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Abstract
We explore a novel application of facial asymme-

try: expression classi�cation. Using 2D facial expres-
sion images, we show the e�ectiveness of automatically
selected local facial asymmetry for expression recogni-
tion. Quantitative evaluations of expression classi�ca-
tion using local asymmetry demonstrate statistically
signi�cant improvements over expression classi�cation
results on the same data set without explicit represen-
tation of facial asymmetry. A comparison of discrim-
inative local facial asymmetry features for expression
classi�cation versus human identi�cation is given.

1 Introduction
Human faces have an approximate bilateral symme-

try. This fact has been exploited by both psychologists
and computer scientists. On the one hand, human
faces are assumed to be symmetrical. Under this as-
sumption, Zhao and Chellappa [17], and Shimshoni et
al [15] developed feasible 3D face reconstruction algo-
rithms; and Seitz and Dyer achieved visually believ-
able 3D morphing of Mona Lisa's face [14]. On the
other hand, human facial asymmetry has long been
acknowledged and is considered as a critical factor in
attractiveness [16] and expressions [3, 4, 7, 13]. For
human identi�cation purposes, half faces have been
tried, with some reported di�erences in recognition
rates [12] while others did not [8]. Liu et al have
shown that quanti�ed facial asymmetry contains dis-
criminating information for human identi�cation un-
der expression variations and statistically signi�cant
improvements can be made by combining facial asym-
metry with classical human identi�cation algorithms
[11]. More recently, Dovgard and Basri [6] observed
and recorded a correlation between worse 3D face re-
construction results with increased facial asymmetry
of the subjects in the image. Liu and Palmer have
demonstrated that the existence of facial asymmetry
on a 3D image data set of 111 subjects is statistically
signi�cant (p < 0.001) and developed a gender classi-
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�er (96% � 2.3% classi�cation rate) using quanti�ed,
local facial asymmetry alone [10].

Expression recognition has a direct relation to face
recognition [12]. In both [11] and [12], the authors
show quantitatively convincing results that face recog-
nition rates depend on di�erent types of facial expres-
sions; which echoes human behavior as well. In addi-
tion, facial expression recognition plays an important
role in human computer interaction.

The results of [11] suggest that facial asymmetry
measures are biometrics that are potentially \invari-
ant" to human expression variations. In this paper, we
investigate (1) whether facial asymmetry as de�ned in
[11] contains discriminative information for expression
classi�cation; (2) whether local facial asymmetry en-
hances the performance of an automatic expression
classi�cation algorithm; and (3) where the automat-
ically selected local facial asymmetry features reside
on human faces for expression versus human identity
classi�cations. Though expression classi�cation sys-
tems have been reported (e.g. [5]), to the best of our
knowledge, facial asymmetry has not been used for
automatic expression classi�cation and its discrimina-
tiveness has not been analyzed against that in human
identi�cation.

Figure 1: Normalized faces of six subjects from Cohn-
Kanade AU-Coded Facial Expression Database [9]
with joy (top row), disgust (middle row) and anger
(bottom row) expressions.



2 Experimental Data
We use the same facial expression data, same nor-

malization process and the same de�nition for facial
asymmetry as reported in [11]. For clarity, we repeat
the data description in this section.

The dataset consists of frontal views of human ex-
pressions under controlled bilaterally balanced light-
ing (Figure 1). 55 subjects are used in our experi-
ments for expression classi�cation. Each subject has
3 expressions: joy, anger and disgust. Each face image
is normalized by an aÆne transformation using three
points: left and right inner canthi and the philtrum>
Two types of facial asymmetries of a normalized face
image are de�ned:
Density Di�erence D-face:

D(x; y) = I(x; y)� I 0(x; y) (1)

Edge Orientation Similarity S-face:

S(x; y) = cos(�Ie(x;y);I0
e(x;y)

) (2)

where �Ie(x;y);I0
e(x;y)

is the angle between the edge ori-
entations of two edge images Ie; I

0
e at the same pixel

location (x; y). See Figure 2 for a sampler of com-
puted asymmetry faces under this de�nition. We

Figure 2: Some samples of original face, Di�erence
Face (D-Face) and Similarity Face (S-Face) under the
same de�nition as used in [11].

denote these half faces as D-face and S-face which,
together with their various projections (Table 1), are
called AsymmetryFaces.

Table 1: A set of AsymmetryFaces are de�ned. The
data sets used for face recognition experiments contain
55 subjects, each has three expressions. D-face and S-
face are represented by the top 60 and 100 principal
components respectively, capturing the 95% variance
in the data.

Data Description Features

D top 60 Eigen vectors of D-face 60
Dx column-mean of D-face on X axis 64
Dy row-mean of D-face on Y axis 128
S top 100 eigen vectors of S-face 100
Sx column-mean of S-face on X axis 64
Sy row-mean of S-face on Y axis 128

3 Expression Identi�cation
The motivation for using facial asymmetry for ex-

pression classi�cation comes from observations in the
literature that facial expressions have a strong relation
with facial asymmetry, and from the reported results
that quanti�ed facial asymmetry measures are useful
for human identi�cation under expression variations.
Our goal in this study is to �nd out whether Asym-
metryFaces de�ned above (Table 1) contain expression
discriminating information.

This is a classi�cation problem with 3 classes: joy,
anger and disgust (Figure 1). The experimental setup
starts with a random division of 55 subjects into 30
and 25 sized subsets using the size-30-subset for train-
ing and the size-25-subset for testing. This division
process is repeated twenty times. The �nal results
(False Positive Rates, False Negative Rates) are ob-
tained by averaging over these 20 repetitions. We
have chosen a FisherFace [1] classi�er (even though
our classes are expressions instead of human identities,
as the classi�er was originally intended), as a baseline
classi�er for comparison. A sequential forward fea-
ture selection (SFS) algorithm combined with an Lin-
ear Discriminant Analysis (LDA) Algorithm is used
for evaluation of �nal results. Therefore, the results
contain three parts: (1) the results from FisherFace
classi�er; (2) the results from AsymmetryFaces only
using a SFS + LDA classi�er; and (3) the results from
applying SFS + LDA on features from both Fisher-
Face and AsymmetryFaces.

Table 2 shows the results of expression identi-
�cation using FisherFace on original images, using
AsymmetryFaces alone, and FisherFace + Asymme-
tryFaces. Some observations:

� The classi�cation rate of Fisherface classi�er is



about 85% using normalized facial information
with an average false negative rate (FNR) of
14.6% and false positive rate (FPR) of 7.3%.

� While using each AsymmetryFace alone, the
FNRs are much higher than those from the Fish-
erFace: 17.8% to 47.67%, the combined Asymme-
tryFaces, especially D-faces with S-faces, improve
the classi�cation rates. The combination of all
AsymmetryFaces provides a comparable expres-
sion classi�cation rates (average FNR 13.2% and
FPR 6.6%) and smaller variance than those from
the FisherFace.

� Combining AsymmetryFaces with eigen features
used in the FisherFace classi�er yields an e�ective
improvement on the classi�cation rates, the FNR
drops from 14.6% to 3.6%, and FPR from 7.3%
to 1.8%.

� In general, S-face and its projections show more
discriminative power than D-face and its projec-
tions, with lower FNRs. The role of D-face and
S-face for human identi�cation is just the opposite
as reported in [11]. Here S-face and its projections
have a higher average classi�cation rate.

� Finally, the joy expression seems to be easier to
distinguish with both a lower FNR and a lower
FPR than the other two expressions. It is worth
noting that in [11], face recognition with joy ex-
pression is the most diÆcult (highest error rate).

3.1 Signi�cance Evaluation

From Table 2, one can observe that the results of
the FisherFace alone and combined AsymmetryFaces
alone are not signi�cantly di�erent from each other
at both the 1% and 5% con�dence levels (p-value of
0:2272). Table 2 shows a reduction in error rates when
facial asymmetry information is added. Furthermore,
there is signi�cant statistical di�erence between the
results from the FisherFace alone and those from the
combination of FisherFace and AsymmetryFaces (p-
value of nearly 0 from the paired t-test).

3.2 Local Facial Asymmetry Analysis

The e�ectiveness of facial asymmetry for expression
classi�cation reported in this paper may appear to be
non-intuitive given the results on the same data set
[11] for human identi�cation under expression varia-
tion. Generally speaking, when a feature (e.g. facial
asymmetry) is discriminative under expression varia-
tions, it is logical to assume that this feature remains
relatively invariant to di�erent expressions and thus is
not a good candidate discriminative feature for expres-
sion classi�cation. The key observation in this work

is that it is the location of facial asymmetry features
that contributed di�erently to di�erent classi�cation
problems (human identi�cation versus expression clas-
si�cation). These locations are automatically selected
using feature selection algorithms. Feature selection is
a common technique [2] for space reduction. Here we
use it as a way to locate discriminative facial asymme-
try features and understand how di�erent local facial
asymmetry features contribute to both human iden-
ti�cation under expression variation and expression
classi�cation across di�erent subjects respectively.

In our experiments, we evaluated each dimension
of an asymmetry face for its discriminative value for
di�erentiating expressions. There are many measures
that can be used to evaluate the discriminating power
of each individual feature dimension. To be consistent
with LDA, we choose variance ratios. It is possible
for a feature to have small within-class scatter for a
class even if the mean value of the feature for that
class is very close to the mean value of the feature in
another class. Thus we de�ne an augmented variance
ratio (AVR) as follows

AV R(F ) =
V ar(SF )

1
C

P
i=1::C

V ari(SF )
mini6=j(jmeani(SF )�meanj(SF )j)

where meani(F ) is the mean of feature F 's values in
class i. AVR is the ratio of the variance of the fea-
ture between subjects to the variance of the feature
within subjects, with an added penalty for features
which may have small intra-class variance but which
have close inter-subject mean values. The features
that have higher variance ratios are more discrimina-
tive. Figure 3 shows the AVR value of each asymmetry
feature in terms of its discriminative power for expres-
sion classi�cation.

3.3 Comparing Local Asymmetry Fea-
tures for Expression and Human
Classi�cation

Using the same AVR evaluation function also pro-
vides a convenient way to compare with the facial
asymmetry dimensions selected for human identi�ca-
tion tasks carried out in [11].

Figure 4 shows the overlaid AVR plots for each
of the two projections of D-face (Dx; Dy) and S-
face (Sx; Sy) and for both human identi�cation (bor-
rowed from [11]) and expression classi�cation prob-
lems. These plots describe precisely which local asym-
metry features from which speci�c part of the face are
useful for which classi�cation problems. Obviously,
the features with high discriminative power for hu-
man identi�cation have low AVR values for expression
classi�cation, and vice versa. Di�erent dimensions of
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Figure 3: The AVR values for each feature dimension
of the AsymmetryFaces (Table 1) for the classi�ca-
tion problem of expression identi�cation across di�er-
ent subjects.

the same type of facial asymmetry features are cho-
sen for di�erent purposes. The anatomical locations
of the most discriminative features for identity ver-
sus expression classi�cation goals are nearly mutually
exclusive (Figure 4).

4 Discussion and Conclusion

In this novel application of facial asymmetry to
expression classi�cation, we have purposefully used
a very simple and well-understood feature selection
scheme and classi�er to validate the utility of facial
asymmetry features. Our experimental results show
that quanti�ed facial asymmetry features can perform
well in expression identi�cation across subjects in ad-
dition to their reported synergy in human identi�ca-
tion under expression variations [11]. Our experimen-
tal results show that facial asymmetry has suÆcient
discriminating power to improve the performance of
an expression classi�er signi�cantly.

Figure 4 provides some insight into why this is the
case. Basically, the two overlaid AVR plots of facial
asymmetry features for the two di�erent classi�cation
problems guide the feature selection process to choose
di�erent local dimensions to discriminate human iden-
tity or expression. One can easily observe that features
that are considered most discriminative in each case
di�er from each other. Thus for each classi�cation, a
di�erent feature subspace is used. Therefore, there is
no contradiction in using the same type of features,
but at di�erent locations, to achieve good results for
seemingly conicting classi�cation goals.
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Table 2: Test results for Expression Classi�cation in terms of average false negative rate (FNR), false positive
rate (FPR) and standard deviations (STD) over 20 repetitions.

Dataset Error Rates Joy Anger Disgust Average STD
FF FNR 6.80% 19.40% 17.60% 14.60% 9.89%

FisherFace alone (STD) (5.21%) (9.82%) (7.72%) (3.63%) (4.21%)
FPR 2.30% 8.30% 11.30% 7.30% 6.27%
(STD) (2.70%) (5.16%) (5.44%) (1.82%) (2.75%)

D FNR 25.80% 42.80% 41.60% 36.73% 13.32%
AsymmetryFace alone (9.67%) (11.17%) (10.25%) (3.88%) (6.85%)

FPR 19.80% 17.20% 18.10% 18.36% 6.57%
(7.42%) (6.88%) (5.05%) (1.94%) (3.83%)

S FNR 15.60% 17.80% 20.00% 17.80% 7.93%
(8.50%) (8.15%) (9.97%) (3.88%) (5.95%)

FPR 7.10% 8.10% 11.50% 8.90% 5.07%
(5.86%) (3.46%) (4.94%) (1.94%) (2.88%)

DY FNR 44.60% 37.00% 37.20% 39.60% 10.83%
(8.03%) (13.29%) (9.28%) (2.74%) (6.98%)

FPR 16.30% 21.00% 23.00% 19.8% 7.41%
(6.23%) (7.12%) (6.54%) (1.37%) (4.17%)

SY FNR 14.00% 20.80% 21.20% 18.67% 7.25%
(5.58%) (7.06%) (7.00%) (3.22%) (3.21%)

FPR 8.30% 8.10% 11.60% 9.33% 4.14%
(4.22%) (3.34%) (4.33%) (1.66%) (2.40%)

DX FNR 37.20% 57.60% 48.20% 47.67% 13.01%
(9.37%) (9.39%) (10.50%) (3.59%) (7.44%)

FPR 26.00% 18.10% 27.10% 23.83% 9.10%
(7.40%) (6.57%) (8.30%) (1.79%) (3.88%)

SX FNR 39.20% 51.80% 41.40% 44.13% 11.62%
(10.27%) (10.26%) (10.96%) (3.74%) (7.07%)

FPR 24.00% 19.00% 23.20% 22.07% 9.15%
(10.76%) (6.94%) (9.63%) (1.87%) (6.53%)

SY+DY FNR 12.20% 19.00% 18.60% 16.60% 5.92%
(5.10%) (5.93%) (5.55%) (2.72%) (3.65%)

FPR 8.00% 7.30% 9.60% 8.30% 3.89%
(3.18%) (3.80%) (3.65%) (1.36%) (1.29%)

SY+SX FNR 13.80% 21.40% 17.40% 17.53% 7.38%
(6.15%) (6.39%) (7.92%) (3.57%) (3.08%)

FPR 8.10% 7.00% 11.20% 8.77% 4.22%
(3.81%) (4.13%) (4.27%) (1.79%) (2.52%)

S+SY+SX FNR 14.10% 16.10% 13.80% 15.07% 6.32%
(8.20%) (6.56%) (6.40%) (3.62%) (3.79%)

FPR 5.40% 6.85% 9.75% 7.53% 4.48%
(4.64%) (3.10%) (4.94%) (1.81%) (2.62%)

S+SY+D+DY+SX+DX FNR 11.60% 14.60% 13.40% 13.20% 6.07%
(Combine all AsymmetryFaces) (7.33%) (5.07%) (7.14%) (3.43%) (3.35%)

FPR 4.90% 6.20% 8.70% 6.60% 3.85%
(3.70%) (2.50%) (4.41%) (1.71%) (2.53%)

FF+S+SY+SX+D+DY+DX FNR 1.80% 3.80% 5.20% 3.60% 3.82%
(Combine FisherFace with (STD) (3.55%) (3.03%) (5.21%) (1.94%) (2.55%)

AsymmetryFaces) FPR 0.30% 2.60% 2.50% 1.80% 2.26%
(STD) (0.98%) (2.44%) (2.42%) (0.97%) (1.16%)



AVR plots for two classi�cation problems (A) Human (B) Expression
(A) solid line for human identity. (B) Dotted line for expression Identi�cation Classi�cation

Dy Dy

Sy Sy

Dx Dx

Sx Sx

Figure 4: Each plot (left column) shows the AVR value of each of the AsymmetryFaces (Dx; Dy; Sx; Sy de�ned
in Table 1). The higher the AVR value for a single dimension the more discriminating power that individual
feature has. Dy and Sy (128 dimensions) start from forehead (left) to chin (right). Dx and Sx (64 dimensions)
start from side face (left) towards the face midline (right). (A) Human identi�cation under expression variations.
(B) Expression identi�cation across di�erent subjects. One can observe that the features with high AVR values
for problem (A) have low AVR values for classi�cation problem (B), and vice versa. This implies that di�erent
subsets of facial asymmetry features are selected for the two di�erent discrimination problems. The white lines
on face images of the right two columns indicate the anatomical location of the facial asymmetry feature with the
highest AVR value. Note: Sy's highest AVR value for human identi�cation is on the top of the face.


