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PAPER

Facial Expression Recognition by Supervised Independent
Component Analysis Using MAP Estimation

Fan CHEN†a), Nonmember and Kazunori KOTANI†, Member

SUMMARY Permutation ambiguity of the classical Independent Com-
ponent Analysis (ICA) may cause problems in feature extraction for pat-
tern classification. Especially when only a small subset of components is
derived from data, these components may not be most distinctive for clas-
sification, because ICA is an unsupervised method. We include a selective
prior for de-mixing coefficients into the classical ICA to alleviate the prob-
lem. Since the prior is constructed upon the classification information from
the training data, we refer to the proposed ICA model with a selective prior
as a supervised ICA (sICA). We formulated the learning rule for sICA by
taking a Maximum a Posteriori (MAP) scheme and further derived a fixed
point algorithm for learning the de-mixing matrix. We investigate the per-
formance of sICA in facial expression recognition from the aspects of both
correct rate of recognition and robustness even with few independent com-
ponents.
key words: facial expression recognition, supervised independent compo-
nent analysis, fixed-point algorithm

1. Introduction

Various methods have been proposed for automatic recog-
nition of facial expression in the past several decades,
which could be roughly classified into three categories: 1)
Appearance-based method, represented by eigenfaces, fish-
erfaces and other methods using machine-learning tech-
niques, such as neural networks and Support Vector Ma-
chine (SVM); 2) Model-based methods, including graph
matching, optical-flow-based method and others; and 3)
Hybrids of appearance based and model-based methods,
such as Active Appearance Model (AAM). Detailed re-
view of these methods could be found in two surveys in
Refs. [1], [2]. Appearance-based methods are superior to
model-based methods in system complexity and perfor-
mance reproducibility. Further, appearance-based methods
allow efficient characterization of a low-dimensional sub-
space within the overall space of raw image measurement,
which deepen our understanding of facial expressions from
their manifolds in subspace, and provide a statistical frame-
work for the theoretical analysis of system performance.
ICA, a powerful technique for blind source separation, was
applied to facial expression recognition by Bartlett et al. for
feature extraction[3]. They argued that facial expression
consists of those features standing for minor, non-rigid, lo-
cal variations of faces [3]. Structural information for those
local variations are related to higher-order statistics, which
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could be well extracted by ICA[5]. The efficiency of ICA
in extracting features for facial expression recognition has
been verified by many previous works [4], [6], [7].

The major purpose of the present work is to improve
the performance of ICA in facial expression recognition.
In the classical ICA, the derived independent components
are in random order, i.e., permutation ambiguity, where the
original order provides no information on the significance
of components in discrimination [8]. As a result, the de-
rived independent components may not be most distinctive
for the classification task, especially when only a small sub-
set of components is derived. Feature selection must be per-
formed along with the feature extraction. The selection can
be applied before, during or after ICA. In Ref. [4], Best Indi-
vidual Feature (BIF) selection was adopted, where features
were chosen according to some defined criteria individu-
ally. Methods by means of Sequential Forward Selection
(SFS) and Sequential Floating Forward Selection (SFFS)
were also proposed [9]. Since the selection is performed af-
ter ICA, the features are limited to those chosen from the
set of independent components obtained. To create a can-
didate set with enough representative features for discrim-
ination, a large number of independent components should
be learned, which may be expensive in computational cost.
It is meaningful to search for a way to affect the selection
of features before or during ICA. GEMC [10] makes a se-
lection before ICA by heuristically replacing PCA with a
discriminant analysis as the pre-processing to ICA, which
still lacks a mathematical explanation. ICA in a local facial
residue space is also proposed for face recognition, which
can be regarded as using the pre-specified residue space to
limit the selection of independent components before apply-
ing ICA [11].

We propose an approach to implement the feature se-
lection during the learning of independent components. A
constraint ICA has been proposed for the analysis of EEG
signals, where all components should be sparse and close
to a supplied reference signal by including a correlation
term [12]. In our case, we try to design a method to let
those components with higher degrees of class separation
emerge easier than others. The classical ICA in Ref. [13]
was shown to be derivable under the scheme of Maximum
Log-Likelihood (MLL) estimation [14]. Instead of using the
uniform prior for de-mixing coefficients in MLL, we take
the Maximum a Posteriori (MAP) estimation. A prior de-
fined by the degree of class separation is introduced to the
de-mixing coefficients, which in turn increases the proba-
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bility of the corresponding independent component being
significant in classification. In Ref. [15], a neural-network
based supervised ICA has been proposed, where a three-
layered feed-forward network minimizes the dependency of
hidden outputs and also minimizes errors between output
signals and their targets. Compared to the neural-network
based version, our method uses the MAP estimation, which
provides a base for further derivations of various approx-
imated learning algorithms. Especially, a fast fixed-point
version has been derived in the present work, which needs
fewer iterations than feed-forward neural network with fixed
learning rate, and is more robust in convergence.

In Sect. 2, we formulate sICA and derive the learning
rule in the fixed-point form. The algorithm for facial expres-
sion recognition is also given. In Sect. 3, numerical experi-
ments are made and the performance of our proposed algo-
rithm is investigated by making a comparison with ICA. We
also discuss the influence of the introduced selective prior.
Finally, we summarize the present paper and explain our fu-
ture work.

2. Facial Expression Recognition by sICA

We propose sICA to improve the performance of ICA in the
extraction of distinctive features. In this section, two ar-
chitectures of ICA-based facial expression recognition pro-
posed in Ref. [4] are explained. And we explain the gener-
ative model of sICA and give its MAP criterion. Then we
derive a fast learning method for sICA by using a fixed-point
algorithm for facial expression recognition.

2.1 Architectures of ICA-Based Facial Expression Recog-
nition

Assume we have N training images samples X = [x(ki)|k ∈
{1, · · · ,K}, i ∈ {1, · · · ,Nk}] from K classes, with Nk sam-
ples in the k-th class, and satisfy N =

∑K
k=1 Nk. x(ki) =

[x(ki)
1 , · · · , x(ki)

L ]T , is a L-dimensional vector. In Ref. [4], two
architectures for ICA-based face/facial expression recogni-
tion have been proposed. In both architectures, PCA is
applied to the image data X before performing ICA. As-
sume that Y is the sample data derived from PCA projec-
tion of X, i.e., Y = WpcaX and X = VpcaY. We have
Y = [y(ki)|k ∈ {1, · · · ,K}, i ∈ {1, · · · ,Nk}]. The i-th sam-
ple of class k, y(ki) = [y(ki)

1 , · · · , y(ki)
D ]T , is a D-dimensional

vector. Wpca is the matrix of PCA eigenvectors which sat-
isfies Vpca = [Wpca]T . In Architecture I, ICA is performed
on PCA bases Vpca. In Architecture II, ICA is performed on
PCA coefficients Y, i.e.,

Arch.I : [Vpca]T = VS → XT = {YT V}S , (1)

Arch.II : Y = VS → X = {VpcaV}S . (2)

V and S are the mixing matrix and independent source ma-
trix derived by ICA, respectively. If Q sources are extracted,
S is a Q-row L-col matrix in Arch. I and a Q-row N-col ma-
trix in Arch. II. We give the diagrams for both architectures

Fig. 1 A schematic diagram for two architectures of ICA-based facial
expression recognition.

Fig. 2 A block diagram for the processing flows in both the learning
phase and the running phase of facial expression recognition. All input
image data will be normalized in face position, and histogram-equalized as
pre-processing.

in Fig. 1. In Arch. I, each pixel of an image is a mixed
output from the corresponding pixel of independent image
sources, while in Arch. II, each pixel of an image is pro-
ducted from independent pixel sources for that image under
different mixing styles. When applied to pattern recognition,
Arch. I uses each row of mixing matrix {YT V} for classifi-
cation, while Arch. II recognizes patterns from the column
of pixel sources S corresponding to a given image.

In this paper, we adopt Arch. II and perform sICA
on the PCA coefficients Y instead of directly on the im-
age data X. Accordingly, final bases for extracting fea-
tures are computed as WF = WWpca with W = V−1. Let
X̃ = [xn|n ∈ {1, · · · , Ñ}] be the matrix by putting all testing
images into different columns, and let Ñ be the number of
samples in the testing set. We define the true classified la-
bels as Z = {zn ∈ {1, · · · ,K}|n ∈ {1, · · · , Ñ}} for observed
data, and define a recognition rate as

rc =
1

Ñ

Ñ∑
n=1

δ(zn, z
∗
n), (3)

where δ(x, y) is the Kronecker delta. z∗n is the estimated label
value which belongs to the class whose center is the closest
to the current feature vector, i.e.,

z∗n = arg min
k
D(sn,Wy(k)) (4)

and sn = WFxn. y(k)
=
∑Nk

i=1 y(ki) is the mean of PCA-
projected training samples belonging to class k. D(sa, sb) is
a distance function between two feature vectors, and can be
defined in various ways. Especially, we adopt the following
form in the present paper, i.e.,

D(sa, sb) = 1.0 − sT
a sb

|sa||sb| , (5)

which has been suggested to be the best metric for ICA Ar-
chitecture II in many previous works [7], [16]. A block dia-
gram for the whole process is given in Fig. 2.
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Fig. 3 Block diagram illustrating the generative model of sICA and the
corresponding de-mixing process.

2.2 Generative Model of sICA

Figure 3 illustrates the generative model of sICA. Pro-
vided Y as the training dataset, the classical ICA in
Arch. II assumes that these samples are generated from
Q statistically independent sources. S = [s(ki)|k ∈
{1, · · · ,K}, i ∈ {1, · · · ,Nk}] represents the signals generated
by those sources, where s(ki) = [s(ki)

1 , · · · , s(ki)
Q ]T corresponds

to y(ki). Those signals from different sources are linearly
mixed, i.e., Y = VS , where the D-row Q-column matrix
V is for the mixing coefficients. The purpose of ICA is to
search for the coefficients V that make the sources as statis-
tically independent as possible. If we let W = V−1 be the
inverse (or pseudo-inverse) of V , W is the de-mixing ma-
trix and satisfies S = WY. For any sample y, the extracted
feature in ICA will be s = Wy. Note that we consider the
noiseless case of ICA in the present paper.

The learning rule proposed by Bell and Sejnowski [13]
could also be derived by maximizing the log-likelihood cri-
terion, i.e., V = arg maxV log P(Y |V) [14]. Motivated by the
reasons described in the introduction, we search for a way to
make a selection of features during ICA so that those inde-
pendent components with higher degrees of class separation
are easier to find than others, which is achieved by introduc-
ing a prior distribution for the coefficients. We derive the
learning rule of V by maximizing the following criterion,

V = arg max
V

log P(V |Y)

= arg max
V

[log P(Y |V) + log P(V)]. (6)

By defining the prior function P(V) as a function of the clas-
sification information, we include the prior information into
ICA to produce sICA base for pattern classification. Espe-
cially, we define the prior as follows:

P(V) = P(W) =
∏

q

Pw(wq), (7)

Pw(w) =
1

Zw
exp{−λwMs(Y)wT } (8)

where wq = [wq1, · · · ,wqD] and W = [wT
1 , · · · ,wT

Q]T . Zw is
the partition function, which reads

Zw =

∫
exp{−λwMs(Y)wT }dw. (9)

We define:

Ms(Y) = Mwc(Y) − Mbc(Y), (10)

where Mbc(Y) and Mwc(Y) are the between-class and within-
class scatter matrices, defined by Eq. (11).

Mbc(Y) =
1
N

∑
k

Nk(y(k) − y)(y(k) − y)T ,

Mwc(Y) =
1
N

∑
k

∑
i

(y(ki) − y(k))(y(ki) − y(k))T . (11)

y(k) represents the mean vector for samples in class k, and
y is the mean value for all samples. λ is a hyper-parameter
introduced to control the influence of the prior. For λ >
0, an independent component whose de-mixing coefficients
are more distinctive in classification will have a higher prior
probability.

2.3 Fast sICA by Fixed-Point Algorithm

We have derived sICA by using the natural gradient algo-
rithm [17] and reported its performance in Ref. [18]. There
are still some questions left in the natural gradient version
of sICA. The iterative computation under the fixed learning
rate η in the natural gradient algorithm may be very slow or
even fail to converge. The gradient descendent scheme only
provides a local optimum, therefore performance is signif-
icantly limited by the initial searching position. We thus
further derive the learning rules of sICA in a fixed-point al-
gorithm. The purposes are to improve the stability of con-
vergence by adaptive learning rate η and to provide better
optima by searching in a wider range. Based on the short
introduction on fixed-point sICA that we made in Ref. [19],
we will give more detailed discussions on the formulation
of sICA and make further investigations on the characteris-
tics of sICA in the present paper. Performances under other
priors will also be studied.

Without loss of generality, we assume all sample data
{y(ki)} are mean-centered. A pre-whitening preprocessing
is first applied to sample data Y to reduce the complex-
ity of ICA by de-correlating sample data. We solve the
eigen-decomposition on the covariance matrix E{yyT } as
E{yyT } = UTΛU, where U is the matrix of eigen-vectors
and Λ is the diagonal matrix of all eigen-values. Pre-
whitened sample matrix Y pw is computed as Y pw = W pwY,
where W pw = UTΛ1/2U is the whitening matrix. Note that
pre-whitening step has a different purpose from that of PCA
preprocessing. PCA performed before ICA provides the
data for ICA decomposition in Architecture I, and helps to
reduce the data dimensions in Architecture II. On the other
hand, the pre-whitening preprocessing inside sICA is used
in both Architectures for data de-correlation.

Independent components are then estimated by maxi-
mizing the criterion in Eq. (6) on pre-whitened samples Y pw.
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We calculate the scatter matrix Ms(Y pw) and then diagonal-
ize it as

Ms(Y pw) = AΛs(Ŷ)AT , (12)

where Ms(Y pw) = Mbc(Y pw) − Mwc(Y pw) and A is a D × D
orthogonal matrix which satisfies AT A = I and Ŷ = AT Y pw.
We use x̂ to denote the correspondence of variable x that is
calculated from Ŷ . It is easy to derive ŵ = wA, which is a
1 × D vector. We rewrite the priors in Eqs. (7)–(8) as

P(W pw) =
∏

q

Pw(wpw
q ) =

∏
q

Pŵ(ŵq), (13)

Pŵ(ŵ) =
1

Zŵ
exp{λŵΛs(Ŷ)ŵT }, (14)

respectively.

Zŵ =

∫
exp{λŵΛs(Ŷ)ŵT }dŵ. (15)

Accordingly, the a Posteriori reads

log P(V pw|Y pw) = log P(V̂ |Ŷ)

= N log | det Ŵ | +
∑
k,i,q

log Pq

⎛⎜⎜⎜⎜⎜⎝∑
d

ŵqdŷ(ki)
d

⎞⎟⎟⎟⎟⎟⎠
+λ
∑

q

ŵqΛs(Ŷ)ŵT
q +Const, (16)

where |x| denotes the absolute value of x, and det calculates
the determinant of an matrix. Derivation of log P(Ŷ |V̂) can
be found in Ref. [13]. Pq(x) defines the prior of sources,
which takes super-Gaussian distribution, i.e., Pq(x) ∝
1/cosh(x), for the sparseness between sources. Let (ypw)(ki)

be the pre-whitened result of y(ki), i.e., (ypw)(ki) = W pwy(ki),
ŷ (ki) is also whitened, which is derived from

E {̂y (ki)[̂y (ki)]T } = AT E{(ypw)(ki)[(ypw)(ki)]T }A
= E{(ypw)(ki)[(ypw)(ki)]T }
= I (17)

due to the orthogonality of A. I is the indentity matrix. If we
restrict the searching problem of independent components
in the whitened space, we have uncorrelatedness and unit
variance of ŝ (ki) and | det Ŵ | is constant because

1 = | det E {̂s (ki)[̂s (ki)]T }|
= | det E{Ŵŷ(ki)(ŷ(ki))T ŴT }|
= | det Ŵ || det E{ŷ(ki)(ŷ(ki))T }|| det ŴT |. (18)

Further, Ŵ is orthogonal due to

E {̂s (ki)[̂s (ki)]T } = E{Ŵŷ(ki)(ŷ(ki))T ŴT }
= ŴE{ŷ(ki)(ŷ(ki))T }ŴT

= ŴŴT

= I, (19)

which derives ||ŵq|| = 1. In order to optimize the a Posteriori
under the constraint ||ŵq|| = 1, we define the criteria by using

the Lagrange multiplier,

L = log P(Ŵ|Ŷ) +
∑

q

αq(ŵqŵT
q − 1) (20)

with its first-order differential with respect to ŵqd being

∂L
∂ŵqd

=
∂ log P(Ŵ |Ŷ)
∂ŵqd

+ 2αqŵqd

= 2αqŵqd −
∑
k,i

P
′
q(
∑

d ŵqdŷ(ki)
d )

Pq(
∑

d ŵqdŷ(ki)
d )

ŷ(ki)
d

+ 2λŵq[Λs(Ŷ)]T
d

= −NE{g(ŵqŷ)ŷd} + 2λŵq[Λs(Ŷ)]T
d + 2αqŵqd

(21)

with g(x) = P
′
q(x)/Pq(x) and P

′
q(x) = dPq(x)/dx. Note that

we use [Λs(Ŷ)]d to denote the vector from the d-th row of
Λs(Ŷ) and will use [Λs(Ŷ)]dd to represent the d-th row d-th
col ofΛs(Ŷ) later. In a vector form of differential, we derive

∂L
∂ŵq

= −NE{g(ŵqŷ)ŷT } + 2λŵqΛs(Ŷ) + 2αqŵq. (22)

To maximize the criterion, we set the first-order differential
to zero, i.e.,

∂L
∂ŵq

= 0. (23)

Under the constraint ||wq|| = 1, we multiply both sides of
Eq. (23) by ŵT

q and obtain αq as

αq =
N
2

E{g(ŵqŷ)ŵqŷ} − λŵqΛs(Ŷ)ŵT
q . (24)

The second-order gradient is

∂2L
∂ŵ2

qd

= −NE{g′(ŵqŷ)ŷ2
d} + 2λ[Λs(Ŷ)]dd + 2αq

≈ −NE{g′(ŵqŷ)}E{ŷ2
d} + 2λ[Λs(Ŷ)]dd + 2αq

= −NE{g′(ŵqŷ)} + 2λ[Λs(Ŷ)]dd + 2αq, (25)

where E{g′(ŵqŷ)ŷ2
d} ≈ E{g′ (ŵqŷ)}E{ŷ2

d} is used.
Finally, the fixed-point update rule for ŵqd reads

ŵqd ← ŵqd − 1

−NE{g′(ŵqŷ)} + 2αq + 2λ[Λs(Ŷ)]dd

×{−NE{g(ŵqŷ)ŷd} + 2λŵq[Λs(Ŷ)]d + 2αqŵqd}

=
NE{g(ŵqŷ)ŷd} − NŵqdE{g′(ŵqŷ)}
−NE{g′ (ŵqŷ)} + 2αq + 2λ[Λs(Ŷ)]dd

. (26)

If we let g(Ŝ ) and g
′
(Ŝ ) denote the element-wise calculation

of functions g(x) and g
′
(x) on sources Ŝ = ŴŶ , we have

NE{g′ (ŵqŷ)} = [g
′
(Ŝ )1]q. 1 = [1, · · · , 1]T is an N dimen-

sional vector. The update rule is simplified:
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Table 1 Fast sICA by fixed-point algorithm.

a) Set the number Q of independent components, and let Y be
the matrix of sample data;

b) Produce pre-whitened data Y pw from Y by computing Y pw =

W pwY;

c) Calculate Ms(Y pw) and diagonalize Ms(Y) = AΛs(Ŷ)AT ,
where Ŷ = AT Y pw represents the sample data in the subspace ro-
tated by A;

d) Initialize randomly Ŵ(0);

e) Set iteration time t = 0 and convergence threshold ε.

f) Calculate the de-mixed source Ŝ (t) as Ŝ (t) = Ŵ(t)Ŷ;.

g) Calculate g(Ŝ (t)), g
′
(Ŝ (t)), α(t)

q and Φ(t):

α(t)
q =

N
2 E[g(ŵ(t)

q ŷ)[ŵ(t)
q ŷ]T ] − λŵ(t)

q [Λs(Ŷ)][ŵ(t)
q ]T ,

Φ
(t)
qd = [−[G

′
q](t) + 2α(t)

q + 2λ[Λs(Ŷ)]dd]−1;

h) Update the de-mixing matrix Ŵ according to the following
rule:

Ŵ(t+1) ← Φ(t) ◦ [g(Ŝ (t))ŶT − [G
′
](t)Ŵ(t)];

i) Do a symmetric orthogonalization on Ŵ as

Ŵ(t+1) ← (Ŵ(t+1)[Ŵ(t+1)]T )
−1/2

Ŵ(t+1);

j) Check the convergence. If Tr|Ŵ(t+1)[Ŵ(t)]T − I| < ε, go to (k).
If not, repeat (f) to (j). Tr(M) computes the trace of matrix M, while
|M| gives the absolute value for each element in matrix M;

k) Compute the overall sICA bases as W = ŴAT W pw.

Ŵ ← Φ ◦ [g(Ŝ )ŶT −G
′
Ŵ], (27)

by defining G
′
= diag{NE{g′(ŵqŷ)}|q = 1, · · · ,Q} and a Q×

D matrix Φ with Φqd = [−G
′
q + 2αq + 2λ[Λs(Ŷ)]dd]−1. The

symbol ◦ defines the component-wise multiplication of two
matrices. The algorithm is given in Table 1. Finally, we
have de-mixed source

S = Ŝ = ŴŶ = ŴAT W pwY = WY (28)

and de-mixing bases W = ŴAT W pw.

2.4 sICA vs. ICA on Generated Data

We made a simple experiment on some generated data to
further explain the difference between sICA and ICA in fea-
ture extraction for pattern classification. In Fig. 4 (a), we
generate two data clusters from three independent super-
gaussian components. To separate a component from the
other two, the de-mixing axis should be perpendicular to the
corresponding component, as shown in Fig. 4 (a). If only
2 components are extracted, estimated de-mixing axes by
ICA and sICA are different, as shown in Fig. 4 (b). From
the prewhitened data shown in Fig. 4 (c), we found that the
component, which demix axis 2 is perpendicular to, con-
tributes more to the overall variance, and decides one axis in
uncorrelation. Since de-mixing matrix becomes orthogonal
after prewhitening [8], demix axis 2 is easy to emerge during
the estimation of orthogonal ICA axes from the prewhitened
data. In sICA, the inclusion of classification information
eases the emergence of demix axis 1, which extracts an inde-
pendent component with higher ability of class separation.

Fig. 4 (a) Generated data with two clusters from three independent com-
ponents. (b) The difference between demixing axes from ICA ans sICA.
(c) Prewhitened data.

Obviously, the axes of sICA work better than those of ICA
in classifying these two clusters.

Although facial data are much more complex than the
above generated data and the number of independent com-
ponent is unknown, we expect sICA to obtain more distinc-
tive components in facial expression recognition than ICA.

3. Numerical Experiments and Discussions

We will focus on the comparison between sICA and ICA
under the same conditions to investigate their effects by in-
troducing the prior and by changing hyper-parameter λ for
facial expression analysis.

3.1 Experimental Conditions

We have tested two databases: the Japanese Female Facial
Expression (JAFFE) Database [20], which includes 213 im-
ages in total; and a subset of Cohn-Kanade AU-Coded Fa-
cial Expression Database with 396 images [21]. These im-
ages are aligned in face position and histogram-equalized.
All images are resized to 64 × 80 pixels. The goal of recog-
nition is to classify them as a neutral face, or as one of the six
elemental facial expressions suggested by Ekman et al. [22],
i.e., happiness, anger, fear, disgust, sadness and surprise.
Numerical experiments have been performed on 4 randomly
selected training sets of various sizes N (70 and 100 for
JAFFE Database, 100 and 220 for Cohn-Kanade Database).
For each N, a pair of two mutually exclusive sets was cre-
ated, one with N images selected for training, and another
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with all unselected images in that database for testing. In to-
tal, 4 pairs of training and testing datasets are used in our ex-
periments. To alleviate the influence of initial values in the
performance evaluation, we perform five-time computations
starting from different random initialization for each combi-
nation of experimental conditions. Their average recogni-
tion rates are shown and compared in the present paper.

3.2 Recognition Rates in sICA

The first experiment is made to investigate the performance
of ICA and sICA in facial expression recognition. For
comparison, we have also investigated the performances of
PCA and MDA(a multi-class extension of linear discrimi-
nant analysis) in our experiments. We plot recognition rate
rc on all four testing datasets as a function of Q, the number
of components, in Fig. 5.

Results from sICA are marked in up-triangle, while re-
sults from PCA, MDA, and classical ICA are shown by cir-
cles, solid lines and down-triangles, respectively. Results
from the four pairs of datasets are shown in four subgraphs,
respectively. Hyper-parameter λ is set to 0.35 for JAFFE
Database and 0.25 for Cohn-Kanade Database. In Fig. 5, we
show that:

1.) In our experiments of facial expression recogni-
tion, ICA outperforms PCA in all cases. As for the reason,
we consider that facial expression is mainly caused by lo-
cal variations, which are less significant in PCA bases than
global variations, such as, pose variation, lighting, and per-
sonal differences, etc.

2.) We find that in a wide range of Q, our sICA outper-
forms the classical ICA. Especially, our sICA significantly
improves the robustness of performance with fewer compo-
nents.

3.) Compared with MDA, sICA increases the recogni-
tion rate by 5 points on average for all testing datasets. We
conclude that the improvement is not caused by deriving the
same bases as those in MDA.

4.) Under a large number of independent components,
we find comparable performance in both ICA and sICA,
which proves that the inclusion of the selective prior does
not deteriorate the separation ability of classical ICA. There-
fore, we consider the improvement of performance under
a small number of components by sICA as a result of the
selective prior, which chooses the most distinctive compo-
nents during the learning of de-mixing matrix. Later in this
section, we will investigate the derived bases for further dis-
cussion.

Although in our experiments ICA outperforms PCA,
we recognize that the comparison is not sufficient for eval-
uating their relative performance. PCA with other metrics
may provide better results, and training conditions also af-
fect the results. We do not intend to prove their relative per-
formance in the present paper. Our experiments focus on
the comparison between sICA and ICA. In sICA, we found
that components with a large degree of separation can be
obtained, even when only a small subset of components is

Fig. 5 Recognition rates rc by using PCA, MDA, ICA and sICA are
compared on the four testing datasets, with training sample size N being
70, 100 for JAFFE Database and 100, 220 for Cohn-Kanade Database in
four graphs, respectively. Hyper-parameter λ is heuristically set to 0.35 for
JAFFE and 0.25 for Cohn-Kanade Database.

derived. With this characteristic of sICA, it is possible to
derive a small set of independent components that are dis-
tinctive in classification, which will significantly reduce the
training time when dealing with a large training dataset. A
smaller set of independent components also speeds up the
running phase of recognition.

Since ICA is an nonlinear method for feature extrac-
tion, we also compared our sICA with two well-known non-
linear methods, nonlinear SVM and nonlinear MDA. Ker-
nel techniques are used for the nonlinear representation of
data in both methods. However, the thorough comparison
is difficult, because the performance of these two methods
varies according to many factors, such as, the type of kernel,
the implementation of optima searching, the architecture of
multi-class extension and so on. In our case, we adopted the
Gaussian Radius Basis Function (RBF) kernel, which reads

φ(xi, x j) = exp(−γ|xi − x j|2) (29)

for any two variables xi, x j, and tested two multi-class
SVMs, i.e., Max-Win(one vs. the rest) and Pairwise (one
vs. one), to explain the advantage of using sICA. In Fig. 6,
we plotted recognition rate rc under different γ for all the
four tested pairs of datasets. Since the hyper-parameter γ
of RBF kernel does not exist in sICA, we use the best result
achieved by sICA as a reference for performance evaluation.
We conclude that:

1.) As hyper-parameter λ affects the performance of
sICA, kernel hyper-parameter influences the recognition-
rate of kernel-based methods much, whose automatic de-
cision is still left as an unsolved problem.

2.) Due to the small size of database, the difference
less than 2% means that only 3 images are different, which
might be caused by other reasons, e.g., the normalization er-
ror. Therefore, we conclude that for Cohn-kanade database,
sICA achieves comparable performances as nonlinear MDA
and nonlinear SVM.

3.) Since sICA is an improvement of ICA in extract-
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Fig. 6 Recognition rates rc by using nonlinear MDA, nonlinear SVM
are compared with that of sICA on the four testing datasets, with training
sample size N being 70, 100 for JAFFE Database and 100, 220 for Cohn-
Kanade Database in four graphs, respectively. RBF kernel is used for the
nonlinear representation of data. Since RBF kernel isn’t used in sICA,
we use the best result achieved by sICA as a reference for performance
evaluation.

ing components with higher power of discrimination, sICA’s
components have similar abilities of generalization as unsu-
pervised ICA. Unsupervised methods might achieve better
results in biased training samples than supervised methods
because they could avoid possible overfitting. This is re-
flected by the results on JAFFE Database. Comparing with
Cohn-Kanade Database, JAFFE Database is of a smaller
size and includes more variations on pose. Training datasets
from randomly selected samples have larger bias in JAFFE
database than those in Cohn-Kanade Database, which is
considered to the cause for sICA outperforming nonlinear
SVM and nonlinear MDA on JAFFE Database.

We believe that nonlinear SVM or MDA that focus on
direct searching of optimal discrimination should achieve
better results than sICA for unbiased training datasets. We
argue that the proposed method is meaningful for the fol-
lowing reasons: due to the various factors that affect the fa-
cial appearance, most databases are not sufficient in scale
and thus are biased for the representation of expressions;
sICA is mainly proposed as a method for feature extraction
rather than a classifier, which might achieve good results by
combining with other classifiers; kernel tricks and other im-
provements have also been proposed to ICA, which are also
applicable to sICA for better results. These will be studied
in our future work.

3.3 Characteristics of sICA

a) Behavior under Different Hyper-parameter λ
We plot recognition rate rc as a function of λ for differ-

ent numbers of components Q for the four testing datasets
with training sample sizes N of 70, 100 for JAFFE Database
and 100,220 for Cohn-Kanade Database in four subgraphs
of Fig. 7, respectively. By increasing λ, the robustness of
recognition rate rc against a small number of components
Q improved. The experimental results for the transition of

Fig. 7 Recognition rate rc is plotted as a function of number of compo-
nents Q at different hyper-parameter λ for the four testing datasets with
training sample size N of 70, 100 for JAFFE Database and 100, 220 for
Cohn-Kanade Database in four subgraphs, respectively. A properly se-
lected λ helps improve the performance.

Fig. 8 Recognition rate rc is plotted as a function of λ for different num-
bers of components Q for the four testing datasets with training sample
sizes N being 70, 100 for JAFFE Database and 100, 220 for Cohn-Kanade
Database in four subgraphs, respectively. A properly selected λ helps im-
prove the performance.

recognition rate rc with regard to hyper-parameter λ appear
in Fig. 8. These plots show that the recognition rates first in-
crease with the increase of λ, and then decrease when λ gets
too large and causes a heavy bias on the sparseness of the
obtained independent components. The tradeoff between
sparseness and degree of discrimination should be taken to
achieve the best results.

b) Degree of Separation in sICA
We compare the de-mixing components in PCA, MDA,

ICA and sICA in Fig. 9 (a), (b), (c) and (d), respectively. For
PCA and MDA, the topmost five components are shown.
For ICA and sICA, we derive the bases by estimating the
de-mixing matrix under Q = 10. In Fig. 9, we confirm that:

1.) Independent components in images are regarded
as edge filters [23]. We also confirm that de-mixing com-
ponents in ICA and sICA focus more on the local features
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Fig. 9 De-mixing components that we obtained from PCA, MDA, ICA
and sICA are shown in (a), (b), (c) and (d), respectively. In PCA and MDA,
the top five components are given. For ICA and sICA, components are
estimated under Q = 10 and the same initialization.

such as edges or contours of faces, compared with those de-
mixing components in PCA and MDA that represent holistic
features of faces.

2.) We define degree of class separation ds(w) =
wMs(Y)wT for de-mixing component w. In Fig. 10 (a), all
components derived by sICA are compared to those derived
by ICA regarding the degree of class separation with re-
gard to the classification of facial expression dE

s (w). sICA
achieves a higher degree of class separation than ICA for
almost all components. A common feature of independent
components of high dE

s (w) and MDA bases is that they both
emphasize some facial parts, e.g., eyebrows, cheeks, mouth
corners, etc., that are thought to be essential in understand-
ing facial expressions.

3.) In Fig. 10 (b), we further compare their degrees of
class separation with regard to the classification of individ-
uals, i.e., dI

s(w), between sICA and ICA. We found most
components from sICA have lower dI

s(w) than those from
ICA.

Because ICA is an unsupervised method, the order of
bases includes no information on the contribution of com-

Fig. 10 Degrees of class separation ds(w) are compared on sICA and
ICA components that we have obtained in Fig. 9. Number of components Q
is set to 10. (a) dE

s (w) represents the degree of class separation with regard
to facial expressions. (b) dI

s(w) represents the degree of class separation
with regard to individuals. Each bar represents one component.

ponents to classification. In both dE
s (w) and dI

s(w), the com-
ponents derived from classical ICA have rather flat signifi-
cance. This might explain why the recognition rate of ICA
is almost linearly proportional to the number of components
in Fig. 5. The similar abilities of class separation of vari-
ous bases confirm the necessity of including classification
information.

A question left is the determination of optimal λ. Re-
garding the selective prior as a constraint, components are
affected by two factors, i.e., sparseness maximized by ICA
and discrimination maximized by selective prior. Hyper-
parameter λ controls their relative strength. Large λ in-
creases the degree of separation, and reduces the sparseness.
As a result, we note that bases in sICA include more global
features than those in ICA. The tradeoff between sparse-
ness and degree of discrimination should be considered to
achieve the best results by selecting proper λ. We found that
optimal values of λ are all approx. 0.35 and 0.25 for tested
datasets from JAFFE and Cohn-Kanade Database, respec-
tively. It is still not clear whether a constant λ exists accord-
ing to the power relation between the sparseness term and
the prior. The estimation of λ is possible if we add a bias
to the selective prior to make it integrable. However, es-
timation of optimal bias introduces new hyper-parameters.
Therefore, we leave the auto-selection of λ as an open ques-
tion. For the current work, we could choose the best value
from different trials of λ according to performances with a
small number of components, which in fact does not require
much computational cost.

c) Performance by Using Other Priors in sICA
Besides the prior defined in Eqs. (8)–(10) (Referred to

as Prior 1), it is possible to define the selective prior as

Pw(w) =
1

Zw
exp{−λwMs(Y)wT } (30)

Ms(Y) = [Mbc(Y)]−
1
2 Mwc(Y)[Mbc(Y)]−

1
2 (31)

which is referred to as Prior 2. In Fig. 11, we compared
these two priors in recognition accuracy. Prior 2 also shows
the ability in improving the robustness of ICA against few
numbers of components. A demerit of using Prior 2 is that
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Fig. 11 Recognition rates rc under different selective priors are com-
pared on the testing dataset, with training sample size N being 70 on JAFFE
Database.

large variations exist in the eigen-values of Ms(Y), which
causes problem in manual selection of λ and becomes less
robust than the case of using Prior 1. We use Mbc(Y) + εI
instead of Mbc(Y) to solve the inverse problem, and set ε be
half of non-zero minimal eigenvalue of Mbc(Y) to reduce the
variations of Ms(Y)’s eigen values. It still failed to reach the
same accuracy as that of Prior 1 due to the lack of an opti-
mal λ. The advantage of using Prior 2 is that Zw could be
computed because exp{−λwMs(Y)wT } is integrable by us-
ing Gaussian integral, which provides possibilities for the
auto-decision of λ. We have tried to estimate λ by maximiz-
ing log P(W |Y) but found no high accuracy obtained by the
optimal λ. Hence, we omit those results and leave the search
for better criteria as a future work.

4. Conclusion and Future Work

In the present paper, we have proposed a supervised ver-
sion of ICA for facial expression recognition by perform-
ing feature selection along with the learning of ICA. In or-
der to decrease the computational burden of ICA, we try to
obtain distinctive bases by only estimating a small subset
of independent components. A selective prior defined on
the scatter matrix has been introduced to the classical ICA,
and MAP estimation is applied to derive the learning rule
in a fixed-point algorithm. We performed numerical exper-
iments to investigate the influence of new prior term. We
also compared the results of sICA with the results of classi-
cal ICA. Our method shows better performance than ICA in
that: a) recognition rate under a small number of indepen-
dent components is largely improved, which is meaningful
in dealing with a large training dataset, and b) sICA provides
more robust performance than ICA in cases with few com-
ponents. Experimental results on JAFFE and Cohn-Kanade
Databases show that a high recognition rate of about 85%
has been obtained by our method, when nearly half of all
images are randomly chosen as training data. Further, sICA
outperforms MDA by over 5 points on average, and also
outperforms PCA in our experiments. There are still some

problems left for us to study, such as the decision of optimal
λ. Investigation on various priors is also a part of our future
work.

References

[1] M. Pantic and L.J.M. Rothkrantz, “Automatic analysis of facial ex-
pressions: The state of the art,” IEEE Trans. Pattern Anal. Mach.
Intell., vol.22, no.12, pp.1424–1445, 2000.

[2] B. Fasel and J. Luttin, “Automatic facial expression analysis: Sur-
vey,” Pattern Recognit., vol.36, pp.259–275, 2003.

[3] M.S. Bartlett, G.L. Donato, J.R. Movellan, J.C. Hager, P. Ek-
man, and T.J. Sejnowski, “Image representations for facial expres-
sion coding,” Advances in Neural Information Processing Systems,
vol.12, pp.886–892, 2000.

[4] M.S. Bartlett, J.R. Movellan, and T.J. Sejnowski, “Face recognition
by independent component analysis,” IEEE Trans. Neural Netw.,
vol.13, no.6, pp.1450–1464, 2002.

[5] Y. Karklin and M.S. Lewicki, “Learning higher-order structures in
natural images,” Netw., Comput. Neural Syst., vol.14, pp.483–499,
2003.

[6] C.F. Chuang and F.Y. Shih, “Recognizing facial action units using
independent component analysis and support vector machine,” Pat-
tern Recognit., vol.39, pp.1795–1798, 2006.

[7] B.A. Draper, K. Baek, M.S. Bartlett, and J.R. Beveridge, “Recog-
nizing faces with PCA and ICA,” Computer Vision and Image Un-
derstanding, vol.9, pp.115–137, 2003.

[8] A. Hyvärinen, J. Karhunen, and E. Oja, Independent Component
Analysis, John Wiley & Sons, 2001.

[9] H.K. Ekenel and B.Sankur, “Feature selection in the independent
component subspace for face recognition,” Pattern Recognition Let-
ters, vol.25, pp.1377–1388, 2004.

[10] I. Eguchi and K. Kotani, “Facial expression analysis by generalized
eigen-space method based on class-features (GEMC),” Proc. 2005
IEEE Int’l Conf. on Image Processing, vol.1, MonAmPO3-6, Gen-
ova, Italy, 2005.

[11] T.K. Kim, H. Kim, W. Hwang, and J. Kittler, “Independent com-
ponent analysis in a local facial residue space for face recognition,”
Pattern Recognit., vol.37, pp.1873–1885, 2004.

[12] C.J. James and O. Gibson, “Electromagnetic brain signal analysis
using constrained ICA,” Proc. 2nd European Medical and Biological
Engineering Conference, vol.1, pp.426–427, 2002.

[13] A.J. Bell and T.J. Sejnowski, “An information-maximization ap-
proach to blind separation and blind deconvolution,” Neural Com-
put., vol.7, pp.1129–1159, 1995.

[14] D.J.C. MacKay, “Maximum likelihood and covariant algorithms for
independent component analysis,” Technical report, University of
Cambridge, 1996.

[15] M. Kotani, H. Takabatake, and S. Ozawa, “Supervised independent
component analysis with class information,” Lecture Notes in Com-
puter Science, vol.3316, pp.1052–1057, 2004.

[16] K. Delac, M. Grgic, and S. Grgic, “Independent comparative study
of PCA, ICA, and LDA on the FERET data set,” International Jour-
nal of Imaging Systems and Technology, vol.15, pp.252–260, 2005.

[17] S. Amari, “Natural gradient works efficiently in learning,” Neural
Comput., vol.10, pp.251–276, 1998.

[18] F. Chen and K. Kotani, “Facial expression recognition by ICA with
selective prior,” 6th Int’l Conf. on Independent Component Analysis
and Blind Source Separation, vol.1, pp.941–950, 2006.

[19] F. Chen and K. Kotani, “Facial expression recognition by fast su-
pervised independent component analysis,” Information Technology
Letters, 2007, vol.1, pp.219–222, 2007.

[20] M.J. Lyons, S. Akamatsu, M. Kamachi, and J. Gyoba, “Coding fa-
cial expressions with Gabor wavelets,” Proc. 3rd IEEE Int’l Conf. on
Automatic Face and Gesture Recognition, vol.1, pp.200–205, 1998.

[21] T. Kanade, J.F. Cohn, and Y. Tian, “Comprehensive database for



350
IEICE TRANS. INF. & SYST., VOL.E91–D, NO.2 FEBRUARY 2008

facial expression analysis,” Proc. IEEE Face and Gesture’00, vol.1,
pp.46–53, 2000.

[22] P. Ekman, W.V. Friesen, and P. Ellsworth, ed., Emotion in the hu-
man face: Guidelines for research and an integration of findings,
Pergamon Press, New York, 1972.

[23] A. Bell and T. Sejnowski, “The independent components of natu-
ral scenes are edge filters,” Vision Research, vol.37, pp.3327–3338,
1997.

Fan Chen received the BS degree in com-
puter science from Nanjing University in 2001.
He received the MS degree in information sci-
ence from Tohoku University in 2005. He is cur-
rently a PhD candidate in the School of Informa-
tion Science at the Japan Advanced Institute of
Science and Technology. His research interests
include computer vision, image processing and
pattern recognition.

Kazunori Kotani received the BS and MS
degrees in electrical and electronic systems en-
gineering from Nagaoka University of Technol-
ogy in 1981 and 1983. He was with the Con-
sumer Products Research Center at Hitachi, Ltd.
during 1983–1989. He received the PhD degree
in information science and control engineering
from the Nagaoka University of Technology in
1990. He was a research associate in the Depart-
ment of Electrical Engineering, Nagaoka Uni-
versity of Technology, during 1990–1991. He is

currently an associate professor in the School of Information Science at the
Japan Advanced Institute of Science and Technology from 1991. His re-
search interests include computer vision, facial image analysis and CG. He
is a member of ITE, and J-FACE.


