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Abstract: 
 Research on non-intrusive software based face spoofing detection schemes has main ly been focused on the analysis of the luminance 

informat ion of the face images, hence discarding the chroma component which can be very useful for discriminating fake faces from 

genuine ones. This work introduces a novel and appealing approach for detecting face spoofing using colour texture analysis. We 

exploit the joint colour-texture information from the luminance and the chrominance channels by extracting complementary low-level 

feature descriptions from different colour spaces. The colour local binary patterns (LBP) descriptor, exp lore the facial colour texture 

content using four other descriptors: the local phase quantization (LPQ), the co -occurrence of adjacent local binary patterns 

(CoALBP), the binarized statistical image features (BSIF) and the scale-invariant descriptor (SID) that have shown to be effective in 

gray-scale texture based face anti-spoofing. Here by using  these features the colour texture  is analyzed and extracted by face 

descriptors from different colour bands .To gain insight into which colour spaces are most suitable for discriminating genuine faces 

from fake ones, considered three colour spaces, namely RGB, HSV and YCbCr. A new and appealing approach using colour texture 

analysis and demonstrate that the chroma co mponent can be very useful in discriminat ing fake faces from genuine ones. First, the face 

is detected, cropped and normalised into an M×N pixel image. Then, holistic texture descriptions are ext racted from each  colo ur 

channel and the resulting feature vectors are concatenated into an enhanced feature vector in order to get an overall representation of 

the facial colour texture. The final feature vector is fed to a b inary classifier and the output score value describes whethe r it is a  real or 

a fake image.  

 

Index terms: Face recognition, Spoofing detection, Colour texture analysis, Descriptors, SVM Classifier. 

 

I.INTRODUCTION 

 

A spoofing attack occurs when someone tries to bypass a face 

biometric system by presenting a fake face in front of the 

camera. For instance, in [1], researchers inspected the threat of 

the online social networks based facial disclosure against the 

latest version of six commercial face authentication systems 

(Face Unlock, Face lock Pro, Visidon, Veriface, Luxand Blink 

and Fast Access). While on average only 39% of the images 

published on social networks can be successfully used for 

spoofing, the relatively small number of usable images was 

enough to fool face authentication software of 77% of the 74 

users. Also, in a live demonstration during the International 

Conference on Biometric (ICB 2013), a female intruder with a 

specific make-up succeeded in fooling a face recognition system. 

These two examples among many others highlight the 

vulnerability of face recognition systems to spoofing attacks. 

Assuming that there are inherent disparities between genuine 

faces and artificial material that can be observed in s ingle images 

(or a sequence of images), many anti-spoofing techniques 

analysing static (and dynamic) facial appearance properties have 

been proposed. The key idea is that an image of a fake face 

passes through two different camera systems and a printing 

system or a display device, thus it can be referred to in fact as a 

recaptured image. As a consequence, the observed fake face 

image is likely to have lower image quality compared to a 

genuine one captured in the same conditions due to e.g. lack of 

high frequency informat ion [2], [3], [4], [5], [6]. Furthermore, 

the recaptured images may suffer from other quality issues, such 

as content-independent printing artifacts or video noise 

signatures [7], [8], [9], [10], [11], [12]. In the literature, the 

facial appearance analysis based methods are usually referred to 

as texture or image quality analysis based techniques because the 

aforementioned properties can be considered as variations in the 

facial texture information or image quality. 

II.RELATED WORK 

 

In this section, we review the existing approach exists no unified 

taxonomy for the different spoof detection approaches. In this 

article, a three-part categorization is followed div iding the 

individual face spoofing detection schemes into hardware-based, 

challenge response and software-based techniques.         

 

Hardware-based solutions using 3D [18] or multi-spectral [19], 

[20] imaging provide efficient means for detecting face spoofs 

because they offer additional useful informat ion on the surface 

reflectance properties or depth of the observed face. For 

instance, a low-cost depth sensor, i.e. Microsoft Kinect, can be 

utilized for differentiating a real face from a planar surface, e.g. 

video display or photograph, in a quite straightforward manner 
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[18]. Skin reflectance measurements at two specific wavelengths 

can be used to distinguish a genuine face from art ificial materials 

used in 3D masks and 2D surfaces because human skin has 

extremely low reflectance in the upper-band of near-infrared 

(NIR) spectrum which is a universal property among human race 

[19], [20]. Thermal informat ion can also be used for detecting 

prints and replayed videos. Adding and subtracting skin tissue 

using redistributed fat or creating or removing scars with 

silicone are typical operations of plastic surgery. Furthermore, 

surgical operations usually cause alteration in blood vessel flow 

that can be seen as cold spots in the thermal domain. These kinds 

of physiological changes can be detected in the thermal infrared 

(IR) region [19].  

 

On the other hand, depth sensors are powerless under 3D mask 

attacks if depth cue is the only utilized countermeasure. It is a 

known fact that thermal radiation can pass through materials, 

which causes problems when thermal IR informat ion is used 

against wearable mask attacks [20]. The existing NIR based 

techniques have also difficulties in capturing the reflectance 

disparities between genuine faces and 3D masks due to the 3D 

shape and variety of artificial materials [20]. Furthermore, the 

use of NIR imaging is restricted to indoor use only since the 

sunlight causes severe perturbation. The dedicated imaging 

solutions are indeed effective in detecting various kinds of 

artificial faces if they are coupled in the same system [19]. 

Unfortunately, the problem with hardware-based techniques is 

that, in general, they are either quite intrusive, expensive or 

impractical because unconventional imaging de-vices (e.g. active 

lighting) are required. Sensor-based techniques have been 

usually evaluated main ly to demonstrate a proof of concept or 

have not been experimentally validated at all in the worst case, 

like in [19]. Therefore, it is ext remely hard to directly compare 

hardware-based approaches with other related biometric 

solutions.  

 

It is worth mentioning, however, that multi-modal and hardware-

based solutions are still worth considering. While nowadays 

every mobile phone and laptop are equipped with a microphone 

and camera, other sensors, such as 3D and NIR imaging, are 

emerging in mobile devices which opens up new possibilities for 

face anti-spoofing. Furthermore, the existing (mobile) devices  

already provide means for novel spoofing detection schemes. 

For instance, Smith et al. [21] proposed to analyse dynamic 

reflections from the observed person's face caused by varying 

illumination due to a sequence of images (digital watermarks) 

presented on the used display device, e.g. a tablet or a laptop, for 

validating that the biometric data was captured in real-time and 

not injected to the communication system channels (replay-

attack detection). However, it would be probably possible to 

couple similar digital watermarks for performing both replay-

attack and spoofing detection simultaneously. 

 User collaboration can also be used for revealing spoofing 

attacks because we humans tend to be interactive, whereas a 

photo or video replay attack cannot respond to randomly 

specified action requirements. In particular, a face authentication 

system prompts a user for a specific action (challenge), such as a 

facial expression [22], [23], mouth movement [24], [22] or head 

rotation (3D in formation) [25], [26], [27], and then analyses the 

user activity in order to check whether the required action was 

actually performed (response) or not. 

 

The drawback of the challenge-response approach is that it 

requires user cooperation, thus making the authentication 

process a time-consuming and unpleasant experience. Another 

disadvantage of challenge-response based countermeasures is 

that it is rather easy to deduce which liveness cues need to be 

fooled. For instance, the request for uttering words suggests that 

analysis of synchronized lip movement and lip reading is 

utilized, whereas rotating head in a certain direction reveals that 

the 3D geometry of the head is measured. For non-intrusive 

approaches, it is usually not known which countermeasures are 

used, thus the system might be harder to deceive [28]. 

 

As a consequence, it would be rather appealing to utilize anti-

spoofing techniques requiring basically no user-cooperation and 

using the conventional cameras included in the existing face 

authentication systems. Another advantage of non-intrusive 

software-based countermeasures is that they can be assessed on 

common benchmark datasets or, even better, if any new data is 

collected, it can be distributed to other researchers. Although the 

number of publicly availab le datasets is still quite scarce, new 

anti-spoofing databases appear gradually due to the increasing 

interest in anti-spoofing by the research community [3], [4], [6], 

[29], [30] and inter-national competit ions [31], [32]. The 

benchmark datasets have been indispensable tools for the 

researchers by providing them the opportunity to concentrate on 

investigating the problem of anti-spoofing. This has had a 

significant impact on the amount of papers on data-driven 

countermeasures during the recent years. 

 

 Non-intrusive software-based countermeasures can be 

categorized into static and dynamic techniques based on whether 

temporal informat ion or features are utilized [33]. The dynamic 

methods in the related literature are mainly based on analysing 

the motion or liveness while the static methods are focused on 

analysing the facial appearance or quality based cues. Therefore, 

the following taxonomy for non-intrusive software-based face 

spoofing detection schemes is based on the inspected visual 

cues: motion, facial appearance and context. 
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Figure.1.Overall flow diagram 

 

III.METHODOLOGY 

 

Texture descriptors originally designed for gray-scale images 

can be applied on colour images by combining the features 

extracted from d ifferent colour channels . Colour texture of the 

face images is analyzed using five descriptors: Local Binary 

Patterns (LBP),Co-occurrence of Adjacent Local Binary Patterns 

(CoALBP), Local Phase Quantization (LPQ), Binarized 

Statistical Image Features (BSIF) and Scale-Invariant Descriptor 

(SID). 

 

 A.LOCAL BINARY PATTERN (LBP) 

  For each pixel in an image, a binary code is computed by 

thresholding a circularly symmetric neighbourhood with the 

value of the central pixel.  

LBPP,R(x,y)=        
        

     (1) 

         Where δ(x) = 1 if x >= 0, otherwise δ(x) = 0. rc and rn (n = 

1, ..., P) denote the intensity values of the central pixel (x, y) and 

its P neighbourhood pixels located at the circle of rad ius R (R > 

0), respectively.  The occurrences of the different binary patterns 

are collected into histogram to represent the image texture 

informat ion. LBP pattern is defined as uniform if its binary code 

contains at most two transitions from 0 to 1 or from 1 to 0. For 

example 01110000 (2 transitions) and 00000000 (0 transitions) 

are uniform patterns. The name Local Binary Pattern reflects the 

functionality of the operator, i.e., a local neighborhood is 

threshold at the gray value of the center pixel into a binary 

pattern. LBPP,R operator is by definition invariant against any 

monotonic transformation of the gray scale, i.e., as long as the 

order of the gray values in the image stays the same, the output 

of the LBP P,R operator remains constant. If we set (P=8;R=1), 

we obtain LBP8;1, which is similar to the LBP operator we 

proposed in [50]. The two differences between LBP8,1 and LBP 

are: 1) The pixels in the neighbor set are indexed so that they 

form a circu lar chain and 2) the gray values of the diagonal 

pixels are determined by interpolation. Both modifications are 

necessary to obtain the circularly symmetric neighbor set, which 

allows for deriving a rotation invariant version of LBPP,R..  
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The LBPP,R operator produces 2
P
 different output values, 

corresponding to the 2
P
 different binary patterns that can be 

formed by the P pixels in the neighbor set. When the image is 

rotated, the gray values gp will correspondingly move along the 

perimeter of the circle around g0. Since g0 is always assigned to 

be the gray value of element (0;R) to the right of gc rotating a 

particular binary pattern naturally results in a different LBPP,R 

value. This does not apply to patterns comprising of only 0s (or 

1s) which remain constant at all rotation angles. LBPriP,R 

quantifies the occurrence statistics of individual rotation 

invariant patterns corresponding to certain micro  features in the 

image; hence, the patterns can be considered as feature detectors.  

                                         

 
Figure.2. LBP image and LBP histogram 

 

 

 

B. Co-OCCURRENCE OF ADJACENT LOCAL BINARY 

PATTERNS 

                

In the original LBP descriptor, the packing of the LBP patterns 

into histogram tends to discard the spatial informat ion between 

the patterns. To exploit the spatial relat ion between the patterns, 

the co-occurrence of adjacent local binary patterns method is 

used. In this method, they first extract the LBP patterns from the 

images using simplified LBP descriptors (LBP+ or LBP×).  To 

capture the correlation between the spatially adjacent patterns, 

four direct ions were defined: D = {(0, B), (B, 0), (B, B) and (−B, 

B)}, where B is the distance between two adjacent LBP patterns. 

For each direction a 16 × 16 2-D histogram is created. The 

resulting histograms are then reshaped and concatenated to form 

a final feature vector. The spatial relation among LBPs, we 

introduce the concept of co-occurrence. Co-occurrence is often 

used to extract informat ion related to global structures in various 

local reg ion-based features, e.g. Co-HOG, GLAC and Joint 

Haar-like Features. Although co-occurrence of LBPs can be 

obtained as a heuristic problem, we introduce a more  

sophisticated way to obtain the co-occurrences of all  

combinations of LBPs by using auto-correlation matrices 

calculated from two considered LBPs. The calculat ion process 

will show that the proposed feature is a natural extension of the 

original LBP in that the proposed feature consists of both the 

original LBP and the co-occurrence of LBPs. The co-occurrence 

of adjacent LBPs is defined as an index of how often their 

combination occurs in the whole image. It is therefore difficu lt 

to use a rule-based program to compute the co-occurrence of all 

combinations when there are many types of LBPs. Instead of 

using a heuristic program, we introduce an auto-correlation 

matrix as an effective method of calcu lating the co-occurrence of 

LBPs. First, although the original LBP uses eight neighbor 

pixels of a given center pixel, we modify the LBP configuration 

to consider two sparser configurations, thereby reducing 

computational cost. One configuration is LBP(+), which 

considers only two horizontal and two vertical p ixels.   The other 

configuration is the LBP(×), which considers the four diagonal 

pixels. In the LBP(+), the parameters are set as follow: Nn = 4 
,si ∈  {(±Δs, 0)

T
, (0,±Δs)

T
}. In the LBP(×), the parameters are set 

as follow: Nn = 4, si ∈  {(±Δs,±Δs)
T
, (±Δs,±Δs)

T
}. 

 

Next, in order to effectively calculate the co-occurrence of 

LBPs, each LBP is converted to vector f(∈  R
N
p), which is 

defined as follows, fi(r) = δi,l(b(r)), (2) where, Np is the number 

of all the possible LBPs, Np = 2Nn for example, in the original 

LBP, Np = 28 = 256, Nn is the number of neighbor pixels, δi,j is 

Kronecher’s delta, and l(b(r)) is the label of b (r). To effectively 

calculate the co-occurrence of LBPs, we consider the Np×Np 

auto-correlation matrix defined by the following equation: 

 

                 ∈ 
T 

     (2) 

                

 where a  is the displacement vector from the reference LBP to its 

neighbor LBP. The element Hi,j (a) of Eq.(3) indicates the 

number of pairs of adjacent LBP ILBP j. After shift-equivalent 

patterns are removed, a is set as follows: {(Δr,0)
T
,(Δr,Δr)

T
, 

(0,Δr)
T
,(−Δr,Δr)

T
}. Firstly, LBPs are ext racted from the input 

image. Next, we compute four Np×Np auto-correlation matrices 

of spacial co-occurrences of adjacent LBPs, H(a). Finally, these 

matrices are vectorized and combined to a 4N
2

p dimensional 

feature vector z. 
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Figure.3.CoALBP image and CoALBP histogram 

 

C. LOCAL PHAS E QUANTIZATION  

         

The LPQ descriptor deal with the blurred images. It uses the 

local phase information extracted by a Short Term Fourier 

Transform (STFT) to analysis the M × M neighbourhoods 

surrounding a target pixel x. Let Fu(x) be the output of the STFT 

at the pixel x using the bi-d imensional spatial frequency u. In the 

LPQ descriptor, only four complex frequencies are considered: 

u0 = (α, 0), u1 = (α, α), u2 = (0, α), u3 = (−α, −α) where α is a 

small scalar frequency (α << 1). These frequencies correspond to 

the directions 0, 45, 90 and 135, respectively. The basic LPQ 

features at the pixel position x are represented by a vector Fx = 

[Re{Fu0 (x), Fu1 (x), Fu2 (x), Fu3 (x)}, Im{Fu0 (x), Fu1 (x), Fu2 (x), 

Fu3 (x)}] where Re{.} and Im{.} are the real part and the 

imaginary part of a complex number. The element of  this vector 

are then quantized using the δ function defined previously. 

Finally, the resulting binary quantized coefficients are 

represented as integer value in [0-255] and collected into 

histogram. To make the LPQ coefficients statistically 

independents a de-correlation step based on the whitening 

transform can be applied before the quantization process.   A 

new blur insensitive texture classification method, which is 

based on quantized phase of the discrete Fourier transform 

(DFT) computed in local image windows, and it is called local 

phase quantization (LPQ). The local phase quantization (LPQ) 

method is based on the blur invariance property of the Fourier 

phase. It uses the local phase informat ion extracted using the 2D 

-DFT or, more precisely, a short-term Fourier t ransform (STFT) 

computed over a rectangular M-by-M neighborhood Nx at each 

pixel position x of the image f(x) defined by, 

 

                        ∈  
-j2πuTy  

= W
T

u fx    (3)  

   where wu is the basis vector of the 2-D DFT at frequency u, and 

fx is another vector containing all M
2
 image samples from Nx. an 

efficient way of implementing the STFT is to use 2-D 

convolutions f(x)*e
−2πjuTx

 for all u. Since the basic functions are 

separable, computation can be performed using 1-D 

convolutions for the rows and columns successively. In LPQ 

only four complex coefficients are considered, corresponding to 

2-D frequencies u1 = [a, 0]
T
 , u2 = [0, a ]

T
 , u3 = [a, a]

T
, and u4 = 

[a,−a]
T,

 where a is a scalar frequency below the first zero 

crossing of H(u) that satisfies the condition (5). Let  

 

F
c
x = [F(u1, x), F(u2, x), F(u3, x), F(u4, x)] , and 

                  

              Fx = [Re{F
c
x}, Im{F

c
x}]

T
 , 

 

where Re{·} and Im{·} return real and imaginary  parts of a 

complex number respectively. The corresponding 8-by-M
2
 

transformation matrix is, 

 

W= [Re{wu1 ,wu2 ,wu3 ,wu4}, Im{wu1 ,wu2 ,wu3 ,wu4}]
T
 , 

so that,                           

                          Fx = Wfx . 

    

 A histogram of these integer values from all image positions is 

composed and used as a 256-dimensional feature vector in 

classification. The resulting integers b are invariant to centrally 

symmetric b lur provided that the window Nx is infin itely large 

and the frequency spectrum of the blur PSF is positive at the 

sample locations u1 – u4. The second condition is easily met if a 

is sufficiently small. New LPQ texture analysis method that 

operates on the Fourier phase computed locally for a window in 

every image position. The phases of the four low-frequency 

coefficients are uniformly quantized into one of 256 hypercubes 

in eight-dimensional space, which results in an 8-bit code. These 

LPQ codes for all image p ixel neighborhoods are collected into a 

histogram. 

 

 
Figure.4.LPQ image and LPQ histogram 
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D. BINARIZED STATISTICAL IMAGE FEATURES  

(BSIF) 

Similar to LBP, the BSIF descriptor computes a binary code 

string for each pixel in an image where each bit is obtained by 

first convolving the image with a linear filter and then binarizing 

the filter responses. The number of the used filters determines 

the length of the binary code. In order to obtain statistically 

meaningful representation of the image data and efficient 

encoding using simp le element-wise quantization, the fixed set 

linear filters are learnt from a set of image patches by 

maximizing the statistical independence of the filter responses 

using independent component analysis (ICA). BSIF method 

computes a binary code string for the pixels of a given image. 

The code value of a pixel is considered as a local descriptor of 

the image intensity pattern in the pixel’s surroundings [53]. 

Further, histograms of pixels’ code values allow characterizing 

texture properties within image subregions. Thus, our descriptor 

can be used in texture recognition tasks in a similar manner as 

local binary patterns[50] or quantized local phase values. The 

value of each element (i.e. bit) in our binary code string is 

computed by binarizing the response of a linear filter with a 

threshold at zero. Each bit is associated with a different filter and 

the desired length of the bit string determines the number of 

filters used. The set of filters is learnt from a training set of 

natural image patches by maximizing the statistical 

independence of the filter responses [6]. Hence, statistical 

properties of natural image patches determine the descriptors and 

therefore we call them b inarized statistical image features 

(BSIF). 

 Given an image patch X of size l × l pixels and a linear filter W i 

of the same size, the filter response s i is obtained by, 

 

      
              

         (4) 

      

Where vector notation is introduced in the latter stage, i.e., 

vectors w and x contain the pixels of W i and X. The binarized 

feature bi is obtained by setting bi = 1 if s i > 0 and bi = 0 

otherwise. Given n linear filters W i, we may stack them to a 

matrix W of size n×l
2
 and compute all responses at once, i.e., s = 

Wx and we obtain the bit string b by binarizing each element si 

of s as above. Thus, given the linear feature detectors Wi, 

computation of the bit string b is straightforward. A lso, it is clear 

that the bit strings for all image patches of size l×l, surrounding 

each pixel of an image, can be computed conveniently by n 

convolutions. In order to use standard independent component 

analysis (ICA) algorithms for estimating the independent 

components, one has to decompose the filter matrix W into two 

parts by, 

s =Wx = UVx = Uz, 

       

 Where z = Vx, and U is a n×n square matrix which will be 

estimated via ICA, and matrix V performs the canonical 

preprocessing, i.e. simultaneous whitening and dimension 

reduction of training samples x. The canonical preprocessing 

uses principal component analysis as follows. Given a training 

set of image patches randomly sampled from natural images, the 

patches are first made zero-mean (i.e . the mean intensity of each 

patch is subtracted) and then their dimension is reduced by 

keeping only the n first principal components which are further 

divided by their standard deviation to get whitened data samples 

z. In detail, given the eigen decomposition C =EDE
T
 of the 

covariance matrix C of samples x, the matrix V is defined by, 

 

V = (D
−1/2

E
T
)1:n 

       

where the main diagonal of D contains the eigen values of C in 

descending order, and (·)1:n denotes the first n rows of the 

matrix in parenthesis. Then, given the zero-mean whitened data 

samples z, one may use standard independent component 

analysis algorithms to estimate an orthogonal matrix U with 

which one yields the independent components s of the training 

data [7]. In other words, since z = U
−1

s, the independent 

components allow to represent the data samples z as a linear 

superposition of the basis vectors defined by the columns of U
−1

. 

Finally, g iven U and V, one obtains the filter matrix W= UV, 

which can be directly used for computing BSIF features.      

Before random sampling of image patches for learning, the 

image intensities were normalized to have a zero mean and unit 

variance. As described above, there are two parameters in  our 

BSIF descriptor: the filter size l and the length n of the bit  string. 

We learnt the filters W using several different choices of 

parameter values; each set of filters was learnt using 50000 

image patches. Learning was conducted by the three-stage 

process detailed in the previous subsection: (a) subtraction of the 

mean intensity of each patch, (b) dimension reduction and 

whitening via principal component analysis, and (c) estimation 

of independent components. 

         

 

 
Figure.5.BS IF image and BS IF histogram 
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E.SCALE INVARIENT DESCRIPTOR (S ID) 

 

The SID feature is based on the shift property of Fourier 

transform, i.e. its magnitude is invariant to translations. To be 

more specific, if an image is first re-sampled densely enough on 

a log-polar grid, rotations and scalings in the original image 

domain are equivalent to translations on the new sampling grid.          

When Fourier transform is applied on the re-sampled image, 

invariance to both scale and rotation is achieved (but at the cost 

of high dimensionality due to dense sampling). Let I be a face 

image represented in a colour space S and, let HS
(i)

 , {i = 1 : L} 

be its texture histograms extracted from the L channels of the 

space S. The colour texture features of the image I represented in 

the space S can be defined by: 

 

              HS =[HS
(1)

………HS
(L)

]                   (5 ) 

 

 
Figure.6.S ID histogram 

 

F. SVM CLASSIFIER 

 

Support vector machines  are supervised learning models with 

associated learning algorithms that analyze data and recognize 

patterns, used for classification and regression analysis. Both 

separable and non separable problems are handled by SVMs in 

the linear and nonlinear case. The idea behind SVMs is to map 

the original data points from the input space to a high-

dimensional, or even infinite-d imensional, feature space such 

that the classification problem becomes simpler in the feature 

space. 

 
Figure.7. Example of SVM classifier 

 

An SVM is one of many algorithms for supervised learning. 

Generally, an SVM is a linear classification algorithm that 

ensures us that the distance between the decision line 

(discriminator) and the closest example in the training set is 

maximized. Support Vector Machines are based on the concept 

of decision planes that define decision boundaries. A decision 

plane is one that separates between a set of objects having 

different class memberships. In support vector machine the 

concatenated histograms are given as input and it classifies 

whether the given input image is fake or real.   

 

IV. RES ULTS  & DISCUSS ION 

 

 Before classifying the following steps to be which are shown in 

figures below. 

 

 
                        Figure.8. Face Detection  

Figure8 shows the RGB image has been given as input and 

detect the face using cascade face detector.    

 

   
                  Figure.9. Cropped face image  

 Figure9 shows that the detected face image is cropped. 

 

 
Figure10. Resized image  

 

Figure10, shows the cropped face image has been resized into 

M×N p ixel image.   
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Figure.11.Colour s pace conversion 

 

Figure11, shows the given input RGB image has been converted 

into HSV colour image and YCbCr colour image.  

 

V.  CONCLUS ION 

 

To approach the problem of face anti-spoofing from the colour 

texture analysis point of view. We investigated how well 

different colour image representations (RGB, HSV and YCbCr) 

can be used for describing the intrinsic disparities in the colour 

texture between genuine faces and fake ones and if they provide 

complementary representations. The effectiveness of the 

different facial co lour texture representations was studied by 

extracting different local descriptors from the indiv idual image 

channels in the different colour spaces. The facial colour texture 

representation seems be more stable in unknown conditions than 

texture descriptions extracted from gray-scale images. Thus, the 

use of colour texture informat ion provides a way to improve the 

unsatisfying generalization capabilit ies of texture based 

approaches. In order to benefit from the potential 

complementarity of the CoALBP and the LPQ face descriptions, 

to fuse them by concatenating their resulting histograms. The 

facial representations extracted from d ifferent colour spaces 

using different texture descriptors can also be concatenated in 

order to benefit from their complementarity. The effectiveness of 

different texture descriptors more closely in detecting various 

kinds of face spoofs by extracting holistic face representations 

from luminance and chrominance images in different colour 

spaces. In future, the T test is use for feature selection to reduce 

high time consumption due to high feature size, second the 

Classifier need high training sample so by applying sparse 

classifier it will be reduced. 
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