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Automatic facial expression recognition (FER) is a sub-area of face analysis research
that is based heavily on methods of computer vision, machine learning, and image
processing. This study proposes a rotation and noise invariant FER system using an
orthogonal invariant moment, namely, Zernike moments (ZM) as a feature extractor and
Naive Bayesian (NB) classifier. The system is fully automatic and can recognize seven
different expressions. Illumination condition, pose, rotation, noise and others changing
in the image are challenging task in pattern recognition system. Simulation results on
different databases indicated that higher order ZM features are robust in images that are
affected by noise and rotation, whereas the computational rate for feature extraction is
lower than other methods.

© 2010 Elsevier Inc. All rights reserved.

1. Introduction

Facial expression plays an important role in the cognition of human emotions. Basic facial expressions typically rec-
ognized in automatic affect-recognition tasks are happiness, sadness, fear, anger, disgust and surprise [1]. Although the
appearance of these expressions may vary between individuals, humans can still recognize a wide range of different ex-
pressions. For example, even if we are not familiar with someone’s face, we can recognize the person’s facial expression
due to the universality of affect expressions [1]. Similarly, we can recognize a familiar person regardless of the person’s
facial expression. However, it is a challenging task for a computer vision system to recognize an individual across different
expressions or to classify the basic facial expressions across different persons. Numerous methodologies have been proposed
for facial expression analysis from both static images and image sequences which could be roughly classified into three
categories: 1) Appearance-based method, represented by eigenfaces, fisherfaces and other methods using machine-learning
techniques, such as neural networks and Support Vector Machine (SVM); 2) Model-based methods, including graph match-
ing, optical flow-based method and others; and 3) Hybrids of appearance-based and model-based methods, such as Active
Appearance Model (AAM) [2]. Appearance-based methods are superior to model-based methods in system complexity and
performance reproducibility. Furthermore, appearance-based methods allow efficient characterization of a low-dimensional
subspace within the overall space of raw image measurement, which deepen our understanding of facial expressions from
their manifolds in subspace, and provide a statistical framework for the theoretical analysis of system performance.

An automatic classification of facial expressions consists of two stages namely, feature extraction and feature classifica-
tion. The feature extraction is a key importance to the whole classification process. If inadequate features are used, even
the best classifier could fail to achieve accurate recognition. In FER system, the feature extraction module is used to do
this projection. Feature extraction is an essential preprocessing step to pattern recognition and machine learning problems.
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Fig. 1. Block diagram of the FER system.

Feature extraction involves simplifying the amount of resources required to describe a large set of data accurately. When
performing analysis of complex data one of the major problems stems from the number of variables involved. Analysis
with a large number of variables generally requires a large amount of memory and computation power or a classification
algorithm which overfits the training sample and generalizes poorly to new samples. Feature extraction is a general term
for methods of constructing combinations of the variables to get around these problems while still describing the data
with sufficient accuracy. This study presents a computationally efficient approach to feature extraction for facial expression
recognition from facial images with noise and rotation.

Moments and functions of moments have been utilized as pattern features in a number of applications [3,4]. Such
features capture global information about the image and do not require closed boundaries as boundary-based methods such
as Fourier descriptors do. Teague [5] has suggested the orthogonal moments based on the theory of orthogonal polynomials
to overcome the problems associated with the regular moments. In the presented approach, Zernike moments are a class of
such orthogonal moments. The reason for selecting them from among the other orthogonal moments is that they possess a
useful rotation invariance property. Rotating the image does not change the magnitudes of its ZM [6]. Hence, they could be
used as rotation invariant features for image representation. The affect of noise is also considered as a second criteria for
facial expression recognition. In this paper, higher order Zernike moment invariants have been used for feature extraction
of the preprocessed face images. Also Naive Bayesian classifier is employed in this system. The block diagram of proposed
FER system is shown in Fig. 1.

2. Face and facial expression detection

2.1. Face detection

The databases that we used for our work are well-defined. This means that the face images have already been centered
and the image’s backgrounds were plain without any textile. Therefore, we can use edge detection and blob analysis to
detect the face. Several kinds of filters are used to find the gradient of image. Sobel filter is less complex than other filters
like canny filter and also more practical. In addition, the time process for Sobel filter is 10 times faster than canny filter.
The parts of images that contained features of the face images and other areas are extracted using the Sobel operator [7].
The gradient magnitude is given by:

|G| =
√

G2
x + G2

y (1)

After finding the gradient of the image, the features of the gradient image are exaggerated based on Dilation operator [8].
The basic effect of this operator on a binary image is to gradually enlarge the boundaries of regions of foreground pixels.
Thus, areas of foreground pixels grow in size while holes within those regions become smaller. The foreground area of exag-
gerated features is then filled and for each area the numbers are allocated. Finally the part representing a face (foreground)
is cropped automatically from the image based on threshold. Fig. 2 shows the process for face detection. In this figure, the
threshold is set to the area of face image (Th. = 300). The different facial expressions after this stage are shown in Fig. 3.

2.2. Facial expression detection

One of the stages for pre-processing of sequence images involved detection of an image which depicted certain emotion
with the maximum level of arousal (emotion intensity). The novel method is propose called facial expression detection [9]
using the inter-frame mutual information criterion. For each frame, the mutual information between the current frame and
the initial frame is calculated, and the frame with the minimum mutual information is selected as the frame that represents
an emotion with the maximum arousal [Eq. (2)].

F intensity = arg min
F

{
I(F initial; F j)

}
(2)
j
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Fig. 2. Face detection block diagram.

Fig. 3. Facial expression images after face and facial expression detection.

where F j is other frames with different expression. The facial expression detection component is only used for sequence
images. To calculate the mutual information, each 2D frame is transformed to 1D vector by scanning the pixel value from
top left to bottom right. Then, the mutual information between two vectors is calculated and used for further process.

3. Statistical moments

Moment functions are applicable to many different aspects of image processing, ranging from invariant pattern recog-
nition and image encoding to pose estimation. When applied to images, they describe the image content (or distribution)
with respect to its axes. They are designed to capture both global and detailed geometric information about the image. Here
we are using them to characterize a grey level image so as to extract properties that have analogies in statistics or mechan-
ics. Generally, these features are invariant under image translation, scale normalization and rotation only when they are
computed from the original non-distorted analog two-dimensional image. In practice, one observes the digitized, quantized
and often noisy version of the image and the invariance properties are satisfied only approximately. Regular moments have
by far been the most popular type of moments. They are defined for digital image as:

mpq =
M∑

x=1

N∑
y=1

xp yq I(x, y) (3)

where mpq is the (p + q)th order moment of the digital image function I(x, y) and (M, N) is the size of image in pixel.
Seven nonlinear functions defined on regular moments which are translation, scale and rotation invariant are introduced

by Hu [10]. These sevens so called moment invariants. The definition of regular moments has the form of projection of
I(x, y) function onto the monomial xp yq . Unfortunately the basis set xp yq is not orthogonal. Consequently, the recovery
of image from these moments is quite difficult and computationally expensive. Moreover, it implies that the information
content of mpq has a certain degree of redundancy. To overcome the problems associated with the regular moments, an
orthogonal moment based on the theory of orthogonal polynomials is suggested by Teague [5]. The polynomials, including
Legender, Zernike and pseudo-Zernike have been used to generate moment-based features which are invariant to location,
size and rotation [11].

Zernike moments (ZM) used in this study are a class of such orthogonal moments. The reason for selecting them from
among the other orthogonal moments is that they possess a useful rotation invariance property. Rotating the image does
not change the magnitudes of its Zernike moments. Hence, they could be used as rotation invariant features for image rep-
resentation. These features could easily be constructed to an arbitrary high order. Hence, Zernike moments play a vital role
in feature extraction of digital images. These Zernike moments have proved to be better in terms of their feature represen-
tation capability, rotation invariance, fast computation, multi-level representation for describing the shapes of patterns, and



1774 S.M. Lajevardi, Z.M. Hussain / Digital Signal Processing 20 (2010) 1771–1779
Fig. 4. Example of ZM for feature extraction with different orders and repetitions.

low noise sensitivity [12]. In the following subsection we describe the Zernike moments and its application for extracting
the features from face image.

3.1. Zernike moments

The advantages of considering orthogonal moments are that they are shift, rotation, and scale invariant, and very robust
in the presence of noise. The invariant properties of moments are utilized as pattern sensitive features in classification and
recognition applications [5,13]. Zernike moments are useful tools in pattern recognition and image analysis due to their
orthogonality and rotation invariance property. The kernel of Zernike moments is a set of orthogonal Zernike polynomials
defined over the polar coordinate space inside a unit circle. The complex Zernike moments of order n with repetition l of a
function f (r, θ) are defined as:

Anl = n + 1

π

2π∫
0

1∫
0

f (r, θ)Z∗
nl(r, θ)r dr dθ (4)

where * denotes complex conjugation and the circular Zernike polynomials in a unit circle are defined as:

Z(r, θ) = Z(r cos θ, r sin θ) = Rnl(r)eilθ (5)

The real-valued radial polynomials are given by:

Rnl(r) =
n−|l|

2∑
s=0

(−1)s (n − s)!
s!(n+|l|

2 − s)!(n−|l|
2 − s)! rn−2s (6)

where l = −∞, . . . ,−2,−1,0,1,2,3, . . . ,∞; the integer n � 0, |l| � n and n − |l| is always even.
The discrete approximation of the continuous Zernike integral based on Eq. (4) and Eq. (5) for image function I(i, j) with

spatial dimension M × N written as follows:

Anl = n + 1

π

M−1∑
i=0

N−1∑
j=0

I(i, j)R∗
nl(ri j)e−ilθi j (7)

where the discrete polar coordinates:

ri j =
√

x2
j + y2

i , θi j = arctan

(
yi

x j

)
(8)

are transformed by:

x j = c + j(d − c)

N − 1
, yi = d − i(d − c)

M − 1
(9)

noting that i = 0, . . . , M −1; j = 0, . . . , N −1. The real numbers c and d take values according to whether the image function
is mapped outside or inside the unit circle. The kernel of Zernike moments is a set of orthogonal Zernike polynomials
defined over the polar coordinate space inside a unit circle. So, we set c and d to map the image function inside the unit
circle. Fig. 4 shows an example of feature extraction from face image. The list of the first 10-order Zernike moments is given
in Table 1.
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Table 1
The first Zernike moments up to order 10.

Order Dimensionality Zernike moments

0 1 A00

1 2 A11

2 4 A20, A22

3 6 A31, A33

4 9 A40, A42, A44

5 12 A51, A53, A55

6 16 A60, A62, A64, A66

7 20 A71, A73, A75, A77

8 25 A80, A82, A84, A86, A88

9 30 A91, A93, A95, A97, A99

10 36 A10,0, A10,2, A10,4, A10,6, A10,8, A10,10

Fig. 5. Face images with different impulsive noises.

4. Image rotation and noise

4.1. Noise in an image

Image noise is a random, usually unwanted, variation in brightness or color information in an image [7]. It is also an
important issue in pattern recognition and computer vision. In the following subsection, we describe the impulsive noise
that we used in our experiment for facial expression recognition. Impulsive noise is sometimes called salt-and-pepper noise
or spike noise. The salt-and-pepper impulse noise can be very well dealt by the rank-order statistics values of an image than
many other linear statistics values. An image containing salt-and-pepper noise will have dark pixels in bright regions and
bright pixels in dark regions. This type of noise can be caused by dead pixels, analog-to-digital converter errors, bit errors
in transmission, etc. Salt-and-pepper noise is a model adopted frequently to simulate impulsive noise in synthetic images.
The noisy image values Isp(x, y) are given by:

Isp(x, y) =
{

I(x, y), k < l

imin + h(imax − imin), k > l
(10)

where I(x, y) is the true image, (h,k) ∈ [0,1] are two uniformly distributed random variables, l is a parameter controlling
how much of the image is corrupted, and imin, imax how severe is the noise. The saturated salt-and-pepper noise is given by
setting the following variables: y = 0 or y = 1, imin = 0 and imax = 255. Fig. 5 shows an example of images with different
salt and pepper noises.
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Fig. 6. Face images with different orientations.

4.2. Image rotation

The rotation operator performs a geometric transform which maps the position (x1, y1) of a picture element in an input
image onto a position (x2, y2) in an output image by rotating it through a user-specified angle θ . In most implementations,
output locations (x2, y2) which are outside the boundary of the image are ignored. Rotation is most commonly used to
improve the visual appearance of an image [7], although it can be useful as a preprocessor in applications where directional
operators are involved. Rotation is a special case of affine transformation. The rotation operator performs a transformation
of the form:

x2 = cos(θ)(x1 − x0) − sin(θ)(y1 − y0) + x0 (11)

x2 = sin(θ)(x1 − x0) + cos(θ)(y1 − y0) + y0 (12)

where (x0, y0) are the coordinates of the center of rotation (in the input image) and θ is the angle of rotation with clockwise
rotations having positive angles. (Note here that we are working in image coordinates, so the y axis goes downward.
Similar rotation formula can be defined for when the y axis goes upward.) Even more than the translate operator, the
rotation operation produces output locations (x2, y2) which do not fit within the boundaries of the image (as defined by
the dimensions of the original input image). In such cases, destination elements which have been mapped outside the image
are ignored by most implementations. Pixel locations out of which an image has been rotated are usually filled in with black
pixels. Fig. 6 illustrates the image with different orientations.

5. Classification

The Naive Bayesian (NB) classifier is a probabilistic method that has been shown to be effective in many classification
problems [14]. It assumes that the presence (or lack) of a particular feature of a class is unrelated to the presence (or lack)
of any other feature. If using c to represent the value of the class variable, and { f1, . . . , fk} for the features, the classification
decision is made using the following formula:

ĉ = arg max
c

{
p(C = c)

k∏
i=1

p(Fi = f i|C = c)

}
(13)

where p(C = c) = Number of sample in class c
Total samples , p( f i |c) are conditional tables (or conditional density) learned in training using

examples, and k is the length of feature vector. To approximate p(Fi = f i |C = c) for variable Fi , we assume that it follows
Gaussian normal distribution. Therefore, for each of the class values c, p(Fi = f i |C = c) = N( f i |mc, σc) and the normal
distribution is as follows:

N( f i|mc,σc) = 1√ exp

{
( f i − mc)

2

2

}
(14)
2πσc 2σc
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Table 2
Percentage of classification for different orientations and different orders.

(a) Cohn–Kanade database

Order 30◦ 45◦ 60◦ 90◦ 120◦ 135◦ 150◦ 180◦

3 32.8 31.8 32.4 32.4 31.3 31.8 32.4 32.4
4 43.6 46.4 44.1 42.5 44.7 46.4 44.1 42.5
5 52 52.5 51.4 50.3 53.6 52.5 51.4 50.3
6 65.4 64.3 64.3 65.4 64.3 64.3 64.3 65.4
7 62.6 61.5 62 63.7 63.7 61.5 62 63.7
8 63.7 63.1 62.6 65.4 62.7 63.1 62.7 65.4
9 68.7 66.5 67.6 69.3 67 66.5 67.6 69.3

10 67 72.1 65.9 73.2 68.2 72.1 66 73.2
11 68.7 72.1 68.2 72.6 67.6 72.1 68.2 72.6
12 59.2 69.8 58.1 67 57 69.8 58.1 67

(b) JAFFE database

Order 30◦ 45◦ 60◦ 90◦ 120◦ 135◦ 150◦ 180◦

3 60.5 59.7 60.2 60.2 59.3 59.7 60.2 60.2
4 69.2 71.4 69.6 68.3 70.1 71.4 69.6 68.3
5 75.9 76.3 75.4 74.5 77.2 76.3 75.4 74.5
6 86.6 85.7 85.7 86.6 85.7 85.7 85.7 86.6
7 84.4 83.5 83.9 85.2 85.3 83.5 83.9 85.2
8 85.3 84.8 84.5 86.6 84.5 84.8 84.5 86.6
9 69.3 87.5 88.4 89.7 87.9 87.5 88.4 89.7

10 87.9 92 87.1 92.8 88.9 92 87.1 92.8
11 89.3 92 88.9 92.4 88.4 92 88.9 92.4
12 80.9 90.1 80.8 87.9 79.9 90.1 80.8 87.9

Fig. 7. Error rate for noisy image based on 10th ZM order.

where mc is the mean and σc is the variance of sample data for each class in training set. Despite the independence
assumption, NB has proven to have very good classification performance for many real data sets on par with many more
sophisticated classifiers [15].

6. Experimental results

In order to compare the computational efficiency, we need to use facial expression databases. In this study, we used
Cohn–Kanade and JAFFE databases [16,17] to train and test the facial expression recognition system. Each test was performed
3 times using randomly selected testing and training sets and an average result was calculated. The subjects represented
in the training set were not included in the testing set of images, thus ensuring a person-independent classification of
facial expressions. An automatic face detector and facial detection [18] are used and the faces are also scaled. The tested
images were classified using ZM feature extraction and NB classifier. As we discussed before, ZM features are robust in
presence of the noise and also rotation invariant. Table 2 illustrates the recognition rate for different rotations of facial
expressions. Due to rotation, each Zernike moment acquires a phase shift, thus the magnitude of a rotated image remains
identical to those before rotation. For this study we used NB classifier to recognize the seven expressions. As a result, the
maximum recognition rates of ZM order 10 for Cohn–Kanade and JAFFE database are 73.2% and 92.8%, respectively. Then,
the recognition rates reduce when the ZM orders increase for both databases. So we choose the ZM order 10 and do other
experiments. For comparison, other popular method, Gabor filter [19], was applied to the same classification problems. We
used filter banks designed in [19] with 5 scales and 8 orientations. Fig. 7 shows the error rate (ε = number of misclassified ) for
Total number of samples
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Table 3
Confusion table based on 10th-order Zernike moments.

(a) Cohn–Kanade database

Anger Disgust Fear Happy Neutral Sad Surprise

Anger 69.2 15.4 0 0 0 15.4 0
Disgust 22.2 70 0 0 0 7.8 0
Fear 0 8.3 83.3 0 0 8.3 0
Happy 5.8 1.9 19.2 71 0 2.1 0
Neutral 1.1 6.9 9.5 0 73.1 9.5 0
Sad 17.9 9.1 0 0 0 73 0
Surprise 4.2 8.3 4.2 2.1 0 8.3 72.9

Average 73.2

(b) JAFFE database

Anger Disgust Fear Happy Neutral Sad Surprise

Anger 95.2 2.4 0 0 0 2.4 0
Disgust 2.2 90 0 0 0 7.8 0
Fear 0 1.3 93.3 0 0 5.4 0
Happy 5.0 1.9 1.9 91 0 2.1 0
Neutral 0 6.0 0 0 94 0 0
Sad 0 7.0 0 0 0 93 0
Surprise 3.8 0 1.2 2.1 0 0 92.9

Average 92.8

different noisy face images and proves that the noise has less affect to the correct classification based on Zernike moments.
The confusion tables for both databases are shown in Table 3.

7. Conclusion

In this paper, we evaluated one kind of feature extraction method (ZM) for noise and rotation invariant FER system. After
face and facial detection stages, the higher order Zernike moments are used as a feature vectors which are fed to classifier
stage. We used NB classifier. Experimental results conducted on Cohn–Kanade and JAFFE databases showed that the ZM
transform performed similarly in different noisy and rotated face images. However, feature extraction using ZM transform
is computationally complex and time consuming. The experiments conducted on Cohn–Kanade and JAFFE databases showed
that the ZM transform performed similarly in different noisy and rotated face images.
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