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Abstract - This paper represents an analysis of the Linear Discriminant Fisher face methods. The Fisher face is an 
improvement over the Eigen face recognition method. This paper compiles all the information related to the Fisher face 
method like the computation, related research work, methodology used, importance of the work etc. Fisher-faces are useful 
in recognizing a face under different illumination conditions and for different types of facial expressions. 
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I. INTRODUCTION 
 
The Linear discriminant analysis (LDA) is a 
generalization of Fisher's linear discriminant. It is 
used in statistics, pattern recognition and machine 
learning to find a linear combination of features that 
illustrates or separates two or more classes of objects 
or events. The subsequent combination result may be 
used as a linear classifier or, it can be used for 
dimensionality reduction before further classification 
[1]. LDA use one variable to express linear 
combination of other features. LDA tries to discover 
differences between two classes of data. Discriminant 
analysis works best, if information is already divided 
into groups. It maximizes the ratio of class-scatter 
and hence it gives better results than principal 
component analysis(PCA).  
 
II. FISHER LDA [2] 
 
Let there are two classes of examinations with means 
µ0 and µ1 respectively. Each class has covariance Σ0 
and Σ1 respectively. The linear combination of 
features w. x will have mean and variance. Fisher 
defined the separation between these two 
distributions to be the ratio of the variance between 
the classes to the variance within the classes. Fisher's 
linear discriminant is a classification technique [3] 
that impels high-dimensional data onto a line and 
performs classification in this one-dimensional space. 
The projection maximizes the distance between the 
means of the two classes while minimizing the 
variance within each class. This defines the Fisher 
criterion, which is maximized over all linear 
projections, w: 

퐽(푤) = | |   (1) 
 Where mean (m) and s2 is variance, and the 
classes are represented by subscripts. Maximizing 
this criterion yields a closed form solution that 
involves the inverse of a covariance-like matrix. The 
performance of the Fisher method depends upon the 
type of input data used for classification. If it is 
trained to identify components in bright illumination, 
but it is used to find components in light or dark 

illumination than it will provide bad results. It allows 
reconstruction of an image.  
The PCA generates Eigen faces and provide a 
successful way to represent the data by using least 
square solutions of the Eigen vectors. But in case of 
classification of images LDA is better than the PCA 
method.  
 
III. COMPUTATION OF FISHER FACES  
 
Initially we assume that data is normally distributed 
among all cases. Consider the Multivariate Normal 
distribution (MND) as: 
푀푁퐷 = 푁 (휇 , Σ )   (2) 

Where µ is mean and Σ sigma is variance. Also 
consider probability density function (PDF) as 
follows: 
푃퐷퐹 = 퐹 (푥|휇 , Σ )푃          (3) 

Where, Pi is the class prior probability. If we have C 
number of classes, i.e. from i=1 to i= C, the 
classification of a test sample x for all classes is 
performed by comparing the PDF of all classes. 
Discriminant score of each class is calculated as 
follows [4]:  
푑 (푥) = (푥 − 휇 ) Σ (푥 − 휇 ) + log|Σ |−
2푙표푔푃 (4) 
 
The discriminant scores usually produce quadratic 
classification boundaries between C numbers of 
classes. If all the covariance matrices are 
equivalent,the quadratic parts of discriminant scores 
cancel out and it yields linear classifiers which are 
known as linear discriminant bases. Therefore it is 
also known as LDA. If C = 2, then the classes are 
called homoscedastic Normal. Difference between 
information within the class is given by following 
scatter matrix:  
 
푆 = ∑ (푥 − 휇 )(푥 − 휇 )푇 (5)  
 
Difference between information of two classes is 
given by following scatter matrix: 
푆 = ∑ (휇 − 휇)(휇 − 휇)푇  (6) 
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Now, discover those basis vectors V where Sw is 
minimized and Sb is maximized, where V is a matrix 
whose columns vi are the basis vectors defining the 
subspace. 
 
푉 =     (7) 

 
IV. FISHER FACE AND WIRELESS SENSOR 
NETWORKS  
 
Wireless sensor network (WSN)[5-19] is an emerging 
area of research like face recognition systems [20-
22]. WSN  are presenting awarenessfor security 
applications andvery helpful for contactless 
biometrics security applications[23-24]. Razzak et al. 
proposed a LDA based face recognition system for 
wireless sensor networks [25].  It helps to decrease 
the communication overload and improves the node 
life time by distributing the work load onthe nodes.  
 
As WSN sare energy, memory and processing power 
constrained networks, it is very hard to perform face 
recognition tasks in them. The physical structure of 
sensor network is of Ad-hoc nature and the face 
images are influenced by several issues such as pose, 
expression and illumination.The main purpose of face 
recognitionin WSN is to diminish the energy 
depletion by maintaining the precision and efficiently 
allocating the resources in distributed environment.  
 
V. KERNEL FISHER FACE LDA 
 
LDA does not perform well when boundaries 
between classes are nonlinear. A high level non 
linearity exhibits when there is a variation in facial 
features like illumination, pose etc. The 
machinelearning based kernel methods (based on 
kernel trick) can properly formulate nonlinear 
generalizations of linearmethods while conserving the 
computational manipulability oftheir linear 
counterparts. Authors in [26] have proposed 
enhanced KDA algorithm calledkernel fractional-step 
discriminant analysis (KFDA). It has two steps; 
Instep one, KDA with a weighting function 
combinedis accomplished to attain a low-dimensional 
subspace. In thestep two, a subsequent FLDA 
procedure is applied to thelow-dimensional subspace 
to accurately adjust the weightsin the weighting 
function through making fractional steps,leading to a 
set of enhanced features for face recognition. They 
have proposed two new kernel functions called 
cosinefractional-power polynomial kernel and non-
normal Gaussian RBF kernel. The first kernel support 
method is support vector machine [27]. The kernel 
trickpermits inner products in the feature space to be 
calculatedwholly in the input space without 
accomplishment of the mappingobviously. Therefore, 
for linear methods which can exhibit therelationships 
between data in terms of inner products only,they can 

willingly be kernelized to give their nonlinear 
extensions. The kernel subspaceanalysis methods 
have been proposed to prolong linear sub-space 
analysis method to nonlinear ones by utilizing 
thesame kernel trick, controlling to performance 
development inface recognition over their linear 
counterparts. 
 
VI. FISHERFACES FACE RECOGNIZER 
ALGORITHM  
  
FisherFaces face recognizer algorithm mines 
principal components that differentiate one person 
from the others. Therefore, an individual's 
components do not dominate over the others. Figure 1 
shows a set of principal components using Fisher face 
algorithm [28]. Following function of OpenCV can 
be used to implement FisherFace recognizer [29].  
 
Ptr<FaceRecognizer>createFisherFaceRecognizer(i
ntnum_components=0,double 
threshold=DBL_MAX) 
 
 num_components: The number of components 

used for the LDA with the Fisherfaces criterion. 
It’s useful to keep all components, i.e. the 
number of classes C (i.e. number of persons 
persons you want to recognize). If you leave this 
at the default (0) or set it to a value less-equal 0 
or greater (c-1), it will be set to the correct 
number (c-1) automatically. 
 

 threshold – The threshold applied in the 
prediction. If the distance to the nearest neighbor 
is larger than the threshold, this method returns -
1. 
 

 Training and prediction must be done on 
grayscale images, use cvtColor() to convert 
between the color spaces. 
 

 The FisherFaces method makes the assumption, 
that the training and test images are of equal size. 
The input data must be in the correct shape, else 
a meaningful exception is thrown.  
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Figure 1:  FisherFaces Recognizer Principal Components. 
CONCLUSION 
 
LDA based methods perform better than PCA while 
LDA based methods are facing problems with 
Security. The goal of LDA is to obtain the best 
demonstration of feature vector space.LDA is 
implemented on the lower dimensional space 
achieved by PCA.A suitable selection of the kernel 
function plays a pivot role in the performance of the 
kernel based Fisher LDA method. Eigen faces can 
consider illumination as a more important component 
of a person face and therefore can discard other 
important components of the face. This issue can be 
solved by tuning  FisherFaces which does not get 
affected by the illumination problems.  
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