
SVM-Based Selection of Colour Space Experts

for Face Authentication

Mohammad T. Sadeghi1, Samaneh Khoshrou1, and Josef Kittler2

1 Signal Processing Research Lab., Department of Electronics
University of Yazd, Yazd, Iran

2 Centre for Vision, Speech and Signal Processing
School of Electronics and Physical Sciences

University of Surrey, Guildford GU2 7XH, UK
{M.Sadeghi,J.Kittler}@surrey.ac.uk

Abstract. We consider the problem of fusing colour information to en-
hance the performance of a face authentication system. The discrimina-
tory information potential of a vast range of colour spaces is investigated.
The verification process is based on the normalised correlation in an LDA
feature space. A sequential search approach which is in principle simi-
lar to the “plus L and take away R” algorithm is applied in order to
find an optimum subset of the colour spaces. The colour based classifiers
are combined using the SVM classifier. We show that by fusing colour
information using the proposed method, the resulting decision making
scheme considerably outperforms the intensity based verification system.

1 Introduction

The spectral property of the skin albedo is known to provide useful biomet-
ric information for face recognition. Measured in terms of colour, it has been
exploited directly in terms of features derived from the colour histogram [7].
Such features are then used to augment the face feature space in which the
matching of a probe image against a template is carried out. Alternatively, the
spectral information can be used indirectly, by treating each R, G, B colour chan-
nel as a separate image. The face matching scores computed for the respective
channels are then combined to reach the final decision about the probe image
identity. This indirect approach has the advantage that an existing face recogni-
tion system can simply be applied to create the respective colour space experts,
without any structural redesign. This indirect approach has been investigated
extensively in [13] [6]. In these studies the colour face experts were designed in
different colour spaces, such as R, G, B, the intensity image, normalised green
and an opponent colour channel, or colour channels decorrelated by the Princi-
pal Component Analysis (PCA). The merits of the information conveyed by the
various channels individually, as well as their combined effect, have been eval-
uated. It has been demonstrated that some of the colour spaces provide more
powerful representation of the face skin properties than others, offering signifi-
cant improvements in performance as compared to the raw intensity image. In
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this paper we extend the work to other colour representations suggested in the
literature. In total, 15 different colour spaces are considered, giving rise to 45
different colour channels. Assuming that face experts based on all these channels
are available, it is pertinent to ask which channels provide complementary infor-
mation and how the expert scores should be fused to achieve the best possible
performance of the face recognition system. In [12] the fusion problem was solved
by selecting the best expert or a group of experts dynamically with the help of
a gating function learnt for each channel. In the present study we formulate the
colour expert fusion problem as a feature selection problem. The colour spaces
for fusion are selected using a sequential search approach similar to the Plus L
and Take Away R algorithm.

An important contributing factor in the selection algorithm is the ”fusion
rule” used for combining the colour based classifiers. In [11] untrained methods
such as averaging and voting schemes were used for this purpose. However, in
different applications it has been demonstrated that trained approaches such as
Support Vector Machines (SVMs) have the potential to outperform the simple
fusion rules, especially when a large enough training data is available. The main
aim of this paper is to study the performance of the proposed colour selection
algorithm using the SVM classifiers. Surprisingly good results are obtained using
the proposed method.

The paper is organised as follows. In the next section different colour spaces
adopted in different machine vision applications are reviewed. The face verifi-
cation process is briefly discussed in Section 3. The proposed method of colour
space selection is described in Section 4. The experimental set up is detailed in
Section 5. Section 6 presents the results of the experiments. Finally, in Section
7 the paper is drawn to conclusion.

2 Colour Spaces

For computer displays, it is most common to describe colour as a set of three
primary colours: Red, Green and Blue. However, it has been demonstrated that
in different applications using different colour spaces could be beneficial. In this
section some of the most important colour spaces are reviewed. Considering the
R,G,B system as the primary colour space, we can classify the other colour
spaces into two main categories: Linear and Nonlinear transformation of the R,
G,B values.

2.1 Linear Combination of R,G,B

CMY -based colour space is commonly used in colour printing systems. The name
CMY refers to cyan, magenta and yellow. The RGB values can be converted to
CMY values using:

C = 255 − R, M = 255 − G, Y = 255 − B (1)

There are several CIE-based colour spaces,but all are derived from the fun-
damental XY Z space [2]. A number of different colour spaces including Y UV ,
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Y IQ, Y ES and Y CbCr are based on separating luminance from chrominance
(lightness from colour). These spaces are useful in compression and other image
processing applications. Their formal definition can be found in [2].

I1I2I3 or Ohta’s features [8] were first introduced for segmentation as opti-
mised colour features and are shown in equations:

I1 =
R + G + B

3.0
, I2 = R − B, I3 = 2G − R − B (2)

LEF Colour Space defines a colour model that combines the additivity of the
RGB model with the intuitiveness of the hue-saturation-luminance models by
applying a linear transformation to the RGB cube.

2.2 Nonlinear Combination of R,G,B

The chromaticities for the normalised RGB are obtained by normalising the
RGB values with the intensity value, I:

r = R/I, g = G/I, b = B/I (3)

where I = (R + G + B)/3. Similar equations are used for normalising the XY Z
values. The result is a 2D space known as the CIE chromaticity diagram. The
opponent chromaticity space is also defined as

rg = r − g, yb = r + g − 2b (4)

Kawato and Ohya [5] have used the ab space which is derived from NCC rg-
chromaticities as:

a = r + g/2, b =
√

3/(2g) (5)

In [16], two colour spaces namely P1 and P2 have been defined by circulating the
r, g and b values in equation 4. Log-opponent (or Log-opponent chromaticity)
space has been applied to image indexing in [1]. The space is presented by
equations:

Lnrg = ln(R/G) = ln R − ln G

Lnyb = ln(
R.G

B2
) = ln R + ln G − 2 lnB (6)

TSL (Tint - Saturation - Lightness) colour space is also derived from NCC
rg-chromaticities.

l1l2l3 colour space as presented in [4] has been adopted for colour-based object
recognition. Many people find HS-spaces (HSV , HSB, HSI, HSL) intuitive
for colour definition. For more information about the relevant equations used in
this study, the reader is referred to [3].
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3 Face Verification Process

The face verification process consists of three main stages: face image acquisition,
feature extraction, and finally decision making. The first stage involves sensing
and image preprocessing the result of which is a geometrically registered and
photometrically normalised face image. Briefly, the output of a physical sensor
(camera) is analysed by a face detector and once a face instance is detected, the
position of the eyes is determined. This information allows the face part of the
image to be extracted at a given aspect ratio and resampled to a pre-specified
resolution. The extracted face image is finally photometrically normalised to
compensate for illumination changes.

The raw colour camera channel outputs, R, G and B are converted according
to the desired image representation spaces. In this study different colour spaces
reviewed in the previous section were considered.

In the second stage of the face verification process the face image data is
projected into a feature space. The final stage of the face verification process
involves matching and decision making. Basically the features extracted for a
face image to be verified, x, are compared with a stored template, µi, that was
acquired on enrolment. In [14], it was demonstrated that the Gradient Direction
(GD) metric or Normalised Correlation (NC) function in the Linear Discriminant
Analysis (LDA) feature space works effectively in the face verification systems.
In this study we adopted the NC measure in the LDA space. The score, s, output
by the matching process is then used for decision making. In our previous stud-
ies [11] [6], global or client specific thresholding method were used for decision
making. In this work, the above mentioned thresholding methods are compared
to decision making using the Support Vector Machines.

If the score computation is applied to different colour spaces separately, we
end up with a number of scores, sk = s(xk), k = 1, 2, . . . , N which then have
to be fused to obtain the final decision. The adopted fusion method is studied
in the next section.

4 Colour Space Selection

One of the most exciting research directions in the field of pattern recognition
and computer vision is classifier fusion. Multiple expert fusion aims to make
use of many different designs to improve the classification performance. The
approach we adopted for selecting the best colour space(s) is similar in principal
to the sequential feature selection methods in pattern recognition [10]. In this
study, the Sequential Forward Selection (SFS), Sequential Backward Selection
(SBS) and Plus’L’ and Take away ’R’ algorithms were examined for selecting
an optimum subset of the colour spaces. Two untrained fusion rules, the sum
rule and the voting scheme and a trained fusion method, the Support Vector
Machines are used in order to combine the scores of the colour based classifiers.
The selection procedure keeps adding or taking away features (colour spaces in
our case) until the best evaluation performance is achieved. The selected colour
spaces are then used in the test stage.
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4.1 Support Vector Machines

A Support Vector Machine is a two-class classifier showing superior performance
to other methods in terms of Structural Risk Minimisation [15]. For a given
training sample {xi, yi}, i = 1, ..., N , where xi ∈ RD is the object marked with
a label yi ∈ {−1, 1}, it is necessary to find the direction w along which the
margin between objects of two classes is maximal. Once this direction is found
the decision function is determined by threshold b:

y(x) = sgn(w · x + b) (7)

The threshold is usually chosen to provide equal distance to the closest objects
of the two classes from the discriminant hyperplane w · x + b = 0, which is
called the optimal hyperplane. When the classes are linearly non-separable some
objects can be shifted by a value δi towards the right class. This converts the
original problem into one which exhibits linear separation. The parameters of the
optimal hyperplane and the optimal shifts can be found by solving the following
quadratic programming problem:

minimise w · w + C
N∑

i=1

δi

subject to:
yi(w · xi + b) ≥ 1 − δi, δi ≥ 0 i = 1, ..., N

(8)

where parameter C defines the penalty for shifting the objects that would oth-
erwise be misclassified in the case of linearly non separable classes.

The QP problem is usually solved in a dual formulation

minimise
N∑

i=1

αi − 1
2

N∑

i=1

N∑

j=1

αiαjyiyjxi · xj

subject to:
N∑

i=1

αiyi = 0, 0 ≤ αi ≤ C i = 1, ..., N

(9)

Those training objects xi with αi > 0 are called Support Vectors, because only
they determine direction w:

w =
N∑

i=1, αi>0

αiyixi (10)

The dual QP problem can be rapidly solved by the Sequential Minimal Opti-
misation method, proposed by Platt [9]. This method exploits the presence of
linear constraints in (9). The QP problem is iteratively decomposed into a series
of one variable optimisation problems which can be solved analytically.

For the face verification problem, the size of the training set for clients is
usually less than the one for impostors. In such a case, the class of impostors
is represented better. Therefore, it is necessary to shift the optimal hyperplane
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towards the better represented class. In this work, the size of the shift is deter-
mined in the evaluation step considering the Equal Error Rate criterion.

5 Experimental Design

The aim of the experiments is to show that by fusing the sensory data used by
component experts, the performance of the multiple classifier system improves
considerably. We use the XM2VTS database 1 and its associated experimental
protocols for this purpose.

The XM2VTS database is a multi-modal database consisting of face images,
video sequences and speech recordings taken of 295 subjects at one month in-
tervals. Since the data acquisition was distributed over a long period of time,
significant variability of appearance of clients, e.g. changes of hair style, facial
hair, shape and presence or absence of glasses, is present in the recordings.

For the task of personal verification, a standard protocol for performance
assessment has been defined. The so called Lausanne protocol splits randomly
all subjects into a client and impostor groups. The client group contains 200
subjects, the impostor group is divided into 25 evaluation impostors and 70
test impostors. The XM2VTS database contains 4 sessions. Eight images from
4 sessions are used.

From these sets consisting of face images, training set, evaluation set and test
set are built. There exist two configurations that differ by a selection of particular
shots of people into the training, evaluation and test sets. The training set is used
to construct client models. The evaluation set is selected to produce client and
impostor access scores, which are used for designing the required classifier. The
score classification is done either by the SVM classifier or by thresholding. The
thresholds are set either globally (GT) or using the client specific thresholding
(CST)technique [6]. According to the Lausanne protocol the threshold is set to
satisfy the Equal Error Rate criterion, i.e. the operating point where the false
rejection rate (FRR) is equal to the false acceptance rate (FAR). False acceptance
is the case where an impostor, claiming the identity of a client, is accepted.
False rejection is the case where a client, claiming his true identity, is rejected.
The evaluation set is also used in fusion experiments (classifier combination)
for training. The SVM-based sequential search algorithms pick the best colour
spaces using this set of data.

Finally the test set is selected to simulate realistic authentication tests where
impostor’s identity is unknown to the system. The performance measures of a
verification system are the False Acceptance rate and the False Rejection rate.

The original resolution of the image data is 720× 576. The experiments were
performed with a relatively low resolution face images, namely 64 × 49. The
results reported in this article have been obtained by applying a geometric face
registration based on manually annotated eyes positions. Histogram equalisation
was used to normalise the registered face photometrically.

1 http://www.ee.surrey.ac.uk/Research/VSSP/xm2vtsdb/
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6 Experimental Results

Table 1 shows the performance of the face verification system using the individual
colour spaces considering the first configuration of the Lausanne protocol. The
decision boundary in the NC space was determined using the SVMs. The values
in the table indicate the FAR and FRR in both evaluation and test stages. As
we expect, the best performance is obtained neither in the original RGB spaces
nor in the intensity space. Some other colour spaces such as U in the YUV space
or opponent chromaticities individually can lead to better results. Table 2 shows
some results of the same experiments considering the second XM2VTS protocol
configuration.

As mentioned earlier, in similar experiments the global or client specific
thresholding techniques were used for decision making. Figure 1 contains plots
of the total error rate in different colour spaces in the evaluation and test stages.
These results demonstrate that although in most of the cases, the SVMs work
better than the GT technique, but the CST leads to better or comparable results.

Table 1. Identity verification results using different colour spaces. Classification bound-
ary was determined using the SVMs.(configuration 1).

subspace R G B I H Sat Val r g

FAR Eval 2.19 1.97 1.75 2.14 1.92 1.76 2.19 1.93 1.48

FRR Eval. 2.17 2 1.83 2.17 1.83 1.66 2.16 1.83 1.5

FAR Test 2.41 1.97 1.97 2.17 1.84 1.81 2.46 2.08 1.47

FRR Test 1.5 1.75 1.75 1.25 0.5 1.25 2 0.75 1

subspace b T(TSL) S(TSL) L(TSL) V(YUV) rg U(YUV) Cr I2

FAR Eval. 1.69 1.52 1.31 2.11 2.31 1.49 1.91 1.82 2.31

FRR Eval 1.66 1.5 1.33 2.166 2.33 1.5 1.83 1.83 2.33

FAR Test 1.73 1.32 1.53 2.1491 2.26 1.60 1.75 2.21 2.3

FRR Test 1.25 1 1.75 1.5 0.75 1.25 0 1.5 0.75

subspace I3 E(LEF) F(LEF) X(CIE) Y(CIE) Z(CIE) Y(YES) E(YES) S(YES)

FAR Eval. 1.67 2.1 1.66 2.27 2.11 2 2.05 1.82 2

FRR Eval. 1.6 2.166 1.67 2.33 2.166 2 2 1.83 2

FAR Test 1.69 2.21 1.60 2.38 2.14 2.25 2.10 1.65 1.82

FRR Test 0.75 0.5 0.5 1.25 1.5 1.75 1.5 0.75 0.25

subspace I(YIQ) Q(YIQ) a(ab) b(ab) Lnrg Lnyb l1 l2 l3

FAR Eval. 2.17 1.85 1.79 1.52 1.22 1.49 2.05 2.35 1.71

FRR Eval. 2.16 1.83 1.83 1.5 1.16 1.5 2 2.33 1.67

FAR Test 2.48 1.75 1.92 1.58 1.35 1.59 1.74 2.46 1.58

FRR Test 1.5 0.75 1.25 1.2500 1.75 1.25 1 1.25 1.50

subspace LHSL) Xn Yn Zn C(CMY) M(CMY) Y(CMY) bg

FAR Eval. 2.33 1.80 1.65 1.52 2.47 2.02 1.74 1.66

FRR Eval. 2.33 1.83 1.66 1.5 2.5 2 1.83 1.66

FAR Test 2.42 1.90 1.69 1.57 2.79 2.02 1.97 1.73

FRR Test 1 1 1.25 0.5 1.75 1.75 1.75 0.75
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Table 2. Identity verification results using some of the colour spaces (configuration 2)

subspace R G B I H S V r g b

FAR Eval. 1.26 1.25 1.25 1.24 1.25 1.23 1.25 1.36 0.74 1.34

FRR Eval. 1.25 1.25 1.25 1.25 1.25 1.25 1.25 1.25 0.75 1.25

FAR Test 1.65 1.67 1.87 1.80 1.14 1.71 1.61 2.02 0.76 1.67

FRR Test 1.5 1.5 1.5 1.5 0.5 1 1.5 1.5 0.5 0.75

0 5 10 15 20 25 30 35 40 45
2

2.5

3

3.5

4

4.5

5

Subspace ID

TE
R

GT
SVM
CST

(a) Config. 1, Evaluation
0 5 10 15 20 25 30 35 40 45

1

1.5

2

2.5

3

3.5

4

Subspace ID

TE
R

GT
SVM
CST

(b) Config. 2, Evaluation

0 5 10 15 20 25 30 35 40 45
1

1.5

2

2.5

3

3.5

4

4.5

5

Subspace ID

TE
R

GT
SVM
CST

(c) Config. 1, Test
0 5 10 15 20 25 30 35 40 45

1

1.5

2

2.5

3

3.5

4

4.5

Subspace ID

TE
R

 

 
GT
SVM
CST

(d) Config. 2, Test

Fig. 1. Verification results in different colour spaces. The decision boundary has been
determined using GT, SVMs or CST.

In the next step, the adopted search method, Plus ‘L’ and Take away ‘R’
algorithm was used for selecting a subset of colour spaces. Figure 2 shows the
resulting error rates for different number of colour spaces in Configurations 1
and 2. In the search algorithm L = 2 and R = 1. Before fusing, the scores
associated to each colour space were appropriately normalised. The normalised
scores were then considered as a feature vector. The SVM classifier was finally
used for decision making.

Table 3 contains the fusion results obtained using the adopted “Plus 2 and
take away 1” algorithm for Configurations 1 and 2. These results were obtained
by score fusion using the averaging rule or the SVMs. Note that using the search
algorithm, colour spaces are selected from the evaluation data for the whole data
set. However, the algorithm is flexible so that, for different conditions, different
spaces can be adopted adaptively. In the case of the experimental protocols of the
XM2VTS database using the SVM classifier Lnrg, a(ab), V(HSV) spaces have
been selected for the first configuration while b(ab),U(YUV), bg(opp-chroma),
Cr, X(CIE),I, V(HSV), H(HSV) and S(YES) have been adopted for the second
one. These results first of all demonstrate that the proposed colour selection
algorithm considerably improves the performance of the face verification system.
Moreover, they also show that although not much gain in performance can be
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Fig. 2. SVM-based Plus 2 and Take away 1 results

Table 3. Verification results using the proposed colour selection and fusion methods

Evaluation Test
Configuration Fusion rule FAR FRR TER FAR FRR TER

1
Averaging 0.48 0.5 0.98 0.55 1 1.55

SVMs 0.5 0.5 1 0.59 1 1.59

2
Averaging 0.19 0.25 0.44 0.27 0.25 0.52

SVMs 0.24 0.25 0.49 0.38 0 0.38

obtained from SVMs in the colour spaces individually (figure 1) , combining the
colour based classifiers using SVMs would overall be beneficial.

7 Conclusions

We addressed the problem of fusing colour information for face authentication. In
a face verification system which is based on the normalised correlation measure in
the LDA face space, an SVM-based sequential search approach similar to the ”plus
L, and take away R” algorithm was applied in order to find an optimum subset of
the colour spaces. Using the proposed method, the performance of the verifica-
tion system was considerably improved as compared to intensity only or the other
colour spaces. Within the framework of the proposed method, we showed that fus-
ing colour based classifiers using SVMs outperforms the simple averaging rule.
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