm on the Cohn-Kanade database

Classifier Training accuracy Testing accuracy Parameter selection time (s) Hidden node number Training time (s) Testing time (s)
OSELM- 95.65 95.15 22.49 6 0.015 0.0
SC
ELM 94.45 94.64 85.18 148 0.046 0.031
OSELM 96.26 94.86 79.10 148 0.124 0.031
k-NN - 85.33 - - - 0.026
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Table 5 Recognition rates of the proposed algorithm for the JAFFE database

Happy Sadness Fear Surprise Angry Disgust Neutral
Happy 98.55 0.0 0.0 0.0 0.0 1.20 0.25
Sadness 0.0 94.25 0.0 0.61 313 0.0 2.01
Fear 0.0 1.64 90.10 1.70 046 6.10 0.0
Surprise 0.0 0.0 3.00 96.20 0.0 0.80 0.0
Angry 0.0 2.65 3.00 0.0 9275 1.60 0.0
Disgust 091 0.0 5.79 0.0 0.0 93.30 0.0
Neutral 0.0 1.32 363 0.0 1.35 0.0 93.70

The bold values indicate the best recognition rate

Table 6 Recognition rates of the proposed algorithm for the Cohn-
Kanade database

Happy Sadness Fear  Surprise Angry Disgust

Happy 9840 0.0 00 00 0.0 1.60
Sadness 00  97.00 00 120 1.80 0.0
Fear 0.0 164 9420 270 146 00
Surprise 0.0 0.0 3.40  96.00 0.0 0.60
Angry 0.0 0.0 190 0.0 9355 455
Disgust 214 00 506 0.0 00  92.80

The bold values indicate the best recognition rate

Table 7 Comparison with state-of-the-art performance of the pro-
posed algorithm on the JAFFE database

Study Method Recognition rate (%)
The proposed  Local curvelet transform 94.65
[12], 2012 Radial encoded Gabor jets  89.67
[42], 2011 Patch-based-Gabor 91.00
[43], 2010 Salient feature vectors 85.92
[44], 2008 WMMC 65.77
[45], 2007 KCCA 67.00
[46], 2008 DCT 79.30
147], 2010 FEETS ? PRNN 83.84

Table 8 Comparison with state-of-the-art performance of the pro-
posed algorithm on the Cohn-Kanade database

Study Method Recognition
rate (%)

The proposed Local curvelet transform 95.17

[18], 2009 Boosted LBP 95.15

[18], 2009 LBP 92.60

[42], 2011 Patch-based-Gabor 94.48

Cohn-Kanade databases, respectively. The recognition rate
is 498 and 3.65 percent higher than those in [12, 42],
respectively, on JAFFE database, as well as 2.57 and 0.69
percent higher than those in [I8, 42], respectively, on
Cohn-Kanade database.

@ Springer

6 Conclusions

In this paper, an efficient and robust algorithm for recog-
nizing facial expressions was developed by using OSELM-
SC and curvelet transform. The proposed algorithm has the
following four useful features: (1) a high generalization
performance and a fast training speed of OSELM, (2) the
capability of extracting the effective facial expression
features including many curves and lines of curvelet
transform, (3) the property of reducing the large curvelet
coefficients calculating by reduced statistical features of
local regions and (4) the efficiency of automatic and fast
determination of the optimal hidden layer parameters and
optimal hidden node number of OSELM by SC method.

In the proposed algorithm, Viola-Jones algorithm is
firstly used to detect the face regions in images, and then,
the histogram equalization is applied to the cropped face
images to achieve more illumination invariance. The
curvelet transform is then applied to each local region of
images, and the statistical features such as standard devi-
ation, means and entropy are extracted. Finally, SC method
is applied to the statistical features. The obtained centers
and radius values are used to calculate the hidden layer
parameters of OSELM. OSELM-SC classifier with optimal
parameters is employed to recognize the facial expressions.

A comparative study was conducted on a set of online
learning methods such as MRAN, GAP-RBF, OSELM and
SAO-ELM on benchmark classification problems. The
experimental results showed that OSELM-SC classifier
significantly surpassed the others and OSELM in terms of
the smallest hidden node number, the shortest parameter
selection time, highest recognition performance and small
testing times.

Meanwhile, the obtained features by proposed facial
expression recognition algorithm were classified by using
OSELM-SC, OSELM, ELM and k-NN. Experimental
results demonstrated that it was extracted efficient features
by the proposed algorithm, and OSELM-SC performed
significantly better in recognition of facial expressions in
terms of recognition performance and testing speed. It was
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observed that the algorithm achieved the testing accuracy
(94.65 %) for JAFFE and the testing accuracy (95.17 %)
for Cohn-Kanade. Furthermore, in the comparisons with
the state-of-the-art methods in facial expression recogni-
tion proved that the proposed algorithm was superior to
other popular algorithms for facial expression recognition
at testing accuracy.

In addition, the proposed approach can also be applied

to many applications, i.e., patient state detection, driver
fatigue monitoring and intelligent tutoring system. In a
possible future work, the proposed algorithm may be
extended to obtain more robustness on significant face
regions including eyes, eyebrows and lips.
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