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a b s t r a c t 

In recent face recognition techniques utilizing the color information, researchers tried to select one con- 

ventional color space or learn a color space from the given training data to achieve better performance. 

RQCr, DCS and ZRG-NII color spaces have gained reputation as effective color spaces in which the face 

recognition performs better than in the others. However, at the moment, how to construct effective color 

spaces for face recognition has not been thoroughly studied. In this paper, we propose a color space 

LuC 1 C 2 based on a framework of constructing effective color spaces for face recognition tasks. It is com- 

posed of one luminance component Lu and two chrominance components C 1 , C 2 . The luminance compo- 

nent Lu is selected from 4 different luminance candidates by comparing their R,G,B coefficients and color 

sensor properties. For the two chrominance components C 1 , C 2 , the directions of their transform vectors 

are determined by the discriminant analysis and the covariance analysis in the chrominance subspace of 

the RGB color space. The magnitudes of their transform vectors are determined by the discriminant values 

of Lu, C 1 , C 2 . Extensive experiments are conducted on 4 benchmark databases to evaluate our proposed 

color space LuC 1 C 2 . The experimental results obtained by using 2 different color features and 3 different 

dimension reduction methods show that our proposed color space LuC 1 C 2 achieves consistently better 

face recognition performance than state-of-the-art color spaces on 3 databases. We also show that the 

proposed color space achieves higher face verification rate than the state of the arts on FRGC database. 

Furthermore, the face verification performance is improved significantly by combining CNN features with 

simple raw-pixel features from the proposed LuC 1 C 2 color space on both LFW and FRGC databases. 

© 2018 Elsevier Ltd. All rights reserved. 
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1. Introduction 

Recent research efforts reveal that color provides useful infor-

mation for machine learning and pattern recognition tasks, such as

color constancy [1,2] and color histograms [3,4] . Color in the ma-

chine vision system is defined by a combination of 3 color compo-

nents specified by a color space. For visual recognition tasks like

object detection, retrieval and recognition, different color spaces

possess significantly different characteristics and effectiveness in

terms of discriminating power [5] . For instance, the hue, satura-

tion, value (HSV) color space and the luminance, chrominance-

blue, chrominance-red (YCbCr) color space have been used for face

detection by many researchers [6,7] . And the component image R

in the RGB color space has been shown to be more effective for

face recognition than the component images in several other color

spaces [8] . 
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Face recognition (FR) has become a very active research area

riven mainly by its broad applications in human-computer in-

eraction, homeland security, and entertainment [9–11] . Color in-

ormation plays a discriminative and complementary role in face

ecognition tasks. In [12] , the recognition performance of color

nvariants on a large database with extreme illumination varia-

ions suggests that the use of color information may significantly

mprove the greyscale-based matching algorithms. Torres et al.

13] applied a modified PCA scheme to face recognition and their

esults show that the use of color information improves the recog-

ition rate when compared to the same scheme using the lumi-

ance information only. The improvement can be significant when

arge facial expression and illumination variations are present or

he resolution of face images is low [14,15] . Since then, consider-

ble research efforts have been devoted to the efficient utilization

f facial color information for enhancing the face recognition per-

ormance, such as the fusion of color, local spatial and global fre-

uency information in [16] , the color space normalization in [17] ,

he color channel fusion in [18] and the preprocessing mismatch

ffects in color images in [19] . 

https://doi.org/10.1016/j.patcog.2018.06.015
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
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mailto:zlu008@ntu.edu.sg
mailto:exdjiang@ntu.edu.sg
mailto:eackot@ntu.edu.sg
https://doi.org/10.1016/j.patcog.2018.06.015


Z. Lu et al. / Pattern Recognition 83 (2018) 456–468 457 

 

w  

s  

s  

a  

s  

b  

n  

i  

u  

c  

s  

o  

d  

t  

c  

f  

e

 

o  

s  

p  

r  

f  

p  

[  

I  

r  

t  

f  

i  

i  

b  

m  

a  

Z  

f

 

n  

t  

t  

p  

h  

d  

c  

c  

fi  

a  

s  

s  

l  

t  

c  

v  

a  

m  

t  

fi  

o  

p  

t  

d  

d  

t  

s  

s  

Fig. 1. The framework of constructing an effective color space for face recognition. 

(For interpretation of the references to color in this figure legend, the reader is 

referred to the web version of this article.) 
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Many color spaces have been proposed to find the optimal

ay of representing color images for face recognition. These color

paces are usually defined by transformations of the RGB color

pace. In the early studies, color spaces were constructed through

 combination of intuition and empirical comparisons without a

ystematic strategy, such as YCbCr, YIQ [8] , YUV [13] and the hy-

rid color space YQCr in [20] , where the Y and Q color compo-

ents are from the YIQ color space and the Cr color component

s from the YCbCr color space. Among different color space config-

rations discussed in [15] , RQCr, where R is taken from the RGB

olor space and Q, Cr are taken from the YIQ and YCbCr color

paces respectively, shows the best face recognition performance

n more than 30 0 0 color facial images collected from three stan-

ard face databases [15] . Moreover, the R channel is known to be

he best monochrome channel and QCr is the best chromaticity-

omponent combination for achieving high face recognition per-

ormance [21,22] . And the RQCr color space was used in [16] to

xtract multiple color features from face images. 

Rather than selecting color components heuristicly from a pool

f color spaces, the DCS color space was proposed by seeking 3

ets of optimal coefficients to linearly combine the R, G and B com-

onents based on a discriminant criterion [23] . The experimental

esults show that the DCS color space is effective in enhancing the

ace recognition performance of RGB and Ig(r-g) color spaces. Com-

ared with other learning-based color spaces such as ICS and UCS

24] , DCS retains the spatial structure information of face images.

n [17] , a common characteristic of effective color spaces for face

ecognition was found out by analyzing their transformation ma-

rices from the RGB color space. Based on this characteristic of ef-

ective color spaces, the authors proposed two color space normal-

zation techniques, which are able to convert weak color spaces

nto effective ones, so that better face recognition performance can

e achieved by using these normalized color spaces. Among nor-

alized color spaces evaluated in [17] , the ZRG-NII color space

chieved the best FR performance. Therefore in [25] , RQCr and

RG-NII were considered to be the most two effective color spaces

or face recognition. 

RQCr, DCS and ZRG-NII color spaces do show better face recog-

ition performance than the others on some databases. However,

heir performance is not consistent on different databases. Besides,

hey were proposed based on different criteria. In this paper, we

ropose a framework to construct a color space for obtaining

igh face recognition accuracy. By analysing color spaces that

emonstrate good classification capabilities, we find that they are

omposed of one luminance component and two chrominance

omponents except the learning-based DCS color space. This con-

guration reduces the correlation of the three color components

nd thus enhances the discriminating power of the whole color

pace. Based on the proposed framework, we construct a color

pace LuC 1 C 2 . The luminance component Lu is chosen among four

uminance candidates from existing color models by investigating

heir R,G,B coefficients and the color sensor properties. For the two

hrominance components C 1 , C 2 , the directions of their transform

ectors are derived by the discriminant analysis and the covariance

nalysis in the chrominance subspace of the RGB color space. The

agnitudes of their transform vectors are derived according to

he discriminant values of Lu, C 1 , C 2 . In the experimental part, we

rstly validate the dependence of the face recognition performance

n the correlation of two chrominance components. Then the FR

erformance of the proposed LuC 1 C 2 color space is compared with

hose of DCS, RQCr, ZRG-NII and RGB color spaces on 3 benchmark

atabases (AR, GT and FRGC) using 2 distinct color features and 3

ifferent dimension reduction methods. After that, we show that

he fusion of multiple features extracted from the proposed color

pace achieves higher face verification rate than recently published

tate-of-the-art results on FRGC database. Finally on LFW and FRGC
atabases, we show that features from our proposed color space

uC 1 C 2 can be used to enhance the face verification performance

f both pre-trained and fine-tuned CNN models. 

The novelty of this paper comes from (1) the framework of con-

tructing effective color spaces for face recognition tasks; (2) R,G,B

oefficient analysis and color sensor analysis for luminance com-

onents; (3) the computation of two chrominance components;

4) the color space LuC 1 C 2 that consistently performs better than

tate-of-the-art color spaces on three benchmark databases us-

ng two distinct features and three different dimension reduction

ethods; (5) achieving the state-of-the-art face verification rate on

RGC database using the proposed color space; 6) improving the

ace verification performance of CNN and traditional features by

sing features from the proposed color space LuC 1 C 2 on LFW and

RGC databases. 

. The proposed color space 

In this section, the framework of constructing a color space for

chieving high face recognition performance is presented first and

hen the LuC 1 C 2 color space is introduced. 

.1. Overview of the proposed approach 

In video, the luminance (also known as gray, brightness, inten-

ity, or lightness) is formed as a weighted sum of R,G,B compo-

ents to represent the brightness of pixels, and the chrominance

onveys the color information, separately from the accompany-

ng luminance [26] . Luminance and chrominance are usually pro-

essed separatedly in video compression standards such as MPEG

nd JPEG [27] . Motivated by this, we study the framework of con-

tructing well-performing color spaces for FR tasks. To begin with,

everal color spaces which have shown good classification capabil-

ties for face recognition are investigated. These color spaces in-

lude I 1 I 2 I 3 [28] , YUV, YIQ, YCbCr, [13,29] , YQCr [20] , RQCr [15] ,

SLM [30] and ZRG-NII [17] . One common characteristic of these

olor spaces is that they are all composed of one luminance com-

onent ( I 1 , Y, R, L, Z) and two chrominance components ( I 2 I 3 , UV,

Q, CbCr, QCr, SLM, N 1 N 2 ). Experimental results in [31] suggest that

olor cues do play a role in face recognition and their contribution

ecomes evident when shape cues are degraded. The separation of

uminance and chrominance makes the correlation of three color

omponents reduced and the discriminative information contained

n the three color components become mutually complementary

17] . Based on these analyses, we propose the framework of con-

tructing an effective color space for face recognition on Fig. 1 . 

In the proposed framework, three color components of the pro-

osed color space, Lu, C 1 , C 2 , are derived by linear transformations

f the RGB color space. The luminance component Lu is selected

rom 4 different luminance candidates. To obtain the two chromi-

ance components C , C , we first calculate the directions a , a of
1 2 1 2 
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Fig. 2. The normalized response of human cone cells for different wavelengths of 

light. (For interpretation of the references to color in this figure legend, the reader 

is referred to the web version of this article.) 
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their transform vectors by the discriminant analysis and the covari-

ance analysis in the chrominance subspace of the RGB color space,

and then calculate the magnitudes τ 1 , τ 2 of their transform vec-

tors according to the discriminant values of Lu, C 1 , C 2 . 

2.2. Selection of the luminance component 

Color spaces are usually defined by transformations of the RGB

color space. The transformations involved are either linear or non-

linear. As mentioned in [17] , current research findings show that

some linear color spaces, which are derived by linear transforma-

tions from the RGB color space, perform much better than those

derived by non-linear transformations from the RGB color space.

Thus in many face recognition algorithms, an image in the RGB

color space was firstly converted into a monochrome image by lin-

early combining its three color components [32] . However, theo-

retical and experimental justifications are lacking for investigating

which monochrome image is the best representation of the color

image for the face recognition purpose. In this section, 4 widely-

used luminance components including I 1 from I 1 I 2 I 3 [33] , R from

RGB, Y from YUV [29] and L from LSLM [30] are analysed. They

are computed from the RGB color space by ⎛ 

⎜ ⎝ 

I 1 
R 

Y 
L 

⎞ 

⎟ ⎠ 

= 

⎛ 

⎜ ⎝ 

1 / 3 1 / 3 1 / 3 

1 0 0 

0 . 299 0 . 587 0 . 114 

0 . 209 0 . 715 0 . 076 

⎞ 

⎟ ⎠ 

( 

R 

G 

B 

) 

. (1)

The I 1 I 2 I 3 color space proposed by Ohta et al. uses a K-L trans-

formation to decorrelate the R,G,B components. The effectiveness

of the luminance component I 1 for face verification was shown in

[28] . But I 1 implicitly assumes a uniform distribution of light en-

ergy over the entire color space. 

The color component R in the RGB color space has been shown

to perform better than other intensity images including I 1 and

Y/Gray for face retrieval in [8] . In addition, the R channel of skin-

tone color is known to be the best monochrome channel for face

recognition [21] . However, the performance superiority of the R

component over the others for face recognition is reflected only

on the FRGC database [34] . In general, it is not effective to select

R as the luminance component as R discards useful information by

ignoring G and B components. 

YUV, YIQ, YCbCr are three color spaces commonly used for effi-

cient video transmission. In these 3 color spaces, the R,G,B com-

ponents are transformed into the luminance component Y and

two chrominance components. Y performs the best to display pic-

tures on monochrome (black and white) televisions [35] . And it

has been used in a great number of traditional face recognition

algorithms [36–38] . Nevertheless, there is no proof that Y is the

optimal monochromatic form of color images for face recognition

tasks. The LSLM color space is obtained from the RGB color space

by a linear transformation based on the opponent signals of the

cones: blackwhite, redgreen, and yellowblue. And the L component

describes the luminance information. 

Fig. 2 [39] shows the normalized response of human cone cells

against the wavelength of light, where the shapes of the curves are

obtained by measurement of the light absorption by the cones, and

the relative heights for the three types (L, S, M) are set equal. Com-

paring red, green and blue lights, we can see that the human eye

is most sensitive to green light, followed by red light and then blue

light. The blue light mainly stimulates S cones, the red light stimu-

lates the two most common (M and L) of the three kinds of cones,

and the green light stimulates M and L cones at a higher response

level than the red light. Moreover, noise in the green channel is

much less than that in the other two primary colors [40] . 

To produce a color image in the machine vision system, a dig-

ital device needs three different kinds of sensors to acquire the
ed, green, and blue parts of the spectrum [42] . 50% of the cam-

ra sensors in the color filter array are green sensors, which are

wice as many as red or blue sensor as shown on Fig. 3 (a). Fig. 3 (b)

hows the spectral sensitivity of the Nikon-D70 sensors for differ-

nt wavelengths of the light. One observation from Fig. 3 (b) is that

he highest sensitivity level of G sensor is almost twice as high as

hat of R or B sensor. Another obervation from Fig. 3 (b) is that,

bove the sensitivity level of 0.1, the passband width of G sensor

150 nm) is much larger than that of R sensor (90 nm) or B sen-

or (100 nm). What’s more, the spectrum of G sensor spreads from

he central to the two sides of the visible spectrum rather than re-

ide at one side of the visible spectrum like those of R and B sen-

ors. To summarize, 50% of camera sensors in the color filter array

re green sensors, each of them has higher sensitivity level and

roader passband compared with those of red and blue sensors.

herefore, it is more reasonable to assign the largest weight (sig-

ificantly larger than 0.5) to G in the linear combination of R, G, B

omponents for the luminance component Lu . The second largest

eight should be assigned to R since it performs much better than

 for face recognition in [8,15] . Following these analyses, we select

 that has R, G, B weights of 0.209, 0.715 and 0.076, respectively,

s the luminance component Lu . 

.3. Extraction of the two chrominance components 

Chrominance is used in video systems to convey the color in-

ormation of the picture, separately from the accompanying lu-

inance signal [26] . Different chrominance components are com-

uted from the RGB color space by linear transformations as

hown below: 
 

 

 

 

 

 

 

 

 

 

 

 

 

I 2 
I 3 
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V 

I 
Q 

S 
LM 

N1 

N2 

⎞ 

⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎠ 

= 

⎛ 

⎜ ⎜ ⎜ ⎜ ⎜ ⎜ ⎜ ⎜ ⎜ ⎜ ⎜ ⎝ 

0 . 5 0 −0 . 5 

−0 . 5 1 −0 . 5 

−0 . 1471 −0 . 2888 0 . 4359 

0 . 6148 −0 . 5148 −0 . 1 

0 . 596 −0 . 274 −0 . 322 

0 . 211 −0 . 523 0 . 312 

0 . 209 0 . 715 −0 . 924 

3 . 148 −2 . 799 −0 . 349 

0 . 821 −0 . 215 −0 . 606 

−0 . 179 0 . 785 −0 . 606 

⎞ 

⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎟ ⎠ 

( 

R 

G 

B 

) 

. (2)

hese chrominance components are from the I 1 I 2 I 3 , YUV, YIQ,

SLM, and ZRG-NII color spaces respectively. 

It is easy to find a common characteristic of these chrominance

omponents that the sum of R,G,B coefficients u 

T = (u , u , u ) is
1 2 3 
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Fig. 3. (a) The color filter array in cameras and (b) the camera spectral sensitivity of nikon-D70 [41] . (For interpretation of the references to color in this figure legend, the 

reader is referred to the web version of this article.) 
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ero for every chrominance component C as shown in (3) and (4) .

 = u 

T 

( 

R 

G 

B 

) 

= 

(
u 1 u 2 u 3 

)( 

R 

G 

B 

) 

(3) 

3 
 

j=1 

u j = 0 . (4) 

Our explanation for this characteristic is that, the luminance

ontained in R, G and B components gets cancelled out and the

emaining information forms a chrominance component C. In or-

er to generate a chrominance component, the sum of u 1 , u 2 , u 3 
eeds to be zero. Therefore, u is orthogonal to b = (1 , 1 , 1) T in the

-dimensional RGB color space as follows: 

3 
 

j=1 

u j = u 

T 

( 

1 

1 

1 

) 

= u 

T b = 0 . (5)

Now the question is: how to find two appropriate 3 × 1 vectors

 1 , u 2 to linearly combine R,G,B in (3) and produce two chromi-

ance components C 1 , C 2 respectively. According to (5) , C 1 , C 2 will

e the two chrominance components as long as u 1 and u 2 lie in

he 2-dimensional subspace orthogonal to b , which is referred to

s the chrominance subspace in our paper. 

But which pair of u 1 , u 2 lying in the 2-dimensional subspace

rthogonal to b is the optimum choice for achieving high face

ecognition performance is still a question. It has been shown in

ecent studies [43–45] that the face recognition performance is re-

ated with both the discriminating power and the correlation of

olor components. To find u 1 , u 2 that maximize the discrimina-

ive power and minimize the correlation of C 1 , C 2 , we apply the

iscriminant analysis and the covariance analysis to u 1 , u 2 in the

hrominance subspace of the RGB color space. As the eigenvector

erived by discriminant analysis and the vector derived by covari-

nce analysis are of arbitrary lengths, they provide only the direc-

ion information. Therefore, we represent u 1 , u 2 by the magnitude

nd the direction as follows: 

 1 = τ1 a 1 , u 2 = τ2 a 2 , (6)

here τi , a i (i = 1 , 2) indicate the magnitude and the direction of

ector u i respectively. 

The Fisher criterion [23] as defined in (7) is an effective crite-

ion for classification tasks because it maximizes the between-class

ariation and minimizes the within-class variation of the projected

ata simultaneously. 
ax 
x 

J (x ) = max 
x 

x 

T S b x 

x 

T S w 

x 

(7) 

In (7) , J represents the ratio of the between-class variation to

he within-class variation of the data projected onto x. S b , S w 

are

he between-class scatter matrix and the within-class scatter ma-

rix of the input data, respectively. 

In our case, C 1 will be a chrominance component as long as

 1 lies in the 2-dimensional chrominance subspace (5) . Under this

ondition, the Fisher criterion can be utilized to find the optimal

 1 which maximizes the discriminative power of C 1 . Pixel values

f color images are transformed from the 3-dimensional RGB color

pace to the 2-dimensional chrominance subspace as below: 

 = 

(
n 

T 
1 

n 

T 
2 

)( 

R 

G 

B 

) 

, (8) 

here n 1 , n 2 are two basis vectors that span the 2-dimensional

hrominance subspace B orthogonal to b . Although n 1 , n 2 are not

nique, the final results are independent of the choice of n 1 , n 2 ,

ecause any pair of orthogonal vectors of unit length orthogonal

o b determines the same subspace B . Suppose each image in the

raining dataset contains k pixels. Let B ij ∈ R 

2 × k denote the projec-

ion of the j th RGB image of class i into the 2-dimensional chromi-

ance subspace B , where i = 1 , 2 , . . . , p, j = 1 , 2 , . . . , q i . p indicates

he number of classes and q i indicates the number of images for

lass i . 

To compute the value of J in (7) , we define the within-class

catter matrix S w 

∈ R 

2 × 2 and the between-class scatter matrix

 b ∈ R 

2 × 2 as follows: 

 w 

= 

p ∑ 

i =1 

q i ∑ 

j=1 

(B i j − B i )(B i j − B i ) 
T , (9)

 b = 

p ∑ 

i =1 

q i ( B i − B )( B i − B ) T , (10)

here 

 i = 

1 

q i 

q i ∑ 

j=1 

B i j , (11) 

 = 

1 

q 

p ∑ 

i =1 

q i ∑ 

j=1 

B i j . (12) 

 i indicates the mean matrix of training samples in class i and B 

ndicates the mean matrix of all training samples. q is the number

f all training samples and q = 

∑ p 
i =1 

q i . 
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As both S b and S w 

are positive definite matrices, J(x) in (7) is

actually a generalized Rayleigh quotient [46] . Thus maximizing J(x)

is equivalent to solving a generalized eigenvalue problem 

S b x = λS w 

x , (13)

where x ∈ R 

2 × 1 is an eigenvector and λ is the corresponding eigen-

value. After S b , S w 

are substituted into (13) , the derived eigenvector

x corresponding to the largest eigenvalue is chosen as the optimal

projection vector since the eigenvalue indicates the discriminative

power of data projected to the corresponding eigenvector. Note

that the eigenvector x obtained from (13) is of arbitrary length,

which means it provides only the direction information. Here, we

take x of the unit length. Then a 1 is computed by 

a 1 = 

(
n 1 , n 2 

)
x . (14)

And C 1 is given by 

 1 = u 

T 
1 

( 

R 

G 

B 

) 

= τ1 a 
T 
1 

( 

R 

G 

B 

) 

. (15)

The key of color face recognition techniques is how to effec-

tively utilize the complementary information between color com-

ponents and remove their redundancy according to [43,47,48] . The

dependence of face recognition performance on the correlation be-

tween two chrominance components C 1 , C 2 is validated in our ex-

perimental part. The discriminative power of C 1 has been maxi-

mized in the previous subsection, we then derive a 2 by minimizing

the correlation between C 1 , C 2 . Similar to C 1 , C 2 is given by 

 2 = u 

T 
2 

( 

R 

G 

B 

) 

= τ2 a 
T 
2 

( 

R 

G 

B 

) 

. (16)

The covariance provides a measure of the strength of the cor-

relation between two or more sets of random variates [49] . Hence

the covariance between C 1 and C 2 is defined as below to measure

the correlation between them. 

cov (C 1 , C 2 ) 

= E((C 1 − E(C 1 ))(C 2 − E(C 2 )) 
T ) 

= u 

T 
1 E 

⎛ 

⎜ ⎝ 

⎛ 

⎝ 

R − R 

G − G 

B − B 

⎞ 

⎠ 

⎛ 

⎝ 

R − R 

G − G 

B − B 

⎞ 

⎠ 

T 
⎞ 

⎟ ⎠ 

u 2 

= τ1 a 
T 
1 M τ2 a 2 , 

(17)

where E indicates the expectation and M is 

M = E 

⎛ 

⎜ ⎝ 

⎛ 

⎝ 

R − R 

G − G 

B − B 

⎞ 

⎠ 

⎛ 

⎝ 

R − R 

G − G 

B − B 

⎞ 

⎠ 

T 
⎞ 

⎟ ⎠ 

, (18)

which can be estimated from the training data. 

When cov ( C 1 , C 2 ) equals zero, C 1 , C 2 will be uncorrelated and

the information contained in them will become most complemen-

tary to each other. So we make cov ( C 1 , C 2 ) equal to zero to mini-

mize the correlation of C 1 , C 2 : 

cov (C 1 , C 2 ) = τ1 a 
T 
1 M τ2 a 2 = 0 . (19)

a 2 can be represented by the two basis vectors n 1 , n 2 and its angle

θ in the 2-dimensional chrominance subspace B as below: 

a 2 = cos (θ ) n 1 + sin (θ ) n 2 , θ ∈ [0 , 2 π) . (20)

Substitute (20) into (19) , we have 
= tan 

−1 

(
−a T 1 Mn 1 

a T 
1 

Mn 2 

)
. (21)

ith a 1 determined in (14) , a 2 can be computed by (20) and (21) . 

Lu, C 1 , C 2 possess different discriminating power for face recog-

ition. The discriminating power of a color component can be

haracterized by the discriminant value. Suppose a column vector

 ij contains all pixel values of Lu of the j th image in class i , where

 = 1 , 2 , . . . , p and j = 1 , 2 , . . . , q i . p indicates the number of classes

nd q i indicates the number of images for class i . The discriminant

alue of Lu, J Lu , is defined as follows: 

 w 

= 

p ∑ 

i =1 

q i ∑ 

j=1 

(s i j − s i ) 
T (s i j − s i ) , (22)

 b = q i 

p ∑ 

i =1 

( s i − s ) T ( s i − s ) , (23)

 Lu = 

√ 

v b 
v w 

, (24)

here s i is the mean vector of training samples of class i and s

s the mean vector of all training samples. The discriminant values

f training images projected onto vectors a 1 and a 2 , J a 1 , J a 2 , can be

omputed similarly to (22) –(24) . 

To represent C 1 , C 2 by u 1 , u 2 according to their discriminant

alues, we assign u 1 , u 2 magnitudes τ 1 , τ 2 proportional to the dis-

riminant values of C 1 , C 2 by the equation below: 

0 : τ1 : τ2 = J Lu : J a 1 : J a 2 , (25)

here τ 0 is the magnitude of the transform vector of Lu . Thus 

1 = 

J a 1 
J Lu 

τ0 , τ2 = 

J a 2 
J Lu 

τ0 . (26)

wo chrominance components C 1 , C 2 are computed by 

 1 = u 

T 
1 

( 

R 

G 

B 

) 

= 

J a 1 
J Lu 

τ0 a 
T 
1 

( 

R 

G 

B 

) 

, (27)

 2 = u 

T 
2 

( 

R 

G 

B 

) 

= 

J a 2 
J Lu 

τ0 a 
T 
2 

( 

R 

G 

B 

) 

. (28)

The extraction of two chrominance components C 1 , C 2 from the

GB color space is summarized in Algorithm 1 . 

lgorithm 1 Extraction of two chrominance components C 1 , C 2 . 

1: Calculate two basis vectors n 1 , n 2 of the 2-dimensional chromi-

nance subspace orthogonal to b in (5). 

2: Transform pixel values of color images from the 3-dimensional

RGB color space to the 2-dimensional chrominance subspace B

in (8) and compute the within-class scatter matrix S w 

and the

between-class scatter matrix S b in (9)-(12). 

3: Solve the eigenvalue problem in (13) to get x and calculate a 1 
in (14). 

4: Compute M in (18) from training images and compute a 2 by

(20), (21). 

5: Compute J Lu , J a 1 , J a 2 using (22)-(24) and substitute them into

(27),(28) to compute C 1 , C 2 . 

. Experiments 

The effectiveness of our proposed LuC 1 C 2 color space for face

ecognition is extensively evaluated on four benchmark databases,

R [50] , Georgia Tech (GT) [51] , FRGC [34] and the LFW [52] . 
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Fig. 4. Cropped images of the AR database. 

Fig. 5. Cropped images of the GT database. 
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Fig. 6. Cropped images of the FRGC database. 
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To begin with, we validate the dependence of FR performance

n the correlation of C 1 , C 2 through experimentation. The evalu-

tion of the proposed color space for face recognition consists of

 parts. In the first part, we compare the face recognition per-

ormance of the proposed LuC 1 C 2 color space with that of three

tate-of-the-art color spaces, DCS [23] , RQCr [15] and ZRG-NII

17] , and the fundamental color space, RGB. Their face recogni-

ion/verification rates are compared under various conditions: 2

ifferent feature representations and 3 different dimension reduc-

ion methods on 3 databases. In the second part, we compare the

ace verification rate (FVR) of LuC 1 C 2 with the state of the arts on

RGC database. Multiple features are extracted from LuC 1 C 2 im-

ges and fused at the decision level. Finally, we use features from

uC 1 C 2 color space to enhance the face verification performance of

NN and traditional features on LFW and FRGC databases. 

.1. Databases 

.1.1. AR database 

The AR database [50] contains over 40 0 0 color face images of

26 people (70 men and 56 women), including frontal views of

aces with different facial expressions, lighting conditions and oc-

lusions. In our experiments, 1400 frontal-face images captured

cross 2 sessions (separated by two weeks) of 100 subjects (50

ales and 50 females) are selected. In each session, there are 7

ndisguised images with different facial expressions and lighting

onditions for each subject. The face region is cropped from the

riginal images and resized to 56 × 40, which is similar to the im-

ge size used in [53] . Fig. 4 shows some cropped images from the

R database. We randomly select images of 10 subjects from 100

ubjects in the first session to do color space training and images

rom the second session are used for testing. 

.1.2. GT Database 

The Georgia Tech (GT) [51] Face Database consists of 750 color

mages of 50 subjects (15 images per subject). These images have

arge variations in both pose and expression and some illumination

hanges. The face region is cropped from the original images and

escaled to the size of 30 × 30 similar to that used in [54] . The first

ight images of randomly selected 10 from 50 subjects are used for

olor space training and the remaining seven images of all subjects

erve as testing images. Fig. 5 shows some cropped images of the

T database. 

.1.3. FRGC database 

Face images in the FRGC database [34] are partitioned into

hree datasets, i.e., training, target and query datasets. There are

2,776 controlled or uncontrolled images in the training set, 16,028

ontrolled images in the target set, and 8014 uncontrolled im-

ges in the query set. The controlled images have good quality,

hile the uncontrolled images display poor quality, such as large

llumination variations, low resolution, and blurring. These uncon-

rolled factors pose grand challenges to the face verification task.
RGC Experiment 4 has been reported to be the most challenging

RGC experiment [24] , so it is chosen to assess the face recognition

erformance in our experiments. The face region is cropped from

he original images and resized to a spatial resolution of 32 × 32,

hich is the same as that used in [17,23] . Following the FRGC pro-

ocol, we use the training set for color space training and the other

wo sets for testing. Fig. 6 shows some cropped images of the FRGC

atabase. 

.2. The dependence of face recognition performance on the 

orrelation between two chrominance components 

Here, we conduct experiments to investigate the dependence of

he face recognition performance on the correlation of two chromi-

ance components C 1 , C 2 . With u 1 determined in (27) , we rotate

 2 (28) in the 2-dimensional chrominance subspace so that dif-

erent covariances (17) of C 1 , C 2 and different LuC 1 C 2 color spaces

an be obtained, corresponding to different angles between u 1 

nd u 2 . 

We apply ERE [55] to raw pixels of LuC 1 C 2 images and calculate

he face recognition/verification rate. For AR database, the covari-

nce of two chrominance components is plotted against δ (the an-

le between u 1 and u 2 ) on Fig. 7 (a) and the face recognition rates

chieved by different LuC 1 C 2 color spaces are plotted against δ on

ig. 7 (b). Similarly for the FRGC database, the covariance of C 1 , C 2 
s plotted against δ on Fig. 8 (a) and face verification rates achieved

y different LuC 1 C 2 color spaces are plotted against δ on Fig. 8 (b). 

As we can observe on Figs. 7 and 8 , the curve of covariance is

ery similar to that of the face recognition performance on both

RGC and AR databases. This observation provides evidence of the

lose dependence of the face recognition performance on the cor-

elation of two chrominance components C 1 , C 2 . Moreover, the co-

ariance will be maximized and the face recognition or verifica-

ion rate will reach its minimum point when δ is around 0 ° ( u 2 

s identical to u 1 ) on both AR and FRGC datasets. The covariance

ill be minimized to 0 and the face recognition or verification

ate will reach its maximum point when δ is around 100 ° on AR

ataset and 60 ° on FRGC dataset rather than 90 ° ( u 2 is orthogo-

al to u 1 ). Therefore, in order to achieve the best face recognition

erformance, we should minimize the correlation between C 1 , C 2 
ather than simply choose the u 2 which is orthogonal to u 1 as in

17] . 

.3. Performance comparison of different color spaces under various 

onditions 

In this experimental part, we follow the color face recognition

ramework shown on Fig. 9 . A translated, rotated, cropped and re-

ized color face image is firstly transformed from the RGB color

pace to another color space such as LuC 1 C 2 . Many recent color

ace recognition approaches conduct experiments on raw pixels

8,15,17,24] . Also, Gabor wavelet (GW) has been proven to be highly

iscriminative for FR [56] . Thus these two representative features

re extracted from face images in the new color space. 

In order to compare the face recognition performance of LuC 1 C 2 
ith those of the other color spaces, three popular dimensionality

eduction methods, i.e., PCA, enhanced fisher linear discriminant

odel (EFM) [57] and eigenfeature regularization and extraction

ERE) [55] , are applied to the extracted color features. Also note
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Fig. 7. (a) The covariance between two chrominance components plotted against the angle between u 1 , u 2 and (b) corresponding face recognition rates on the AR database. 
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Fig. 8. (a) The covariance between two chrominance components plotted against the angle between u 1 , u 2 and (b) corresponding face verification rates on the FRGC database. 

Fig. 9. The color face recognition framework used on AR and GT databases. 
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that PCA is commonly used as a benchmark for the evaluation of

the performance in FR algorithms [22] and it may significantly en-

hance the recognition accuracy [58,59] . Plenty of color face recog-

nition methods employ EFM method for low-dimensional feature

extraction [15,17,23] . ERE outperforms all other FR methods dis-

cussed in [25,55,60] . 

According to [18,25,61,62] , different color channels are pro-

cessed separately and then concatenated together into a pattern

vector for classification. So dimensionality reduction is imple-
ented separately in 3 color channels on AR and GT. The low-

imensional color features from three color channels are concate-

ated into one vector to combine the information in three color

hannels. Note that all low-dimensional features would be normal-

zed by removing the mean and dividing the standard deviation of

he feature in each color channel before the final feature concate-

ation to avoid the negative effect of magnitude dominance of one

omponent over the others [17] . After that, the nearest-neighbour

lassifier is used to classify all query images, where the Maha-
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Fig. 10. Face recognition rates against feature dimension on AR, each column specifies one type of feature (2 in total) and each row specifies one dimension reduction 

method (3 in total). 
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anobis distance is used for PCA and ERE, and the Cosine distance

s used for EFM. 

.3.1. Results on AR 

The face recognition rate (FRR), which is the ratio of the num-

er of correctly classified query images to the total number of

uery images, is plotted against the feature dimension to present

he overall face recognition performances of different color spaces

n AR and GT databases. Note that, in our paper, the PCA di-

ension indicates the number of principle components of PCA,

he EFM dimension indicates the number of principal compo-

ents used in the PCA step of EFM, and the ERE dimension in-

icates the parameter m, which is the dimension of significant

ace components in [55] . As the face recognition rate of the RGB

olor space is far below those of the other color spaces, it is

ot plotted in the figures. Instead, we show the best FRR of the

GB color space among all feature dimensions in the legend area

uch as “RGB(FRR(%))”. Using two color features and three di-

ension reduction methods, the face recognition rates of differ-
nt color spaces are shown on Fig. 10 . The results show that our

roposed LuC 1 C 2 color space performs better than three state-of-

he-art color spaces consistently over all tested feature dimensions

f two different features and three different dimension reduction

ethods. 

.3.2. Results on GT 

Fig. 11 shows the face recognition rates of 5 color spaces us-

ng two color features and three dimension reduction methods on

he GT database. Again, our proposed LuC 1 C 2 color space achieves

onsistently better face recognition performance than state-of-the-

rt color spaces over all tested feature dimensions of two different

eatures and three different dimension reduction methods. 

.3.3. Results on FRGC 

FRGC is the most frequently-used database to evaluate the per-

ormances of different color spaces for face recognition. For di-

ect comparisons with state-of-the-art results reported by other

esearchers, the commonly used evaluation framework on FRGC in
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Fig. 11. Face recognition rates against feature dimension on GT, each column specifies one type of feature (2 in total) and each row specifies one dimension reduction 

method (3 in total). 

Fig. 12. The color face recognition framework used on FRGC databases. 
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[17,23] is adopted, as shown on Fig. 12 . This guarantees fair and re-

liable comparisons of our proposed LuC 1 C 2 color space with other

color spaces. 

The face recognition performance on FRGC is reported by plot-

ting the face verification rate (FVR) at FAR = 0.1% against the fea-
ure dimension so as to be consistent with recently published

pproaches [17,25] . The best FVR of the RGB color space among

ll feature dimensions is shown in the legend area such as

RGB(FVR(%))”. As we can see from Fig. 13 , for both of the two

olor features and the three dimension reduction methods, the

ace verification rates of the proposed LuC 1 C 2 color space are con-

istently higher than those of DCS, ZRG-NII, RQCr and RGB color

paces over all tested feature dimensions. Note that the GW fea-

ure is extracted from face images of 64 × 64 rather than 32 × 32,

hich shows quite poor FR performance. The decision-level feature

usion method in [63] is used to fuse GW features extracted from

 color channels. 

.4. Performance comparison of the proposed LuC 1 C 2 color space 

ith the state of the arts on FRGC 

Many recent color face recognition approaches evaluate the

ffectiveness of different color spaces on raw pixels [8,15,17,24] .

able 1 shows results cited directly from published papers
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Fig. 13. Face verification rates against feature dimension on FRGC, each column specifies one type of feature (2 in total) and each row specifies one dimension reduction 

method (3 in total). 

Table 1 

Performance comparison of LuC 1 C 2 with the state of the arts using raw pixels on 

FRGC. 

Color space FVR (%) at FAR = 0.1% 

Gray [17] 36.94 

RGB [17] 45.20 

YUV [17] 67.29 

YIQ [17] 69.75 

RQCr [17] 72.51 

ZRG-NII [17] 72.86 

DCS [23] 76.26 

LuC 1 C 2 77.95 
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17,23] on the FRGC database. Experimental settings are all set as

elow: raw pixels are used as features and EFM method is used

or dimension reduction, where the feature dimension was set to

0 0 0. Table 1 shows that (1) the use of color information greatly

mproves the FVR compared to the same scheme using the gray

nformation only; (2) different color spaces possess significantly
ifferent classification capabilities for face recognition; (3) our pro-

osed LuC 1 C 2 color space performs significantly better than re-

ently proposed color spaces on the FRGC database. 

In recent years, many complex features and different feature fu-

ion methods have been employed to achieve state-of-the-art re-

ults on FRGC. In [64] , authors fuse local patterns of Gabor mag-

itude and phase using block-based Fisher’s linear discriminant.

abor and LBP features are processed by kernel LDA and then

used by decision-level fusion in [63] . In [65] , multiscale local

hase quantization and multiscale LBP are fused using kernel fu-

ion. Multi-directional multi-level dual-cross patterns are fused by

LDA and score averaging in [66] . Authors in [67] use EFM to ex-

ract features from the real part, the imaginary part, and the mag-

itude of RIQ color images in the frequency domain. The features

re then fused by means of concatenation. In [16] , patch-based Ga-

or, multi-resolution LBP and component-based DCT features are

xtracted from R, Q, Cr images, respectively. EFM and the decision-

evel fusion approach are used to fuse different features. Authors

n [68] combine multiple features extracted from both color norm
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Table 2 

Performance comparison of LuC 1 C 2 with state of the arts using complex features on 

FRGC. 

Color space FVR (%) at FAR = 0.1% 

Gray [64] 85.2 

Gray [63] 88.1 

Gray [65] 91.59 

Gray [66] 92.89 

RIQ [67] 80.03 

RQCr [16] 92.43 

ZRG-NII [68] 93.17 

LuC 1 C 2 93.38 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14. Cropped images of the LFW database. 

Table 3 

Face verification accuracy (%) using CNN and raw pixels of LuC 1 C 2 color space on 

LFW. 

Background Model CNN CNN+ LuC 1 C 2 

Without VGG-Face 85.62 87.32 

With VGG-Face 97.43 97.72 

Table 4 

Face verification rate (%) at FAR = 0.1% using CNN and raw pixels of LuC 1 C 2 color 

space on FRGC. 

Background Model CNN CNN+ LuC 1 C 2 

Without VGG-Face 45.32 89.07 

FVGG-Face 75.34 93.42 

With VGG-Face 88.86 96.98 

FVGG-Face 92.50 97.57 
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o  
patterns and color angular patterns of the ZRG-NII color space by

feature concatenation. We can see that the above state-of-the-arts

use multiple different f eatures and different feature fusion schemes

for different color spaces. 

To compare the FVR of our color space LuC 1 C 2 with various

state of the arts, we extract raw-pixel, GW and LBP features from

LuC 1 C 2 images and simply fuse them at the decision level with

equal weights. Table 2 tabulates the face verification performance

of various approaches. All the state-of-the-art results are directly

cited from recently published papers. Table 2 shows that the pro-

posed LuC 1 C 2 color space achieves higher FVR than all reported re-

sults on FRGC database. 

3.5. The combination of CNN features with those from the LuC 1 C 2 

color space 

Recently, some deep learning approaches are developed for face

recognition based on convolutional neural networks (CNN) [69] . Al-

though high face recognition accuracy can be achieved by CNN,

it needs a huge number (millions) of training images and a very

complex training process with great effort s in selecting/adjusting

training parameters. Sophisticatedly trained CNN achieve high ac-

curacy for some testing datasets but may not perform well for

other specific applications. The common solution is to fine-tune

the pre-trained models by application-specific training data [70–

72] . Motivated by DeepID in [73] , which learns features from

both RGB images and gray-scale images, we enhance the CNN

performance by using simple raw pixels in the proposed color

space. The VGG-Face model in [74] is designed for face recogni-

tion [75,76] and pre-trained by 2.6 million RGB face images. The

VGG-Face model has been widely used by researchers to extract

CNN features from face images [70–72] . Thus we adopt this model

for CNN feature extraction from RGB images in the experiments.

Note that the 4096-dimensional feature vector at layer ‘fc6’ of the

VGG-Face model is taken as the CNN feature. We calculate the sim-

ilarity between two CNN features using cosine distance metric as

in [77,78] . The VGG-Face model achieves the face verification ac-

curacy of 97.27% on LFW [52] under this setting. To enhance the

performance of CNN, we simply apply PCA to the raw-pixel feature

in the proposed color space and fuse it with CNN features at the

decision level. 

3.5.1. Results on LFW 

The LFW database [52] has been widely used as a benchmark

dataset to evaluate face recognition algorithms using deep neural

networks [73] . It consists of 13,233 images of 5749 subjects. All

images are collected from the internet with large pose, illumina-

tion and facial-expression variations, as well as occlusions. Fig. 14

shows some cropped images of the LFW database. 

We report the averaged results over 10 folds of View 2 as

in [73,74,79] . More precisely, 30 0 0 positive pairs (two images of

the same subject) and 30 0 0 negative pairs (two images of differ-

ent subjects) are divided into 10 subsets. In each fold, 9 subsets
re used for training and the hold-out subset is used for testing.

he task is to determine whether an image pair comes from the

ame subject or not. Both images with and without backgrounds

re used to test the face verification performance of different ap-

roaches. As there is no label information to use for fine-tuning

he VGG-Face model on LFW, only the pre-trained VGG-Face model

s tested. Results are shown on Table 3 . As we can see on Table 3 ,

NN+ LuC 1 C 2 increases the face verification accuracy of CNN by

.7% for images without backgrounds. Simple raw pixels of LuC 1 C 2 
nly marginally improve the face verification accuracy of CNN for

mages with backgrounds, because the VGG-Face model was ini-

ially trained and tuned to achieve very good results for this type

f images. 

.5.2. Results on FRGC 

Both images with and without backgrounds are used in the ex-

eriments. To improve the FR performance of the VGG-Face model

n FRGC database, we fine-tune the VGG-Face model using images

rom the FRGC training set. As there are 222 subjects in the train-

ng set, we change the output of the last fully connected layer from

622 to 222. After fine-tuning, we obtain the fine-tuned VGG-Face

odel, FVGG-Face model. In the experiments, both the pre-trained

GG-Face model and the fine-tuned FVGG-Face model are used.

esults are shown on Table 4 . 

Directly applying the pre-trained VGG-Face model to the FRGC

atabase provides unsatisfactory results as shown on Table 4 . The

idely used fine-tuning can only increase the FVR of CNN to

5.34% and 92.50%. The effect of fine-tuning on pre-trained VGG-

ace is limited because fine-tuning is still based on the pre-trained

odel. Pixel values in our proposed LuC 1 C 2 color space are com-

lementary to the CNN features extracted from RGB images. There-

ore, CNN+ LuC 1 C 2 greatly improves the FVR of VGG-Face model to

9.07% and 96.98% for images without and with backgrounds, re-

pectively. These performance improvements are even more signifi-

ant than those achieved by fine-tuning. Furthermore, CNN+ LuC 1 C 2 
mproves the accuracy of the fine-tuned VGG-Face model, FVGG-

ace model, to 93.42% and 97.57% for images without and with

ackgrounds, respectively. 

.5.3. Discussion 

Although the complex deep CNN models might contain some

uilt-in function of color space conversion, experimental results

n Table 3 and Table 4 indicate that features from our proposed
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Table 5 

Face verification accuracy/rate (%) using traditional features from RGB and LuC 1 C 2 
color spaces on LFW and FRGC. RP indicates raw pixels and GW indicates Gabor 

wavelet. 

Dataset RP-RGB RP-RGB & RP- LuC 1 C 2 GW-RGB GW-RGB & GW- LuC 1 C 2 

LFW 65.25 71.38 69.05 72.57 

FRGC 71.85 80.42 72.66 89.74 
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uC 1 C 2 color space can be used to enhance the face verification

erformance of CNN on LFW and FRGC databases. 

.6. The combination of RGB features with those from the LuC 1 C 2 

olor space 

The proposed LuC 1 C 2 color space can also be combined with

he RGB color space to enhance the performance of traditional fea-

ures. We conduct experiments on LFW and FRGC datasets. Tradi-

ional features of raw pixels or Gabor wavelet are extracted from

GB and LuC 1 C 2 face images. Features from two different color

paces are then fused at the decision level. We report the face

erification performance of different approaches on LFW and FRGC

atasets on Table 5 . The experimental results show that, the face

erification performance can be significantly improved by combin-

ng the traditional features from the RGB and the proposed LuC 1 C 2 
olor spaces. 

. Conclusion 

In this paper, we propose a color space LuC 1 C 2 based on a

ramework of constructing effective color spaces in providing high

ace recognition performance. It consists of one luminance compo-

ent Lu and two chrominance components C 1 , C 2 . The luminance

omponent Lu is chosen among 4 different luminance candidates

y studying their R,G,B coefficients and the color sensor proper-

ies. For two chrominance components C 1 , C 2 , the directions of

heir transform vectors are computed by the discriminant analy-

is and the covariance analysis in the chrominance subspace of

he RGB color space. The magnitudes of their transform vectors

re computed according to the discriminant values of Lu, C 1 , C 2 .

xtensive experiments are conducted on 4 benchmark databases.

xperimental results using 2 distinct features and 3 different di-

ension reduction methods on 3 databases show that our pro-

osed color space LuC 1 C 2 achieves consistently better face recog-

ition performance than state-of-the-art color spaces. The experi-

ents also show that features extracted from the proposed color

pace achieve higher face verification rate than all published re-

ults on FRGC database. Furthermore, we show that features from

he proposed color space can be used to improve the face veri-

cation performance of pre-trained CNN models, fine-tuned CNN

odels and traditional features. 
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