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Abstract. Facial asymmetry has now been established as a useful bio-
metric for human identification in the presence of expression variations
([1]). The current paper investigates an alternative representation of
asymmetry in the frequency domain framework, and its significance in
identification tasks in terms of the phase component of the frequency
spectrum of an image. The importance of the latter in face reconstruc-
tion is well-known in the engineering literature ([2]) and this establishes
a firm ground for the success of asymmetry as a potentially useful bio-
metric. We also point out some useful implications of this connection and
dual representation. Moreover, the frequency domain features are shown
to be more robust to intra-personal distortions than the corresponding
spatial measures and yield error rates as low as 4% on a dataset with
images showing extreme expression variations.

1 Introduction

Human faces have two kinds of asymmetry - intrinsic and extrinsic. The former is
caused by growth, injury and age-related changes, while the latter is affected by
viewing orientation and lighting direction. We are however interested in intrinsic
asymmetry which is directly related to the individual facial structure while ex-
trinsic asymmetry can be controlled to a large extent or can be pre-processed or
normalized. Psychologists say that the more asymmetric a face, the less attrac-
tive it is and more recognizable ([3], [4]). This indicates the potential significance
of asymmetry in automatic face recognition problems.

A commonly accepted notion in computer vision is that human faces are
bilaterally symmetric ([5]) and [6] reported no differences whatsoever in recog-
nition rates while using only the right and left halves of the face. However, a
well-known fact is that manifesting expressions cause a considerable amount of
facial asymmetry, they being more intense on the left side of the face ([7]). Indeed
[8] found differences in recognition rates for the two halves of the face under a
given facial expression.
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Despite extensive studies on facial asymmetry, its use in human identification
started in the computer vision community only in 2001 with the seminal work
by Liu ([9]), who for the first time showed that certain facial asymmetry mea-
sures are efficient human identification tools under expression variations. This
was followed by more in-depth studies ([1], [10]) which further investigated the
role and locations of different types of asymmetry measures both for human as
well as expression classifications. But people have not so far utilized the fre-
quency domain for developing facial asymmetry measures for recognition. This
is a natural extension given that there exists much correspondence between the
two domains. We explore this in depth in this paper.

The paper is organized as follows. Section 2 describes the dataset used and
Section 3 introduces the new asymmetry measures in the frequency domain
and presents some classification results. Section 4 describes the connection with
Fourier domain phase and finally a discussion appears in Section 5.

2 Data

The dataset used here is a part of the “Cohn-Kanade AU-coded Facial Expres-
sion Database” ([11]), consisting of images of 55 individuals expressing three
different kinds of emotions - joy, anger and disgust. Each person was asked to
express one emotion at a time by starting with a neutral expression and gradu-
ally evolving into its peak form. The data thus consists of video clips of people
showing an emotion, each clip being broken down into several frames. The raw
images are normalized using an affine transformation, the details being included
in [1]. Each normalized image is of size 128 × 128. Some normalized images
from our database are shown in Fig. 1. This is the only available database for
studying facial asymmetry and we use this smaller subset as out initial testbed.

Fig. 1. Sample images from our database

3 The Frequency Domain

Many signal processing applications in computer engineering involve the
frequency-domain representation of signals. The frequency spectrum consists
of two components at each frequency: magnitude and phase. In 2D images
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particularly, the phase component captures more of the image intelligibility than
magnitude and hence is very significant for performing image reconstruction
([2]). [12] showed that correlation filters built in the frequency domain can be
used for efficient face-based recognition, and moreover, those based only on the
phase component performed as well as the original filters ([13]). [14] demon-
strated that performing PCA in the frequency domain by eliminating the mag-
nitude spectrum not only outperformed spatial domain PCA, but also have at-
tractive properties such as illumination and occlusion tolerance. These hence
show that frequency domain features (particularly phase) possess the potential
for improving classification results.

Symmetry properties of the Fourier transform are often very useful ([15]).
Any sequence x(n) can be expressed as a sum of an even part xe(n) and an odd
part xo(n). Specifically, x(n) = xe(n) + xo(n), where xe(n) = 1

2 (x(n) + x(−n))
and xo(n) = 1

2 (x(n) − x(−n)). Now, the even part actually corresponds to the
symmetry part of the face and the odd part refers to the asymmetry. In other
words, the more asymmetry a facial region possesses, the higher its value of the
odd part and vice versa. Similarly, the more symmetric a particular face part is,
the higher its value of the even part and vice versa. When a Fourier transform
is performed on a real sequence x(n), the even part (xe(n)) transforms to the
real part of the Fourier transform and the odd part (xo(n)) transforms to its
imaginary part (Fourier transform of any sequence is generally complex-valued).
This implies that the asymmetry of the face (spatial domain) corresponds to the
imaginary part of the Fourier transform and the symmetry part corresponds to
the real part. This lays the ground for exploiting this correspondence between
the two domains for developing more refined face identification tools based on
asymmetry. Moreover, all these relations hold mainly for one-dimensional se-
quences alone, and hence we will define all our asymmetry features based on the
Fourier transforms of row slices of the images.

3.1 The Asymmetry Biometrics

Following the notion presented in the earlier section, we define our asymmetry
biometrics as:

– I-face: frequency-wise imaginary components of Fourier transforms of each
row slice - 128 × 128 matrix of features

– Ave I-face: frequency-wise imaginary components of Fourier transforms of
averages of two-row slices of the face - 64 × 128 matrix of features

– E-face: energy of the imaginary components of the Fourier transform of
averages of two-row slices of the face - a feature vector of length 64

For all three sets of features, the higher their values the greater the amount of
asymmetry, and vice versa. The averaging for E-faces is done in order to study if
smoothing out noise in the image can reduce artificial asymmetry artifacts that
gives misleading results. To the best of our knowledge, these frequency-based
features as a means of representing facial asymmetry are fairly novel in any
computer vision and pattern recognition problems.
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3.2 Some Classification Results

Of the various classifiers tried (including SVM, LDA, FF), the best results are
obtained with Individual PCA (IPCA) which we report here. The IPCA method
([13]) is different from the global PCA approach ([16]) where a subspace W is
computed from all the images regardless of identity. In individual PCA, on the
other hand, subspaces Wp are computed for each person p and each test image
is projected onto each individual subspace using yp = WT

p (x−mp). The reader
is referred to [13] for more details about the procedure.

Table 1. Error rates for human identification using frequency-domain measures

I-face Ave I-face E-face Spatial D-face D-face PCs
4.85% 3.64% 6.36% 17.58% 3.03%

The training is done on the neutral frames of the 55 individuals in the dataset
and testing on the peak frames of the three emotions from all the people. Hence
this represents an expression-invariant human identification problem, similar to
the one reported in [1] which uses a simplistic measure of facial asymmetry in
the spatial domain called D-face. The identification results in Table 1 show that
our proposed frequency domain measures are significantly better than D-face (p-
values <0.0001) and have no statistically significant differences with the D-face
PCs at the 1% level (p-values nearly 1). This shows quite convincingly that the
frequency-domain measures are at least as robust to expression changes as their
spatial domain counterparts. Further, the I-faces proved to be significantly better
than the E-faces, which may be due to the loss of discriminative information
caused by the feature reduction in the E-faces.

4 Connection with Phase

In this section we investigate in depth the correspondence of facial asymmetry
with phase, that was briefly mentioned in Section 3. The symmetric part of
a real sequence transforms to the real part in a Fourier transform whereas the
asymmetric part transforms to the imaginary part. Thus the Fourier transform of
a real symmetric sequence is real; that of a real asymmetric sequence is purely
imaginary. Now, since phase is defined as θ = tan−1

(
I
R

)
, where R and I are

respectively the real and the imaginary parts of the Fourier transform, θ = 0 in
case the imaginary component I is zero. In other words, a completely symmetric
sequence gives rise to zero-phase frequency spectrum. In other words, absence of
asymmetry implies zero phase, and vice versa. An important thing to note here
is that all the above relations hold for 1D sequences x(n) only (that is, when
performing 1D Fourier transforms), as also pointed out in Section 3.

Interpreting these relations in terms of a face image, a completely symmetric
face does not typically imply a zero-phase spectrum when applying a 2D Fourier
transform. However, if we treat each row slice of the face as a 1D sequence and
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apply a 1D Fourier transform, the above relations will hold and each symmetric
row will give rise to a 1D zero-phase spectrum. This is one primary reason
we defined our asymmetry features the way we did. To make this study more
rigorous, we constructed similar asymmetry features as before, using 1D row
slices or averages of two-row slices but now based on “phase-only images” which
have constant unit magnitude (obtained by dividing the Fourier transform by
its magnitude). We call them I-faceθ, Ave I-faceθ and E-Faceθ.

Table 2. Error rates based on asymmetry features from phase-only images

I-faceθ Ave I-faceθ E-faceθ

4.85% 5.45% 7.27%

Table 2 shows the results from these phase-only features using the same
experimental setup as before. They help establish, although empirically, an in-
teresting connection between facial asymmetry and phase for human identifica-
tion. The I-face features based on the actual images and the phase-only images
produce exactly same classification results. This indicates that phase contains
all the asymmetry of the original face, at least to the extent that is necessary
for identification purposes, and no crucial information is lost by removing the
magnitude. This leads us to believe that asymmetry may provide an alternative
means of representing phase information. The Ave I-faceθ and E-faceθ results
are different from Ave I-face and E-face (not significantly though) and this may
be an artifact of averaging invloved in computing these features.

5 Discussion

We have shown in this paper that facial asymmetry measures in the frequency
domain offer a promising potential as an useful biometric in practice, especially,
in the presence of expression variations in face images. An error rate of less
than 5% is impressive and desirable given that the test images are very different
from the training ones. This in turn is very important for recognition routines
in practice, for example, surveillance photos captured at airports are expected
to be quite diverse with respect to facial expressions.

Moreover, our features are very simple and easy to compute, and they are
based on well-known techniques such as Fourier transforms and phase which
have well-established themselves as efficient face recognition tools in computer
vision. However, the particular representations of them in terms of facial asym-
metry that we consider in this paper are novel. It helped show that facial asym-
metry, which has so far been treated only in the spatial domain, also has an
analogous frequency domain version - a fact that can be utilized in signal pro-
cessing applications too. More importantly, we have established an interesting
connection between facial asymmetry and the phase component. Given the utter
significance of phase in face-based identification, this helps in strengthening the
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scientific basis for the success of facial asymmetry in telling human beings apart.
This relationship is a novel one and have not been explored earlier. It adds a
whole new dimension to the concept of facial asymmetry and lays the ground for
much further research in different directions. Particularly, the fact that asymme-
try has an analogous spatial domain representation, provides a potential means
of studying phase behavior in the image domain, and can be useful from several
viewpoints such as, modeling, inference, etc.

Future research directions include investigating the role of the frequency
domain features for expression classification, their tolerance to illumination
changes, increasing the efficiency of the features, not only from classification
point of view but also from storage and computational standpoints and applica-
tion to larger and more diverse databases.
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