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algorithms. This train-test partitioning is repeated 20 times (cross validation) and the
Receiver Operating Characteristics (ROC) curves are generated by computing the
genuine accept rates (GAR) over these trials at different false accept rates (FAR).
Furthermore, verification accuracies are reported at 0.01% FAR.

Fig. 9. Sample images from the real face database of the same individual.

5. Performance evaluation

The experiments are divided into two parts: (1) evaluation using the heterogeneous face
database, and (2) evaluation using the disguise database. Experimental protocol described in
Section 4 is used for training and testing. Training images are used to train the face
recognition algorithms and testing images are used for gallery probe matching and
evaluation.

5.1 Evaluation using heterogeneous face database

This experiment is conducted to evaluate the effect of three covariates namely pose,

expression, and illumination on the performance of face recognition. Fig. 11 shows the ROC

plot and Table 2 illustrates the verification accuracies at 0.01% FAR. The key results and
their analysis are summarized below:

1. From Table 2, covariate analysis suggests that among the three covariates, variations in
pose cause a large reduction in verification accuracy compared to expression and
illumination.

2. Results also suggest that the texture based algorithms yield better accuracy compared to
appearance and feature based algorithms. This is because pose, expression and
illumination variations can cause substantial changes in appearance and
spurious/missing features, thereby reducing the verification performance.

3. Among all the algorithms, 2DLPGNN yields the best verification accuracy of 84.2%,
which is at least 12% better than other algorithms. The 2DLPGNN algorithm effectively
encodes textural features that can handle minor to moderate variations in pose,
expression and illumination.
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10. Sample disguise variations of the same image fro
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the synthetic face database

Effect of disguises on accuracy

In this section, we analyze the performance of face recognition algorithms for each disguise
category using the disguise database. The ROC plot in Fig. 12 and Table 3 summarizes the
performance of face recognition algorithms. The key results of the experiments are
explained below.

1.

For most of the disguise variations, appearance based algorithms yield lower
verification accuracy because these algorithms use facial appearance to determine the
identity, and the makeup tools and accessories significantly alter the facial information.
Similarly, feature based algorithms suffer due to feature alterations that are caused by
disguise accessories.

Texture based algorithms provide significantly better verification accuracy compared to
appearance based algorithms. Conversely, these algorithms do not yield good
verification accuracy with moderate to large disguise variations.

2DLPGNN algorithm (Singh et al., 2008) yields the best verification performance.
However, for the challenging scenarios of multiple disguise variations, the accuracy is
only 65.6% but still outperforms other algorithms. This shows that existing algorithms
are not efficient enough to handle large degree of disguise variations.

Another important comparison is among pose, expression, illumination and multiple
disguise variations. From Table 2 and 3, it is quite clear that multiple disguise variations
is the most difficult challenge to handle (e.g. 2DLPGNN yields accuracies in the range
of 75-86% for pose, expression and illumination whereas for multiple disguise
variations, it is only 65%).

These comprehensive experimental results indicate that further research is needed to
address high degree of disguise variations.
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Fig. 11. ROC to evaluate the performance of face recognition algorithms on the
heterogeneous face database

Verification accuracy at 0.01% FAR

Appearar.lce based Featur? based Texture based algorithms
. algorithms algorithms

Covariates Figen- D-
PCA |Half-face eyes GF LFA IGF LBP LPGNN

Pose 31.9 36.6 29.7 35.4 50.1 60.7 73.2 75.3

Expression | 35.5 421 78.6 38.2 52.3 69.8 714 87.6

Illumination| 35.3 452 45.8 41.7 53.5 68.6 70.9 86.5

Overall 34.4 41.8 49.3 38.9 52.7 67.3 721 84.2

Table 2. Verification performance of appearance, feature and texture based face recognition
algorithms for different covariates.

6. Conclusion

Currently, many security applications use human observers to recognize the face of an
individual. In some applications, face recognition systems are used in conjunction with
limited human intervention. For autonomous operation, it is highly desirable that the face
recognition systems be able to provide high reliability and accuracy under multifarious
conditions, including disguise. However, most of the algorithms are not robust to high
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Fig. 12. ROC to evaluate the performance of face recognition algorithms on the face disguise
database

Verification accuracy at 0.01% FAR
Appearance based algorithms Feature} based Texture based algorithms
- algorithms
Variations i
PCA |Half-face égzz GF LFA | IGF | LBP [2DLPGNN
Minimal | ¢, 5 595 63.1 613 | 637 | 742 | 855 96.9
variations
Hair 56.8 61.4 57.2 61.9 631 | 738 | 85.1 96.4
Beardand |, , 34.1 60.5 53.2 545 | 587 | 61.0 773
moustache
Glasses 414 44.6 6.9 52.4 53.8 | 576 | 625 81.9
Capand hat| 55.7 56.8 50.4 58.9 614 | 710 | 80.4 86.3
Lips,nose, | 50 4 59.2 47.7 491 563 | 709 | 786 89.2
and eyebrow
Agingand | g o 53.9 41.6 518 | 549 | 551 | 703 80.8
wrinkles
Multiple 1 =, - 16.4 303 316 | 320 | 328 | 503 65.6
variations
Overall 48.2 52.9 51.1 58.0 604 | 701 | 747 82.0

Table 3. Verification performance of the appearance, feature and texture based face
recognition algorithms for different disguise variations
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security applications such as border crossing and terrorist watch list, when an individual
attempts to defraud law enforcement by altering his or her physical appearance with
disguises. This chapter emphasizes this important aspect of face recognition. It describes
different types of disguise variations and experimentally analyzes their effect on face
recognition algorithms. The performance of appearance based algorithms, feature based
algorithms, and texture based algorithms are compared using the heterogeneous face
database and the disguise face database. Experimental results suggest that high degree of
disguise variations is more challenging to address compared to variations in pose,
expression and illumination. Furthermore, it also suggests that a careful and thorough
investigation is required to develop a robust face recognition algorithm that can fulfil the
operational needs of real world applications.
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1. Introduction

Facial analysis and recognition have received substential attention from researchers in
biometrics, pattern recognition, and computer vision communities. They have a large
number of applications, such as security, communication, and entertainment. Although a
great deal of efforts has been devoted to automated face recognition systems, it still remains
a challenging uncertainty problem. This is because human facial appearance has potentially
of very large intra-subject variations of head pose, illumination, facial expression, occlusion
due to other objects or accessories, facial hair and aging. These misleading variations may
cause classifiers to degrade generalization performance.

It is important for face recognition systems to employ an effective feature extraction scheme
to enhance separability between pattern classes which should maintain and enhance
features of the input data that make distinct pattern classes separable (Jan, 2004). In general,
there exist a number of different feature extraction methods. The most common feature
extraction methods are subspace analysis methods such as principle component analysis
(PCA) (Kirby & Sirovich, 1990) (Jolliffe, 1986) (Turk & Pentland, 1991b), kernel principle
component analysis (KPCA) (Scholkopf et al., 1998) (Kim et al., 2002) (all of which extract
the most informative features and reduce the feature dimensionality), Fisher’s linear
discriminant analysis (FLD) (Duda et al., 2000) (Belhumeur et al., 1997), and kernel Fisher’s
discriminant analysis (KFLD) (Mika et al., 1999) (Scholkopf & Smola, 2002) (which
discriminate different patterns; that is, they minimize the intra-class pattern compactness
while enhancing the extra-class separability). The discriminant analysis is necessary because
the patterns may overlap in decision space.

Recently, Lu et al. (Lu et al., 2003) stated that PCA and LDA are the most widely used
conventional tools for dimensionality reduction and feature extraction in the appearance-
based face recognition. However, because facial features are naturally non-linear and the
inherent linear nature of PCA and LDA, there are some limitations when applying these
methods to the facial data distribution (Bichsel & Pentland, 1994) (Lu et al., 2003). To
overcome such problems, nonlinear methods can be applied to better construct the most
discriminative subspace.

In real world applications, overlapping classes and various environmental variations can
significantly impact face recognition accuracy and robustness. Such misleading information
make Machine Learning difficult in modelling facial data. According to Adini et al. (Adini et
al,, 1997), it is desirable to have a recognition system which is able to recognize a face
insensitive to these within-personal variations.



162 Recent Advances in Face Recognition

However, in (Adini et al., 1997), the authors mainly focused their empirical experiments on
variations due to changes in illumination. They stated that within-personal variation is
larger than between-personal separation. These variations between images of the same
individual faces make difficult machine learning. Therefore, in a facial recognition system if
the extracted input data contains misleading information (ambiguous regions), classifiers
may produce a degraded classification performance (Jan, 2004). Specifically, in this chapter,
we will mainly focus our empirical experiments on variations due to changes in facial
expression that are less emphasized in (Adini et al., 1997) and deal with the impact of facial
expression changes as individuals deform/express their faces either naturally or
deliberately in a real-time face recognition system. As Adini et al. (Adini et al., 1997) stated
that a facial recognition system should recognize a face insensitive to these within-personal
variations. Limited success is reported for face recognition systems that are invariant of
facial expression changes (Liu et al., 2002b) (Liu et al., 2003) (Martinez, 2000) (Martinez,
2002) (Seow et al., 2003) (Chen & Lovell, 2004). Our earlier research on a facial expression
invariant system demonstrated its challenging nature (Tsai et al., 2005) (Tsai & Jan, 2005). If
the number of individuals is increased (along with their varying facial expressions), the
facial data will largely overlap. Thus, the variations of individual facial expressions will
increase the range of uncertainty. This makes classification difficult.

The aim of this chapter was first to address the issue of within-personal variations due to
facial expression changes. We then used a kernel-based discriminant analysis technique to
reduce the uncertainty (overlapping) in the feature subspace applied before learning so as to
improve classification rates. This chapter also examined other linear and nonlinear
techniques (PCA, FLD, and KPCA) for comparison. Their transformation effects on a
subsequent classification performances were then tested in combination with learning
algorithms (multi-layered perceptron neural networks (MLPNNSs), radial basis function
neural networks (RBFNNSs), and support vector machines (SVMs)). The algorithms were
then applied to face database with facial expression changes. We found that the
transformation of kernel-based discriminant analysis had a beneficial effect to the
classification performance. The experimental results indicates that non-linear discriminin-
ant analysis method may robustly deal with the uncertainty problem. It appears that a facial
recognition system may be robust to facial expressio changes, and thus be applicable.

The structure of this chapter is as follows: First, we provide a concise overview of the facial
expression analysis. Second, we discuss the expression variant problem in facial recognition.
Third, we introduce a concise overview of the subspace feature extraction methods. Then, in
the final part of this chapter, we analyse different subspace transformation methods and
their transformation capabilities. We finally present the results of the experiments and
discuss them from several aspects, focusing on the advantages and disadvantages of each
subspace feature extraction method.

2. Facial expression analysis

Human faces contain abundant information of human facial behaviors (Cohn et al., 1999).
According to Johansson’s point-light display experiment (Johansson, 1973) (Johansson,
1976), facial expressions can be described by the movements of points that belong to the
facial features such as eye brows, eyes, nose, mouth and chin and analyzed by the
relationships between those features in movements (Pantic & Rothkrantz, 2000b). Hence,
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point-based visual properties of facial expressions can then be used for facial gesture
analysis. We present a literature review regarding facial expression analysis in the following
subsections.

2.1 Facial muscle analysis

Facial features such as eyes, eyebrows, mouth, facial lines and bulges will change human
facial appearances when their facial muscles are contracted. The contracted muscles will
deform those features temporarily and the change of the muscular movements can only last
for a few seconds (Fasel & Luettin, 2003) (Pantic & Rothkrantz, 2004). Those facial muscles
include frontalis, corrugator, procerus, depressor supercilli, orbicularis oculi, levator labii
superioris, nasalis, zygomatic minor, zygomatic major, caninus, depressor labii, buccinator,
orbicularis oris, masseter, depressor labii, mentalis, triangularis, platysman, and risorius.
Readers who are interested in the anatomy of facial muscles can refer to dataface websitel
for rigorous exposition.

2.2 Action Units (AUs)

The FACS is called Facial Action Coding system, which is used to describe facial
movements/motions/actions of facial muscles in behavior science (Ekman & Friesen, 1975)
(Donato et al., 1999) (Essa & Pentland, 1997). This system is based on action units (Aus).
Each AU represents some facial movement. For example, AU1 stands for upward pull of the
inner portion of the eyebrows. There are 44 AUs in total. Different sets of combinations of
AUs accur in different facial expression categories; for example, the combination of
“surprise’ consists of AUs1+2. In Figure 1, it shows the upper facial muscles that correspond
to action units 1,2,4,6 and 7.

Fig. 1. The corresponding action units to the upper facial muscle (Donato et al., 1999).

Moreover, those action units can also be used to detect subtle changes of facial expression
(Pantic & Rothkrantz, 2004, Tian et al., 2001). The Automatic Facial Analysis (AFA) system

1 http:/ /face-and-emotion.com/ dataface/ general /homepage.jsp
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(Tian et al., 2001) and FACS+ (Essa & Pentland, 1997) were developed to improve FACS
system (Ekman & Friesen, 1975).

2.3 Facial expression data extraction

Detection of feature points of a still image is very important in facial expression analysis
because by knowing which expression the current image is and which facial muscle actions
produce such an expression (Pantic & Rothkrantz, 2004, Vukadinovic & Pantic, 2005). There
are three types of face representation for analyzing facial expressions (Donato et al., 1999).
They are template-based (holistic), feature-based (analytic), and hybrid (analytic to holistic)
methods (Pantic & Rothkrantz, 2000a). See Figure 7.2 and literature (Pantic & Rothkrantz,
2004) (Cootes et al., 1998) (Huang & Huang, 1997) (Kobayashi & Hara, 1992) (Valstar &
Pantic, 2006) (Cohn et al., 1998) (Lyons et al., 1998) (Zhang et al., 1998). Interested readers
can refer to those references for rigorous explanations.

Fig. 2. Different ways of detecting facial fiducial points (Cootes et al., 1998) (Huang &
Huang, 1997) (Kobayashi & Hara, 1992) (Pantic & Rothkrantz, 2004) (Valstar & Pantic, 2006)
(Cohn et al., 1998) (Lyons et al., 1998) (Zhang et al., 1998) .

2.4 Facial model

About 55% of human communication relies on facial expressions. Facial expressions;
however, are the normative units of the non-verbal communication (Pantic & Rothkrantz,
2000b). There are prototypic (Six basic emotional expressions: sadness, happiness, anger,
disgust, fear and surprise) and non-prototypic (blended emotional expression) expressions
(Ekman & Friesen, 1975, Pantic & Rothkrantz, 2000b). In addition, facial fiducial points are the
special facial points such as the corners of the eyes, corners of the eyebrows, and the tip of
the chin etc. (Vukadinovic & Pantic, 2005). Examples using facial feature points are (Pantic &
Rothkrantz, 2004) which used 19 fiducial facial feature points and (Vukadinovic & Pantic,
2005) (Valstar & Pantic, 2006) which used 20 fiducial facial feature points as in Figure 3.
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The frontal-view face model is composed of 30 features (F1-F30, please see (Pantic &
Rothkrantz, 2000b)) , which are defined by a set of 20 facial fiducial points. For example, F3
is the distance between point A and E and F18 is the distance between point C and point M
etc. (See Table 1 (Right) for some examples). These points are illustrated in Figure 3 and
described in Table 1 (Right).

5
<>
Nl

Fig. 3. Twenty Facial fiducial points (Pantic & Rothkrantz, 2004).

Pou | Pount Descnpton Feawre | Feature description

A Left eve outer corner, stabl poimt F1 Angk BAD

Al | Baght eve ouler corner, stable poant Fd Angke BIATDI

] Left eve inner corner, stable poin [ Dhistance AL

B Faght eve anner corner, stable poant k4 Distance ALEI

[ The medial point between kf and nght nostnl centers F Dystance cF, ¢ s the centre of AB
1] Left eveboow immer comer, non-dabl: Fo Dhstance cTFT. T 15 the aenire of ATHI
D | haght evebrow inber comer. mon-itable Fi Distance ¢

E Left evebrow outer comer, non-stable F& Dhstance c1G1

El | Right evebrow outer comer. non-itshle 2] Distance FG

F Top of the kit eve. non-stable FI0 Dhstance FIGT

Fl Top o the nght eye, non-stable F11 Dustance CE., C 1 (UHHI (10)

G Beatom of the kit eve, nos-stabl: Fi2 Dhstance 16

Gl | Bowom of the nght eve. nos-stabl: F13 Distance JB1

K Top of the wpper hip, noa-swble Fi4 Dustance CT

L Bottom of the kawer Tip, nos-stable Fl15 [hstance CJ

] Left comer of the mouth, noa-stable Flo [Distance 1

] Faght comer of the mouth, noa-stable FI7 Ihstance KL

M Tip of the chin. non-stable | FI® Dhistance T

Table 1. (Left) Facial fiducial point description of the frontal-view model; (Right) Some
examples of the features of the frontal-view model (Pantic & Rothkrantz, 2000b).

3. Related work in expression invariant facial recognition

The facial expression variation problem not only exist in facial recognition but also in any
multimedia databases that require image retrieval. The recognition performance of facial
recognition system that trained with only neural faces will drop if there are facial expression
variations in the appearance of facial images. Image retrieval from multimedia databases
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requires semantic queries to help a user to obtain or to manipulate data without knowing its
detailed syntactic structure. An emerging technology in this area is the image-based query
from a user’s input. In particular, in the context of facial images, it is of interest to retrieve
information based on faces. There are many research have been conducted to tackle pose or
illumination problems. However, little work has been conducted to tackle expressions.
When images of the databases appear at different facial expressions, most currently
available face recognition approaches encounter the expression-invariant problem in which
neutral faces are difficult to recognize.

For example, (Liu et al.,, 2002b) (Liu et al., 2003), a quantified statistical facial asymmetry
method under 2D facial expression changes (called AsymFaces) was used for person
identification. PCA was then applied to AsymFaces for dimension reduction. AsymFaces
were claimed to be invariant to facial expression changes. In (Martinez, 2000) (Martinez,
2002), a local and probabilistic weighting method that weights the local areas of facial
features independently, which are less sensitive to expression changes. In (Seow et al., 2003),
a learning algorithm based on L2-norm approximation was proposed and applied to face
expression variant database so as to evaluate the problem of facial expression changes for
face recognition. In (Chen & Lovell, 2004), an adaptive principle component analysis (APCA)
method was used to deal with one sample problem under both illumination and facial
expression changes simultaneously. APCA method was applied to 2D face images after
applying standard PCA method in order to construct a subspace for image representation and
to improve class separability. A Bayes classifier was then used for classification.

However, their apperance-based approaches still suffer from high dimensionality problem;
that is to say, this problem will require expensive computation and increase the sparse data
distribution. Our earlier research (Tsai et al., 2005) (Tsai & Jan, 2005) used seventeen
Euclidean distance-based facial features of multiple training images in each class and
applied subspace model analysis to develop a facial recognition system that was tolerant to
facial expression changes. The dimensionality of the Euclidean distance-based facial features
was reduced greatly compared to the appearance-based approaches. Our previous work
also demonstrated its challenging nature. If the number of individuals is increased (along
with their varying facial expressions), the facial data will largely overlap. That is, the
variations of individual facial expressions will increase the range of uncertainty. This makes
classification difficult. Therefore, the extensive work of our previous research in this chapter
aimed to reduce the uncertainty (overlapping) in the feature subspace applied before
learning so as to improve the classification rates.

4. An overview of subspace analysis in feature extraction

Feature extraction in subspace analysis aims to transform a multidimensional feature space
of initial objects to be classified (data points) into a reduced low dimensional feature space
before executing a learning algorithm so as to improve classification performance and to
reduce the dimensionality of the data. That is, the initial data feature set is transformed into
another transformed feature set so as to yield a more efficient and faster classification. The
approach of subspace analysis methods can be either linear or nonlinear. We then discuss
these methods in the following sections. Our aim is to help the reader gain a unified view of
these feature extraction methods and get some ideas about their usage.
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4.1 Linear-based suspace analysis

Subspace analysis methods are the processes of projecting high dimensional data to a lower
dimensional subspace which are used for visualization or dimensionality reduction in
pattern recognition applications. Subspace Analysis methods such as Principle Component
Analysis (PCA) and Fisher's Linear Discriminant (FLD) analysis are used for the extraction
of low-dimensional forms consisted of statistically uncorrelated or independent variables
which is crucial in machine learning that tends to simplify tasks such as regression,
classification, and density estimation .

4.1.1 Principle Component Analysis (PCA)

PCA is a classical feature extraction and data representation technique also known as
Karhunen-Loeve Expansion. It is a linear method that projects the high-dimensional data
onto a lower dimensional space. It seeks a weight projection that best represents the data,
which is called principle components. It has been used in the areas of pattern recognition
and computer vision. Sirovich and Kirby (1987 and 1990) first used PCA to efficiently
represent pictures of human faces. Turk and Pentland presented the well-known Eigenfaces
methods for face recognition in 1991 (Turk & Pentland, 1991a) (Turk, 2001). However, its
main limitation is that it does not consider class separability.

Let a face image Xi be a two-dimensional mxm array of intensity values, an image may
also be considered as a vector of dimension x2. Denote the training set of » face images

2
by X = (X1, X2,...,Xn) R™ ™", and we assume that each image belongs to one of ¢ classes.
Define the covariance matrix as follows (Bishop, 1995) (Duda et al., 2000):

2= 1% o, - 00 -0 = ool 1)

n i=l

2 _
where ®© = (®1,D2,...,Dn) R and X = 1/ n)Zl'-Zlei. Then, the eigenvalues and

eigenvectors of the covariance X are calculated. Let U=(U1,U 2,...,Ur)<:iR’”2X" (r<n) be the r
eigenvectors corresponding to the r largest eigenvalues. Thus, for a set of original face

. m%xn . . . rxn
images X c R , their corresponding eigenface-based feature Y c R can be

obtained by projecting X onto the eigen-based feature space as follows:
Y=U X )

4.1.2 Linear Discriminant Analysis (LDA)

While PCA is unsupervised method that constructs the face space without using the face
class (category) information, the LDA aims to find an "optimal" way to represent the face
vector space to maximize the discrimination between different face classes. Exploiting the
class infomration can be helpful to the identification tasks.

FLD is also a linear projection of discriminant analysis. It is not just the choice of
discriminant itself but the choice of dimensionality reduction. Therefore, it is a specific
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choice of direction for projection of the data right down to one dimension. Its objective is to
preserve the class discriminatory information as much as possible while reducing the
dimensionality from original » dimension space into (c¢—1) dimension space in order to
classify ¢ classes of objects. Therefore, if the data is linearly separable, the results of FLD
will be globally optimal because of its linear transformation which maximizes the ratio of
the determinant of the between-class scatter matrix of the projected samples to the
determinant of the with-class scatter matrix of the projected samples (Bishop, 1995) (Duda et
al., 2000).

However, its limitations include "the separability criterion is not directly related to the
classification accuracy in the output space" and "if the distributions are significantly non-
Gaussian, the LDA projections will not be able to preserve any complex structure of the
data, which may be needed for classification" (Lotlikar & Kothari, 2000).

Let a face image Xi be a two-dimensional #2Xm array of intensity values, an image may
also be considered as a vector of dimension x” . Denote the training set of n face images by
X =(X1,X2,..,Xn) c R™ " , and we assume that each image belongs to one of ¢ classes.
Define the between-class scatter and the within-class scatter matrices as follows:

— — —

Sy = Sl -0 - 3)
1=1

C —i 7[T
S, = X, -X )X, - X 4
= 2 Ty K= X =X @

where X =(1/ n)Z;Z-:1 Xj is the mean image of input vectors, and X =(1/ ”1)27:1 X;. is

the mean image of the ithclass, n' is the number of samples in the ith class andc is the
number of classes. Therefore, If S}, is nonsingular, the optimal projection W, is chosen as

the matrix with orthonormal columns which maximizes the ratio of the determinant of the
between-class scatter matrix of the projected input samples to the determinant of the with-
class scatter matrix of the projected input samples. The optimal projection W, is defined as
follows:

‘WTSBW‘
Wopt = arg mWZ}X WTSWW = I:Wl,Wz,.A., Wm:l ®)

where {Wz li=1,2,....,c— 1} is the set of generalized eigenvectors of S, and S,
corresponding to the ¢ —1 largest generalized eigenvalues A li=12,.,c—1 ie,

Sw” SsW = AW ©6)

Thereby, the feature vectors Z for any probe face images X in the most discriminant
subspace can be calculated as follows:
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T
Z=Wops "X @)

4.2 Non-linear subspace analysis

The combination of subspace analysis methods with NN-based classifiers is to reduce the
dimensionality of input data so as to reducing the NN structure and computational
complexity; hence increasing the classification accuracy. KPCA and KFLD are kernel-based
PCA and FLD subspace analysis methods. These two kernel-based methods are ideal to use
in nonlinearly complex real-world problems. They firstly nonlinearly map the input data

into some high dimensional feature space /' by using kernel functions, and secondly apply
the PCA and FLD methods in the mapped feature space (Scholkopf et al., 1998) (Mika et al.,
1999). Some further details of KPCA and KFDA in face recognition are provided in (Yang et
al.,, 2000) (Liu et al., 2002a) (Kim et al., 2002) (Yang, 2002).

4.2.1 Kernel principle component analysis

Given a set of centered input data X = {XA} , where n the number of input

k=1,.. .,n,keRdX”

data is, d is the number of dimensions, the input data is projected onto a high dimensional

feature space F by nonlinear kernel mapping ®:X eRan —feF , in which the mapped

data ®(x)) is centered asY ;= ®(x)=0. In the feature space F, the estimate of the
covariance matrix of the mapped data ®(x:) is defined as:

cv-L¥ D(x)D(x)" ®)
n k=i

and the eigenvalues and eigenvectors of the covariance matrix C® is calculated as
aw® =C*w® )
where eigen-values 4 >0 and eigenvectors w® e F\ {0} CAs CPw® =Ly (@) - w®)D(x),
n

all solutions w®with 1#0must lie in the span of @(x1),...,®(xv); hence, equation
Error! Reference source not found. is equivalent to

AD(x) - w®) = (@(x)-Cow®) Yk =1,...n (10)
The expansion of w” is formed as

(]
w =

1

Ms

ad(x) (11)

where any solution {a, li=1 n} must lie in the span of all samples in F .

Combining (10) and (11), and also defining an nxn matrix K by k; = (P(x)®(x)), which
produces an eigenvalue problem, is defined as
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Maika =ka=Mia =ka (12)
Now, we can solve the eigenvalue problem (12) in F by finding the r largest leading
eigenvectors {af i= 1,2,..,r} of M A corresponding to » largest eigenvalues {/1, i=12,., r} .
Finally, we can project ®(x) to a lower dimensional subspace spanned by eigenvectors w”,

ie.
® n
w O(x) = X ak(x,x) (13)
i=1
, which is the nonlinear principle component corresponding to @ .

4.2.2 Kernel fisher’s linear discriminant analysis

C .
Let the centered input data X = U xi,,_ be samples from cclasses with total samples
i=1

n= i ni, where each class has n samples. The input data is projected into an implicit
i=1
dxn
feature space F by nonlinear kernel mapping®: x € R — f € F . The kernel functions
such as Gaussian RBF or polynomial is used to compute the dot products of the training
patterns in some feature space F, instead of computing ® explicitly. We then compute
Fisher's linear discriminant in ¥ . Let ® be a non-linear mapping to F , we need to find the

[0}] . . .
vector w e F which maximizes

") sgw?

Jw')y =5
W) (wd>)TS;/>ch

(14)

s0 as to find the linear discriminant in F . We define between-class scatter matrix S; and

within-class scatter matrix Sj, in the feature space F as

c ¢
Sp=—1— 3 3 @’ ul)u’ -u?) (15)
c(c—1)i=1 j=1 / /

o _1 &1 W i ® i N

Sy == 2 — 2 (O —u; (O(x;)—u; ) (16)
ci=1nij=1
ni ‘

where u* =1 3. ®(x) denotes the sample mean of class i in F . Therefore, any solution

ni j=1

{ai li=1 n} must lie in the span of all samples in F . The expansion of w* is formed as

w® = f aid(xi) (17)

=1

by (17) and u.", we write the projection of u_" onto w” as
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noni .
") uy== ¥ ¥ akux)=a'U (18)
ni j=lk=1
where (Ui); =Lzzizlk(xj,xj;) , and the dot products is replaced by the kernel function.
ni

Therefore, it follows that
W' Sgw” = a” MBa (19)

W' Spw®” =a' NWa (20)
1 (s T 1 & T .
2 2 (mi—mj)(mi—-mj)) and Nw=—=3%— % (§j—mi)(&j—mi) with
c(c—1)i=1j=1 ci=1ni j=1

&= zjﬁ:} k(xnx)" .

We then replace Nw with Nw + I for numerical issues and regularization(Mika et al., 1999).

where M3 =

Thus, combining (19) and (20), we can choose the (c-1) optimal projection ., which
maximize the Fisher's linear discriminant in F by

T
a Msa

J(a) =
(@) a" Nra

(21)

The optimal projectiona., is defined as finding the(c—1) leading -eigenvectors
iaii—l,Z,..,c—l of Nw'Ms corresponding to the (c—1) largest eigenvalues
Ai

i=12,.,c-1;,ie
Finally, we can project ®(x) to a lower dimensional subspace spanned by eigenvectors w” , i.e.

N ' Mpai = diai (22)

T o
((w) ~d)(x))—i§1azk(xz,x) (23)

5. Experiments

Experiments will consist of comparing the face recognition rates under varying expressions
for different types of classifiers. In the following sections, we discuss the analyses of
different feature extractors.

5.1 Facial expression database and performance evaluation
One of the databases of facial expression images used in this chapter is the Japanese Female
Facial Expression (JAFFE) database2. This database is used for facial expression analysis and

2 http:/ /www kasrl.org/jaffe.html
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recognition (Lyons et al., 1998) (Zhang et al., 1998) (Lyons et al., 1999). It contains 213 gray-
scale images of 6 facial expressions (happiness, sadness, surprise, anger, disgust, fear) plus
one neutral face posed by 10 Japanese women. Each woman posed for two, three or four
examples of each of the six basic facial expressions and a neutral face. Each individual pose
is for various extents of facial expression changes. Some individuals pose similar facial
expression changes, while others pose different ones. Also, some individuals have slight
pose variations when they pose facial expressions. The size of each image is 256x256,
resulting in an input dimensionality of d = 65536. Figure 4 displays the sample images in
the database.

Moreover, we will conduct the hold-out procedure for our performance evaluation; that is, a
certain amount of data is used for training and the remaining is used for testing. That is,
one-third of the data for testing and two-thirds for training.

aYaYa] 33! 3 (3] a3
Fig. 4. Facial Expression Images from JAFFE database.
5.2 Geometric feature-based analysis
Features in facial images include eyes, nose, mouth, and chin. In facial recognition,
geometric properties and relations such as areas, distances and angles between the features
are selected as the descriptors of faces for recognition . Therefore, the geometric attributes
provide benefits in data reduction and less sensitivity to variations in illumination,
viewpoint, and expressions. Ivancevic et al. (Ivancevic et al., 2003) stated that, there are
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about 80 landmark points on a human face Figure 5, and the number of points chosen is
application-dependant. However, some authors used more than 80 facai points.

For example, Cootes et al.(Cootes et al., 1998) used 122 landmark points, Huang and Huang
(Huang & Huang, 1997) used 90 facial feature points, Kobayashi and Hara (Kobayashi &
Hara, 1992) used 30 facial characteristic points, Pantic and Rothkrantz (Pantic & Rothkrantz,
2004) used 19 facial fiducial points, Valstar and Pantic (Valstar & Pantic, 2006) used 20 facial
fiducial points, Cohn et al. (Cohn et al, 1998) used 46 fiducial points, and Zhang et
al.(Zhang et al., 1998) used 34 fidicial points.

Therefore, based on works in feature point tracking(Cohn et al., 1999, Cohn et al., 1998),
action units recognition for facial expression analysis (Tian et al., 2001) (Valstar & Pantic,
2006) (Donato et al., 1999) (Essa & Pentland, 1997) (Pantic & Rothkrantz, 2004) (Tian et al.,
2001), review papers in facial expression analysis (Fasel & Luettin, 2003) (Pantic &
Rothkrantz, 2000b) (Pantic & Rothkrantz, 2000a), and the aforementioned works, we
manually selected 18 fiducial characteristic points on each of the images for representing the
original 17 Euclidean distance-based facial features superimposed on the subject's face
image in Figure 6 Fig. 6. The 18 fiducial points on the subject's face image in the database.
Note that we chose ‘a’ as the base point because that point does not move when changing
expressions. These features are marked as F1, F2 ... F17 (See Table 2). Hence, these facial
features provided certain discriminative information when individuals change expressions.

Fig. 6. The 18 fiducial points on the subject's face image in the database.
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Features | F1 | F2 | F3 F4 | F5 | F6 | F7 | F8 | F9
Distances | a_b |ac| Ad|ae|af|ag|ah|ali]|a]j

Features | F10 | F11 | F12 | F13 | F14 | F15 | F16 | F17
Distances | a k | al |Am|an|ao|ap|aq]|ar

Table 2. The original 17 pre-selected facial feature distances

5.3 Subspace tranformation analysis

The input facial features were normalized to have zero mean and unit variance so as to
improve the performance of proposed methods. Figure 7 displays the first two components
of the original 17 facial features (dimensions) of three and ten individuals respectively. Each
shape symbol stands for each individual’s name (e.g. KA, MK or NM etc.). The figure shows
the nonlinear nature of image distribution and the increased overlapping problem of intra-
personal variations under facial expression changes.
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Fig. 7. (Left ) First two components of 17 facial features of 3. (Right) 10 individuals after
normalization.

Hence, these normalized input data were used for KPCA and KFLD subspace analysis
methods. The Gaussian kernel k(x, y) = exp(—"xf y"2 / 207) was used for the following
analyses, where o is Gaussian width. We will examine the impacts of KPCA and KFLD in
the following subsections.

5.3.1 Linear-based subspace analysis results

In PCA-based Subspace Analysis, the original normalized 17 facial features of 3 and 10
individuals were reduced to 2 and 9 features after using PCA as shown in Figure 9 (Left)
and Figure 9 (Right), respectively.

Figure 9 (Left) demonstrates that the original 17 facial features of three individuals were
complex and non-separable after PCA. The result of this extraction thereby provided some
insight to the original structure of feature distribution. However, Figure 9 (Right)
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demonstrates that the original facial features of ten individuals became more complex and
non-separable after PCA due to the increased number of subjects as shown in Figure 8.
Therefore, in some cases, PCA looses discriminant information. FLD promised to retain
discriminant information.

In FLDA-based Subspace Analysis, the original normalized 17 facial features of three and
ten individuals were reduced to two and nine features after using FLD as shown in Figure 9
(Left) Figure 9 (Left) and Figure 9 (Right), respectively. Figure 9 (Left) shows that the
original 17 facial features of three individuals were well clustered after FLD; it was better
than PCA for for clustering and classification. Figure 9 (Right) shows that the original
features were overlapped due to the more dispersed data distribution as shown in Figure 7
(Right); however, the data distribution is still better than that of the PCA-based subspace of
the 10 subjects. Hence, the results are very application-specific. Further classifiers are
sometimes necessary to discriminate between these clusters using - MLP and/or RBFNN.
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Fig. 8. (Left) Normalized 17 facial features of 3 individuals reduced to 2 features (prince-ple
components) after PCA (left). (Right) First two components of PCA-transformed matrix
(d=9).
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Fig. 9. (Left) Normalized 17 facial features of 3 individuals reduced to 2 features (c -1) after
FLD. (Right) First two components of FLDA-transformed matrix (d = 9)
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5.3.2 KPCA-based subspace analysis results

In KPCA-based Subspace Analysis, the normalized input data were reduced to 9
dimensions (¢ — 1) after using KPCA (same as in PCA). The first two components of the
transformed matrix of 10 individuals are shown in Figure 10 (Left). This figure demonstrates
that the resultant data distribution was less complex and overlapping than that of PCA
(Figure 8(Right)). Clearly, the finding indicates that KPCA still tends to lose discriminant
information. KFLD promises to retain discriminant information. In the following subsection,
we will examine the results of KFLDA.

In KFLDA-based Subspace Analysis, the normalized input data were reduced to 9
dimensions (¢ — 1) after using KFLDA (same as in FLDA). The first two components of the
transformed matrix of 10 individuals are shown in Figure 10 (Right). This figure shows that
the resultant data distribution was well compacted and separated compared to that of FLDA
(Figure 9 (Right)). The findings indicate that KFLDA was better than PCA, FLDA and KPCA
for classification purpose. Thus, KFLDA can deal with uncertainty problem.

As the transformation results obtained from the above subspace analysis methods, we will
use different classifiers to evaluate their transformation capabilities in the following section.
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Fig. 10. (Left) First two components of KPCA-transformed matrix (¢ =1 ; d =9). (Right) first
two components of KFLD-transformed matrix (0 =1; d = 9)

6. Results and discussion

Experiments will consist of comparing the face recognition rates under varying expressions
for different types of classifiers. The original normalized facial features were fed to ANN-
based classifiers and its results are compared to the results when the outputs of subspace
analysis were fed to MLP, RBF or SVM classifiers.

The experimental results are shown in Table 3. Note that we focused on the transformation
capability of each extractor instead of each classifier.

It shows that the classification performances of MLP and RBF neural networks were 90.9%
and 45.5%, respectively. The classification performances of the PCA-based subspace
analysis in sequence with ANNs for 3 individuals were 31.8% for both MLP and RBF
models. The results from PCA subspace analysis showed to achieve poor classification
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performances. It is because the data distribution for PCA-based subspace provides less
discriminative features. The classification performances of the FLD-based subspace analysis
in sequence with ANNSs for 3 individuals were 100% for both MLP and RBF models. The
results used the FLD subspace analysis method were shown to achieve better classification
performances. This is due to the data distribution for FLD-based subspace being perfectly
separated and each class well-clustered. However, if the number of sample subjects is
increased to 10, there is an obvious decrease of performance rates (Please see the averaged
classification performances as shown in Table 3) due to the increased complexity of data
distribution, which makes the PCA and/or FLD-based subspace analysis method more
difficult to extract the informative and/or discriminant information for further classification.
Hence, it appears that subspace analysis is crucial in pattern classification because of the
importance of selecting optimal feature dimensionality. In summary, the experimental
results of linear mapping subspace analyses showed that the existence of large within-class
variation under facial expression changes will degrade the classification performance. This
degradation is aggravated especially when the number of subjects is increased; and this
happens frequently in the real world. Because of the limitation on linear mapping methods,
more advanced methods will be employed to deal with the inherent nature of nonlinear
data distribution of facial images by using the kernel-based discriminant analysis method.

Extractors | MLP RBF I SVM Average
3 subjects
None(all) 90.9 455 95.5 77.3
PCA (2 31.8 31.8 36.4 33.3
FLD(2) 100 100 100 100
10 subjects
None(all) 84.9 425 83.6 70.3
PCA (9) 6.8 21.9 45.6 24.8
FLD (9) 452 63.0 87.7 65.3
KPCA(9) 75.3 39.7 72.6 62.5
KFLD(9) 100 100 100 100

Table 3. Classification performance of different classifiers (%)

PCA achieved the poorest classification performance. It is due to the data distribution for
the PCA-based subspace being in ill-clustered features.

Note too that using the original features also directly returns fairly good classification
performances due to the original feature subspace being tighter compact than that of PCA
and all the three complex classifiers are powerful for dealing with nonlinear data
distribution. PCA is of a linear nature; hence sometimes it is inadequate for non-linear
problems. FLDA achieved better classification performance than PCA. It is because the
image data distribution for the FLDA-based subspace is much better separated and
clustered than that of the PCA-based subspace. However, these two linear mapping
methods are incapable of dealing with the nonlinear image data problem adequately. They
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are poor in dealing with the uncertainty (overlapping) problem. The uncertainty problem
can cause poor generalization in classification. Therefore, we used the two kernel-based
nonlinear methods (KPCA and KFLDA) for coping with the aforementioned problem.
KPCA achieved much better performance than that of the PCA method, but slightly poorer
performance than that of FLDA. It is likely due to the fact that KPCA obtained better salient
information than PCA, but less discriminative separability than FLDA. KFLDA achieved the
highest performance among all methods considerd here because it obtained the most
compact and discriminant subspace. Therefore, the average classification performances of
MLP, RBF and SVM classifiers for each feature set have obviously shown that the proposed
KFLDA method is the most powerful extractor among all the others.

In concusion, the findings indicate that the use of geometric features of facial behavior might
provide individual unique cues to some extent and the proposed method might achieve
superior classification performance with reduced feature dimensions. The nonlinear
supervised transformation has the tendency to perform better than the linear and nonlinear
unsupervised methods. Hence, it appears that face recognition should be robust to facial
expression changes and have potential applicability if an automatic measurement of facial
features can be employed. However, the main drawback of kernel-based methods is that
computing the kernel matrix is very expensive, and the transformation of kernel methods
attempts to find the minimum compact within-class variations and the maximum
discrimination of between-class separations; whereas it is indirectly avoided the varying
changes of data points (Indirect Invariance).

7. Conclusion and future work

The purpose of this research is three fold: (1) to demonstrate that the within-class variation
under facial expression changes will increase the uncertain regions for classification; hence,
degrades the classification performance, (2) the low-dimensional subspace with enhanced
discriminatory power could provide better feature space for classification, and (3) facial
behaviors could also be used as another behavioural biometric for human identification and
verification.

This experiment attempted to analyze the uncertainty (overlapping) problem in facial
recognition under expression changes by using kernel-based subspace analysis methods and
ANN-based classifiers so as to provide an insight of possible solutions for the expression
variations problem in face recognition. Moreover, we also emphasized the empirical
experiments on variations due to changes in facial expression that are less emphasized in
(Adini et al., 1997).

Only 17 facial features of 18 fiducial points were selected. The selected features were shown
to provide expressive information and demonstrated that facial expression could be used as
another behavior biometric. They also showed that the feature dimensionality was reduced
greatly compared to appearance-based or image-based feature extraction.

Our proposed non-linear discriminant analysis method dealt very well with the uncertainty
(overlapping) due to expression changes. We found that the transformation of kernel-based
discriminant analysis has a beneficial effect on the classification performance. The
experimental results showed that a face recognition system with optimal design may
eventually be developed, which is robust to the problem of facial expression changes.
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1. Introduction

Infrared (IR) technology has traditionally been applied to military use and remote sensing.
During the last two decades, the cost of IR cameras (especially uncooled imagers) has been
significantly reduced with the development of CCD technology, and therefore civil
applications have increased constantly due to its unique features. One of such applications
is IR face recognition (Prokoski et al., 1992, Prokoski, 2000, Kong et al.,, 2005). The
fundamentals behind it are, as indicated by Kong et al (Kong et al., 2005) that IR images are
independent of external illumination. While visible images represent the reflectance
information of the face surface, IR face images contain more fundamental information about
faces themselves, such as anatomical information (Prokoski, et al., 1992, Prokoski, 2000); the
thermal characteristics of faces with variations in facial expression and make-up remain
nearly invariant (Socolinsky & Selinger, 2002) and the tasks of face detection, localization,
and segmentation are relatively easier and more reliable than those in visible images (Kong
et al., 2005). It has been pointed by Prokoski et al. (Prokoski et al., 1992) that humans are
homoiotherm and hence capable of maintaining constant temperature under different
surroundings. The thermal images collected over 20 years have demonstrated that the
thermal measurements of individuals are highly repeatable under the same conditions.
Furthermore, as discussed by Prokoski (Prokoski, 2000), a facial thermal pattern is
determined by the vascular structure of each face, which is irreproducible and unique.

Based on the assumption that facial thermal patterns are determined by blood vessels
transporting warm blood, Prokoski tried to extract the blood vessel minutiae (Prokoski,
2001) or vascular network (Buddharaju et al., 2004, Buddharaju et al., 2005) as the facial
features for recognition. The basic idea is to extract such features using image segmentation.
It has been indicated by Guyton & Hall (Guyton & Hall, 1996) that the average diameter of
blood vessels is around 10~15um, which is too small to be detected by current IR cameras
(limited by the spatial resolution); the skin directly above a blood vessel is on average 0.1°C
warmer than the adjacent skin, which is beyond the thermal accuracy of current IR cameras.
The methods using image segmentation in (Prokoski, 2001, Buddharaju et al., 2004,
Buddharaju et al., 2005) are heuristic, and it still remains a big challenge to capture the
pattern of blood vessels on each face.

On the other hand, the phenomenon of “homoiotherm” due to human temperature
regulation has led to the direct use of thermograms for recognition (Wilder et al., 1996,
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Socolinsky & Selinger, 2002, Wu et al., 2003, Chen et al., 2005). Wilder et al. (Wilder et al.,
1996) used three different feature-extraction and decision-making algorithms for test. The
recognition results revealed that both visible and IR imageries perform similarly across
algorithms. The real-time IR face recognition system developed by Wu et al. (Wu et al., 2003)
achieves good performance. Especially, Socolinsky & Selinger (Socolinsky & Selinger, 2002)
simultaneously registered the IR and visible images of each candidate under controlled
conditions. It has been concluded from their experimental results that (1) variations of IR
images are less than those of visible images; (2) IR images are less sensitive to facial
expression changes. The experiments conducted with the common methods like principle
component analysis (PCA), linear discriminant analysis (LDA), local feature analysis (LFA)
and independent component analysis (ICA) demonstrated that using thermal infrared
imagery yields higher performance than using visible images under many circumstances
(Socolinsky & Selinger, 2002).

It is noted that the aforementioned database mainly involved same-session data (i.e., nearly-
simultaneous acquisition of training and testing data). Besides the same-session test, Chen et
al. (Chen et al., 2005) paid more attention to test of time-lapse data (i.e., training data and
testing data being collected in different time sessions). The intervals among training data
and testing data are several weeks, several months or even one year respectively. The
large-scale studies involving both same-session and time-lapse data indicated that in a
same-session scenario, neither modality is significantly better than the other using the PCA-
based recognition; however, using visible imagery outperforms that using IR imagery for
time-lapse data.

When we mention that humans are homoiothermal, it should be highlighted that the so
called “homoiotherm” only refers to the approximately constant temperature in deep body
(i.e., the core temperature), whereas the skin temperature distribution fluctuates with the
ambient temperature, changes from person to person, and from time to time, as shown in
(Houdas & Ring, 1982, Guyton & Hall, 1996, Jones & Plassmann, 2000). It should also be
noted that an IR camera can only capture the apparent temperature instead of deep
temperature. As indicated by Housdas & Ring (Houdas & Ring, 1982), the variations in
facial thermograms result from not only external conditions, such as environmental
temperature, imaging conditions, but also various internal conditions, such as physiological
or psychological conditions. Socolinsky & Selinger (Socolinsky & Selinger, 2004A,
Socolinsky & Selinger, 2004B) also explored such variations.

To improve the performance of IR face recognition for time-lapse session, more efforts have
been put on classifier design (Socolinsky & Selinger, 2004A, Socolinsky & Selinger, 2004B,
Srivastava & Liu, 2003). Meanwhile, some researchers focus on feature extraction. Yoshitomi
et al. (Yoshitomi et al., 1997) used both thermal information and geometrical features for
recognition. Wu et al. (Wu et al., 2005A) proposed a model to convert the thermograms to
blood perfusion data and the performance on time-lapse data is significantly improved. The
modified blood perfusion model by Wu et al. (Wu et al., 2007) further improves the time-
lapse performance.

In this chapter, we will provide a comprehensive study on the proposed blood perfusion
models. It is revealed that the transforms by the blood perfusion models reduce the within-
class scatter of thermograms and obtains more consistent features to represent human faces.
In the following Section, the thermal pattern variations are analyzed. The blood perfusion
models are presented and analyzed in Section 3. A variety of experiments on blood
perfusion and thermal data are performed in Section 4, and the conclusions are drawn in
Section 5.
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2. Thermal pattern variations and analysis

Although IR images are independent of illumination, fluctuations in thermal appearance occur
in relation to ambient conditions, subject’s metabolism and so on. It is necessary to learn how
the thermal patterns vary in different situations before presenting the proposed methods.
Some of the factors affecting thermal distribution are presented in the following subsections.

2.1 Deep body temperature vs skin temperature

In 1958, Aschoff and Wever introduced the terms “thermal core”, the temperatures of which
remain almost exactly constant, within +/- 0.6°C, day in and day out except when a person
develops a febrile illness (Guyton & Hall, 1996). Blatteis (Blatteis, 1998) indicates that even if
ambient temperature varies widely, core temperature does not change as a function of ambient
temperature. This is due to the presence of a closed control loop with negative feedback in the
body system which prevents mean body temperature from deviating extensively from this
value taken under thermoneutral conditions (Blatteis, 1998). In fact, a rise in core temperature
of only 0.5 °C causes extreme peripheral vasodilation (flushing of the skin in humans). This
stability implies that the heat produced in the body and that lost from it stay in relative
balance, despite the large variations in ambient temperature (Blatteis, 1998).

The skin temperature, in contrast to the core temperature, fluctuates with the temperature of the
surroundings (Guyton & Hall, 1996, Blatteis, 1998). One may infer, therefore, that in order to
maintain core temperature stable, the rate of heat flow from core to skin is djusted according to
the body’s thermal needs and that, as a result, skin temperature varies more widely than core
temperature in relation to ambient temperature (Blatteis, 1998). Under steady-state conditions in
a thermoneutral environment, (i.e., one in which neither the mechanism for heat production nor
for heat loss is activated and the perceived thermal comfort is optimal), core temperature thus is
higher than skin temperature (Blatteis, 1998). For resting, naked adults, this zone of ambient
temperature lies between 28 and 30 °C (Blatteis, 1998).

There is no single temperature level that can be considered to be normal because
measurements on many normal people have shown a range of normal temperature
measured orally, from less than 36.1°C to 37.5°C (Guyton & Hall, 1996). When excessive heat
is produced in the body by strenuous exercise, temperature can rise temporarily to as high
as 38.33-40.0°C. On the other hand, when the body is exposed to cold, the temperature can
often fall to values below 96°F (35.56°C) (Guyton & Hall, 1996).

2.2 Variation with ambient conditions

The works by Chen et al. Chen et al., 2005), Socolinsky & Selinger (Socolinsky & Selinger,
2004A, Socolinsky & Selinger, 2004B), Wu et al. (Wu et al,, 2005A, Wu et al., 2007) have
illustrated that variations in ambient temperature significantly change the thermal
characteristics of faces, and accordingly affect the performances of recognition. Fig. 1 shows
the thermal distribution of the same face in different ambient temperatures. All of the images
are observed (the red part) from the pixel values ranging from 238 to 255. It is observed from
Fig.1 that the skin temperature of the cheeks, tip of nose and hair increases as the ambient
temperature increases. The intensities of the forehead region start off as bright when the
ambient temperature is low. As the ambient temperature increases (above 27.9 °C ~ 28.1 °C),
the intensities of the forehead region drops drastically due to the effect of sweating. It was
indicated by Blatteis (Blatteis, 1998) that the human body has about three million sweat glands,
the greatest density being found on the palms, soles and forehead. Thermoregulatory sweating
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increases with elevation in core temperature (Blatteis, 1998), and therefore the forehead
region emits sweat easily when the ambient temperature increases. Evaporation takes place
once the sweat reaches the surface, hence causing the skin temperature to lower down.
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Fig. 1. Images taken at different ambient conditions (1st row: 24.8 °C ~ 25.0 °C, 2nd row: 25.7
°C ~ 26.1 °C, 3th row: 27.1 °C ~ 27.4 °C, 4th row: 27.9 °C ~ 28.1 °C, 5th row: 28.4 °C ~ 28.7 °C,
6th row: 28.9 °C ~ 29.3 °C)
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Fig. 2. Histograms in different ambient temperatures of the same face
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2.3 Variation due to metabolism

Ganong (Ganong, 2001) indicates that the body temperature is lowest during sleep, slightly
higher in the awake but relaxed state, and rises with activity. For activities such as
exercising, the heat produced by muscular contraction accumulates in the body and cause
the body temperature to rise (Ganong, 2001).

Body temperature also rises slightly during emotional excitement, probably owing to
unconscious tensing of the muscles (Ganong, 2001). It is chronically elevated by as much as
0.5 °C when the metabolic rate is high, as in hyperthyroidism, and lowered when the
metabolic rate is low, as in hypothyroidism (Ganong, 2001). There is an additional monthly
cycle of temperature variation characterized by a rise in basal temperature at the time of
ovulation for women (Ganong, 2001). Temperature regulation is less precise in young
children, and they may normally have a temperature that is 0.5 °C or so above the
established norm for adults (Ganong, 2001).

Socolinsky & Selinger (Socolinsky & Selinger, 2004A, Socolinsky & Selinger, 2004B) also
analysed that additional fluctuations in thermal appearance could be related to the subject’s
metabolism. During their data collection, an uncontrolled portion of the subjects was
engaged in strong physical activity at different periods prior to imaging. The time elapsed
from physical exertion to imaging was uncontrolled and known to be different for different
sessions. This further contributes to the change in thermal appearance.

2.4 Variation due to breathing patterns

Fig.3 shows the images when the person is breathing in (the first one), breathing out (the
middle one) and no breathing (last one), and the curve below represents the reversed
cumulative histograms. The curves in red, green and blue represent the subject breathing in,
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Fig. 3. Reversed cumulative histogram for inhalation & exhalation



Blood Perfusion Models for Infrared Face Recognition 189

breathing out and no breathing respectively. It can be seen that a relatively larger area of the
face is subjected to low temperature (left part in the curve) when the subject breathes in and
high temperature when breathes out. The area of the face with higher temperature part
(right part in the curve) stays almost constant regardless of whether the subject is breathing
in or out. Such change is obvious: when the subject exhales, the region directly below nose
(i-e., region around nose and mouth) becomes warmer since exhaled air is at core body
temperature, which is several degrees warmer than skin temperature.

2.5 Variation due to alcohol consumption

The variation in thermal distribution when the subject is under alcohol consumption is
shown in Fig.4. It is generally known that alcohol increases body temperature because it
dilates blood vessels in the skin. The flushed complexion associated with drinking is due to
central vasomotor depression. In Fig.4, the top left image is taken immediately after
consumption of alcohol, the top right image is taken 15 min later after consumption, bottom
left image is taken after 35 min delay and finally the bottom right image is taken 100 min
later. It can be observed that there are changes in the appearance of the thermal images at
different timings after a single session of drinking alcohol. More regions of the face,
especially the cheeks and forehead became warm as time passes after consumption. This is
due to the fact that alcohol concentration in the blood flowing in the human face peaked
only some time after consumption.

Alcohol consumption can normally affect thermal distribution for each individual
differently. It depends on the amount of dosage and how fast the rate of absorption of
alcohol takes place in the body. The rate of absorption can in turn be determined by whether
there was any food consumption beforehand or whether the subject had his / her pyloric
valves removed surgically (Goodwin, 2000).
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Fig. 4. Images taken at different timings after alcohol consumption
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Actually, many other factors affect the thermograms. These include imaging condition
(e.g., thermal drift, distance, glasses etc), psychological condition (e.g., angry, blushing,
stress etc) and physiological condition (toothache, headache etc). As indicated by Jones &
Plassmann (Jones & Plassmann, 2000), “the skin temperature distribution changes from
person to person, and from time to time”. It is difficult to extract the unique features of a
face.

3. Blood perfusion models

It is assumed that the ambient condition is stable without wind and sun effect, and the

subjects are in the steady state without temperature regulation, ie. the following

assumptions are made:

Assumption 1: The deep body temperature is constant, and no thermal regulation (e.g.,
sweating) is considered;

Assumption 2: The ambient temperature is lower than body temperature (e.g., indoor
condition is considered);

Assumption 3: Pathological conditions (e.g., fever, headache, inflammation, etc) and
psychological conditions (e.g., anger, blush, etc) are not considered.

(a) Thermal data (7, =26.2°C) (b) Corresponding blood perfusion data

Fig. 5. Thermal data vs blood perfusion data

In view of the heat transfer and thermal physiology under these assumptions, the heat
transfer on skin surface can be described by the following heat equilibrium equations
(Houdas & Ring, 1982):

H +H +H =H +H,+H, (1)

where H represents the heat flux per unit area. The subscripts r, e and f stand for radiation,
evaporation and convection respectively. These three terms on left hand are the outflows
which point from the skin surface to the environment. The subscripts ¢, m and b stand for
body conduction, metabolism and blood flow convection. These are the influx terms in the
direction from the body to the skin surface. Based on the analysis in (Wu et al., 2005A),
blood perfusion is expressed as follows:
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co(T — ')+ Ad™ (P g8/v*)" (T, — T — KT, ~T.)/D— H,
ach (T - T) (2)

w =

where the specific parameters are tabulated in Table 1. Equation (2) defines the thermogram
to blood perfusion transform, with which a thermal datum T(x, y ) at location (x, y) can be
therefore converted into the corresponding blood perfusion @(x,y). An example of the

conversion is shown in Fig. 5.

symbol description Value
w Blood perfusion

o Stefan-Boltzmann constant 5.67*10-8 W m2K+4
€ Tissue/skin thermal emissivity 0.98

T Skin temperature

T Ambient temperature

T, Artery temperature 312.15K

T Core temperature 312.15K

k tissue/skin thermal conductivity 0.2Wm-1K-1

K Air thermal conductivity 0.024 W m-1K-1
c, blood specific heat 3.78%10% ] kgt K1
H, metabolic heat flux per unit area 4.186W m=2

o tissue/skin countercurrent exchange ratio | 0.8

P Prandtl constant 0.72

14 kinematic viscosity of air 1.56*10-5 m?/s
8 air thermal expansion coefficient 3.354*103K -1
g local gravitational acceleration 9.8m2/s

A constant 0.27

M constant 0.25

d Characteristic length of a face 0.095

D Distance from body core to skin surface 0.095

Table 1. Nomenclature

The proposed blood perfusion model by equation (2) defines a transform from the thermal
space to the blood perfusion space. It is a point-wise transform and has the following
characteristics: the location of the facial features is preserved; the shape of the subject is
identical to the thermograms. It is noted that the concept of blood perfusion is meaningful
only for skin part; for the non-skin part (e.g., hair and background), it could be viewed as an
equivalent “blood perfusion”.

It is easy to derive the differential of blood perfusion to temperature T as follows:

do _ [4eoT® + Aud®™ " (PgB/v)' (T -T)" +kT/DIT. ~T)+S
dT ac,(T,-T)

where



192 Recent Advances in Face Recognition

S=eo(T* ~T*)+ Aud™ (Pg BV (T -T)""' ~k(T.-T)/D-H, )
As T >T, according to Assumption 2, 7, >T, and S is always positive since the blood

dow
perfusion is positive, T is definitely positive. This implies that the relationship between

the skin temperature T and the blood perfusion W is monotonous. The skin area with
relatively high temperature results in high blood perfusion as demonstrated in Fig.5.

From the perspective of image processing, the proposed transform is a nonlinear one, as can
be seen from Fig. 6. In essence, it increases the dynamic range of IR images and enhances the
overall image contrast as visually demonstrated in Fig. 5. More specific and also
importantly, it expands the contrast on high-temperature part (i.e., skin) and suppresses the
contrast on low-temperature part (i.e., hair, background, etc.). As mentioned in Section 2, the
thermal variations are usually big in low-temperature part due to environmental changes,
but very small in high-temperature part because of the temperature regulation. Since the
high-temperature part is the most meaningful portion of the signal for the decision making,
the proposed blood-perfusion-based transform is appropriate since it overcomes the
inherent variations in thermogram data.
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Fig. 6. The relationship between temperature data and blood perfusion data

Using the parameters shown in Table 1, it is found that /, has much less effect (second-
order effect) on blood perfusion than /. If T, has a change AT, , and we neglect the small

variation of H ;oowWe have:
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soT* T o LHAT,
Aw~m{[1—(?)] 1—( T )13 ©)
ie.,
T+AT, . T
Aw=éf[(T) (T)] ©)
where
¢ =¢0T*/ac,(T,-T) @)
Expanding equation (6):
IoAL 1o ALy o T ALy AL
Aa)~~§[4FT+6T2(T)+4T(T)+(T))] ®)

If AT,/T is small (note: the unit of T is Kelvin temperature), and ignore the high-order
terms, we obtain:

3

T,
77 AL ©)

It reveals from equation (9) that if 7, has a small variation, the change of blood perfusion is
almost linear, which is illustrated in Fig. 7. However, the gradient for each point is the
function of its temperature.

Ao ~4¢

Difference of blood perfusion { A )

_9 1 1 1 1 1 1 1 1
1 2 3 4 5 5 7 g 9 10

Difference of ternperature [ A Te )
Fig. 7. The difference of blood perfusions vs different ambient temperatures (7, =23°C)
Letnp=4¢T’ /T*, which determines the transform from the AT, to A, and use equation
(7), we have:
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3
po4— 0L (10)
ac, (I, =T)
Using the parameters specified in Table 1, and setting 7, =15~30"C, and T =32 ~36"C,
the variations of parameter 77 are demonstrated in Fig. 8. It is observed that the smaller T
and T, are, the smaller 7 is. Even when T, =30°C and T =36"C, 7 is less than 0.7. This
implies that if the ambient temperature has variation A7, , the resultant variation of blood
perfusion Aw is always less than AT, . Hence, from the perspective of pattern recognition,
the transform in equation (2) reduces the within-class scatter resulting from ambience, and
obtains more consistent data to represent the human face.

T ( °C) Te (%)

Fig. 8. The transform coefficient 7 from AT, to A@ in different temperatures

It should be highlighted that some parameters, for example M, D, d etc., described in
equation (2) are obtained from experiments. These values should vary or differ from person
to person instead of constants as shown in Table 1. Furthermore, it is found that terms Hj,
H,, H, and H, are less significant compared to other terms. Therefore, it is reasonable to
ignore these terms to obtain a simplified blood perfusion model as follows:

_eo(T'-TY)

(11)
ac, (T, —T)

For convenience, we call equation (2) as complex blood perfusion model or original blood

perfusion (OBP) model and equation (11) as modified blood perfusion (MBP) model. The

relationship between the two models is depicted in Fig. 9. It is observed that both models

have similar properties, for example, nonlinear and monotonous increase, but with different

gradients.
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4. Experimental results

4.1 IR face recognition system

The experiments were performed using the real-time IR face recognition system as
described in (Wu et al., 2003). The schematic diagram of the system is shown in Fig.10. After
an image is captured, its quality is evaluated by an objective measurement (Wu et al.,
2005B). Only the image with good quality is inputted to the following detection and then
recognition modules. Before normalize the face in a specific size, the face orientation is
detected by single linkage clustering (Wu et al. 2006). Then, the facial features are extracted
by the principle component analysis and Fisher’s linear discriminant method, and the
classifier employs the RBF neural network as shown in (Wu et al. 2003) for details. The
performance is evaluated in terms of maximum recognition score.

4.2 Database collection

The IR images were captured by the ThermoVision A40 made by FLIR Systems Inc. This
camera, which uses an uncooled microbolometer sensor with resolution of 320x240 pixels
and the spectral response is 7.5 ~ 13 microns, is specially designed for accurate temperature
measurement. The sensitivity is as high as 0.08 °C. One of its prominent features is the
function of automatic self-calibration to cope with the temperature drift. Furthermore, we
have a blackbody MIKRON M340 to check and compensate the accuracy of measurement.
The database used in experiments comprises 850 data of 85 individuals which were carefully
collected at the same condition: i.e., same environment under air-conditioned control with
temperature around 24.3 ~ 25.3°C, and each person stood at a distance of about 1 meter in
front of the camera. Each person has 10 templates: 2 in frontal-view, 2 in up-view, 2 in
down-view, 2 in left-view, and 2 in right-view. All the 10 images of each subject were
acquired within 1 minute. As glass is opaque to IR, people are required to remove their
eyeglasses.
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Fig. 10. Schematic diagram of the IR face recognition system

4.3 Recognition results for same-session data

The test situation is similar to the watchlist scenario described in FRVT 2002 (Bone &
Blackburn, 2002). The subject is allowed to walk slowly back and forth in front of the camera
at a distance between 0.7m and 1.4m. He/she may have different poses and facial
expressions. For different purposes, the subjects were asked to wear/remove eyeglasses.

A. Effect of eyeglasses

During the first part of this experiment, the subjects were required to remove their
eyeglasses. These testing images were captured right after collecting the training data. Here,
the numbers of subjects and probe images are 10 and 114 respectively.

Immediately after the first part of the experiment, the same group of testing persons was
instructed to put on their eyeglasses for the next round of image capturing. The number of
probe images is 108. The recognition results performed on thermal data, original blood
perfusion (OBP) model and modified blood perfusion (MBP) model are tabulated in Table 2
and Table 3. The recognition scores are demonstrated in Fig.11 and Fig. 12 respectively.

Ambient Condition Thermal OBP MBP
243°C-253°C data model model
Recognition Rate 96.4% 100% 100%

Mean Score 0.825 0.913 0.874
Variance 0.299 0.289 0.280

Table 2. Recognition rate for same-session data without eyeglasses
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Ambient Condition Thermal OBP MBP
243°C-253°C data model Model
Recognition Rate 80.9% 91.7% 91.7%

Mean Score 0.705 0.803 0.764
Variance 0.448 0.418 0.437

Table 3. Recognition rate for same-session data with eyeglasses

Maximum Recognition Score

02~

Thermal

— — Complex Blood Perfusion
Iodified Blood Perfusion

Fig. 11. Maximum recognition score for same-session data without eyeglasses
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— — Complex Blood Perfusion
WModified Blood Perfusion

Hith Image

Fig. 12. Maximum recognition score for same-session data with eyeglasses
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From Table 2, it can be seen that the recognition rates for both blood perfusion models are excellent
(achieved 100% recognition rate). The maximum recognition scores obtained are generally
high for all the three models. The small variances indicate that the performances are robust.
It is observed from Table 3 that wearing eyeglasses leads to decrease of recognition rate,
especially for thermal images. The effects on OBP model and MBP model are similar and
both the blood perfusion models greatly outperform the thermal model in terms of
recognition rates and scores.

B. Effect of ambient temperature & metabolism

In this experiment, 15 subjects were engaged in some physical activity prior to imaging.
They came to register their images in the afternoon between 1 p.m. to 4 p.m. The outdoor
condition on that day was a warm and sunny weather, with ambient temperature ranging
around 28.3 °C- 29.5 °C, while the indoor temperature is around 25.1 °C- 25.3 °C. There are
totally 150 probe images collected. In this case, body temperature has significantly changes
due to different activities and ambient temperatures. Accordingly, the performance in this
situation decreases in terms of the recognition rates, recognition scores and score variances
as shown in Table 4 and Fig.13, although the interval between training and testing is around
2 minutes. As discussed in Section 2, the thermal characteristics indeed change under

Ambient Condition

28.3°C -29.5°C to 25.1 Th;;g‘al Hclz)]zpel 1\1/\[/22121
°C-25.3°C
Recognition Rate 64.7% 81.7% 80.3%
Mean Score 0.461 0.474 0.470
Variance 0.488 0.428 0.430

Table 4. Recognition rate of same-session data under variations due to ambient temperature
and metabolism

Therrmal
I I — — Complex Blood Perfusion

Modified Blood Perfusion

=)
o
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=

Maximum Recognition Score

02

| | | | |
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Nth Image

Fig. 13. Maximum recognition score for same-session data under variations due to ambient
temperature and metabolism
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variations due to ambient temperature and metabolism. In light of this, limitations are posed
for recognition using thermal imaging. It is also observed that blood perfusion models try to
alleviate these variations and yield reasonably performances. However, the recognition
scores are relatively low and the variances are relatively high.

C. Effect of breathing patterns

In Sect 2.4, we analyzed the effects on thermal variation associated with breathing. Here,
experiments are conducted to obtain the recognition results when the subject is inhaling,
exhaling, followed by breathing normally. First, we performed the experiments when the
subjects are inhaling. The number of probe images collected is 140. Table 5 illustrates the
recognition rates obtained by the three different models and Fig. 14 shows the maximum
recognition scores.

Ambient Condition Data Type Recognition Rate
Thermal 69.8%
Complex Blood Perfusion 90.1%

43C-23°C Modified Blood Perfusion 87.1%

Table 5. Recognition rate for same-session data when inhalation

Py N
T ;l IR /\/\/\ AR

Maximum Recagnition Score

Thermal
— — Carmplex Blood Perfusion @t

02 Wodified Blood Perfusion |

|
il 0 il 80 100 120 140
Nih Image

Fig. 14. Maximum recognition scores for same-session data when inhalation

In the next experiment, with the same group of people for test, they are instructed to only
exhale during recognition. The total number of probe images in this case is 140. Table 6
shows the recognition rates and the recognition scores are depicted in Fig.15.

Ambient Condition Data Type Recognition Rate
Thermal 84.1%
. . Complex Blood Perfusion 89.8%
2#43C-B37°C Modified Blood Perfusion 89.8%

Table 6. Recognition rate for same-session data when exhalation
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Thermal
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Iodified Blood Perfusion
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Fig. 15. Maximum recognition scores for same-session data when exhalation

The same group of people involved in the previous two breathing experiments is then
instructed to breathe without any restraints in the next series of experiments. The number of
probe images of subjects breathing normally is totally 135. The performances are shown in
Table 7 and Fig. 16.

It is interesting to note how the recognition rates obtained from the thermal model vary
under the three scenarios. It can be seen that the thermal model results in big change of
performances (14.3%), and yields the best recognition rate result (84.1%) during the
exhalation experiments. For both the blood perfusion models, the recognition rate results
obtained from the three different scenarios are comparable, and yields the best recognition
rate result (94.1%) during the normal breathing. This is further verified that the blood
perfusion models are efficient.

D. Effect of hairstyle

It is also interesting to find the effect of hair on recognition performance as the
hair/hairstyle keeps change frequently. Table 8 and Fig. 17 illustrate the recognition results
for a person with no hair, while Fig. 18 shows the recognition results for a female with long
hair.

Ambient Condition Data Type Recognition Rate
Thermal 77.8%
o . Complex Blood Perfusion 94.1%
2#3C-237°C Modified Blood Perfusion 94.1%

Table 7. Recognition rate for same-session data when normal breathing
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Fig. 16. Maximum recognition scores for same-session data when normal breathing

Ambient Condition Thermal OBP MBP
243°C-253°C data model Model

Recognition Rate 80% 100% 100%
Mean Score 0.5132 0.6892 0.6632
Variance 0.3189 0.1853 0.1850

Table 8. Mean and variance of recognition scores for a bald subject

Thermal

— — Complex Blood Perfusion#l |
% Modified Blood Perfusion &

Maximum Recognition Score
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Fig. 17. Maximum recognition score for a bald subject
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Fig. 18. Maximum recognition score for a female with long hair

Hair is an annoying factor for both segmetation and normalization of faces. As the thermal
pattern of a face changes along with ambient temperature, psychological and physiological
conditions, and the geometrical features of a face in an IR image is not clear, it is difficult to
locate the facial features in IR images for face segmentation and normalization. In our
recognition system (Wu et al., 2003), a face is segmented by temperature disparity between
ambience and a face. Such method accordingly yields segmentation error by hair. Such
situation is more serious for a female with long hair: for the same person, the segmentation
results are significantly different caused by hair in different poses as shown in Figs. 19 and
20 respectively. On the other hand, hair is not a feature for recognition and accordingly
affects performances. Therefore, the performance in terms of recognition rate and scores on
subjects with bald head outperforms that on subjects with long hair.

Testing image acquired Normalized image after
face detection program

Fig. 19. Testing person with long hair: image 1 obtained after face detection program

1 Kl1{1C

Testing image acquired Normalized image after
face detection Program
Fig. 20. Testing person with hair: image 2 obtained after face detection program
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It is interesting to find from Table 8 that 2 images are not recognized correctly for the bald
subject when the thermal images are used , although the segmentation is excellent for such
subjects as demonstrated in Fig.21. This is mainly caused by big pose variations. However, the
2 images can be recognized correctly by employing the proposed blood perfusion models.

‘, W

Testing image acquired Normalized Image after
Face Detection Program

Fig. 21. Testing person with bald head: image obtained after face detection program

E. Overall results for same-session data

Considering all the aforementioned effects that can affect recognition performance, an
overall recognition performance results based on same-session testing is generated. The
number of subjects participating in this experiment is 85 and the number of probe images
used here is 1780. Table 9 illustrates the overall results obtained.

These results illustrate that both the blood perfusion models are less sensitive to variations
to the factors as aforementioned, than the thermal data. It can also be observed that the
recognition rate obtained from the OBP model is only slightly better than that of the MBP
model. This suggests that the MBP model not only aids in reducing complexity and the
computational time, it can also perform as well as the OBP model for same-session data.

Ambient Condition Model Recognition Rate
Thermal data 66.9%
OBP model 86.6%

243°C-253°C MBP model 86.4%

Table 9. Recognition rate for same-session data

4.4 Recognition results for time-lapse data

Time-lapse recognition was conducted based on the data collected one month later. The
testing situation and environmental condition are similar to that when collecting the
training data, under the temperature ranging from 24.3 °C - 25.3 °C. The number of probe
images is 180. The results obtained are indicated in Table 10 and Fig.22.

As the testing data were captured in air-conditioned room, it is considered that the testing
individuals are in steady state without body temperature regulation. However, these time-
lapse data comprise a variety of variations: ambient temperature (although it is small), face
shape resulted from hair styles, and physiology etc. The effect of hair styles leads to
inconsistence in face normalization, and accordingly results in decrease of recognition rate.
However, we found that one crucial factor came from physiology, for example, relaxed in
morning, and tired in afternoon and at night. It was shown that even the ambient
temperature was almost the same, the face images collected when the person was overtired
cannot be recognized at all, and the effect of physiology on recognition rate varies from
person to person. It is the key reason to affect the performance identified on time-lapse data.
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The experimental results shown in Table 10 and Fig.22 reveal that it is difficult to use the
thermograms to identify the person accurately under time-lapse scenarios. The recognition
rate, using temperature data, decreases significantly from 66.9% (for same- session data) to
23.8%. The performance using OBP model also yields big change ranged from 86.6% for
same-session data to 76.6% for time-lapse data. However, it should be highlighted from
Table 10 that the MBP model achieves better performance than the OBP model under time-
lapse testing. The recognition rate (83.7%) on time-lapse data is comparable to that of same-
session data. It is also observed from Fig. 22 that the scores performed on the MBP model is
the highest amongst the three models at most times. Therefore, it is concluded that the MBP
model is more suitable for real IR face recognition system.

Ambient Condition Model Recognition Rate
Thermal data 23.8%
OBP model 76.6%

243°C-253"C MBP model 83.7%

Table 10. Recognition rate for time-lapse data

T T T Thermal

— — Complex Blood Perfusion®t
Modified Blood Perfusion

Maximurm Recognition Score

(1] 20 40 60 80 100 120 140 160 180
Nth Image

Fig. 22. Maximum recognition score for time-lapse data

5. Conclusion

Infrared imagery has been proposed for face recognition because it is independent on external
illumination and shading problem. However, the thermal pattern of a face is also severely
affected by a variety of factors ranging from eyeglasses, hairstyle, environmental temperature
to changes in metabolism, breathing patterns and so on. To alleviate these variations, blood
perfusion models are proposed to convert thermal information into physiological data. The
transforms are nonlinearly monotonous, and are able to reduce the within-class scatter
resulting from ambience, metabolism and so on, and more consistent features which
represent the human faces are obtained. The extensive experiments demonstrated that the
recognition performances with blood perfusion models are substantially better than that
with thermal data in different situations, especially for time-lapse data.
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It should be highlighted that physiological (e.g., fever) and psychological (e.g., happy, angry
and sad etc) conditions also affect the thermal patterns of faces. Further analysis and
experiments on these variations will be our future work.
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1. Introduction

Color provides useful and important information for object detection, tracking and
recognition, image (or video) segmentation, indexing and retrieval, etc. [1-15]. Color
constancy algorithms [13, 14] and color histogram techniques [5, 10-12], for example,
provide efficient tools for indexing in a large image database or for object recognition under
varying lighting conditions. Different color spaces (or color models) possess different
characteristics and have been applied for different visual tasks. For instance, the HSV color
space and the YC,C; color space were demonstrated effective for face detection [2, 3], and the
modified L*u*v* color space was chosen for image segmentation [7]. Recently, a selection
and fusion scheme of multiple color models was investigated and applied for feature
detection in images [15].

Although color has been demonstrated helpful for face detection and tracking, some past
research suggests that color appears to confer no significant face recognition advantage
beyond the luminance information [16]. Recent research efforts, however, reveal that color
may provide useful information for face recognition. The experimental results in [17] show
that the principle component analysis (PCA) method [35] using color information can
improve the recognition rate compared to the same method using only luminance
information. The results in [18] further reveal that color cues do play a role in face
recognition and their contribution becomes evident when shape cues are degraded. Other
research findings also demonstrate the effectiveness of color for face recognition [19-22, 38].
If color does help face recognition, then a question arises: how should we represent color
images for the recognition purpose? One common practice is to convert color images in the
RGB color space into a grayscale image by averaging the three color component images
before applying a face recognition algorithm for recognition. However, there are neither
theoretical nor experimental justifications for supporting that such a grayscale image is a
good representation of the color image for the recognition purpose. Other research effort is
to choose an existing color space or a color component configuration for achieving good
recognition performance with respect to a specific recognition method. For instance,
Rajapakse et al. [19] used the RGB color space and nonnegative matrix factorization (NMF)
method for face recognition. Torres et al. [17] suggested using the YUV color space or the
configuration of S and V components from the HSV color space together with PCA for
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feature extraction. Shih and Liu [21] showed that the color configuration YQC,, where Y and
Q color components are from the YIQ color space and C; is from the YC,C; color space, was
effective for face recognition using the enhanced Fisher linear discriminant (FLD) model
[23]. In summary, current research efforts apply a separate strategy by first choosing a color
image representation scheme and then evaluating its effectiveness using a recognition
method. This separate strategy cannot theoretically guarantee that the chosen color image
representation scheme is best for the subsequent recognition method and therefore cannot
guarantee that the resulting face recognition system is optimal in performance.

The motivation of this chapter is to seek a meaningful representation and an effective
recognition method of color images in a unified framework. We integrate color image
representation and recognition into one discriminant analysis model: color image
discriminant (CID) model. In contrast to the classical FLD method [24], which involves only
one set of variables (one or multiple discriminant projection basis vectors), the proposed
CID model involves two sets of variables: a set of color component combination coefficients
for color image representation and one or multiple discriminant projection basis vectors for
image discrimination. The two sets of variables can be determined optimally and
simultaneously by the developed, iterative CID algorithm. The CID algorithm is further
extended to generate three color components (like the three color components of the RGB
color images) for further improving face recognition performance.

We use the Face Recognition Grand Challenge (FRGC) database and the Biometric
Experimentation Environment (BEE) system to assess the proposed CID models and
algorithms. FRGC is the most comprehensive face recognition efforts organized so far by the
US government, and it consists of a large amount of face data and a standard evaluation
system, known as the Biometric Experimentation Environment (BEE) system [25, 26]. The
BEE baseline algorithm reveals that the FRGC version 2 Experiment 4 is the most
challenging experiment, because it assesses face verification performance of controlled face
images versus uncontrolled face images. We therefore choose FRGC version 2 Experiment 4
to evaluate our algorithms, and the experimental results demonstrate the effectiveness of the
proposed models and algorithms.

2. CID model and algorithm

In this section, we first present our motivation to build the color image discriminant model
and then give the mathematical description of the model and finally design an iterative
algorithm for achieving its optimal solution.

2.1 Motivation

We develop our general discriminant model based on the RGB color space since it is a
fundamental and commonly-used color space. Let A be a color image with a resolution of
mxn, and let its three color components be R, G, and B. Without loss of generality, we

assume that R, G, and B are column vectors: R,G,B € R", where N =mxn. The color
image A is then expressed as an N x3 matrix: A =[R,G,B] € R™.

How should we represent the color image A for the recognition purpose? Common practice
is to linearly combine its three color components into one grayscale image:

E={R+{G+{B )
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The grayscale image E is then used to represent A for recognition. However, theoretical
explanation is lacking in supporting that such a grayscale image is a good representation of
image A for image recognition.

The motivation of this chapter is to seek a more effective representation of the color image A
for image recognition. Our goal is to find a set of optimal coefficients to combine the R, G,
and B color components within a discriminant analysis framework. Specifically, let D be the
combined image given below:

D=xR+x,G+x,B, @A)

where x,, x, and x, are the color component combination coefficients. Now, our task is to
find a set of optimal coefficients so that D is the best representation of the color image A for
image recognition.

Given a set of training color images with class labels, we can generate a combined image D
for each image A =[R, G, B]. Let us discuss the problem in the D-space, i.e., the pattern
vector space formed by all the combined images defined by Eq. (2). In order to achieve the
best recognition performance, we borrow the idea of Fisher linear discriminant analysis
(FLD) [24] to build a color image discriminant (CID) model. Note that the CID model is
quite different from the classical FLD model since it involves an additional set of variables:

the color component combination coefficients x,, x, and x,. In the following, we will show

the details of a CID model and its associated CID algorithm for deriving the optimal
solution of the model.

2.2 CID model
Let ¢ be the number of pattern classes, A, be the j-th color image in class i, where

i=L2,---,c, j=1,2,---,M,,and M, denotes the number of training samples in class i.

The mean image of the training samples in class i is

=

1 M o _
—3S'A, =[R,,G,,B,]. 3
TR [R,.G,,B/] 3)

2>

The mean image of all training samples is

where M is the total number of training samples, i.e., M = ZM L
i=1

., G,

The combined image of three color components of the color image A, =[R,,G,,B,] is

given by

D, =xR,+x,G, +x,B, =[R,,G,,B,]1X )

ij°

Let ]3,. be the mean vector of the combined images in class i and D the grand mean vector:
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D =AX ©6)

D=AX @)
The between-class scatter matrix S,(X) and the within-class scatter matrix S, (X) in the D-

space are defined as follows:

S,(X) =s

Z, (A, = AX]I(A, - A)XT

a

= 2 Pl(A, -AXX" (A, -A)'] ®)

5.(X) = P,.[—_12(D 13,.><D,,—13,.>Tj

o
<

1 ’ A A T
= 2R A ~AIXIA, A )X]

o

- P28, ~R)XX (A, A ] ©)

<

where P, is the prior probability for Class i and commonly evaluated as P =M, /M . Since
the combination coefficient vector X is an unknown variable, the elements in S, (X) and

S, (X) can be viewed as linear functionals of X.

The general Fisher criterion in the D-space can be defined as follows:

J(¢,X)=m, (10)

where ( is a discriminant projection basis vector and X a color component combination

coefficient vector.
Maximizing this criterion is equivalent to solving the following optimization model:

T
max tr{e’S,(X)p} ) (11)
subjectto @'S, (X)p =1
where tr(-) is the trace operator. We will design an iterative algorithm to simultaneously

determine the optimal discriminant projection basis vector ¢ * and the optimal combination

coefficient vector X* in the following subsection.
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2.3 CID algorithm
First of all, let us define the color-space between-class scatter matrix L,(¢p) and the color-

space within-class scatter matrix L (¢) as follows

Lb(‘P)=ZE:P,.[(Ki ~A) 00" (A, - A), 12)
i=1
Ld@ﬁﬁﬁi[(% ~A) 99" (A, - A)]- (13)

i= i J

L, () and L, (p) are therefore 3x3 non-negative definite matrices. Actually, L,(¢p) and

L, (¢) can be viewed as dual matrices of § ,(X) and S, (X)-
Based on the definition of L, (¢) and L, (¢), we give the following proposition:

Proposition 1: ¢'S,(X)p = X'L,(9)X,and ¢'S (X)p = X'L (9)X.

Prof @'S,(X)0=3 Pl (A - AXIX' (A, ~A) o]
=3 PIX"(A, - &) 9ll9’ (A, - AX]

=X"{Y P[(A, - A) 9" (A, - A)IX

il
=X"L, (@)X
Similarly, we can derive that (pTSw(X)(p = XTLW (p)X. o

The model in Eq. (11) is a constrained optimization problem, which can be solved using the
Lagrange multiplier method. Let the Lagrange functional be as follows:

L@, X, 1)=¢"S,(X)9 - @S, (X)o-1), (14
where /1 is the Lagrange multiplier. From Proposition 1, we have
L(@,X,1)=X"L,(@X - AX'L, ()X - 1), (15)

First, take the derivative of L(@, X, 4) in Eq. (14) with respect to @ :

oL(¢,X, A
L@XD) 53, (X)p-21S,(X)o (16)
op
Equate the derivative to zero, M = 0, then we have the following equation:

oQ
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$,(X)e =18, (X)e (17)
Second, take the derivative of L(@, X, 4) in Eq. (15) with respect to X:
L@ X7 228, ()X - 2.8, (@)X as)
0X
Equate the derivative to zero, M =0, then we have the following equation:
0X
L, (@)X =/L,(9)X (19)

And finally, take the derivative of L(@,X, A) in Eq. (14) with respect to 4 and equate it to

zero, and we have the following equation:

0'S, (X)e=1, (20)

which is equivalent to

XL, (¢)X=1. (1)

Therefore, finding the optimal solutions @ * and X* of the optimization problem in Eq. (11)
is equivalent to solving the following two sets of equations:

Equation Set I: S, (X)g =18, (X)e (22)
¢'S,(X)p=1

Equation Set II: L, (@X =1L, (@)X (23)
XL, (@)X =1

Theorem 1 [27] Suppose that A and B are two nXxn nonnegative definite matrices and B is
nonsingular. There exist n eigenvectors &,---,& corresponding to eigenvalues 4,,--+,4, of

the generalized eigen-equation A& = AB¢, such that

A oi=]
giTAEaj:{l . ] i,jzla”':n (24)
: 0 i#j
and
r 1 i=j .
&iBg‘: l’]:L"'an' (25)
(VS

From Theorem 1, we know the solution of Equation Set I, i.e., the extremum point ¢ * of
J(0,X), can be chosen as the eigenvector of the generalized equation
S,(X)p =4S, (X))@ corresponding to the largest eigenvalue, and the solution of Equation
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Set II, i.e., the extremum point X* of J,(@,X), can be chosen as the eigenvector of the
generalized equation L, (¢)X = AL, (¢)X corresponding to the largest eigenvalue. Based
on this conclusion, we can design an iterative algorithm to calculate the extremum points
¢ * and X*.

Let X = X" be the initial value of the combination coefficient vector in the k-th iteration.
In the first step, we construct S, (X) and S (X) based on X = X" and calculate their
generalized eigenvector ¢ = (p[k“] corresponding to the largest eigenvalue. In the second
step, we construct L, (¢) and L (¢) based on ¢ = @' and calculate their generalized
eigenvector X el corresponding to the largest eigenvalue. X = X" is used as initial
value in the next iteration.

The CID algorithm performs the preceding two steps successively until it converges.
Convergence may be determined by observing when the value of the criterion function
J(@,X) stops changing. Specifically, after k+1 times of iterations, if
| J (" Xy — J (™), X"1) | < &, we think the algorithm converges. Then, we choose
¢o* ="M and X* = X" The CID algorithm is illustrated in Figure 1.

Choose an initial combination

coefficient vector X!,
Setk=0

v

Construct S y(X) and S (X) based on
X = X" and calculate their generalized
eigenvector ¢ ="' corresponding to

the largest eigenvalue

v

Construct Ly(¢) and Ly (¢) based on
¢ =" and calculate their generalized

eigenvector X' corresponding to the
largest eigenvalue

v

k=k+1
| (@1, XY — J (@) XIF) | < 62

Yes
A\ 4

* [k+1] * _ [k+1]
X*=X"" op*=¢

Fig. 1. An overview of the CID Algorithm
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2.4 Extended CID algorithm for multiple discriminating color components
Using the CID algorithm, we obtain an optimal color component combination coefficient

T N . . . N .
vector X*=[x,,xX,,x,] , which determines one discriminating color component

D' =x, R +x,G+x,B. In general, one discriminating color component is not enough for
the discrimination of color images. Actually, analogous to the three color components in the
RGB color space, we can derive three discriminating color components for image

recognition. Let us denote the three discriminating color components of the color image
A =[R,G,B] as follows:

D'=x,R+x,G+x,B=[R,G,B]X,, i=12,3 (26)

where X, (i=1,2,3) are the corresponding combination coefficient vectors. These

coefficient vectors are required to be L (@) -orthogonall, that is

XL, (@)X, =0, Yi#j, ij=123. 27)

Let the first combination coefficient vector be X,= X* and ¢ = ¢ *, which have been
determined in the foregoing subsection. Since the second combination coefficient vector is
assumed to be L, (¢)-orthogonal to the first one, we can choose it from the L (@)-
orthogonal complementary space of X,. We know X, is chosen as the generalized
eigenvector u; of L, (@) and L (@) corresponding to the largest eigenvalue after the CID
algorithm converges. Let us derive L,(p) and L (¢)’s remaining two generalized
eigenvectors u, and u,, which are L (¢)-orthogonal to the first one. We choose the
second combination coefficient vector X, = u, and the third combination coefficient vector
X;=u,.

After calculating three color component combination coefficient vectors X,, X, and X3 ,
we can obtain the three discriminating color components of the color image A using Eq. (26).
In order to further improve the performance of the three discriminating color components,
we generally center X, and X in advance so that each of them has zero mean.

3. Experiments

This section assesses the performance of the proposed models and algorithms using a large
scale color image database: the Face Recognition Grand Challenge (FRGC) version 2
database [25, 26]. This database contains 12,776 training images, 16,028 controlled target
images, and 8,014 uncontrolled query images for the FRGC Experiment 4. The controlled
images have good image quality, while the uncontrolled images display poor image quality,
such as large illumination variations, low resolution of the face region, and possible
blurring. It is these uncontrolled factors that pose the grand challenge to face recognition
performance. The Biometric Experimentation Environment (BEE) system [25] provides a
computational experimental environment to support a challenge problem in face

1 This conjugate orthogonality requirement is to eliminate the correlations between
combination coefficient vectors. The justification for this is given in Ref. [36].
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recognition, and it allows the description and distribution of experiments in a common
format. The BEE system uses the PCA method that has been optimized for large scale
problems as a baseline algorithm, and it applies the whitened cosine similarity measure. The
BEE baseline algorithm shows that FRGC Experiment 4, which is designed for indoor
controlled single still image versus uncontrolled single still image, is the most challenging
FRGC experiment. We therefore choose the FRGC Experiment 4 to evaluate our method. In
our experiments, the face region of each image is first cropped from the original high-
resolution still images and resized to a spatial resolution of 32x32. Figure 2 shows some
example FRGC images used in our experiments.

g 1

- — |

Fig. 2. Example FRGC images that have been cropped to 32x32.

According to the FRGC protocol, the face recognition performance is reported using the
Receiver Operating Characteristic (ROC) curves, which plot the Face Verification Rate (FVR)
versus the False Accept Rate (FAR). The ROC curves are automatically generated by the BEE
system when a similarity matrix is input to the system. In particular, the BEE system
generates three ROC curves, ROC I, ROC 1II, and ROC III, corresponding to images collected
within semesters, within a year, and between semesters, respectively. The similarity matrix
stores the similarity score of every query image versus target image pair. As a result, the size
of the similarity matrix is 7xQ, where T is the number of target images (16,028 for FRGC
version 2 Experiment 4) and Q is the number of query images (8,014 for FRGC version 2
Experiment 4).

3.1 Face recognition based on one color component image

Following the FRGC protocol, we use the standard training set of the FRGC version 2
Experiment 4 for training. The initial value of the CID algorithm is set as
X' =[1/3,1/3,1/3], and the convergence threshold of the algorithm is set to be &=0.1.
After training, the CID algorithm generates one optimal color component combination
coefficient vector X =[x,,,x,,,x,]" and a set of 220 optimal discriminant basis vectors since
there are 222 pattern classes. The combination coefficient vector X, determines one
discriminating color component D' = xR+ x, G+ x;;B for color image representation
and the set of discriminant basis vectors determines the projection matrix for feature
extraction. In comparison, we also implement the FLD algorithm on grayscale images and
choose 220 discriminant features.

For each method mentioned, the cosine measure [33] is used to generate the similarity
matrix. After score normalization using Z-score [34], the similarity matrix is analyzed by the
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BEE system. The three ROC curves generated by BEE are shown in Figure 3 and the
resulting face verification rates at the false accept rate of 0.1% are listed in Table 1. The
performance of the BEE baseline algorithm is also shown in Figure 3 and Table 1 for
comparison. Figure 3 and Table 1 show that the proposed CID algorithm achieves better
performance than the classical FLD method using grayscale images. In particular, the CID
algorithm achieves a verification rate of 61.01% for ROC III, which is a nearly 10% increase
compared with the FLD method using the grayscale images.

Method ROCI ROCII ROCIII
BEE Baseline 13.36 12.67 11.86
FLD on grayscale images 52.96 52.34 51.57
CID 60.49 60.75 61.01

Table 1. Verification rate (%) comparison when the false accept rate is 0.1%
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Fig. 3. ROC curves corresponding to the BEE Baseline algorithm, FLD on grayscale images
and the CID Algorithm

It should be pointed out that the convergence of the CID algorithm does not depend on the
choice of the initial value of X', We randomly generate four set of initial values (four
three-dimensional vectors). The convergence of the CID algorithm corresponding to these
four set of initial values and the originally chosen initial values X'" = [1/3,1/3,1/3] is
illustrated in Figure 4. Figure 4 shows that the convergence of the CID algorithm is
independent of the choice of initial value of X' The algorithm consistently converges to a
very similar value of the criterion function J ((p,X), and its convergence speed is fast: it
always converges within 10 iterations if we choose ¢ =0.1.
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Fig. 4. Illustration of the convergence of the CID algorithm

3.2 Face recognition based on three color component images

In this experiment, we train the extended CID algorithm using the standard training set of
the FRGC version 2 Experiment 4 to generate three color component combination coefficient
vectors X,, X, and X;, and based on these coefficient vectors we obtain three
discriminating color components D', D* and D’ for each color image. The three
discriminating color component images corresponding to one orginal image are shown in
Figure 5.

Original image

I

Fig. 5. lllustration of R, G, B color component images and the three color component images
generated by the proposed method
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We employ two fusion strategies, i.e., decision-level fusion and image-level fusion, to
combine the information within the three discriminating color component images for
recognition purpose. The decision-level fusion strategy first extracts discriminant features
from each of the three color component images, then calculates the similarity scores and
normalizes them using Z-score, and finally fuses the normalized similarity scores using a

sum rule. The image-level fusion strategy first concatenates the three color components D',

D’ and D’ into one pattern vector and then performs PCA+FLD [23] on the concatenated
pattern vector. To avoid the negative effect of magnitude dominance of one component
image over the others, we apply a basic image normalization method by removing the mean
and normalizing the standard deviation of each component image before the concatenation.
To avoid overfitting, we choose 900 principal components (PCs) in the PCA step of the
decision-level fusion strategy and 1000 PCs in the PCA step of the image-level fusion
strategy. The frameworks of the two fusion strategies are shown in Figure 6.

Dl

v

Color Tmage > D’ PCA +FLD

Score Normalization

D3

(a) Outline of the image-level fusion

D' ’ | PCA + FLD Score Normalization

PCA + FLD | Score Normalization |_> Sum |
| D’ PCA + FLD ’ | Score Normalization

(b) Outline of the decision-level fusion

Color Image D?

Fig. 6. Illustration of the decision-level and image-level fusion strategy frameworks

For comparison, we apply the same two fusion strategies to the R, G and B color component
images and obtain the corresponding similarity scores. The final similarity matrix is input to
the BEE system and three ROC curves are generated. Figure 7 shows the three ROC curves
corresponding to each of three methods: the BEE Baseline algorithm, FLD using RGB
images, and the extended CID algorithm using the decision-level fusion strategy. Figure 8
shows the ROC curves of the three methods using the image-level fusion strategy. Table 2
lists the face verification rates at the false accept rate of 0.1%. These results indicate that the
fusion of the three discriminant color components generated by the extended CID algorithm
is more effective for improving the FRGC performance than the fusion of the original R, G
and B color components, no matter what fusion strategy is used.

In addition, by comparing the results of the two fusion strategies shown in Table 2, one can
see that the three color components generated by the extended CID algorithm demonstrates
quite stable face recognition performance while the R, G and B color components do not. For
the three color components generated by the extended CID algorithm, the performance
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Fig. 7. ROC curves corresponding to the BEE baseline algorithm, FLD using the RGB images,
and the extended CID algorithm (for three color components) using the decision-level fusion
strategy
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Fig. 8. ROC curves corresponding to the BEE baseline algorithm, FLD using the RGB images,
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difference between the two fusion strategies is at most 1.01%, whereas for the R, G and B
color components, the performance difference between the two fusion strategies is as large
as 8.55%. The RGB color space performs much worse when the decision-level fusion
strategy is used.

Fusion strategy Method ROCI ROCII ROCIII
Decision-level FLD on RGB images 59.75 59.14 58.34
fusion Extended CID 75.73 75.74 75.66
Image-level FLD on RGB images 66.68 66.85 66.89
fusion Extended CID 76.72 76.25 75.64

Table 2. Verification rate (%) comparison when the false accept rate is 0.1% using all of the
three color components images

4. Conclusions

This chapter seeks to find a meaningful representation and an effective recognition method
of color images in a unified framework. We integrate color image representation and
recognition tasks into one discriminant model: color image discriminant (CID) model. The
model therefore involve two sets of variables: a set of color component combination
coefficients for color image representation and a set of projection basis vectors for color
image discrimination. An iterative CID algorithm is developed to find the optimal solution
of the proposed model. The CID algorithm is further extended to generate three color
components (like the three color components of RGB color images) for further improving
the recognition performance. Three experiments using the Face Recognition Grand
Challenge (FRGC) database and the Biometric Experimentation Environment (BEE) system
demonstrate the performance advantages of the proposed method over the Fisher linear
discriminant analysis method on grayscale and RGB color images.
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1. Introduction

Nowadays, machine-vision applications are acquiring more attention than ever due to the
popularity of artificial intelligence in general which is growing bigger every day. But,
although machines today are more intelligent than ever, artificial intelligence is still in its
infancy. Advances in artificial intelligence promise to benefit vast numbers of applications.
Some even go way beyond that to say that when artificial intelligence reaches a certain level
of progress, it will be the key to the next economical revolution after the agricultural and
industrial revolutions (Casti, 2008). In any case, machine-vision applications involving the
human face are of major importance, since the face is the natural and most important
interface used by humans. Many reasons lie behind the importance of the face as an
interface. For starters, the face contains a set of features that uniquely identify each person
more than any other part in the body. The face also contains main means of
communications, some of which are obvious such as the eyes as image receptors and the lips
as voice emitters, and some of which are less obvious such as the eye movement, the lip
movement the color change in the skin, and face gestures. Basic applications involve face
detection, face recognition and mood detection, and more advanced applications involve lip
reading, basic temperature diagnoses, lye detection, etc. As the demand on more advanced
and more robust applications increase, the conventional use of gray-scaled images in
machine-vision applications in general, and specifically applications that involve the face is
no longer sufficient. Color information is becoming a must.

It is surprising that until recent study demonstrated that color information makes
contribution and enhances robustness in face recognition. The common belief was the
contrary (Yip & Sinha, 2001). Thus, gray-scaled images were used to reduce processing cost
(Inooka, et al., 1999; Nefian, 2002; Ma & Khorasani, 2004; Zheng, et al., 2006; Zuo, et al., 2006;
Liu & Chen, 2007). Simply speaking, we know from nature that animals relying more on
their vision as a means of survival tend to see in colors. For example, some birds are able to
see a wider color spectrum than humans due to their need to locate and identify objects
from very high distances. The truth is that due to its nature, color can be thought of as a
natural efficiency trick that gives high definition accuracy with relatively little processing
cost as will be shown later in this article. Up to a certain point in the past, a simple yes or no
to a still image of a face with tolerable size and rotation restrictions was good enough for
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face recognition applications. For such a requirement, gray-scaled images did the job pretty
well. Some even claim to have achieved recognition rates of upto 99.3% under these
circumstances (Ahmadi, 2003). On the other hand, the demand on achieving human like
level of recognition is ever-increasing, which makes the requirements even tougher. To be
able to achieve these requirements, it is only intuitive to investigate how humans are able to
do this. The human decision process in face recognition does not rely on mere fixed features
extracted from shape information such as the shape of the nose, eyes, and lips. Humans use
a combination of these and more sophisticated features that are ignored by the conventional
face recognition techniques that rely on gray-scaled images, features like movement
patterns, gestures, eyes color, and skin color.

Since color information plays a major role in achieving more advanced vision applications,
and since the main reason behind using gray-scaled images is to reduce the processing cost,
our goal in this article is to introduce the use of color information in these applications with
minimal processing cost. This will be achieved by demonstrating new techniques that utilize
color information to enhance the performance of face recognition applications based on
artificial Neural Networks (NN) with minimal processing cost through a new network
architecture inspired by the biological human vision system. It will be shown that
conventional training algorithms based on Back Propagation (BP) can be used to train the
network, and the use of the Gradient Descent (GD) algorithm will be explained in details.
Further more, the use of Genetic Algorithm (GA) to train the network, which is not based on
back propagation will also be explained. Although the application discussed in this article is
face recognition, the presented framework is applicable to other applications.

The rest of this article is organized as follows. Section 2 gives a glimpse on previous work
related to this subject. The proposed approach and the data processing behind it are given
in section 3. Two basic trainig methods are explained in section 4. Experimental results and
some observations are demonstrated in section 5, and the article is concluded in section 6.

2. Related work

Until recently, very little work where color information is used in face recognition
applications could be found in the literature. Fortunately, this subject is attracting the
attention of more researchers and the number of publications on this subject increased
significantly in the last few years. However, most of the work that has been done so far
basically belongs to at least one of two groups. The first group does not fully utilize color
information, while the second group make better use of color information but at the cost of
processing efficiency. The following is an example of each case respectively.

One approach suggests using gray-scaled images with an addition of the skin color as a new
feature (Marcal & Bengio, 2002). This approach enhances the accuracy of face recognition
with little extra processing cost. A 30x40 gray-scale image is used, which gives an input
vector of dimension 1200. The additional vector that represents the skin color feature is of
dimension 96. Thus, the input vector is of a total dimension 1296. This approach is good
from the processing cost point of view and gives a better performance over similar
approaches that only use gray-scale images, but it does not make a full use of the color
information of the images. Marcal & Bengio also mentioned in their paper that their method
has a weak point due to the color similarity of hair and skin pixels, which brings up an
uncertainty to the extracted feature vector.
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Another approach suggests to use color channel encoding with non-negative matrix
normalization (NMF) (Rajapakse, et al., 2004) where the red, green, and blue (RGB) color
channels act as separate indexed data vectors representing each image. NMF is then used for
color encoding. Although this method makes better utilization of color information, there is
a big inherent processing cost due to the encoding and the excessive iterative matrix
operations that includes matrix inversion. Thus, in this case the performance enhancement is
at the cost of processing efficiency.

NNs have proved to be among the best tools in face recognition applications and are widely
used in approaches based on gray-scaled images. The approach followed in this article is
originally proposed by us in a paper published in the proceedings of ICNN’07 (Youssef &
Woo, 2007). This approach permits the use of NNs with colored images in a way that makes
optimal use of color information without extra processing cost when compared to similar
approaches that use gray-scaled images. In this article the original approach is elaborated
with more illustration and demonstration of new methods to train the NN.

3. Proposed approach

3.1 Data processing preliminaries

Before the proposed approach is discussed, an introduction to the data processing behind it
should be given.

All visible colors are a combination of three main color components, i.e., the red, green, and
blue. In the human biological vision system, images are preprocessed before they are sent to
the cortex which is responsible for the perception of the image. The image processing starts
at the retina of the eye, which is not merely a transducer that translates light into nerve
signals. The retina also extracts useful data and ignores redundant data before propagating
it to the next stages. The retina of each eye contains 125 million receptors, called rods and
cones. Cones are responsible for color vision, and rods are responsible for dim light vision.
Naturally, rods cannot attain detailed vision, and they can merely identify shapes. Cones, on
the other hand, use color information and are responsible for detailed vision. There are three
basic types of cones: red, green, and blue.
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Fig. 1. Human Retina (Hubel, 1988)
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In the RGB color system which is mostly used in computers, each of the color components is
represented by a number ranging from 0 to 255 with 0 and 255 describing the absence and
the full saturation of the color component, respectively. The combination of the different
values of these components gives 2563 = 16777216 different possible colors. A comparison
between a face picture and its three RGB color components is shown in Fig. 2, where the top
left picture is the original, the red component is on the top right, the green component on
the bottom left and the blue component on the bottom right.

Fig. 2. RGB color components

Digital images are composed of pixels. The data contained in a pixel may vary depending on
the pixel format. In general, this data carries information about the color, brightness, hue,
and saturation of the pixel. Gray-scale images represent the luminance of the picture, and
are usually achieved by extracting the luminance component from color spaces as YUV (Y is
the luminance channel, and U and V are the color components), or by using a conversion
method to convert pictures in RGB format into gray-scale images. One way to do this is to
calculate the average of the red, green, and blue color components. In the method proposed
in this article, the 24bit RGB format is used. The input data is divided into 4 channels, i.e.,
the red, green, and blue color channels, and the luminance channel which is attained by
using the following formula:

Luminance = 0.299xR + 0.587xG + 0.114xB 1)

Each color commponent in Fig. 2 is composed of the shades of one color channel that vary
between 0 and 255 and can be considered a gray-scaled image, since in RGB, the shades of
gray can be obtained by setting the values of all the components to the same number, i.e.
(0,0,0), (1,1,1,) and (255,255,255) correspond to different shades of gray.The shades of gray
gets darker as the number increases such that (0,0,0) represents white (complete absence),
and (255,255,255) represents black (full saturation).

Note the similarity among the three filtered images of the same picture in Fig. 2. This
similarity is inspected further by plotting a graph for a series of consecutive pixels that have
the same location in each of the filtered images as shown in Fig. 3. Each line in Fig. 3
corresponds to the graph of a color component. The dashed line, the solid line, and the
dotted line correspond to the red, green and blue components respictively. In this case, the
pixels are presented in a 1-D vector that is a mapping of the 2-D positions of the pixels such
that the vertical axis represents the value of the component, and the horizontal axis
represents the pixel’s position in the image.
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Fig. 3 shows that in real face images, although the individual values of color components for
a certain pixel are different in general, the relations among the values of different color
components share a certain degree of similarity. Also, it is seen that the average magnitude
of the blue color component is less than those of the red and green, because the best overall
image quality is given, for the range of wavelengths, between 500 and 700 nanometers on
the visible-light spectrum, which corresponds to colors between red and green wavelengths,
while far-red and far-blue wavelengths provide little resolution (Elliot, 1999).

300 T T T T T

~

~
it

e

R

STy

e T T

il b LTy,

T

-

A

e —————.

12

TmELS:
a

w2,

et !

| |
5050 5100

1}

:
:
:

Fig. 3. 1-D pixel representation of color components

However, despite the similarity of the relation between pixel values of the color
components, they are definitely not completely the same. In fact, the difference between the
color components is where the extra information that is lost in gray-scaled images is
embedded. Fig. 4 gives an idea of the difference between the color components. It shows the
gray version of each indivdual component separately. The top left picture in Fig. 4 is a
combination of all the components, the gray version of the red component is on the top
right, the gray version of the green component on the bottom left and the gray version of
the blue component on the bottom right.
In a complete face recognition application, face recognition is preceded by a face detection
step that locates the face in the picture. Accurate face detection methods are studied by
(Anifantis, et al., 1999; Curran, et al., 2005). However, in this article faces are manually
cropped and resized to a face image of 19200 (160x120) pixels. The red, green, and blue color
channels are extracted from the mage and the luminance channel is obtained by using
Eq.(1), yielding four images that are different versions of the original picture. Each version
of the image then goes through a process of smoothing and edge enhancement using
convolution masks before it is mapped to a feature vector of length 19200. The images are
also scaled such that all input values lie between zero and one.
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Fig. 4. Gray version of the RGB color components

Convolution masks are used in image processing to detect the edges of objects in an image.
Center-surround convolution masks are important in theories of biological vision. They
implement an approximation to the Laplacian mathematical operator which is closely
related to taking the second-order derivative of a function, and can be applied to digital
images by calaculaing the difference between each pixel and the average of the pixels that
surround it. Practical computer vision systems use masks that are related to the vertical and
horizontal difference operations. Fig. 5 shows an example of a convoluted image and the
detected edges of the image. On the left is the original picture, the convoluted image is
shown in the middle and the edges after applying a threshold to the convoluted image is
shown on the right. The edges are then enhanced.

Fig. 5. Edge detection

3.2 Network architecture

Motivated by the biological vision system where the color information input is derived from
the three cone types that represent the red, green, and blue colors, and due to the similar
nature of the relation among the color components of the pixels in real pictures, we propose
an overall structure of a multi layer neural network (MLNN) where the neurons in the input
layer are divided into three groups, each of which is connected to a separate input vector
that represents one of the three color channels. This modification allows us to make full use
of color information without extra processing costs. The overall structure of the MLNN is
shown in Fig. 6 where a conventional MLNN is shown on the left and the proposed MLNN
is shown on the right. It can be seen that the inputs of the proposed MLNN in Fig. 6 are not
connected to each neuron in the first hidden-layer. Thus, although the number of inputs
used here is three times larger than the number of inputs used in the conventional methods
where only the gray-scale image is processed, the number of connections is still the same
and therefore the processing cost remains the same. As we mentioned before, each training
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picture in the experiments conducted in this article consists of 19200 pixels. In a standard
MLNN that uses the gray-scale images, all the N neurons in the first hidden-layer are
connected to the input vector representing the luminance channel and therefore there are
19200N connections. On the other hand, in the proposed method, the neurons in the first
hidden-layer are divided into three groups with each consisting of N/3 neurons that are
connected to one of the three RGB color channels. Thus, there are [19200*(N/3)]*3=19200N
connections. It is seen that no extra processing cost is involved. The shades of gray using 32
and 256 levels are shown in the right and left sides of Fig. 7 respectively. In the proposed
approach three color channels are used each of which has 256 levels giving a total number of
16777216 combinations.
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Fig. 6. Conventional v.s. proposed MLNN structures

Fig. 7. Shades of gray

4. Training methods

4.1 Back propagation
In a standard multi-layer neural network, each neuron in any layer is connected to all the
neurons in the previous layer. It can be represented as follows:
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where p is the input of the MLNN, # and a are the input and output of a certain neuron,
respectively, w is the weight, b is the bias and f is the activation function. The superscript m
and the subscripts i and j are the indexes for the layers and neurons, respectively.

The MLNNSs are usually trained by using a supervised training algorithm based on the EBP
ak.a. back propagation algorithm (BP) that was developed by P.J. Werbos whose Ph.D.
thesis “Beyond Regression” is recognized as the original source of back propagation
(Werbos, 1994). The EBP algorithm was rederived independently by D.B. Parker. Parker also
derived a second-order back propagation algorithm for adaptive networks that
approximates the Newton’s minimization technique (Parker, 1987). After a careful review of
the derivations in Werbos’ thesis (Werbos, 1974) and Parker’s paper (Parker, 1987), we
conclude that the algorithms they derived can also be applied to an “incomplete” MLNN
where not each neuron in a layer is connected to all the neurons in the previous layer.

The following steps summarize the back propagation algorithm:

e  Propagate the input forward through the network to the output.

e  Propagate the partial derivatives of the error function backward through the network.

o  Update the weights and biases of the network.

e  Repeat until stop condition is reached.

In the case of our proposed architecture, the inputs are not fully connected as usually
assumed by the algorithms. The weights corresponding to missing connections can be
simply ignored in the updating step, and when included in the calculation of the error they
can be considered of zero value.

4.2 Genetic algorithm

Genetic algorithms (GA) are derivative-free stochastic optimization methods based on the
features of natural selection and biological evolution (Siddique & Tokhi, 2001). The use of
GAs to train MLNNs was introduced for the first time by D. Whiteley (Whiteley, 1989).
Whiteley proved later, in other publication, that GA can outperform BP (Whiteley, et al.,
1990). A good comparison between the use of BP and GA for training MLNN is conducted
by Siddique & Tokhi. Many studies on improving the performance and efficiency of GA in
training MLNNSs followed, and the use of GA was extended further to tune the structure of
NNs (Leung;, et al., 2003).

The GA is a perfect fit for training our system. The structure of the MLNN does not matter
for the GA as long as the MLNN'’s parameters are mapped correctly to the genes of the
chromosome the GA is optimizing. For large-scale MLNNSs as in our case, the preferred type
of encoding is value encoding. Basically, each gene represents the value of a certain weight
or bias in the MLNN, and the chromosome is a vector that contains these values such that
each weight or bias corresponds to a fixed position in the vector as shown in Fig. 8.

The fitness function can be assigned from the recognition error of the MLNN for the set of
pictures used for training. The GA searches for parameter values that minimize the fitness
function, thus the recognition error of the MLNN is reduced and the recognition rate is
maximized. The GA in general takes more time to train the MLNN than BP, thus the
processing cost is increased. However, the processing cost of the training phase of the
MLNN does not have a big weight, since the training is performed only once. Once the
network is trained, it goes to what is known as the feedforward mode which is independent
of the training algorithm. The feedforward mode is what counts the most when it comes to
processing cost, since that is what is used in practice. When a search engine is searching for
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a face in a database that contains millions of faces, the processing cost of the feedforward
mode should be minimized as much as possible.
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Fig. 8. Weight/bias mapping

5. Experimental results and observations

The modified MLNN used in the experiments consists of an input layer, two hidden-layers
and an output layer. In our case each network is specialized in recognizing the face of one
person, so there is only one neuron in the output layer. The network’s output is a decimal
number between 0 and 1. A threshold is then applied to the output to tune the network
performance. A very high threshold enhances the false recognition rate (FRR), but at the
same time decreases the true recognition rate (TRR). On the other hand, a very low
threshold increases the TRR, but at the same time yields a higher FRR. The optimal
threshold depends on the application requirement. In our experiments, the threshold is
chosen in the middle point in order for the comparison between the performances of
different systems to be fair.

The modified MLNN is trained to recognize the face of one person by using a number of
pictures of the same person’s face with different expressions, shooting angles, backgrounds
and lighting conditions as well as a number of pictures of other people. Each MLNN is then
tested by using pictures that have not been used in training. After the appropriate weights
and biases that enable the system to recognize a certain person are found, they are saved in
a file. This process is repeated for the faces of other people as well. The system can then be
used to identify people that it has been previously introduced to. The system loads the files
that it has in its memory, one file at a time, and performs the tests by using the data
extracted from the picture to be identified and the weights and biases loaded from a certain
file, keeping in mind that each file contains the weights and biases that correspond to a
certain person. Note that the system now operates as a feedforward neural network, which
simply calculates the output value. Dedicating a MLNN for each person makes it easier to
expand to systems that search large numbers of faces, and it also simplifies adding new
faces to the system.
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The system is tested for a database of colored images of 50 people with 15 pictures for each
including different expressions, shooting angles and lighting conditions. The pictures are
obtained from the Georgia Tech face database. They are divided into two groups. The first
group consists of 30 people, where nine pictures of each person are used for training the
system, two pictures for validation and the remaining four pictures for testing. The second
group consists of 20 people that are not used for training, but only for validation and testing.
The same training and testing processes are also done for the standard MLNN by using
gray-scale versions of the pictures. The success rates of the recognition tests without noise
and with different noise levels for the standard and proposed MLNNSs are recorded. Table 1
presents results of MLNNSs trained using BP, and Table 2 presents results of MLNNSs trained
using GA.

It is clear from the results that the success rates of the recognition tests are higher for the
proposed system. Furthermore, the difference gets more significant as the noise level
increases. This demonstrates that our method is more robust to noise. It is not the objective
of this article to find the optimal algorithm to train the MLNNs. Our objective is to
demonstrate the superiority of the proposed system that operates with color pictures. Thus,
a basic GA and the gradient descent algorithm are chosen for training, and a simple feature
extraction technique is used in preprocessing. By using other GA and EBP algorithms and
more advanced feature extraction techniques, the performance could be further enhanced.

Noise Mean Value Color Gray-scale |

Without Noise 91.8% 89.1%

0.05 91.8% 89.1%

0.1 90.2% 88.4%

0.2 86.6% 81.3%

Table 1. Color v.s. gray-scale for BP

~ NoiseMeanValue | Color | Gray-scale

Without Noise 94.3% 90.4%

0.05 94.1% 89.8%

0.1 91.6% 87.8%

0.2 84.7% 78.6%

Table 2. Color v.s. gray-scale for GA

Gray-scale methods basically use combinations of constant ratios of the RGB color channels
to obtain the luminance channel. However, the ratios used do not necessarily correspond to
the best distribution of the color channels. Furthermore, using constant ratios for color
distribution does not dynamically adapt to the specific pictures in concern. On the other
hand, in the system proposed in this article, the color distribution is determined by
iteratively updating the weights that correspond to each color channel for the specific
pictures in concern.

The inputs to the network are related directly to the pixels of the picture and therefore can
be viewed as a 2-D grid of inputs, with each input giving a value of a certain color
component for a certain pixel. Since each input has a weight related, the weights can also be
viewed as a 2-D grid that corresponds to the 2-D grid of inputs. The obtained weights for
one neuron in each of the three channels after training, between the input vector and the
first hidden-layer, are put into three 2-D arrays. The obtained 2-D arrays are then plotted by
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using the (surf) function in Matlab that produces a 3-D plot where the x-axis and the y-axis
correspond to the position of the element in the 2-D array, and the z-axis corresponds to the
value of that element. When the (surf) function is used with the default color-map, higher
values are assigned shades of red colors, middle values are assigned shades of yellow colors,
and lower values are assigned shades of blue colors. Fig. 9 demonstrate the x-y view of the
progress of wiegts’ values in training for three neurons corresponding to the green, red, and
blue input vectors, respictively. The first row in Fig. 9 corrsponds to the value of the weights
before the network is trained, where they are set to random values. The second row shows
the weights’ values after four epochs of training using the GD algorithm. The third row
shows the weights’ values after eight epochs, and the last row shows the weights” values
after the desired small error is reached. The first column in Fig. 9 (left) corresponds to the
weights of a neuron connected to an input vector in the green color channel, the middle
column corresponds to the weights of a neuron connected to an input vector in the red color
channel, and the last column (right) corresponds to the weights of a neuron connected to an
input vector in the blue color channel.

Fig. 9. Weights plot of neurons from the three color groups

The color distribution in the plots in Fig. 9 shows that neurons using the green channel
input vector have the highest weight values at face features like the nose, the chin, and the
forehead. Neurons using the red channel input vector have medium values, and neurons
using the blue channel input vectors have the lowest values. This result agrees with what is
depicted in Fig. 3.
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6. Conclusion

Multi layer neural networks (MLNNSs) have proved to be among the best existing techniques
used in automatic face recognition due to their inherent robustness and generalizing ability.
There are many papers in the literature that suggest different approaches in using neural
networks to achieve better performance. The focus so far has been on studying different
training algorithms and different feature extraction techniques. Yet, the majority of the work
done in all face recognition methods in general and in methods that use neural networks
specifically is based on grayscale face images. Until recent studies demonstrated that color
information makes contribution and enhances robustness in face recognition. The common
belief was the contrary. Grayscale images are used to save storage and processing costs.
Colored images are usually composed of three components (Red, Green, Blue) while
grayscale images are composed of one component only which is some form of averaging of
the three color components, thus it basically requires one third of the cost. However,
grayscale images only tell part of the story, and even though the enhancement that color
adds might not seem very important to systems that use face recognition for basic
identification applications, colors will be crucial for more advanced future applications
where higher levels of abstraction is needed. There are many growing areas of computer
vision in applications such as robotics, intelligent user interfaces, authentication in security
systems and face search in video databases that are demanding color information important
for future progress.

This article illustrates the importance of using color information in face recognition and
introduces a new method for using color information in techniques based on MLNNs
without adding mentionable processing cost. This method involves the new network
architecture, and it can be used to enhance the performance of systems based on MLNNs
regardless of the training algorithm or feature extraction technique. Motivated by how each
pixel in a picture is comprised of its own unique color and the relation among those color
components, we have proposed a new architecture. The new proposed network architecture
involves the neurons in the input layer to be divided into three groups, each of which is
connected to a separate input vector that represents one of the three color channels (Red,
Green, Blue). This way, the modification allows us to make a full use of color information
without extra processing costs. In addition, even though the input of the three color
channels is larger than the standard input for the grayscale image, there is still the same
number of connections, resulting in no further processing cost than the standard MLP.
Experimental results that compare the performance of different approaches with and
without using the proposed approach are demonstrated. Based on the aforementioned
theoretical analysis and experimental results, the superiority of the proposed approach in
face recognition is claimed, where the color distribution is determined by iteratively
updating the weights that correspond to each color channel for the specific pictures in
concern.
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