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ABSTRACT
This paper proposes the use of the combination of digital
curvelet transform and local binary patterns for recognizing
facial expressions from still images. The curvelet transform
is applied to the image of a face at a speciﬁc scale and orientation. Local binary patterns are extracted from the selected
curvelet sub-bands to form the descriptive feature set of the
expressions. The average of the features of a particular class
of expression is considered as the representative feature set of
that class. The expression recognition is performed using a
nearest neighbor classiﬁer with Chi-square as the dissimilarity metric. Experiments show that our method yields recognition rates of 93% and 90% in JAFFE and Cohn-Kanade
databases respectively.
Index Terms— Facial Expression Recognition, Curvelets,
Local Binary Patterns
1. INTRODUCTION
Similarity in facial expressions is a distinct biological trait
observed among human beings. Facial expression recognition
has been a very active research area in computer vision. A
survey of the research works on facial expression recognition
in the last decade can be found in [1].
Despite of the fact that there has been good progress till
now, facial expression recognition with high accuracy remains a challenging task due to the subtlety, complexity and
variability of facial expressions [2]. The methods for facial
expression recognition can be divided into two broad classes:
recognition from video and recognition from still images. For
both cases, the representation of facial features is crucial. The
common methods for facial feature extraction are geometrybased and appearance-based [3]. Geometry-based methods
rely on effective and accurate facial feature detection and
tracking. Among the appearance-based methods, the potential of Gabor wavelets for recognizing expressions from still
images have been established in [4, 5]. Recently, excellent
face recognition results were reported in [6, 7] using the
new multiresolution analysis method called digital curvelet
transform. Generally, face recognition and facial expression
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recognition are dual problems. Face recognition is made difﬁcult by variety of expressions and expression recognition
gets tougher due to the faces varying in age, gender, and ethnicity. The method presented in [6] applied digital curvelet
co-efﬁcients to form features for representing the entire face.
In order to classify the facial expressions, the local facial information needs to be stored. To obtain the local description
of the expressions, local binary patterns (LBPs) are computed using selected sub-bands of image pre-processed by
curvelet transform. LBP was proposed by T. Ojala in [8] for
texture classiﬁcation. LBP’s have been used extensively for
expression recognition with a good rate of success in [2, 9].
The organization of the paper can be summarized as
follows. Section 2 discusses the digital curvelet transform
brieﬂy. Section 3 describes the LBP operator. Extraction of
Curvelet based LBP features is discussed in section 4. The
experimental results obtained by applying the proposed technique on JAFFE [10] and Cohn-Kanade [11] databases are
summarized in section 5. Section 6 discusses the future scope
of the proposed technique.
2. DIGITAL CURVELET TRANSFORM
Curvelet Transform was introduced by Candès and Donoho
in 1999 [12]. The transform offers basis elements oriented
in various directions thereby providing greater directionality than the wavelets.The basis elements obey the parabolic
scaling law of width∼length2 allowing the transform to be
anisotropic. Also, the curvelet transform reﬁnes the scalespace viewpoint by adding an extra element, orientation, and
operates by measuring information about an object at speciﬁed scales and locations but only along speciﬁed orientations
[13]. As explained by Candes, curvelets can be thought of as
obtained by applying parabolic dilations, rotations and translations to a speciﬁcally shaped function ψ ; they are indexed
using scale a(0 < a < 1), location b and orientation θ as
3

ψa,b,θ (x) = a− 4 ψ(Da Rθ (x − b))
with


Da =

1
a

0

0

(1)



√1
a
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where Da is a parabolic scaling matrix, Rθ is a rotation by θ
radians.
We know that domain transforms (time-frequency, spacefrequency) are greatly affected by the presence of discontinuity. The sparsity of fourier series is affected by discontinuity.
The wavelets, being multiscale and localized give a better
representation in one-dimension but due to poor orientation
selectivity fail to perform better in higher dimensions. The
architecture of curvelet transform makes it such that it can display ‘curve-punctuated smoothness’ – smoothness except for
discontinuity along a general curve with bounded curvature
[13]. Curvelets via USFFT (Unequally Spaced Fast Fourier
Transform) [14] have been used in the experiments conducted
by us. For a 2D function f [t1 , t2 ] with 0 < t1 , t2 < n (a speciﬁc length), the main steps for wrapping are as follows[14]
1. The 2D Fast Fourier Transform (FFT) of f [t1 , t2 ] →
fˆ[n1 , n2 ] is calculated.
2. fˆ[n1 , n2 ] is separated into dyadic subbands using a
scale window Wj , j representing j th scale.
3. Each subband is separated into angular wedges using
angular windows Wj,l with l representing lth wedge.
4. The product Ũj,l [n1 , n2 ]fˆ[n1 , n2 ] is computed and
Ũj,l [n1 , n2 ] is a discrete localizing window.
5. The product is wrapped inside a rectangle W of size
L1,j × L2,j (in east-west) or L2,j × L1,j (in northsouth) around the origin to obtain f˜j,l [n1 , n2 ] =
j
W (Ũj,l fˆ)[n1 , n2 ]. Here, L1,j ∼ 2j and L2,j ∼ 2 2
and are constants.
6. The 2D inverse FFT of each f˜j,l is calculated to obtain
curvelet coefﬁcients at scale j and orientation l.
Our experiments have been carried out by applying the
curvelet transform in different scales and orientation on the
images. In section 5, we use ‘curvelet (m, n)’ to indicate
curvelet co-efﬁcients obtained at scale m and orientation n.
3. LOCAL BINARY PATTERNS(LBP)
The LBP operator, introduced by T. Ojala et al. [8], is a
method used in texture description and analysis. Using the
basic LBP operator, each pixel of an image is labeled by a
binary (0 and 1) representation of its 3×3 neighborhood taking the center value as threshold. Then the histogram of the
labels can be used as a texture descriptor. A histogram of the
labeled image fl (x, y) can be deﬁned as
Hi =



I{fl (x, y) = i}, i = 0, 1, 2, ...., n − 1

(2)

x,y
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in which n is the number of different labels produced by the
LBP operator and

I{A} =

1
0

if A is true
if A is false

(3)

This histogram has information about the distribution of the
local micropatterns, such as edges, spots and ﬂat areas of the
entire image [8]. The number of labels clearly depends on
the number of neighbors used in the LBP operator. For N
neighbors, number of labels will be maximum 2N . The operator was modiﬁed to use neighborhoods of different sizes in
[15]. In the modiﬁed operator, the neighborhood of any pixel
was deﬁned as a circular region of radius R. Using bi-linear
interpolation, a number of P (depending on R) pixels can be
sampled on the circumference of the circular region using the
center pixel as threshold. The LBP is therefore represented by
LBP(P, R). If the coordinates of the center pixel are (0,0), the
coordinates of the pth neighbor are given by (−R sin( 2πp
P ),
)).
Since
the
labels
were
formed
using
8
neighbors,
R cos( 2πp
P
28 labels are available, starting from 0 to 255.
4. PROPOSED METHOD
The images are ﬁrst cropped to extract the face of the subject.
LBP is independent of illumination changes whereas curvelet
is not hence normalization is applied. Histogram equalization
is then applied to increase the contrast. After that, curvelet
transform is applied on the images at a speciﬁc scale and orientation. The approximate sub-band obtained from the transform is resized to a × b and divided into k regions each of
size m × n pixels. From each of these k regions, the LBP
histogram of 255 labels is calculated. The histograms from
successive regions are concatenated to form the feature set
for a particular image. Mathematically, we have k regions
G1 , G2 , ......, Gk each element of the feature vector can be
expressed as
Hi,j =



I{fl (x, y) = i}I{(x, y)Rj )}

(4)

x,y

Here, i=[0, 255] and j=[1, k]. So, effectively from the approximate sub-band, we obtain 3 levels of information. The
LBP values have information about the coefﬁcients. Histogram obtained from the LBP values over a region contain
the information in a regional level. Finally, all the regional
histograms are successively concatenated to obtain a holistic
description of the sub-band.
We have the ith feature vector xi of length k×255. Based
on the class labels y of the images, feature vectors of same
class label are grouped to form the training set X c for a particular class of expressions. Thus,
X c = {xc1 , xc2 , xc3 , ....., xcn }

(5)

Table 1: Recognition Rates obtained by different Curvelet
(Scale, Orientation) + LBP (Neighborhood, Radius) combinations on JAFFE and Cohn-Kanade Databases
Recognition Rates (%)
JAFFE Cohn-Kanade
93.69
90.33
90.99
87.14
90.86
88.03
91.98
89.29
90.11
87.14
89.07
88.55
91.75
86.81
83.41
88.60
89.74
87.09

Combination Details
curvelet(3,16) + LBP(8,2)
curvelet(3,16) + LBP(8,3)
curvelet(3,16) + LBP(8,1)
curvelet(3,8) + LBP(8,2)
curvelet(3,8) + LBP(8,3)
curvelet(3,8) + LBP(8,1)
curvelet(2,8) + LBP(8,2)
curvelet(2,8) + LBP(8,3)
curvelet(2,8) + LBP(8,1)

where n is the number of training images available for the
corresponding class. The representative feature set M c of the
class c is the cluster center of X c and is calculated as
Mc =

5.2. Cohn-Kanade Database
The Cohn-Kanade database consists of images (frontal view)
of 100 university students of different age, gender and ethnicity. The subjects were instructed to perform a series of
23 facial displays, six of which were based on description
of basic emotions. The facial displays are converted to basic 6 expressions where possible and a total 484 image sequences are selected. Only the ﬁnal image of each of the
selected sequences are considered for our training and testing. The testing procedure is the same as mentioned in subsection 5.1. The recognition rates given for this database
in the experimental results are therefore the averages of the
recognition rates of all tests conducted. The recognition rates
for various combinations of curvelet (Scale, Orientation) and
LBP (Neighborhood, Radius) are discussed in Table 1. In
this database also, curvelet (3,16) and LBP (8,2) combination
gives the best results. The confusion matrix obtained from
this database for the said combination is presented in Table 4.

n

1 c
x .
n i=1 i

(6)

A simple nearest neighbor classiﬁer using the Chi-square metric (7) is used for classiﬁcation.
χ2 (S, M c ) =

confusion matrix shown in Table 3 is calculated using this
combination.

N

(Si − M c )2
i

i=1

(Si + Mic )

(7)

Here, S is the feature vector of length N extracted from the
test image.

5.3. Comparative Study
A comparison of the proposed method with Gabor wavelets
based method and LBP based method [2] is shown in Table 2.
The proposed feature extractor gives better performance compared to Gabor wavelets and LBP based method using the chisquare based nearest neighbor classiﬁer. It is observed that the
results improve more in the JAFFE database when compared
to that in Cohn-Kanade Database. This may be attributed to
the fact that Cohn-Kanade has more variations in ethnicity
and gender compared to the JAFFE database.
Table 2: Comparison of proposed method with other methods

5. EXPERIMENTAL RESULTS
The experiments were carried out on JAFFE and CohnKanade databases. The details of the experiments are discussed in sub-sections 5.1 and 5.2.
5.1. JAFFE Database
The database consists of total 213 images of 7 facial expressions (6 basic facial expressions + 1 neutral, frontal view)
posed by 10 Japanese female models. They are pre-processed
as described in section 4. The images are randomly divided
into ﬁve sets of roughly equal images. Five rounds of testing are carried out and at each time, a different combination
of four sets are used for training and the remaining set is
used for testing. This random division is carried out 3 times.
The recognition rates given for this database in the experimental results are therefore the averages of the recognition
rates of all tests. The recognition rates for various combinations of curvelet (Scale, Orientation) and LBP (Neighborhood, Radius) are discussed in Table 1. Since the combination of curvelet (3,16) and LBP (8,2) gives best results, the
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Methods
Gabor Wavelets
LBP based method
Proposed Method

Classiﬁcation Rates(%)
JAFFE Cohn-Kanade
82.46
86.9
78.36
84.5
93.69
90.33

6. CONCLUSION
We present a novel approach of using the digital curvelet
transform and local binary patterns for recognition of expressions from still face images. The method has showed
promising results in JAFFE and Cohn-Kanade databases and
this demonstrates the efﬁciency of curvelet based LBP as a
good feature extractor. There is a scope for detailed study of
the proposed feature extractor using various classiﬁers. Future work may include the application of this method to other
speciﬁc object recognition tasks like ﬁngerprint recognition,
handwriting recognition. Also the effect of using the combination of digital curvelet transform and other advancements
of LBP like uniform LBP, rotation invariant uniform LBP and

Table 3: Confusion Matrix obtained by Curvelet (3, 16) and LBP (8, 2) on JAFFE Database
hhh

hhhh

Classiﬁed Label(%)
hh
Happy
hhhh
hhhh
Given Label(%)
Happy
95.34
Sad
0
Surprise
2.44
Anger
0
Disgust
0
Fear
5.89
Neutral
0

Sad

Surprise

Anger

Disgust

Fear

Neutral

0
85.71
2.44
0
0
2.94
0

0
0
87.8
3.45
3.57
2.94
6.9

2.33
0
0
89.65
0
0
0

0
0
0
0
92.86
2.94
0

0
14.29
4.88
3.45
3.57
85.29
6.9

2.33
0
2.44
3.45
0
0
86.2

Table 4: Confusion Matrix obtained by Curvelet (3, 16) and LBP (8, 2) on Cohn-Kanade Database
hhhh
hhhh Classiﬁed Label(%)
hhhh
Happy
hhhh
Given Label(%)
h
Happy
83.87
Sad
3.33
Surprise
2.53
Anger
0
Disgust
0
Fear
6.97

advanced LBP (ALBP) for similar recognition tasks can be
studied.
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