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variations while depth information is more robust than
intensity information in the context of pose variations. Thus,
their combination is helpful in improving the recognition
performance. To enhance the input image, preprocessing is
carried out using Wiener filter. The texture and depth
information are extracted from directional faces at multiple
levels [1]. Direction is a low level feature that enhances edges
and boundaries, can be considered for face recognition
because a large amount of information in face is aligned in
specific directions. For capturing the directional features,
derivatives of directional filters designed using Local
Polynomial Approximation (LPA) is used. The features are
extracted at local and global level using mLBP from the
directional faces. The LPA-mLBP map is then divided into
blocks and histogram is evaluated in each block and
concatenated. The spectral representation of the histogram is
obtained by applying Discrete Fourier transform (DFT). The
spectral representation, thus obtained serves as the face
descriptor. Finally PCA is applied for dimensionality
reduction of the descriptor and classification is done.
Most of the early works on face recognition concentrates
on global approach. In this method the whole image is
considered and its features are extracted at global level. The
significant methods in this category are Eigen face method
and Fisher face techniques which are based on the Principal
Component Analysis (PCA) [2] and Linear Discriminant
Analysis (LDA) [3] respectively. Principal Component
Analysis proposed by Matthew A.Turk and et.al encodes the
variations between face images characterized by a set of
Eigen vectors (Face space). The weights of the new face
image are calculated by projecting the same into the face
space. The main drawback of this method is that, it is highly
affected by illumination and pose changes. C. Podilchuk et.al
introduced DCT based feature vector extraction [4] as the
DCT coefficients reflect the important frequencies that are
present in the face image. Ahonen et al. applied LBP to face
recognition [5] by partitioning the face image into
non-overlapping rectangular blocks. The operator assigns a
label to every pixel of an image by thresholding the
3x3-neighborhood of each pixel with the center pixel value
and considering the result as a binary number. The accuracy
of 2D recognition system is influenced by illumination and
pose changes. To overcome these drawbacks, the 3D
information which is available from face image is combined
along with the 2D information. A comparative study on
combining depth and texture information is carried out by
Ben Abdelkader et al [6] and found that a significant
improvement in face of the recognition is achieved by
multimodality. As by [7] Antonio Rama et.al presents a novel
face recognition approach which uses only partial
information in the recognition stage. The algorithm is based
on an extension of the classical PCA called as P2CA, and it
implements a mixed 2D-3D method.

Abstract— Traditional 2D face recognition methods based on
intensity or color images, face challenges in dealing with pose
variations or illumination changes. The face recognition based on
combination of 3D shape information and 2D intensity/color
information is a novel approach, which provides an opportunity to
improve the face recognition performance. This paper proposes an
efficient multimodal face recognition method by combining the
textural as well as depth features, extracted from directional faces
of input image. To overcome problems occurred due to low quality
image, pre-processing is done before extracting features from the
image. The directional faces captured using Local Polynomial
Approximation (LPA) filters are adaptively optimized. The
modified LBP (mLBP) is used for the feature extraction from
these directional faces. The spectral transformation of the
concatenated block histogram of mLBP feature image acts as the
robust face descriptor. Discrete Fourier Transform (DFT) is used
as the transformation tool. The fusion of both modalities is
performed at score level. The experimental results shows that the
proposed method gives better performance than single modality.
Index Terms— DFT, MLBP, multimodal, ODF, Weiner
filter.

I. INTRODUCTION
3D face recognition is one of the fast growing research
area in pattern recognition and computer vision. The main
challenges in 2D face recognition are illumination and pose
variations which affect the accuracy of the recognition
system. To improve the performance some additional
information needs to be considered along with the texture
information. Such types of recognition system where
multiple features are used for identification purpose are
called multi modal face recognition systems. Depth is an
important information that is invariant to physical changes
and provides recognition in different view angles. If the depth
information is also made available along with texture
information, fusing these two features promise a better
performance than both used separately. Textural data is the
2D (x, y) representation of intensity values while depth image
or range images contains at most one depth value (z
direction) for every point in the (x, y) plane. In this paper, the
objective is to develop an accurate and robust multimodal
face recognition system, by fusing the depth and intensity
information effectively. Intensity information is more
reliable than depth information in the context of expression
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[10]. A modified form of Local Binary Pattern (LBP) is used
as the feature extraction tool which aids the feature extraction
at both global and local level. The spectral transformation of
the feature vector is performed and is fed to the classifier. The
fusion of both modalities is performed in score level. Fig.1
shows the block diagram of the proposed method.

II. PROPOSED METHOD
The detailed explanation of proposed algorithm is
explained in this section. The database considered is
FRAV3D [8]. It is a multimodal database which contains
texture information (2D image), face model in range data
format (2.5D image) and VRML file (3D image). The texture
information is available as RGB image of size 400x400 while
3D data in form of point cloud as a matrix array of Mx3. The
value of M denotes the number of points in the 3D space. The
point cloud data in 3D space is projected to an X-Y grid to get
2.5D (2.5D image is the depth map itself) image using
standard projection formula. This depth data will be having
the pixel value as the Z- Coordinate of Point Cloud data. The
first step is preprocessing, which aims an improvement in the
input image data by suppressing unwanted distortions or for
enhancing some image features which is important for further
processing. Then the directional faces of the input face are
extracted by convolving it with LPA filter [9]. The
directional faces so obtained at multiple scales are adaptively
optimized using Intersection of Confidence Interval (ICI)

A. Preprocessing
The main objective of preprocessing stage is to enhance the
input image prior to computational processing. Preprocessing
of images commonly involves removal of low-frequency
background noise, normalizing the intensity of the individual
particles images, removing reflections, and masking portions
of images. Wiener filtering is one of the optimal ways of
filtering off the noisy components so as to give the best
reconstruction of the original signal. Wiener filter produces an
estimate of desired or target random process by linear
time-invariant filtering of an observed noisy process,
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Figure 1. Block diagram of the proposed system

assuming known stationary signal and noise spectra, and
additive noise. In short Wiener filter produces an estimate of
the signal of interest by filtering out noise from it. Wiener
filter operation in 2D does the adaptive noise removal
filtering. It acts like a low pass filter for an intensity image that
has been degraded by constant power additive noise by using
a pixel-wise adaptive Wiener method. It is based on statistics

estimated from a local neighborhood of each pixel, which can
also estimate the additive noise power before doing the
filtering.
B. LPA filters and optimized directional faces
Face contains information that are aligned in varying
directions. For example, the features like eye brows, eyes are
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aligned in horizontal direction while nose or face contour are
aligned in vertical direction. In order to capture these
specialties of the faces and to incorporate them for the
recognition purpose, directional filters designed using LPA is
used. LPA is a polynomial fitting technique generally used in
designing of directional filters at multiple scales. Edges and
boundaries are those regions where there is a sharp transition
of intensity values, which can be captured by using
derivatives of directional filters. The first order LPA
derivative filter ( , ) for direction θ and scale s is defined as
follows:
( − ) = −

,

where f(t) denotes unit step function, tc is the intensity value
of the center pixel, ti are the neighbors around the center
pixel. mLBP operator is applied to each ODF seperately and
the extracted features are concatenated. Initially the mLBP
map is divided into blocks and then histogram of each blocks
is calculated and concatenated. Fig.3 shows the 3 level
partitioning and histogram calculation of an ODF. The
number of blocks depends on the level of partitioning. For a
kth level partitioning, the image is divided into 4k (k=0,1..K)
non-overlapping blocks. At level k=0 the image is considered
as a whole and global features are obtained. Histogram
obtained from ODF
at each level k is concatenated
together to get ℎ + .Then the histograms for different levels
(or k) are concatenated to get the histogram of that ODF
represented as - . The same procedure is repeated for all
the four ODFs and the feature vectors are combined to get the
final face descriptor represented as H.

( − ) Ф ( − ) Ф Ф (0)

,
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,
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where € is a domain of coordinates, €
is the center
of the LPA, , is a window function used for a fitting in the
neighborhood of the center x, the scale s determines the size
of the neighborhood, and Ф is the vector polynomial. For a
specified scale, the LPA kernels are obtained by rotating the
kernels in required angles. The directional faces are
generated by convolving the input face image with
directional filter kernels. For the face image F(x), the
directional face (Ds,ѳ) is defined as
ѳ( ) =

( )∗

,

( )

H = [- - - - ]
Since the face contains redundant information, removing
them adds the performance of the system. Spectral
transformation is one of the simplest way to achieve this.
Discrete Fourier Transform (DFT) is used as the spectral
transformation tool, using equation (5)
. (/) = ∑5
36"

23+/5

(5)

The Fourier spectrum is a plot of energy against spatial
frequencies, where spatial frequencies relate to spatial
relations of intensity in image. The better energy compaction
of DFT and its rotation invariance property adds the accuracy
rate. By spectral transformation, the redundancy in data
vectors can be reduced considerably as well as it enables the
better representation of the feature vector. The Fourier
transform converts the input vector into its complex valued
output spectrum consists of magnitude and phase. If we want
to reconstruct the complex spectrum back into its original
spatial domain, both the phase and magnitude needs to be
preserved. Most of the information is available in the
magnitude of the

(3)

The number of directional faces thus obtained is equal to the
product of number of directions and scales used in the filter
design. Scale s is the support size of filter, which determines
the number of pixels selected to estimate the directional
derivative at a point. In this work, number of scales and
directions is set to be 4 inorder to reduce the complexity.
Hence here 16 directional faces are generated. But it is not
easy to deal with this large number of directional faces as it
results higher complexity in feature extraction. As a solution,
the directional faces are adaptively optimized using
Intersection of Confidence Interval (ICI) rule. The ICI
adaptively selects the pixel in images for each scale such that
mean square error (MMSE) is minimized. The directional
faces obtained after optimization is called optimized
Directional Faces (ODFs).Direction of filter is represented as
= { , , , } and corresponding ODFs as {
}4j=1.
Fig.2 shows the 16 directional faces and 4 Optimized
Directional Faces for 4 directions and 4 scales. The textural
and depth information are extracted from these directional
faces simultaneously.

spectrum and there is no need of a retransformation into the
spatial domain in any of the further stages. Therefore, only
the magnitude of the complex spectrum is preserved. The
same procedure is followed for both texture and depth data
simultaneously to get their spectral transformation which acts
as the face descriptor. Even though the transformation
reduces the redundancy, the multilevel directional, texture
and depth feature extraction results in higher
dimensionality.To compensate this higher dimensionality of
the feature vector and to reduce the complexity, PCA [2]
technique is applied.

C.

Feature extraction
Feature extraction which is also called representation, is
the crucial step that influence the accuracy of recognition
system. Feature extraction deals with the extraction of
specific features that efficiently represents the input face.
Because of its computational simplicity and effectiveness,
LBP operator has become a popular approach in recognition
applications. LBP operator generates a series of binary codes
by thresholding the neighborhood of each pixel. For keeping
the low dimensionality of the descriptor, a modified form of
LBP called mLBP is used for a window of suitable size. For a
3x3 window it is defined as:
)2
M LBP (tc) = ∑" !( #$ − #$% ) 2$ + !(#( − #)

(0)1

D. Dimensionality reduction
The higher level partitioning of the mLBP map leads to the
higher dimensionality of the face descriptor. For a 4 level
(k=0,1,2,3) partitioning of ODF having mLBP of dimension
32, results in a face descriptor of dimensionality
4*32* ∑86" 48 =10880. To reduce the complexity due to
higher dimensionality of the feature vector Principal
Component Analysis (PCA) [2] based technique is applied.
The idea behind PCA is that a high dimensional feature
vector can be represented by a set of Eigen vectors that
characterizes the variations in face mage. Let Fi be the
concatenated histogram of the ith person, it is grouped as an M

(4)
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x N matrix F = [F1 F2 …FN], where N is the number of face
samples under consideration. Mean vector is calculated as
follows
Fm= ∑5
$6

(6)

$

5

Eigen vectors. The Eigen values are sorted in descending
order and will select the first Nn largest Eigen values and
corresponding Eigen vectors. Eigen vectors in Nn dimension
is transformed to the higher dimension of M by multiplying
with Standard deviation Matrix. Now the test data is
projected to this lower dimension space to get the
corresponding weight vectors.

Standard deviation will be calculated
FSD =∑5
$6 (

$

−

9)

(7)

E. Fusion and Face Classification
After collecting the information at multiple levels, next
step is fusion of individual information and classification.
Classification is the decision making stage. The function of
the classifier is to group the unknown incoming face image to
one of the known labeled class. Classification is performed
using Euclidean distance method, which calculates the
distance between test data and trained data and the unlabeled
face image is classified into one with minimum error or
distance

Covariance matrix is calculated
FCOV = FSD* FTSD

(8)

This is a matrix of size M x M, which is of very large
dimension. Also it gives M Eigen values and M Eigen vectors
which are very large in number to process. To reduce high
dimensionality the covariance matrix is changed as,
FCOV = FTSD* FSD

(9)

The result is a matrix of size N x N, where N is the number of
faces under consideration. It gives N Eigen values and N

Figure 2. The face image is convolved with LPA filters to get directional faces.Optimised using ICI in each direction to
obtain Optimised Directional Face in each direction
One of the important factors in multimodal system is how to
fuse the information captured from different sources. Mainly
there are 3 types of fusion schemes – feature level fusion,
score level fusion and decision level fusion [13]. This paper
focuses on score level fusion. Score level fusion combines
the matching scores of two modalities and decision is taken
based on this combined score. In first step the classifier is
allowed to estimate the distance between the training vector
and testing vector independently for intensity map and depth
map. In next step we combined the individual error scores
from depth and texture as a single error value an5d find the
minimum distance of the test image feature vector from the
features of other images in the training samples.

evaluation. There is a significant improvement in recognition
rate when fusion scheme is employed. First the recognition
accuracy is obtained using texture and depth separately.
Accuracy is checked by varying number of persons from 10
to 75 with 16 samples of each person. The performance of the
fused scheme is compared with the individual performance.
There is a significant improvement in recognition rate when
fusion scheme is employed.
Table I and II shows the individual results by varying
number of training images from one to three. Texture and
depth features are extracted separately and are evaluated.
Texture information is more robust than depth in terms of
pose variations; on the other hand depth is more pertinent in
illumination variations. The results obtained by fusion of
texture and depth are tabulated in Table III. Fusion of the
matching scores proves that the recognition accuracy can be
improved significantly by fusion of scores of multiple
representations. From the analysis of tables it is clear that
there is some improvement in the accuracy obtained by
fusing two modalities. The recognition rate can be further

III. EXPERIMENTAL RESULTS
The proposed system is evaluated on a Windows7
system with 4GB RAM and Intel i3 processor using
MATLAB R2012b. For testing and analysis of the proposed
system FRAV3D database is used. It contains 16 different
poses of 106 persons. Of those 75 subjects is considered for
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improved by including more number of training images. The
spectral transformation using DFT reduces the redundancy in
the feature vector thus adds the efficiency. Table IV shows
the comparison of recognition rate after applying DFT. Fig. 4
shows the graphical representation of same. From the
analysis of table V, it is clear that the preprocessing of input
images prior to computations improve the overall
performance of the system.
Table VI is the tabulation of complete comparison of the
proposed system with existing methods. From the analysis of
table it is clear that there is a minimum improvement of 10%
using the proposed method. For large number of testing
images there is an improvement upto 20%. Fig.5 is the
graphical comparison of the proposed system.
TABLE I. ACCURACY USING TEXTURE ONLY

TABLE III. ACCURACY USING TEXTURE AND DEPTH
WITH DFT

TABLE IV COMPARISION OF FUSION

TABLE II. ACCURACY USING DEPTH ONLY

TABLE V ACCURACY WITH PREPROCESSING USING
WEINER FILTER
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images at multiple scales, which are then optimized using
ICI. The texture and depth features are captured from these
directional faces using mLBP tool. The feature vector thus
obtained is robust and is invariant to physical variations.
Texture information is pertinent than depth information in the
context of expression variations and depth information is
more reliable than texture information in the case of pose
variations. Thus, their combination is helpful in improving
recognition rate and performance. Besides, spectral
transformation of feature vector and preprocessing of face
images using Weiner filter improves the recognition accuracy
of the system. Further improvement in recognition can be
achieved by including more number of training images and
with a better classifier.

TABLE VI COMPARISON OF SINGLE MODAL SYSTEM WITH
PROPOSED MULTI MODAL SYSTEM
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IV. CONCLUSION
An efficient multimodal face recognition method using
combined textural and depth information is proposed in this
work. The information is extracted from Optimized
Directional Faces captured at multiple directions. LPA filters
are utilized to extract the directional information from face
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