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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.

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.

6. References

Blatteis, C. M. (1998). Physiology and Pathophysiology of Temperature Regulation, World
Scientific Publishing Co

Bone, M. & Blackburn, D. (2002). Face Recognition at a Chokepoint - Scenario Evaluation
Results,
http:/ /www.dodcounterdrug.com/facialrecognition/DLs/ChokePoint_Results.pd
f, November 14, 2002

Buddharaju, P.; Pavlidis I. & Kakadiaris I. A. (2004). Face recognition in the thermal infrared
spectrum, Proceedings of IEEE International Conference on Computer Vision and Pattern
Recognition Workshop, pp. 133-133, Washington DC, USA, 2004

Buddharaju, P.; Pavlidis I. & Tsiamyrtzis, P. (2005). Physiology-based face recognition using
the vascular network extracted from thermal facial images: a novel approach,
Proceedings of IEEE Advanced Video and Signal Based Surveillance, pp. 354-359, Lake
Como, Italy, 2005

Chen, X.; Flynn, P. J. & Bowyer, K. W. (2005). IR and visible light face recognition, Computer
Vision and Image Understanding, Vol. 99, No. 3, pp. 332-358, 2005

Ganong, W. F. (2001). Review of Medical Physiology, 20th ed., McGraw-Hill Medical
Publishing Division

Goodwin, D. W. (2000). Alcoholism: the facts, 3rd ed., Oxford University Press, USA

Guyton, A. C. & Hall, J. E. (1996). Textbook of Medical Physiology, 9th ed., Philadelphia: W.B.
Saunders Company, 1996

Houdas, Y. & Ring, E. F. . (1982). Human Body Temperature: Its Measurement and Regulation.
New York: Plenum Press, 1982

Jones, B. F. & Plassmann, P. (2002). Digital infrared thermal imaging of human skin, IEEE
Engineering in Medicine & Biology Magazine, Vol. 21, No. 6, pp.41-48, 2002

Kong, S. G.; Heo. J.; Abidi, B. R. Paik, J. & Abidi, M. A. (2005). Recent advances in visual and
infrared race recognition - a review, Computer Vision and Image Understanding, Vol.
97, No. 1, pp. 103-135, 2005

Prokoski, F. J.; Riedel, B. & Coffin, J. S. (1992). Identification of individuals by means of facial
thermography, Proceedings of IEEE Int. Conf. Security Technology, Crime
Countermeasures, pp. 120-125, Atlanta, USA, Oct. 1992

Prokoski, F. J. (2000). History, current status, and future of infrared identification,
Proceedings of IEEE Workshop on Computer Vision beyond Visible Spectrum: Methods
and Applications, pp. 5-14, Hilton Head, SC, USA, 2000

Prokoski, F. J. (2001). Method and apparatus for recognizing and classifying individuals
based on minutiae, US Patent: 6173068B1, January 9, 2001.

Socolinsky, D. A. & Selinger, A. (2002). A comparative analysis of face recognition
performance with visible and thermal infrared imagery, Proceedings of Int. Conf.
Pattern Recognition, pp. 217-222, Quebec, Canada, 2002

Socolinsky, D. A. & Selinger, A. (2004A). Thermal face recognition in an operational
scenario, Proceedings of IEEE Conference on Computer Vision and Pattern Recognition,
pp- 1012-1019, Washington DC, USA, 2004



206 Recent Advances in Face Recognition

Socolinsky, D. A. & Selinger. A. (2004B). Thermal face recognition over time, Proceedings of
Int. Conf. Pattern Recognition, pp. 187-190, Cambridge, UK, 2004

Srivastava, A. & Liu, X. (2003). Statistical hypothesis pruning for identifying faces from
infrared images, Image and Vision Computing, Vol. 21, No. 7, pp. 651-661, 2003

Wilder, J. Phillips, P. J.; Jiang, C. & Wiener, S. (1996). Comparison of visible and infrared
imagery for face recognition, Proceedings of the 2nd Int. Conf. Automatic Face and
Gesture Recognition, pp. 182-187, Killington, Vermont, USA, 1996

Wu, S. Q,, Jiang, L. J.; Cheng, L. et al. (2003). RIFARS: a real-time infrared face recognition
system, Proceedings of Asian Biometrics Workshop, pp. 1-6, Singapore, 2003

Wu, S. Q,; Song, W.; Jiang, L. ]. et al. (2005A). Infrared face recognition by using blood
perfusion data, Proceedings of Audio- and Video-based Biometric Person Authentication,
pp- 320-328, Rye Brook, NY, USA, 2005

Wu, S. Q.; Lin, W. S;; Jiang, L. J. et al. (2005B). An objective out-of-focus blur measurement,
Proceedings 5th Int. Conf. Inform., Comm. & Sign. Proc., pp. 334-338, Bangkok,
Thailand, 2005

Wu, S. Q,; Jiang, L. J; Xie, S. L. & Yeo, C. B. (2006) A robust method for detecting facial
orientation in infrared images, Patt. Recog., Vol. 39, No. 2, pp. 303-309, 2006

Wu, S. Q; Gu, Z. H; Chia, K. A. & Ong, S. H. (2007). Infrared facial recognition using
modified blood perfusion, Proceedings 6th Int. Conf. Inform., Comm. & Sign. Proc., pp.
1-5, Singapore, Dec, 2007

Yoshitomi, Y.; Miyaura, T.; Tomita, S. & Kimura, S. (1997). Face identification using thermal
image processing, Proceedings of IEEE Int. Workshop of Robot and Human
Communication, pp. 374-379, Sendai, Japan, 1997



14

Discriminating Color Faces for Recognition

Jian Yang!, Chengjun Liu? and Jingyu Yang!

ISchool of Computer Science and Technology, Nanjing University of Science and
Technology, Nanjing 210094,

2Department of Computer Science, New Jersey Institute of Technology, Newark, NJ 07102,
1P. R. China

2USA

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:



210 Recent Advances in Face Recognition

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



Discriminating Color Faces for Recognition 213

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%

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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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.

0.988
0.542
13

0.126

dhromosos

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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