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Abstract
The major flaw of face recognition system is due to the chromatic 
variances, which increases the complexity of recognizing an 
individual’s face. The illumination changes are highly discussed 
in many researches as a primary drawback of face recognition, 
whenever the light conditions changes in capturing the facial 
information, the results also unexpected which makes the system 
more unpredictable. The researchers agree the fact of grayscale 
faces are producing better results when compared to Multi-
color 2D RGB Faces. Face registration (alignment) is the key 
of robust face recognition. If we can register face images into 
frontal views, the recognition task would be much easier. To align 
a face image into a canonical frontal view, we need to know the 
pose information of a human head. Pose estimation methods using 
the proposed model. The next issue that makes even human to get 
illusion is in understanding the pose of human face, whenever the 
alignment of face and angle of capturing changes, the accuracy of 
recognizing the exact human remains unanswered. The complexity 
of approximating the individual gets additional degradation to 
the previously discussed illumination variances. Various Human- 
computer Interfacing systems and robotic vision based system 
works on understanding the timely expression of human faces, 
which are under research for almost a decade. Human to human 
expression classification itself a difficult task, whenever a person 
changes his facial expression, it goes unclassifiable and negative. 
There are various systems which mainly focus on training of 
human expressions globally, not concerned with individuals. 
By considering all the above mentioned problem altogether, the 
proposed system focus on providing global solution for recognizing 
human faces by combining them to a single headed approach using 
Buttress Track Engine (BTE) and Exiguous Pattern Algorithm.
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I. Introduction
The current evolution of computer technologies has enhanced 
various applications in human-computer interface. Face and 
gesture recognition is a part of this field, which can be applied in 
various applications such as in robotic, security system, drivers 
monitor, and video coding system. The reason behind that decision 
is the training of the database to the system and recognizing the 
face that given as the input. 
Digital image processing is the use of computer algorithms to 
perform image processing on digital images. As a subcategory 
or field of digital signal processing, digital image processing has 
many advantages over analog image processing. It allows a much 
wider range of algorithms to be applied to the input data and can 
avoid problems such as the build-up of noise and signal distortion 
during processing. Since images are defined over two dimensions 

(perhaps more) digital image processing may be modeled in the 
form of Multidimensional Systems. In computer science, image 
processing is any form of signal processing for which the input 
is an image, such as a photograph or video frame; the output of 
image processing may be either an image or, a set of characteristics 
or parameters related to the image. Most image-processing 
techniques involve treating the image as a two-dimensional 
signal and applying standard signal-processing techniques to 
it. Image processing usually refers to digital image processing, 
but optical and analog image processing also are possible. This 
article is about general techniques that apply to all of them. The 
acquisition of images (producing the input image in the first place) 
is referred to as imaging. Face analysis has been carried out by 
many researchers in the past two decades in terms of tracking 
and recognition. A human face provides a variety of different 
communicative functions such as identification, the perception of 
emotional expression, and lip-reading. For these reasons, many 
applications in robotics and computer vision fields require tracking 
and recognizing a human face. A novel face recognition system 
should be able to deal with various changes in face images, such 
as pose, illumination, and expression, among which pose variation 
is the most difficult one to deal with. Therefore, face registration 
(alignment) is the key of robust face recognition. Many approaches 
have been proposed for pose-robust face recognition. Approaches 
for addressing pose variations can be largely classified into two 
categories. The first type of these approaches is often called multi-
view face recognition. Multi-view face recognition is a simple 
extension of frontal face recognition. It treats the whole face image 
under a certain pose as one vector in a high-dimensional vector 
space. And the training is done using multi-view face images 
and a test image is assumed to be matched to one of the existing 
head poses. Generally, multi-view based approaches should have 
view-specific classifiers. Therefore, the training and recognition 
processes are even more time consuming. The second type of 
approaches is face recognition across pose. It uses a canonical 
frontal view for face recognition. This method needs a face 
alignment process to generate a novel frontal view image. 
Therefore, various well-known frontal face recognition methods 
can be easily applied to this type of approaches. In this paper, 
we adopt the latter approach. If we can register face images into 
frontal views, the recognition task would be much easier. To align 
a face image into a canonical frontal view, we need to know the 
pose information of a human head. Therefore, in this paper, we 
propose a novel method for modeling a human head as a simple 
3D ellipsoid. Also, we present pose estimation methods using the 
proposed ellipsoid model. After recovering full motion of the head, 
we can register face images with pose variations into stabilized 
view images which are suitable for frontal face recognition. By 
doing so, simple and efficient frontal face recognition can be 
carried out in the stabilized texture map space instead of the 
original input image space.
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II. Related Work
Automatic facial recognition approaches can be distinguished 
according to the way they model the facial expression and pose 
of head. A typical approach is to model a facial expression as a set 
of local features. Some of the works that fall within this category 
have been inspired by Ekman’s Facial Expression Coding System 
(FACS) that codes a facial expression according to patterns of 
facial muscle activations [4]. These types of approaches are highly 
dependent on the detection of these local features and can also be 
time consuming. Face registration (alignment) [2], is the key of 
robust face recognition. If we can register face images into frontal 
views, the recognition task would be much easier. To align a face 
image into a canonical frontal view, we need to know the pose 
information of a human head. Head tracking and pose estimation 
methods using the proposed model. After recovering full motion 
of the head, we can register face images with pose variations 
into stabilized view images which are suitable for frontal face 
recognition. 
This paper focuses mainly on the issue of robustness to lighting 
variations. For example, a face verification system for a portable 
device should be able to verify a client at any time (day or night) 
and in any place (indoors or outdoors). Unfortunately, facial 
appearance depends strongly on the ambient lighting and—as 
emphasized by the recent Face Recognition Vendor Test (FRVT) 
and Face Recognition Grand Challenge (FRGC) trials—this 
remains one of the major challenges for current face recognition 
systems. Compared to face detection and recognition, which have 
been the primary focus of face-related vision research, identity-
invariant head pose estimation has fewer rigorously evaluated 
systems or generic solutions. To overcome the burden and the 
limitation of feature-based approach other methods have been 
proposed that provide template-models describing the face as a 
whole.
Furthermore, there is a need to create algorithms that take into 
account the temporal information of a facial expression and other 
part of the body. In recent year, there have been some attempts 
in this direction that have produced interesting performances. 
However, this still remains an unsolved problem.
In this paper, we attempt to address this problem by combining 
spatial and dynamical description of the facial expression and of the 
upper part of the body (i.e., head pose and shoulder. We also propose 
an efficient way to address the fusion of these local and dynamic 
of descriptors. In the system we first locate facial components, 
extract them and combine them into a single feature vector and 
matrix which is classified by a Buttress Track Engine (BTE) and 
Exiguous Pattern. Huge often Exiguous Pattern appears in science 
or engineering when solving partial differential equations. When 
storing and manipulating Buttress Track Engine on a computer, 
it is beneficial and often necessary to use specialized algorithms 
and data structures that take advantage of the sparse structure of 
the matrix. An Exiguous Pattern obtained when solving a finite 
element problem in two dimensions. The non-zero elements are 
shown in black. 
To obtain, the similarities and dissimilarities of the faces to detect 
the related faces of the given images. Buttress Track Engine is a 
concept in statistics and the computer science for a set of elated 
supervised learning methods that analyze data and recognize the 
patterns used for classification and regression analysis. By these 
algorithms, the face is recognized by analyzing the invariants.

III. System Description
Fig. 1, showed the whole process of the proposed face recognition 
system. The system is for recognizing face in the database that is 
related to the given facial image. The system includes two main 
parts. The first part is the training process. The database is trained 
to the system that extracts the feature using Exiguous Pattern. The 
database contains varying facial image with various invariant such 
as pose, expression, illumination and misalignment. The reason to 
apply the Exiguous Pattern to training rather than just extracting 
features of face similarities and dissimilarities.
The second descriptor is testing, where set the feature using 
Buttress Track Engine (BTE) then by applying the distance 
measure, recognize the related face of the given image. The 
Buttress Track Engine algorithm is applied to make the Exiguous 
Pattern Algorithm efficient such that recognizing face is efficient 
and time consuming.
The features extracted with Exiguous Pattern and Buttress Track 
Engine algorithms are then used to compute the dynamic features 
that integrate both spatial and temporal variation of the emotional 
expression, head pose, illumination and misalignment. Finally, the 
Buttress Track Engine classifier and distance measurement extract 
the related facial image of the input facial image.

Fig. 1: The Proposed Face Recognition Process

IV. Buttress Track Engine and Exiguous Pattern

A. Buttress Track Engine Classification
We first explain the basics of Buttress Track Engine Classification 
(BTE) for binary classification. Then we discuss how this technique 
can be extended to deal with general multi-class classification 
problems.

1. Binary Classification
Buttress Track Engine belongs to the class of maximum margin 
classifiers. They perform pattern recognition between two classes 
by finding a decision surface that has maximum distance to the 
closest points in the training set which are termed support vectors. 
We start with a training set of points xi ϵ IRn where, i =1, 2 ...N 
where each point xi   belongs to one of two classes identified by 
the label yi ϵ {-1,1}. Assuming linearly separable data1, the goal 
of maximum margin classification is to separate the two classes 
by a hyperplane such that the distance to the support vectors is 
maximized. This hyperplane is called the Optimal Separating 
Hyperplane (OSH). OSH has the form:
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The coefficients are the solutions of a quadratic programming 
problem. Classification of a new data point is performed by 
computing the sign of the right side. In the following we will 
use

  
to perform multi-class classification. The sign of d is the classification 
result for and |d| is the distance from x to the hyperplane. Intuitively, 
the farther away a point is from the decision surface, i.e. the larger 
|d|, the more reliable the classification result. The entire construction 
can be extended to the case of nonlinear separating surfaces. Each 
point x in the input space is mapped to a point z = ɸ(x) of a higher 
dimensional space, called the feature space, where the data are 
separated by a hyperplane. The key property in this construction is 
that the mapping ɸ is subject to the condition that the dot product 
of two points in the feature space ɸ(x).ɸ(y) can be rewritten as 
a kernel function K(x,y). The decision surface has the equation 

again, the coefficients αi and bare the solutions of a quadratic 
programming problem. Note that f(x) does not depend on the 
dimensionality of the feature space. An important family of kernel 
functions is the polynomial kernel:

where d is the degree of the polynomial. In this case the components 
of the mapping ɸ(x) are all the possible monomials of input 
components up to the degree d.

2. Multi-Class Classification
There are two basic strategies for solving class problems with 
Buttress Track Engine:

In the one-vs.-all approach q Buttress Track Engine are • 
trained. Each of the Buttress Track Engine separates a single 
class from all remaining classes.
In the pair-wise approach q(q-1)/2 machines are trained. Each • 
Buttress Track Engine separates a pair of classes. 

The pair-wise classifiers are arranged in trees, where each tree 
node represents a Buttress Track Engine. A bottom-up tree similar 
to the elimination tree used in tennis tournaments was originally 
proposed in for recognition of objects and was applied to face 
recognition. A top-down tree structure has been recently published. 
There is no theoretical analysis of the two strategies with respect to 
classification performance. Regarding the training effort, the one-
vs-all approach is preferable since only q Buttress Track Engine 
have to be trained compared to q(q-1)/2  Buttress Track Engine 
in the pair-wise approach. 
The run-time complexity of the two strategies is similar: The 
one-vs-all approach requires the evaluation of q the pair-wise 
approach the evaluation of (q-1) oop. Recent experiments on 
person recognition show similar classification performances for 
the two strategies. Since the number of classes in face recognition 
can be rather large we opted for the one-vs.-all strategy where 
the number of Buttress Track Engine is linear with the number 
of classes.

3. Exiguous Pattern Classification

(i). Storing a Exiguous Pattern
The Exiguous Pattern is used to pattern the face similarities and 
dissimilarities in a meagerly approach. This algorithm is taken 
the invariance in an account to recognize the accurate face of the 
given facial image.   
The native data structure for a matrix is a two-dimensional array. 
Each entry in the array represents an element ai,j of the matrix 
and can be accessed by the two indices i and j. 
For an mxn matrix, enough memory to store up to (m×n) entries 
to represent the matrix is needed. Formats can be divided into 
two groups:

Those that support efficient modification• 
Those that support efficient matrix operations. • 

The efficient modification group includes DOK, LIL, and COO 
and is typically used to construct the matrix. Once the matrix is 
constructed, it is typically converted to a format, such as CSR or 
CSC, which is more efficient for matrix operations.

(ii). Dictionary of Keys (DOK)
DOK represents non-zero values as a dictionary mapping (row, 
column) -tuples to values. This format is good for incrementally 
constructing a sparse array, but poor for iterating over non-zero 
values in sorted order. One typically creates the matrix with this 
format, then converts to another format for processing

(iii). List of Lists (LIL)
LIL stores one list per row, where each entry stores a column 
index and value. Typically, these entries are kept sorted by column 
index for faster lookup. This is another format which is good for 
incremental matrix construction.

(iv). Coordinate List (COO)
COO stores a list of (row, column, value) tuples. Ideally, the entries 
are sorted (by row index, then column index) to improve random 
access times. This is another format which is good for incremental 
matrix construction. This list is enhanced in the proposed system 
for the efficient process.

(v). YALE Format
The Yale Format stores an initial sparse m×n matrix, M, in row 
from using three one-dimensional arrays. Let NNZ denote the 
number of nonzero entries of M. The first array is A, which is of 
length NNZ, and holds all nonzero entries of M in left-to-right 
top-to-bottom (row-major) order. The second array is IA, which is 
of length m + 1 (i.e., one entry per row, plus one). IA(i) contains 
the index in A of the first nonzero element of row i. Row i of the 
original matrix extends from A(IA(i)) to A(IA(i+1)-1), i.e. from 
the start of one row to the last index before the start of the next. 
The third array, JA, contains the column index of each element 
of A, so it also is of length NNZ.
For example, the matrix

is a three-by-four matrix with six nonzero elements, so
A =  [ 1 2 3 9 1 4 ]
IA= [ 0 2 4 6 ]
JA =[ 0 1 1 2 1 2 ]
In this case the Yale representation contains 16 entries, compared 
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to only 12 in the original matrix. The Yale format saves on memory 
only when NNZ < (m(n − 1) − 1) / 2.

(vi). Compressed Sparse Row (CSR or CRS)
CSR is effectively identical to the Yale Exiguous Pattern format, 
except that the column array is normally stored ahead of the row 
index array. I.e. CSR is (Val, col_ind, row_ptr), where val is an 
array of the (left-to-right, then top-to-bottom) non-zero values 
of the matrix; col_ind is the column indices corresponding to the 
values; and, row_ptr is the list of value indexes where each row 
starts. The name is based on the fact that row index information is 
compressed relative to the COO format. One typically uses another 
format (LIL, DOK, and COO) for construction. This format is 
efficient for arithmetic operations, row slicing, and matrix-vector 
products.

(vii). Compressed Sparse Column (CSC OR CCS)
CSC is similar to CSR except that values are read first by column, a 
row index is stored for each value, and column pointers are stored. 
I.e. CSC is (Val, row_ind, col_ptr), where Val is an array of the 
(top-to-bottom, then left-to-right-bottom) non-zero values of the 
matrix; row_ind is the row indices corresponding to the values; 
and, col_ptr is the list of val indexes where each column starts. 
The name is based on the fact that column index information is 
compressed relative to the COO format. One typically uses another 
format (LIL, DOK, and COO) for construction. This format is 
efficient for arithmetic operations, column slicing, and matrix-
vector products.

(viii). Example
A bitmap image having only 2 colors, with one of them dominant 
(say a file that stores a handwritten signature) can be encoded as 
a Exiguous Pattern that contains only row and column numbers 
for pixels with the non-dominant color.

(ix). Experimental Result
In this section, we systematically evaluate the effectiveness of our 
general formulation for face recognition, and we take two popular 
subspace learning algorithms, YALE database as examples for the 
evaluation. The evaluation consists of aspect:

Collect the database• 
Training the database• 
Select the image as an input• 
Execute the related face of the given input• 

Fig. 2: Training the Database to the System

The YALE database contains the several of database such as male, 
female, male staff. In fig, the databases are trained to the system. By 
training the databases, the dissimilarities of the faces are patterned 
as a matrix. When the input face is given, the searching process is 
processed to execute the related face which is shown fig3.

Fig. 3: Related Image of the Input

In the graph given below, it shows the efficiency, time complexity, 
accuracy are compared based on the existing and proposed 
algorithms. The buttress track engine works a major role to make 
better result than the existing system. The buttress track engine and 
exiguous pattern approach are used for both training the system 
and testing the given face. 

In Table1, 2, 3, 4, show the efficiencies of the proposed algorithm 
based on the invariance. For example, the anger face can be 
efficiently detected than the baseline method. This table describes 
the above graph rates.

Table 1: Classification Rates Comparison Expression
BASELINE 
METHOD OUR SYSTEM

OVERALL RATES OVERALL RATES
ANGER 0.630 0.73
FEAR 0.800 1.00
JOY 0.677 0.72
RELIEF 0.808 0.85
SADNESS 0.600 0.71
AVERAGE 0.703 0.77

Table 2: Classification Rates-Comparison Illuminations
BASELINE 
METHOD OUR SYSTEM

OVERALL 
RATES OVERALL RATES

DARKNESS 0.613 0.73
LIGHT FLASH 0.461 0.67
SHAKING 0.214 0.55

Table 3: Classification Rates Comparison Alignment
BASELINE METHOD OUR SYSTEM
OVERALL RATES OVERALL RATES

ROTAION 0.733 1.0
LEFT 0.217 0.44
RIGHT 0.358 0.65
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Table 4: Classification Rates Comparison-Poses
HEAD 
ROTATION BASELINE METHOD OUR SYSTEM

OVERALL RATES OVERALL 
RATES

LEFT 0.568 0.69
RIGHT 0.439 0.61
FRONTAL 0.624 0.72
HALF-LEFT 0.351 0.58
HALF-RIGHT 0.578 0.74

V. Conclusion
This system presented a face recognition technique using proposed 
algorithm for illumination invariant, pose invariant and expression 
invariant face recognition. The feature selection strategy is robust 
to the variations that occur in the face images captured in both 
visual and thermal spectra. The novel Exiguous Pattern and 
Buttress Track Engine approach has been able to provide high 
recognition accuracy in images affected due to partial occlusions,                   
invariance. 
The system includes a sparse faces and sparse space method as an 
image preprocessing technique for face recognition under varying 
lighting. The work relies on the widely accepted assumption that 
in model might be approximately smooth. The high recognition 
rates achieved by Eigen faces model and sparse on all databases 
have justified this assumption, and show that Eigen faces  and is 
effective method for illumination problem in face recognition, 
and robust to different lighting and noise.
Experimental results presented show significant improvement 
in the recognition accuracy of images with pose variation, 
expression variation. The fusion procedure presented in the paper 
has outperformed the individual modalities as well as other data 
fusion techniques in terms of recognition accuracy. This also 
indicates that proper use of complementary information from 
different sensor modalities would be more beneficial for accurate 
face recognition.
Moreover, we empirically make a comprehensive analysis and 
comparison with several state-of-the-art illumination normalization 
methods on the large-scale Yale dataset, and investigate their 
connections with robust descriptors, recognition methods, and 
image quality. This provides new insights into the role of robust 
preprocessing methods played in dealing with difficult lighting 
conditions and thus being useful in the designation of new methods 
for robust face recognition

VI. Scope of Future Work
We have proposed a technique that can recognize the facial image 
from the database for a given input image by performing the 
Buttress Track Engine Algorithm and Exiguous Pattern. The 
invariance like illumination, expression, pose, misalignment is 
performed using the above mentioned algorithm to get the accurate 
image from the database.
Furthermore, in future the proposed technique can be extended 
for face aging issues by exploring different (nonlinear) methods 
for building aging pattern space given noisy 2D or 3D shape and 
texture data with cross validation of the aging pattern space and 
aging simulation results in terms of face recognition performance 
can further improve simulated aging. Age estimation is essential 
if a fully automatic age-invariant face recognition system is 
needed.
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