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Abstract We present an enhanced principal component analysis (PCA) algorithm for
improving rate of face recognition. The proposed pre-processing method, termed as per-
fect histogram matching, modifies the image histogram to match a Gaussian shaped tonal
distribution in the face images such that spatially the entire set of face images presents similar
facial gray-level intensities while the face content in the frequency domain remains mostly
unaltered. Computationally inexpensive, the perfect histogram matching algorithm proves
to yield superior results when applied as a pre-processing module prior to the conventional
PCA algorithm for face recognition. Experimental results are presented to demonstrate effec-
tiveness of the technique.
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1 Introduction

Face recognition has been an active area of research in image processing and computer vision
for more than two decades and is certainly one of the most successful applications of con-
temporary image analysis and understanding. The past two decades have witnessed sustained
research endeavors that have led to new methods and algorithms with improved face recogni-
tion capability. These include principal component analysis (PCA) (Turk and Pentland 1991;
Yang et al. 2004), independent component analysis (ICA) (Bartlett et al. 2002; Kwak and
Pedrycz 2007), linear discriminant analysis (LDA) (Etemad and Chellappa 1996), isomaps
(Tenenbaum et al. 2000), locally linear embedding (LLE) (Roweis and Saul 2000; Saul and
Roweis 2003), Laplacianfaces (He et al. 2005; Niu et al. 2008) based on Laplacian eigenmaps
(Belkin and Niyogi 2002, 2008), and whitenedfaces (Liao et al. 2007).
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Despite of the emerging nonlinear mapping techniques which preserve the local struc-
ture of face images and provide dimensionality reduction (Roweis and Saul 2000; Belkin
and Niyogi 2002; Saul and Roweis 2003; Qing and Wang 2006; Niu et al. 2008; Belkin
and Niyogi 2008), research interest in PCA-based algorithms for face recognition remains
strong. In Ramasubramanian and Venkatesh (2001), a method that combines the discrete
cosine transform (DCT), PCA, and the characteristics of the human visual system (HVS)
is proposed. In Yang et al. (2004), face images are treated as matrices instead of vectors as
in the original PCA algorithm and a corresponding image projection technique is used for
face recognition. These methods are shown to offer better recognition rates with improved
computational efficiency. In Liao et al. (2007), the authors propose a whitening filter as a
pre-processing step, while in Chichizola et al. (2005) a down-sampling step is considered as
pre-processing and, in PCA, the eigenfaces are computed directly as the eigenvectors of the
covariance matrix. In Hsieh and Tung (2009), an image partition technique is combined with
vertically centered PCA and whitened horizontally centered PCA to obtain a novel hybrid
approach with better recognition performance relative to the traditional PCA.

Human face recognition is known to be a challenging task, especially because it has to
deal with images of a subject with variations in illumination, pose, and expression. Sev-
eral approaches to tackling the illumination issue in face recognition have been proposed.
These include Hallinan (1994) proposing a low-dimensional representation of human faces
for arbitrary lighting conditions, Belhumeur et al. (1997) with a post-processing method to
accommodate lighting changes, Shashua (1997) with a generalized k-linear reflection model
to deal with illumination changes, and some theoretical analysis of illumination in vision
systems given by Belhumeur and Kriegman (1996) and Zhao and Yang (1999). Consider-
able progress in face recognition under pose variations has also been made in the recent
years. Li et al. (2000) and Liu and Chen (2003) propose to learn the dynamics of faces from
images with continuous pose variation. Recognition-by-synthesis approaches are proposed
by Lee and Kim (2004) where a test image with an arbitrary pose is transformed into fron-
tal view, and by Okada and von der Malsburg (2002) where each of the training images
is transformed into the same pose as the test image. A probabilistic approach to face rec-
ognition is proposed in Kanade and Yamada (2003). In Blanz and Vetter (2003) and Liu
and Chen (2005), geometric information of human head are taken into account to aid the
recognition.

In this paper, a new pre-processing strategy based on histogram matching is proposed
that can be incorporated into the conventional PCA for face recognition. Because of the
close connection of the notion of histogram to image’s light intensity distribution, to a large
extent the method described in this paper is related to the above mentioned work dealing
with face images with illumination and facial expression variations, although with a different
perspective. Specifically, in Sect. 3 we describe a technique that modifies a given image
such that the histogram of the modified image perfectly matches a desirable Gaussian shaped
histogram. Through a case study in Sect. 4, it is demonstrated that the perfect histogram
matching (PHM) helps generate a considerably more homogeneous tonal distribution in the
face images involved in a PCA-based face recognition process so as to improve the recogni-
tion rate while the computational complexity required remains low. The experimental results
are evaluated by comparing them with those obtained by PCA without pre-processing, and
three PCA-based existing algorithms having whitening, discrete cosine transform (DCT)
and histogram equalization (HE) pre-processing modules, respectively. For readability and
convenience, Sect. 2 presents a brief review of the work of Turk and Pentland (1991); Liao
et al. (2007), and Ramasubramanian and Venkatesh (2001) that are most relevant to the work
described in this paper.

123



Multidim Syst Sign Process (2010) 21:213–229 215

2 PCA, whitening PCA and DCT-PCA: a review

2.1 PCA

The PCA (Turk and Pentland 1991) is an eigenface-based approach to face recognition that
seeks to capture the variation in a collection of face images and uses this information to
encode and compare images of individual faces.

The eigenfaces are the eigenvectors of the covariance matrix of the set of face images,
where each image is treated as a point in a high dimensional space. Eigenfaces extract rele-
vant facial information, which may or may not be directly related to human intuition of face
features such as eyes, nose, and lips, by capturing statistical variation between face images.
Therefore, eigenfaces may be considered as a set of features which characterize the global
variation among the face images involved. Other advantages of using eigenfaces are an effi-
cient image representation using a small number of parameters and reduced computational
and dimensional complexity (Turk and Pentland 1991; Zhao et al. 2003).

Given a data set d, also called training set, consisting of M face images of K individuals,
the PCA algorithm proposed in Turk and Pentland (1991) starts by transforming each N × N
image in d into a column vector �i of dimension N 2, by concatenating the image rows. The
K individuals involved are called classes, each one having L = M/K images in d. Next, an
average face � is computed as � = 1

M

∑M
i=1 �i , and subtracted from each vector �i to con-

struct vector �i as �i = �i − �. The data matrix is then formed as A = [�1. . .�M ]/√M
and the covariance matrix is constructed as C = 1

M

∑M
i=1 �i�

T
i = AAT . Note that C

is a matrix of large size N 2 × N 2. Instead of directly computing the eigenvectors ui and
eigenvalues λi of matrix C, which usually is an intractable task for typical image sizes, the
eigenvectors vi and eigenvalues λi of a much reduced size M × M matrix L = AT A are
computed, and the eigenvectors of matrix C are then found to be

ui = λ−1
i Avi for i = 1, . . . , M. (1)

These eigenvectors ui , called eigenfaces, are used to represent the face images from d, so as
to examine an input image � (in the form of a column vector) as whether or not it is a face
image and, if it is, whether or not it is a member of a class or a stranger (non-member).

A p-dimensional face space is generated by the span of the p most significant eigenvec-
tors (i.e. eigenfaces) that are associated with the p largest eigenvalues of C, and the matrix
composed of these p eigenfaces is denoted by Ũ . Matrix Ũ is used to yield a p-dimensional
pattern vector � = Ũ T � where � = � −�, and is also used to project the input image onto
the face space as � f = ŨŨ T �= Ũ�. The Euclidean distance d0 between the input image
� and the face space is computed as

d0 = ∥
∥� − � f

∥
∥

2 . (2)

If distance d0 is found to be below a chosen threshold δ0, the input image � is classified as
a face image, otherwise it is considered a non-face image.

Furthermore, if � turns out to be a face image, it can be classified as a class member or
non-member face. And if it is a member then the class it belongs is identified. These are
achieved by (i) evaluating dk = ‖� − �k‖2 for k = 1, . . . , K where the class pattern vector
�k is calculated as �k = 1

L

∑L
i=1 �

(i)
k with �

(i)
k = Ũ�

(i)
k being the pattern vector of the i th

image of the kth class; and (ii) comparing

dmin = min
k

dk (3)

123



216 Multidim Syst Sign Process (2010) 21:213–229

with a prescribed threshold δ1. If dmin = ‖� − �k∗‖2 and dmin < δ1, then the input image
� is identified as a member of class k∗, else � is considered a non-member.

2.2 Whitening PCA

As demonstrated by Liao et al. (2007), a pre-processing step of whitening and low-pass filter-
ing that flattens the power spectrum of face images and controls the noise at high frequencies,
can improve rate of face recognition. The PCA method with this pre-processing step is called
whitenedfaces recognition.

The motivation behind whitening technique resides in the spectral behavior of natural
scenes and facial images: their power spectra roughly fall with the increasing spatial fre-
quency according to a power law 1/ f α . This unbalanced power spectra may result in potential
problems when used in searching for structural information in an image space, as the infor-
mation at low frequencies may swamp the equally useful information at high frequencies
(Liao et al. 2007). The solution in Liao et al. (2007) is to employ a whitening filter to atten-
uate the low frequencies and boost the high frequencies so as to yield a roughly flat power
spectrum across all spatial frequencies, and a low-pass filter to control the noise at high
frequencies. This filtering component is integrated as a pre-processing step into the conven-
tional PCA/ICA algorithms, and in this paper the whitenedface recognition employing PCA
is called WPCA.

In WPCA, a low-pass filter with frequency response

L( f ) = exp
(−( f/ fc)

n)
(4)

is applied in order to avoid increasing the noise amplitude in image, where the parameters
are set to fc = 0.6 fmax, n = 5 and f = √

u2 + v2 is the absolute spatial frequency. Sub-
sequently, the whitening filter is applied for balancing the power spectrum. Its frequency
response has the expression

W ( f ) = f αω/2 (5)

where the optimal value of whitening parameter αω is found to be 2.5. From (4) and (5), the
whitening pre-processing is achieved by applying the combined filter as

WL( f ) = W ( f )L( f ). (6)

Multiplying the Fourier coefficients F(u, v) of the face image I (x, y) with the combined
filter WL ( f ), the result in frequency domain is obtained as

Fw(u, v) = W ( f )L( f )F(u, v). (7)

As a last step of the pre-processing module, the whitenedface image Iw(x, y) is computed
using the inverse Fourier transform of (7).

2.3 DCT- PCA

Suppose one performs 2-D DCT of the i th face image in data set d. Mimicking the HVS that
is known to be more sensitive to the low-frequency components of an image, one keeps only a
certain number of low-frequency DCT coefficients and arranges them as a column vector Fi .
In this way, a corresponding data set D̂ in the frequency is obtained as D̂ = {F1, F2, . . . , FM }.
By treating D̂ as a training set just like in the conventional PCA, a PCA-based algorithm
can be applied for face recognition purpose. The orthonormal eigenvectors of the corre-
sponding covariance matrix are called cosine-faces (Ramasubramanian and Venkatesh 2001).
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Because of the removal of the insignificant spectral components (i.e. the high-frequency DCT
coefficients), DCT-PCA based algorithms can perform faster recognition with improved accu-
racy. In Ramasubramanian and Venkatesh (2001) it is observed that a significant improvement
in the recognition rate can be obtained if 30 % of DCT coefficients in the low frequency range
are employed.

3 Perfect histogram matching PCA

In this section, we propose a new pre-processing method based on histogram matching that
can be incorporated into the conventional PCA for face recognition. The purpose of the his-
togram matching is to obtain a homogeneous tonal distribution for the face images in the data
set d as well as for the input image � by modifying the histogram of each image involved
to match a desired histogram. In this way, the lighting conditions and light intensities across
the entire image set tend to be equalized that in turn reduces the lighting-condition related
discrepancy between d and �, leading to an improved recognition rate.

3.1 Desired histogram

The histogram of a digital image of size N × N with G gray levels is a discrete function
h(rk) = nk with k = 0, 1, . . . , G − 1, where rk is the kth gray level and nk is the num-
ber of pixels in the image having gray level rk . For an 8-bit digital image, for example,
G = 28 = 256 and rk assumes discrete values rk = 0, 1, . . . , 255. The relative frequency
of a pixel having gray level rk in the image is equal to pr (rk) = nk/n where n = N 2 is the
total number of pixels in the image. It follows that pr (rk) is merely a normalized version of
the histogram, satisfying

0 ≤ pr (rk) ≤ 1 and
G−1∑

k=0

pr (rk) = 1. (8)

For this reason pr (rk) is often referred to as probability of occurrence of gray level rk .
Histograms are the basis for numerous spatial-domain processing techniques for image

enhancement, compression and segmentation, being straightforward to calculate and allow-
ing efficient hardware implementations for real-time image processing (Gonzalez and Woods
2002). It is well-known that images with fairly dark characteristics or predominantly light
tones can be enhanced by histogram equalization (HE). HE produces an image with nearly
uniform distribution over the whole intensity scale, i.e. an image with a flat histogram. More
generally, image histogram may be modified to match a particular histogram so as to high-
light certain gray-level regions of the image (Gonzalez and Woods 2002). On the other hand,
however, current methods for histogram matching achieve its goal only approximately, see
for example Sect. 4.2 of Gonzalez and Woods (2002) and Sect. 7.3 of Jain (1989).

For a natural, well-balanced and homogeneous appearance across the face images in data
set d, the Gaussian function

hd(r) = ae
− (r−b)2

2c2 , r ∈ [r0, rG−1] (9)

is chosen to be the desired reference histogram, where parameter b is the position of the center
of the peak, c controls the width of the bell shape, a is the height of the curve’s peak, and
[r0, rG−1] defines the interval where the Gaussian function specifies the desired histogram.
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Fig. 1 Gaussian shape of the
imposed histogram

Because the gray levels of a digital image always assume integer values and the number
of image pixels possessing a given gray level is also an integer, a discrete version of the
Gaussian histogram assumes the form

hd(rk) = round

[

ae
− (rk −b)2

2c2

]

, for k = 0, 1, . . . , G − 1 (10)

and, for images of size N × N , hd(rk) must satisfy the constraint

G−1∑

k=0

round

[

ae
− (rk −b)2

2c2

]

= N 2 (11)

meaning that the total number of pixels in an image with the desired histogram remains to be
N 2. For example, for an 8-bit image of size 128 × 128, we have N = 128, G = 256, r0 = 0,
and r255 = 255. For a smooth tonal distribution of gray levels, one needs to set the values of
parameters b and c such that to provide midtones (Busch 2005; Langford and Bilissi 2005)
and a high image contrast (Busch 2005), respectively. Under these circumstances, the left
side of (11) becomes a function of one single variable a which can be readily tuned to satisfy
(11). For example, for b = 127.5, c = 100 and N = 128 (see Fig. 1), the value of a satisfying
(11) is found to be a = 99.4568.

3.2 Perfect histogram matching

In what follows, we describe a technique that modifies the histogram of an image to precisely
match a desired histogram.

Let the histogram of a digital image � of size N × N be given by {h(rk) = nk, k =
0, 1, . . . , G − 1} and a desired histogram be given by {hd(rk) = n(d)

k , k = 0, 1, . . . , G − 1}
having the same total number of pixels n = N 2 as the original histogram {h(rk)}. Viewing
the image as a matrix � = {gi j , i, j = 1, 2, . . . , N }, we define index set

Ik = {(i, j) : gi j = rk}. (12)

Note that (i) the index set Ik contains the pixel locations in the image having gray level rk ;
(ii) its length, |Ik |, is equal to nk ; and (iii)

∑G−1
k=0 |Ik | = N 2 = n.

With these Ik defined, an ordered index-set sequence I can be constructed as

I = {I0, I1, . . . , IG−1}. (13)

We remark that Il ∩ Ik = ∅ for l 	= k and
⋃G−1

k=0 Ik covers the entire index set
{(i, j), i, j = 1, 2, . . . , N }. Now if we write index set I explicitly as

I = {(i1, j1), (i2, j2), . . . , (in, jn)}
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and the desired histogram in terms of a sequence as

n(d) =
{

n(d)
0 , n(d)

1 , . . . , n(d)
G−1

}

which is associated with the gray-level sequence

r = {r0, r1, . . . , rG−1},
then a natural way to modify the gray levels (hence histogram) of the given image to match
n(d) is to assign the first gray level r0 to the first n(d)

0 pixels whose locations are specified by

the first n(d)
0 indices in sequence I. Next, one assigns the second gray level r1 to the next n(d)

1

pixels whose locations are specified by the next n(d)
1 indices in I, and so on. The assignment

continues until the last gray level rG−1 is assigned to the n(d)
G−1 pixels whose locations are

specified by the last n(d)
G−1 indices in I. From the way the index sequence I is constructed and

the histogram of the given image is modified, it follows that (i) the histogram of the given
image so modified matches perfectly with the desired histogram; and (ii) subject to perfect
histogram matching, the changes made in the histogram of the given image are minimized
in the sense that the average difference between the original and modified gray levels at any
given pixel location remains smallest.

The implementation of the proposed perfect histogram matching (PHM) pre-processing
follows the outline:

Begin: set index_length = 0;
For k = 0 : 1 : G−1, do:

• construct the working index set Iw of length n(d)
k as the subset of set I, which consists

of the (index_length + 1)th element through the (index_length + n(d)
k )th element in I;

• assign each of the pixels whose locations are specified by Iw to gray level rk ;
• set index_length := index_length + n(d)

k and k := k + 1;

End

Fig. 2 The effect of PHM pre-processing: original images (top row) and their processed counterparts (bottom
row)
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As an example, the PHM algorithm was applied to three facial images of size 128× 128 (see
the first row of Fig. 2) with b = 127.5 and c = 100, and the resulting images are shown in
the second row of Fig. 2.

For comparison, the effect in spatial and frequency domains of the whitening filter from
(6) and the histogram-based processing using (10) is illustrated in Fig. 3 using one of the
face images (for display purposes, in this paper, the whitened face image was re-scaled into
range [0, 255]).

The method can be summarized by a block diagram in Fig. 4. Central in the system, the
PHM module is applied to the training set as well as the test image to obtain a homogeneous
tonal distribution. This is followed by the conventional PCA algorithm to yield eigenfaces
which are subsequently used to represent and classify the face images. The classification
module contains two components: one performs discrimination between face/non-face and
member/nom-member images, and the other performs face identification for member images.

Fig. 3 Top row from left to right: the original face image, its whitened version and its histogram-enhanced
version. Bottom row: their corresponding power spectra

Fig. 4 A block diagram of the proposed method
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4 A case study

As a pre-processing algorithm, PHM can in principle be incorporated into any face identifica-
tion method to enhance its robustness to various facial expressions and illumination-related
discrepancy. In this paper, we focus on the case where the PHM algorithm is applied to
both the input image � and data set d prior to the application of the conventional PCA
algorithm. The proposed method will be referred to as the perfect histogram matching PCA
(PHM-PCA). Our study aims to evaluate the performance of PHM-PCA and compare it with
WPCA (Liao et al. 2007), DCT-PCA (Ramasubramanian and Venkatesh 2001) and PCA
(Turk and Pentland 1991) algorithms. The proposed algorithm was also compared with a
PCA-based algorithm which incorporates a HE pre-processing step. The Yale Face Database
(Belhumeur et al. 1997) and extended Yale Face Database B (Georghiades et al. 2001; Lee
et al. 2005) were chosen as image databases as they include more frontal images per class
(subject) than several other test data sets (such as FERET) and their images do not need to
be rescaled.

The Yale Face Database contains a set of 165 grayscale images of 15 subjects (Fig. 5),
with 11 poses per subject (Fig. 6), namely center-light, with glasses, happy, left-light, without
glasses, normal, right-light, sad, sleepy, surprised, and wink, denoted as pose ‘a’, ‘b’, …,
and ‘k’, respectively. The Yale Face Database images employed in our simulations have been
cropped to 128 × 128 pixel size to minimize non-face areas such as hair and neck, with the
image center approximately placed between the 2 nostrils of subject’s nose, as illustrated in
Figs. 5 and 6.

4.1 Choosing parameters for Gaussian histogram

Throughout the Gausssian histogram in (10) was utilized as the reference histogram where
the parameters were set to be G = 256, r0 = 0, and r255 = 255. For a balanced histogram

Fig. 5 The 15 individual members from the data set
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Fig. 6 The 11 poses of one member from the data set

Table 1 Ten cases from Yale
Face Database employed for
evaluating the performance of
PHM-PCA algorithm

Training set: all 15 members
with pose(s)

Testing set: all 15 members
with one pose

Case 1 ‘a’, ‘c’, ‘d’, ‘e’, ‘g’, ‘h’, ‘i’ ‘f’–normal pose

Case 2 ‘a’, ‘d’, ‘e’, ‘g’ ‘f’–normal pose

Case 3 ‘a’, ‘e’ ‘f’–normal pose

Case 4 ‘a’ ‘f’–normal pose

Case 5 ‘a’, ‘d’, ‘e’, ‘g’ ‘c’–happy pose

Case 6 ‘a’, ‘d’, ‘e’, ‘g’ ‘h’–sad pose

Case 7 ‘a’, ‘d’, ‘e’, ‘g’ ‘i’–sleepy pose

Case 8 ‘a’, ‘d’, ‘e’, ‘g’ ‘j’–surprised pose

Case 9 ‘a’, ‘d’, ‘e’, ‘g’ ‘k’–wink pose

Case 10 ‘a’, ‘d’, ‘e’, ‘g’ ‘b’–with glasses pose

with midtones, b was set to 127.5. In order to determine the value of c, an exhaustive search
was conducted in that the PHM-PCA was applied to a total of ten cases where the training
set and testing set varied. As shown in Table 1, these ten cases considered various facial
expressions (Cases 1–9), and face obstruction (Case 10). In each case, the training set d
consisted of several selected poses of all 15 members while the testing set consisted of all
15 members with one selected pose. For example, in Case 2, d contained a total of M = 60
face images involving k = 15 members, each with L = 4 poses ‘a’, ‘d’, ‘e’, and ‘g’; and
the testing set contained 15 images from 15 members, each with a normal pose ‘f’. In the
search, the PHM-PCA was applied to all ten cases with c varying in the range of [1, 1100]
and face-space dimension p (see Sect. 2.1) varying in the range of [5, 15]. The value of c that
achieved the best overall recognition rate was found to be c = 100. The above parameter
values were employed throughout our simulations with the Yale Face Database and extended
Yale Face Database B.

4.2 Face/non-face and member/non-member discrimination

The training set d used in this case consisted of a total of M = 48 images from Yale Face
Database with K = 12 individuals out of the 15 available subjects from the database, each
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Fig. 7 The three non-face images obtained from cropping the original images airplane, boats and goldhill

with L = 4 poses, ‘a’, ‘d’, ‘e’ and ‘g’. As a result, there were available M = 48 eigenfaces
from which a subset of p = 12 was chosen to represent the face images.

The testing set used to evaluate the discrimination performance of PCA, WPCA,
HE-PCA, DCT-PCA and PHM-PCA between face/non-face and member/non-member
images consisted of pose ‘f’ of the 12 individuals from training set, who represented the
member images, same pose ‘f’ of the remaining 3 individuals from the database, who repre-
sented the non-member images, labeled as img8, img11 and img15, plus 3 non-face images
obtained by cropping images airplane, boats and goldhill to size 128 × 128 (Fig. 7).

In what follows, we use C ( f m) to denote the set of face/member images, and C (n f ) and
C (nm) to denote the sets of non-face images and non-member images, respectively.

To evaluate the discrimination performance of the five methods, we introduce a measure
called gap( f ), which quantifies the distance between the class of non-face images C (n f ) and
the class of face images C ( f m) with respect to face space Ũ (see Sect. 2.1). This measure is
defined by

gap( f ) =
min

(
d(n f )

0

)
− max

(
d( f )

0

)

min
(

d(n f )
0

) · 100 (%) (14)

where min(d(n f )
0 ) is the smallest d0 defined by (2) among all non-face images in C (n f ), and

max(d( f )
0 ) denotes the largest d0 among all face images in C ( f m).

In addition, a similar measure gap(m) is defined for quantifying the distance between the
class of non-member images C (nm) and the class of member images C ( f m) with respect to
face space Ũ as

gap(m) =
min

(
d(nm)

min

)
− max

(
d(m)

min

)

min
(

d(nm)
min

) · 100 (%) (15)

Table 2 Face/non-face and member/non-member gaps for the mentioned study case from the Yale Face
Database

PCA WPCA HE-PCA DCT-PCA PHM-PCA

gap( f ) gap(m) gap( f ) gap(m) gap( f ) gap(m) gap( f ) gap(m) gap( f ) gap(m)

43.09 – 21.42 – 47.96 4.64 43.23 – 50.93 6.91
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Fig. 8 Comparison results for PCA (solid grey bar), WPCA (diagonal stripped bar), HE-PCA (horizontal
stripped bar), DCT-PCA (dotted bar) and PHM-PCA (solid black bar) using the Yale Face Database
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Fig. 9 Eight illumination conditions considered for eight testing sets

where min(d(nm)
min ) is the smallest dmin defined by (3) among all non-member images in C (nm),

and max(d(m)
min) denotes the largest dmin among all member images in C ( f m).

From the definition in (14), it follows that a bigger positive gap( f ) indicates easier face/
non-face discrimination, while a negative value of gap( f ) indicates that no discrimination
can be made, as the classes C (n f ) and C ( f m) overlap with each other. A similar claim can
be made for member/non-member discrimination based on definition (15). The evaluation
results are summarized in Table 2 from which it is observed that PCA and DCT-PCA offered
a high gap for face/non-face discrimination, but failed to discriminate members from non-
members; WPCA provided only a small gap for face/non-face discrimination and failed in
member/non-member discrimination; HE-PCA succeeded in discriminating both cases; and
the highest gaps for face/non-face discrimination and member/non-member discrimination
was offered by PHM-PCA.

4.3 Face identification

As a first stage of our simulations for face identification, all ten cases in Table 1 were exam-
ined. Figure 8 illustrates the comparison results of the five methods in terms of recognition
rate versus number (p) of eigenfaces employed. The plots in Fig. 8 show how the recognition
rate was improved by utilizing the PHM-PCA algorithm as long as more than 3 eigenvectors
were employed for image representation. It is also observed that the performance of PHM-
PCA algorithm was quite robust versus the number of images used in the training set. As
a matter of fact, even with a reduced training set such as in Cases 3 and 4, the PHM-PCA
method outperformed the other four algorithms.

In terms of identification robustness to changes in facial expression (Cases 1–9), Fig. 8
shows that PHM-PCA demonstrated satisfactory performance, with one exception when the
training set was very small (Case 4). For slightly obstructed facial images (Case 10), PHM-
PCA also offered the best performance among the five algorithms tested.

Face identification under various lighting conditions was also examined in our simula-
tions. For this we employed the extended Yale Face Database B with a selection of 1280
images representing 20 persons with 64 poses per person. Each image was further manually
re-cropped to a size of 168 × 168. The training set contained a total of 400 images repre-
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Fig. 10 Comparison results for PCA (solid grey bar), WPCA (diagonal stripped bar), HE-PCA (horizon-
tal stripped bar), DCT-PCA (dotted bar) and PHM-PCA (solid black bar) using the extended Yale Face
Database B

senting 20 individuals with 20 poses per individual. For each individual, eight new poses
with various illumination conditions were considered for testing. This yielded eight testing
sets, each containing 20 facial images. Figure 9 illustrates as an example eight poses of an
individual, each of which belongs to a testing set.

The effect of adopting various number (p) of eigenvalues and lighting conditions on face
recognition rate by the five algorithms is illustrated in Fig. 10. It is observed that as long as
the lighting condition was such that did not generate large shadowed areas on face (Cases
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Table 3 Normalized elapsed time for the five algorithms

PCA WPCA HE-PCA DCT-PCA PHM-PCA

1 1.32 1.10 0.54 1.12

1–4), PHM-PCA, HE-PCA, and WPCA exhibited comparable and satisfactory performance.
Under more extreme lighting conditions (Cases 5–8), PHM-PCA was found to outperform
the other four algorithms with one exception in Case 8 with p = 20.

Finally, the complexity of the algorithms was examined in terms of normalized elapsed
time. Elapsed time rather than the amount of arithmetic computations was chosen as a com-
plexity measure because some of the algorithms under comparison, including HE-PCA and
PHM-PCA, involve considerable non-arithmetic operations. Here the elapsed time was nor-
malized so that the “elapsed time” taken by the conventional PCA to perform a face identi-
fication task was set to unity.

Table 3 summarizes the average normalized elapsed time over 100 trials of the five algo-
rithms. As expected, DCT-PCA was found to have least complexity. The elapsed time required
by PHM-PCA was found slightly higher but comparable with those of HE-PCA and PCA,
and less than that of WPCA.

5 Conclusion

The histogram-enhancing method proposed in this paper is conceptually simple, easy to apply,
and computationally efficient. It can be used as a pre-processing module in combination with
PCA and is shown to be useful for improving the face recognition rate, as demonstrated by
the experimental results.

References

Bartlett, M. S., Movellan, J. R., & Sejnowski, T. J. (2002). Face recognition by independent component
analysis. IEEE Transactions on Neural Networks, 13(6), 1450–1464.

Belhumeur, P. N., Hespanha, J., & Kriegman, D. (1997). Eigenfaces vs. fisherfaces: Recognition using
class specific linear projection. IEEE Transactions on PAMI, Special Issue on Face Recognition,
17(7), 711–720.

Belhumeur, P., & Kriegman, D. J. (1996). What is the set of images of an object under all possible
lighting conditions? In Proceedings, IEEE conference on CVPR (pp. 207–277).

Belkin, M., & Niyogi, P. (2002). Laplacian eigenmaps and spectral techniques for embedding and
clustering. Advances in Neural Information Processing Systems, 14, 585–591.

Belkin, M., & Niyogi, P. (2008). Towards a theoretical foundation for Laplacian-based manifold meth-
ods. Journal of Computer and System Sciences, 74(8), 1289–1308.

Blanz, B., & Vetter, T. (2003). Face recognition based on fitting a 3D morphable model. IEEE Transactions
on PAMI, 25(9), 1063–1074.

Busch, D. D. (2005). Mastering digital SLR photography. Boston: Thomson Course Technology.
Chichizola, F., De Giusti, L., De Giusti, A., & Naiouf, M. (2005). Face recognition: reduced image

eigenfaces method. In ELMAR 47th International Symposium (pp. 159–162).
Etemad, K., & Chellappa, R. (1996). Face recognition using discriminant eigenvectors. In Proceedings,

IEEE ICASSP, 4 (pp. 2148–2151).
Georghiades, A. S., Belhumeur, P. N., & Kriegman, D. J. (2001). From few to many: Illumination cone models

for face recognition under variable lighting and pose. IEEE Transactions on PAMI, 23(6), 643–660.
Gonzalez, R. C., & Woods, R. E. (2002). Digital image processing (2nd ed.). New Jersey: Prentice-Hall.
Hallinan, P. (1994). A low-dimensional representation of human faces for arbitrary lighting conditions. In

Proceedings, IEEE CVPR (pp. 995–999).

123



228 Multidim Syst Sign Process (2010) 21:213–229

He, X., Yan, S., Hu, Y., Niyogi, P., & Zhang, H.-J. (2005). Face recognition using Laplacianfaces. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 27(3), 328–340.

Hsieh, P.-C., & Tung, P.-C. (2009). A novel hybrid approach based on sub-pattern technique and whitened
PCA for face recognition. Pattern Recognition, 42(5), 978–984.

Jain, A. K. (1989). Fundamentals of digital image processing. New Jersey: Prentice Hall.
Kanade, T., & Yamada, A. (2003). Multi-subregion based probabilistic approach toward pose-invariant

face recognition. In Proceedings, IEEE computational intelligence in robotics automation (Vol. 2,
pp. 954–959) Kobe, Japan.

Kwak, K.-C., & Pedrycz, W. (2007). Face recognition using an enhanced independent component analysis
approach. IEEE Transactions on Neural Networks, 18(2), 530–541.

Langford, M., & Bilissi, E. (2005). Langford’s advanced photography (7th ed.). Elsevier: Focal Press.
Lee, H.-S., & Kim, D. (2004). Pose invariant face recognition using linear pose transformation in

feature space, In Proceedings, ECCV workshop computer vision in human-computer interaction,
Czech Republic.

Lee, K. C., Ho, J., & Kriegman, D. (2005). Acquiring linear subspaces for face recognition under variable
lighting. IEEE Transactions on PAMI, 27(5), 684–698.

Liao, L.-Z., Luo, S.-W., & Tian, M. (2007). “Whitenedfaces” recognition with PCA and ICA. IEEE Signal
Processing Letters, 14(12), 1008–1011.

Liu, X., & Chen, T. (2003). Video-based face recognition using adaptive hidden Markov models. In
Proceedings, IEEE CVPR, 1 (pp. 340–345).

Liu, X., & Chen, T. (2005). Pose-robust face recognition using geometry assisted probabilistic modeling.
In Proceedings, IEEE CVPR, 1 (pp. 502–509).

Li, Y., Gong, S., & Liddell, H. (2000). Recognizing the dynamics of faces across multiple views. In
Proceedings, British machine vision conference (pp. 242–251). Bristol, England.

Niu, B., Yang, Q., Shiu, S. C. K., & Pal, S. K. (2008). Two-dimensional Laplacianfaces method for face
recognition. Pattern Recognition, 41(10), 3237–3243.

Okada, K., & von der Malsburg, C. (2002). Pose-invariant face recognition with parametric linear subspaces.
In Proceedings, 5th international conference on automatic face and gesture recofnition (pp. 64–69).
Washington D.C.

Qing X., & Wang X. (2006). Face recognition using Laplacian+OPRA-faces. 6th World Congress on
Intelligent Control and Automation, 2, 10013–10016.

Ramasubramanian, D., & Venkatesh, Y. V. (2001). Encoding and recognition of faces based on the human
visual model and DCT. Pattern Recognition, 34(12), 2447–2458.

Roweis, S. T., & Saul, L. K. (2000). Nonlinear dimensionality reduction by locally linear embedding. Sci-
ence, 290(5500), 2323–2326.

Saul, L. K., & Roweis, S. T. (2003). Think globally, fit locally: Unsupervised learning of low dimensional
manifolds. Journal of Machine Learning Research, 4, 119–155.

Shashua, A. (1997). On photometric issues in 3D visual recognition from a single 2D image. International
Journal of Computer Vision, 21(1/2), 99–122.

Tenenbaum, J. B., Silva, V., & Langford, J. C. (2000). A global geometric framework for nonlinear
dimensionality reduction. Science, 290(5500), 2319–2323.

Turk, M. A., & Pentland, A. P. (1991). Face recognition using eigenfaces. In Proceedings, IEEE computer
society conference on computer vision and pattern recognition (pp. 586–591).

Yale Face Database, CT, USA: Yale University (1997). http://cvc.yale.edu/projects/yalefaces/yalefaces.
html.

Yang, J., Zhang, D., Frangi, A. F., & Yang, J.-Y. (2004). Two-dimensional PCA: A new approach to
appearance-based face representation and recognition. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 26(1), 131–137.

Zhao, L., & Yang, Y.-H. (1999). Theoretical analysis of illumination in PCA-based vision systems. Pattern
Recognition, 34(4), 547–564.

Zhao, W., Chellapa, R., Rosenfeld, A., & Phillips, P. J. (2003). Face recognition: A literature survey. ACM
Computing Surveys, 399–458.

123

http://cvc.yale.edu/projects/yalefaces/yalefaces.html
http://cvc.yale.edu/projects/yalefaces/yalefaces.html


Multidim Syst Sign Process (2010) 21:213–229 229

Author Biographies

Ana-Maria Sevcenco received the engineering degree from Auto-
matic Control and Computer Science Faculty of University of
“Politehnica” Bucharest, Romania in 2001, and the M.A.Sc. degree
in electrical engineering from the University of Victoria, Victoria,
BC, Canada in 2007. Since 2007, she is a Ph.D student in Electrical
and Computer Engineering at University of Victoria. Her research
interests include digital image processing, face recognition and opti-
mization techniques.

Wu-Sheng Lu received the B.Sc. degree in Mathematics from
Fudan University, Shanghai, China, in 1964, and the M.S. degree
in Electrical Engineering and the Ph.D. degree in Control Science
from the University of Minnesota, Minneapolis, USA, in 1983 and
1984, respectively. He was a post-doctoral fellow at the University of
Victoria, Victoria, BC, Canada, in 1985 and a visiting assistant pro-
fessor with the University of Minnesota in 1986. Since 1987, he has
been with the University of Victoria where he is a professor. His cur-
rent teaching and research interests are in the general areas of dig-
ital signal processing and application of optimization methods. He
is the co-author with A. Antoniou of Two-Dimensional Digital Fil-
ters (Marcel Dekker 1992) and Practical Optimization—Algorithms
and Engineering Applications (Springer, 2007). Dr. Lu is a Fellow
of Engineering Institute of Canada, and a Fellow of the IEEE.

123


	Perfect histogram matching PCA for face recognition
	Abstract
	1 Introduction
	2 PCA, whitening PCA and DCT-PCA: a review
	2.1 PCA
	2.2 Whitening PCA
	2.3 DCT- PCA

	3 Perfect histogram matching PCA
	3.1 Desired histogram
	3.2 Perfect histogram matching

	4 A case study
	4.1 Choosing parameters for Gaussian histogram
	4.2 Face/non-face and member/non-member discrimination
	4.3 Face identification

	5 Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


