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ABSTRACT
An automated recognition of human faces by artificial intelligence is still a challenging
task, the similarity of different faces at angles beyond the 20 degree threshold and the
impairment caused by factors such as noise, lighting, clarity, disguise and variable
emotional expressions are only some of the problems faced by facial recognition systems.
Nevertheless, the unique effectiveness of facial recognition amongst biometric systems at
mass identification and uncooperative user identification makes it an important
undertaking. Also, the inordinate convolution fundamental to the problem means that any
successful undertaking would be of immense benefit to other tasks of similar structural
complexity. This artefact discusses different standards like Principal Component Analysis
(PCA) and Independent Component Analysis (ICA) to propose a facial recognition system
based on Artificial Neural Networks (more specifically Pairwise and Multi Class Neural
Networks). The proposed system learns different faces that have been converted to multi
variant data sets and with a satisfactory degree of efficacy be able identify other
variations of the faces. Tests show that the system achieves a recognition accuracy of 97%
on the Yale B dataset. Tests of the system against other facial recognition and
classification methods like Naïve Bayesian Classification and Decision Trees also
demonstrate the efficacy of the proposed system.
Keywords; Prinipal Component Anaysis (PCA); Independent Component Analysis (ICA);
Pairwise Neural Networks (PWNN); Multi Class Neural Networks (MCNN); Naive Bayesian
Classifiers (NBC); Cascade Correlation Neural Network (CCNN); Decision Trees

INTRODUCTION
The level of variation within human faces
makes facial recognition a daunting task when
compared with other biometric systems, this
variation becomes even more complex when
environmental noises and other forms of
impairment complicates the data (Li and Jain,
2005). Security challenges and enquiries into
robotics and other forms of artificial
intelligence require however that an efficient
computational tool be utilized to objectively
and uniquely ascertain the identity of human
beings. Additionally, the ability of even
marginally operational facial recognition
intelligence to identify crowds and individual
en mass and without the need for proactive
cooperation from individuals may serve as
motivation.
Since the human brain seems to have evolved
a remarkably resilient way of efficiently
identifying faces, it may then be intuitive to
use a similar mechanism as the brain to
artificially mimic the computational process
found in it.

Artificial neural networks are
computational tools inspired by the natural
processes of biological brains (Li and Jain,
2005). In this report, This work proposes a
facial recognition system based on artificial
neural networks. Using principal and
independent component analysis, I will
attempt to formulate a system that uses multi
feed forward networks and pairwise networks
to uniquely identify faces it had learned
through a varying set of learning algorithms.
The pairwise neural network will be an
adaptation of the system proposed by Uglov et
al.. (2008). In section II, the work will attempt
to describe the structure of the image data
used in the system and give an analysis of the
features in images in the data set. Section III
will describe the methods of feature
processing and extraction used and attempts
to analyse the recognition methods. Section IV
will discuss the design of the proposed facial
recognition system while section V presents
the most successful scheme for the facial
recognition system while section VI will
conclude the report.
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IMAGE DATA SET
Description of Image Data
The image data used for the system are part
of the YALE extended B database. The
Database itself is composed of twenty-eight
human faces in nine poses under sixty-four
varying illumination conditions (Georghiades
et al.. 2001).
According to Lee et al.. (2005) the varying
background and facial poses presents a
suitable multivariate data set of pictures to
test the accuracy of a prospective system.
Presented in a MATLAB data configuration in
the file Yale1.mat the images would be used
for the learning process of the network.
Image Features
The image is a composite of 28 different
human faces in nine different poses. According
to Lee et al.. (2005) and Georghiades et al..
(2001) the image data has differing poses
ranging from 12 degrees to 24 degrees under
grayscale conditions. The Lighting conditions
on the images differ thereby adding to the
variability of the set. Extracting therefrom 60
Images of 38 Persons, a composite of 2280
images was used as the dataset.
FEATURE EXTRACTION AND PROCESSING
According to Li and Jain (2005) the premise of
any facial recognition system consists of four
steps, namely; face detection; face alignment;
feature extraction and matching. The
extraction of the face’s features is done in
order to garner enough information to
accurately distinguish a given face from other
faces. After feature extraction, the faces are
usually classified according detected patterns
(Li and Jain, 2005). The classification stage
usually requires the formulation of a
classification system that can classify the data,
which is also usually in multi-dimensional non-
linear form (Li and Jain, 2005). In this report, I
will describe some of the feature extracting
techniques explored for the system; they
include Principal Component Analysis (PCA),
Independent Component Analysis (ICA) and
Linear Discriminate Analysis (LDA)
Principal Component Analysis
Principal Components Analysis is a stochastic
procedure that aims to extract the main
factors shaping a given multivariate data set
and present them as a set of vectors. It thus
extracts the main sources of variation in a
given collection of data. These sources of
variation are then presented as sets of
eigenvectors (Li and Jain, 2005).

According to Li and Jain (2005), in very
large and complex data sets, the accumulation
of intricate dependencies may require an
excessively large set of components and may
thus negate the objective of PCA.
Independent Component Analysis

Independent Component Analysis as
opposed to principal component analysis
analyses multivariate data sets with the
assumption that the components are
statistically independent of each other. It
endeavours to decompose a given data set into
a Linear combination of its constituent
independent components. (Li and Jain, 2005)

When treating extremely large and
intricate data, Independent Component
Analysis may reduce some of the second order
deficiency problems found with PCA (Li and
Jain, 2005). In this research, FastICA
developed by Aapo Hyvarinen is employed for
the Independent Component Analysis.
Artificial Neural Networks

Artificial Neural networks are
computational tools inspired by the cognitive
abilities of neurons in biological brains.
Neurons are cells found in organic brains that
perform computations through intricate
networks of co0nnection with one another
(Karabacak and Cetin, 2014). According to Li
and Jain (2005) It is the ability of the human
brain, through its neuron to identify efficiently
different faces that inspired that adaptation
of Artificial Neuron networks for the
development of facial recognition systems.

In an artificial neuron, a computational unit
with a similar architecture as a biological
neuron is simulated. Its connections to other
artificial neurons are formed and regulated by
a series of weights. A summation of these
weights at the main neuron subjected to a
threshold function is used as the excitation
mechanism of the artificial neuron.
(Karabacak and Cetin, 2014).
Multiclass Neural Networks

According Uglov et al.. (2008), a Multiclass
Neural Network is technique of training feed
forward neural networks to classify a
multivariate data set according to its factor
classes. According Uglov et al.. (2208),
although experiments have shown optimal
performance in the classification of small data
sets, the presence of noise and the
deterioration of class boundaries in large data
sets often reduces the performance of
multiclass neural networks.
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Pairwise Neural Networks
Pairwise neural networks is an artificial

neural network based data set classification
algorithm that classifies data sets in a series of
pairs. (Uglov et al.. 2008)

According to Uglov et al.. 2008 this form of
classification that uses multi layered
classification in binary scheme is more
resilient to the noise and boundary
deterioration issues faced by multiclass neural
networks.
Cascade Neural Netwroks

Cascading Neural Networks is a neural
network architecture developed by S. E.
Fahlman and C. Lebiere. It differs from other
artificial neural network architectures in that
it adds more hidden neurons to the neural
network architecture while training the
network (Bodyanskiy et al.. 2014).

According to Bodyanskiy (2014) a cascading
network while adjusting synaptic weights at
the process of learning also changes the
overall architecture and configuration of the
neural network. This may result in quicker and
more efficient convergence of the neural
network.
Naïve Bayesian Classification

Naïve Bayesian Classifier is a probabilistic
classifier based on the Bayes theorem. The
classifier is strongly based on the assumption
that factors are extremely independent of one
another (Murphy, 2006)

Despite the extreme assumptions
underlying Naïve Bayesian Classifiers, they
have according to Murphy (2006) yielded
optimal solutions to many complex problems.
This feature independence may be used to
further increase the convergence time of an
artificial neural network and might further
reduce the boundary classification problems
faced by multiclass neural networks.
Image Recognition with Artificial Neural

Networks
According to Egmont-Petersen et al.. (2002),
Artificial Neural Networks employed for image
recognition tasks usually perform the
following chain of processes:

Preprocessing
This involves basic enhancement operations
that the dimensionality of the image while
improving on other parameters that might add
to the overall performance of the network
(Egmont-Petersen et al.. 2002).

Data Reduction:
This involves reducing the dimensionality of
the image. In the artefact proposed by Uglov
et al.. (2008) this functionality is carried out
in the improcess.mat file. This stage is
intended to filter out redundant data that
may not be of much significance to the
identification process (Egmont-Petersen et al..
2002).
Segmentation and Object Detection:
Certain detection schemes might require the
usage of only a portion of an image; this stage
involves the identification and or extraction
of such a portion (Egmont-Petersen et al..
2002).

Depending on the overall objectives of
a scheme, the above stages might be
reformed and altered in order to improve on
performance and satisfy the constraints that
accompany a particular set of data.
Typically, certain measures are taken to
prevent problems such as those resulting from
over fitting and sampling error. These errors
are according to Hinton et al.. (2012) common
with artificial neural network systems.
Using multiple folds, adding momentum to
training functions, adding noise to the data
set in order to reduce the chances of sampling
error are some of the possible methods used
to deal with such problems (Hinton et al..
2012).

THE FACIAL RECOGNITION SYSTEM
The facial recognition system would be an

enhancement to the pairwise facial
recognition system first proposed by Uglov et
al.. (2008). Using similar MATLAB codes, The
paper intends to propose an improvement to
the pairwise neural network using Cascading
and evolving cascading neural networks and
the use of Naïve Bayesian Classifiers instead of
the pairwise Principal and independent
component analysis used by Uglov et al..
(2008). By running simulations on MATLAB to
test the proficiency or deficiency of my
method compared to the artefact proposed by
Uglov et al.. (2008), The experiments aim to
optimise the performance of the Pairwise
Neural Networks while purposing alternative
schemes.

Optimisation of Uglov et al.. (2008) using
different parameters.
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Uglov et al.. (2008) proposed a system that
utilizes principal component analysis with
feed forward neural networks, using
different combination of hidden neurons,

number of principal components and back
propagation methods the system was
tested and compared with a classical
multiclass neural network:

Multi Class Neural Network
Table 1: Performance of Multiclass Neural Network on the Yale B dataset
MCNN NOISE LEVEL:0

MCNN NOISE LEVEL:0; PCA; TRAINING FUNCTION: trainscg; Activation function: purelin

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF HIDDEN
NEURONS

MEAN PERFORMANCE SP

50 20 0.751 0.049

50 30 0.0806 0.037

50 50 0.841 0.031

50 70 0.869 0.025

50 100 0.877 0.030

50 200 0.883 0.030

50 250 0.883 0.032

50 300 0.883 0.032

70 50 0.852 0.31

80 50 0.843 0.0347

100 50 0.833 0.038

70 200 0.883 0.032

Table 1 above shows the different
performances recorded for the multiclass
neural network on the yale B dataset. It shows
that the best performance was recorded with
200 hidden neurons and 70 principal
components, satisfactory performance was
however recorded with a lesser number of
hidden neurons, for example with 50 hidden
Neurons and 80 principal components the
performance of the network based on mean
squared error is only 0.04 less than the best

performance. Such a performance may be
accepted in order to reduce the likely hood of
over fitting error.

Increasing the noise level marginally
decreases performance although it has no
discernible effect on the disposition of the
parameters compared. Table 2 below shows
the performance of the multiclass neural
network when the noise level was increased
from 0 to 0.5.

Table 2: Performance of multiclass neural network with an increased noise level
MCNN NOISE LEVEL:0.5; PCA; TRAINING FUNCTION: trainscg; 5 FOLDS

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF HIDDEN
NEURONS

MEAN
PERFORMANCE

SP

50 20 0.629 0.075

50 30 0.688 0.033

50 50 0.768 0.047

50 70 0.811 0.028

50 100 0.823 0.034

50 200 0.832 0.035

50 250 0.832 0.0335

50 300 0.832 0.035

70 50 0.774 0.052

80 50 0.782 0.040

100 50 0.789 0.032

70 200 0.839 0.036

TRAINIG FUNCTION CHANGED TO traingdm

50 50 0.029 0.012
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Comparison of different back propagation
methods did not yield much result due to
limited computer resource. A comparison
between trainrp (Rprop, Resilient back

propagation), traingdm (gradient decent
with momentum) and trainscg (scaled
conjugate back propagation) was performed,
the result is presented in Table 3 below:

Table 3: Comparison between different back propagation methods

MCNN NOISE LEVEL:0; PCA; TRAINING FUNCTION: traingdm
NUMBER OF PRINCIPAL

COMPONENTS
NUMBER OF

HIDDEN NEURONS
MEAN PERFORMANCE SP

50 50 0.040 0.007

MCNN NOISE LEVEL:0; PCA; TRAINING FUNCTION: TRAINRP

NO OF PRINCIPAL
COMPONENTS

NO OF HIDDEN
NEURONS

MP SP

50 50 0.807 0.034

MCNN NOISE LEVEL:0; PCA; TRAINING FUNCTION: TRAINSCG

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

50 50 0.841 0.031

The results show that the scaled conjugate
back propagation method (TRAINSCG)
performed best, followed by resilient
bsckpropagation (Rprop) and then gradient
descent. The poor performance of gradient
descent may be due to the nature of the
problem space. Kiwiel (2001) has shown that
gradient descent usually performs poorly for
non-differentiable functions.

Parirwise Neural network
The pairwise neural network proposed by

Uglov et al.. (2008) was also tested using the
same parameters as the multiclass neural
network above. Table 4 below shows the
results of the test with different number of
hidden neurons, principal components and
using different back propagation methods

Table 4: performance of Pairwise Neural Network.

PAIRWISE NOISE LEVEL:0; NUMBER OF FOLDS:5; PCA; TRAINING FUNCTION: trainlm
(Levenberg-Marquardt

); Activation function: tansig; NO OF RUNS:1

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

50 1 0.969 0.019

70 1 0.969 0.016

80 1 0.973 0.013

100 1 0.971 0.013

150 1 0.968 0.012

100 2 0.954 0.018

Training function changed to: trainscg

No of Principal
Components

No og Hidden
Neurons

MP SP

100 1 0.956 0.011

Training function changed to: trainbr (Bayesian regulation backpropagation)

No of Principal
Components

No og Hidden
Neurons

MP SP

100 1 0.887 0.032

Training function changed to: , TRAINBFG (BFGS quasi-Newton backpropagation

No of Principal
Components

No og Hidden
Neurons

MP SP

100 1 0.897 0.029
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The results show that the network performed
best with 80 principal components using the
Levenberg-Marquardt algorithm for back
propagation. The scaled conjugate back
propagation that performed well for the multi
class network also performed well however.
Other forms of back propagation tested
include the Bayesian regulation and Quasi

Newton backpropagtion methods; both of
these performed marginally lower than
Levenberg-Marquardt and scaled conjugate.
An increase in the noise level also degraded
the performance of the pair wise neural
network. Table 5 below shows the
performance of the network after the noise
level was increased from 0 to 0.5.

Table 5: performance of pairwise neural network with noise level increase to 0.5

PAIRWISE NOISE LEVEL:0.5; NUMBER OF FOLDS:5; PCA; TRAINING FUNCTION: trainlm;
Activation function: tansig;

NO OF RUNS:1

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

100 1 0.800 0.031

Figure 6: Comparison between Pairwise and Multiclass neural networks.

Using other Neural Network training
methodologies.
The back propagation-training algorithm was
exclusively used by Uglov et al. (2008).
Although researches have established the
effectiveness of backpropagation (Rumelhart
et al., 1988), other training methodologies
have been found to be equally efficient in
similar problem spaces (Christian and Lebiere,
1990). The following alternative neural
network training algorithms were used and
compared with backpropagation

Direct Feed forward networks
Direct feed forward networks have a uni
directional flow of data, weight and bias
optimization schemes (Qin et al. 1992). They
differ from backpropagation in that they do
not propagate backwards in order to optimize
the network’s weight signatures. The ability
of the networks was tested on the Yale B data
set, Table 7 below shows the result of the test
while figure 8 shows the code used to deploy
the network.

Table 7: performance of the feedforwardnet.

FEEDFORWARDNET NOISE LEVEL:0; NUMBER OF FOLDS: 5; PCA; TRAINING FUNCTION:
traiNSCG

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

50 10 0.332 0.033

The performance the network was
considerably lower than the networks trained
using the back propagation algorithms. While
both multi class and pairwise neural networks
trained using backpropagtion had an average
performance (using mean squared error) of 0.8,
the feed forward network algorithm had a
performance of 0.3

Figure 8: Code used to deploy the
feedforwardnet network.
Using a specialized form of the feed forward
algorithm (fitnet) that is optimized for fitting
problems did not resolve the poor
performance of the feed forward algorithm.
Table 9 shows the performance results of
fitnet while Figure 10 shows the code used to
deploy the network.

Table 9: Performance of fitnet
FITNET NOISE LEVEL:0; NUMBER OF FOLDS:5; PCA; TRAINING FUNCTION: trainlm;

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

50 10 0.463 0.123

Training function changed to : trainscg

50 10 0.464 0.062
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Figure10: code used to deploy fitnet in matlab
Casscade Forward Neural Networks
Cascade neural networks train the network on
a neuron-by-neuron basis. They connect each
neuron with every previous layer and freeze
the weights of the neuron once its training is

complete (Christian and Lebiere, 1990).
Cascadeforwardnet was deployed using
matlab and its performance was compared
with networks trained using backpropagation.
Table 11 shows the result while figure 12
shows the network’s code

Table 11: performance of cascade forward neural networks
CASCADEFORWARDNET NOISE LEVEL:0; NUMBER OF FOLDS:5; PCA; TRAINING FUNCTION:

traingdx;

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

50 50 0.899 0.033

Figure 12: code of cascade neural network.
Table 13: Comparing cascade forward networks with multi class and pairwise networks.

Comparing Cascade forward networks with multiclass and pairwise networks

Mean Performance, Multiclass
Networks

Mean Performance,
Pairwise Networks

Mean Performance, Cascade
forward networks

0.841 0.969 0.899

The data shows that cascade forward networks
have a better performance than multiclass
neural networks but a marginally lower
performance than pairwise neural networks.
Using other Factor analysis and Classification
methodologies

Independent Component Analysis
Principal Component Analysis was used by
Uglov et al. (2008) as the method of feature
extraction. However, other methods of factor
analysis might yield similar or better results.
Using Independent component Analysis, a
comparison was made with the system
proposed by Uglov et al. (2008). Table 14 and
15 below shows the results of using
Independent Component Analysis for feature
extraction in multiclass and pairwise networks.
FastICA, an opensource Independent
Component Analysis algorithm developed by
Aapo Hyvarinen (Hyvarinen, 1999) was used
for the Independent component analysis.

Table 14 : Results of running MCNN using ICA
RUNNING MCNN USING ICA

MCNN NOISE LEVEL:0; ICA; No of folds: 5; TRAINING FUNCTION: trainscg; Activation
function: purelin

NUMBER OF PRINCIPAL
COMPONENTS

NUMBER OF
HIDDEN NEURONS

MEAN PERFORMANCE SP

50 20 0.352 0.039

50 30 0.333 0.014

50 50 0.282 0.043

50 70 0.288 0.034

50 100 0.245 0.038

50 200 0.213 0.029

50 250 0.200 0.046

50 300 0.203 0.018

Principal components changed

70 50 0.273 0.043

80 50 0.236 0.014

100 50 0.207 0.015
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Table 15: Results of running PWNN using ICA

RUNNING PWNN USING ICA
PAIRWISE NOISE LEVEL:0; ICA;No of folds:5; TRAINING FUNCTION: trainlm; Activation

function:tansig; No of runs:1

NUMBER OF
PRINCIPAL

COMPONENTS

NUMBER OF
HIDDEN
NEURONS

MEAN
PERFORMANCE

SP

50 1 0.866 0.029

70 1 0.885 0.031

80 1 0.877 0.028

100 1 0.899 0.021

150 1 0.868 0.038

The results show a much lower performance than the networks that used principal component
analysis for feature extraction.

Using Naïve Bayesian Classification
Without employing any method of
dimensionality reduction and factor analysis,
there is strong evidence to suggest that the
elements in the entire picture space do not
share much interrelation. This is the rationale
behind employing Naïve Bayesian
Classification in the classification of the data
set.

The entire data was analysed using Naïve
Bayesian Classification with the fitNaiveBayes
function in matlab and then the confusion
matrix was extracted. A percentage of the
confusion matrix that showed confusion was
taken in order to analyse the process with
performance of the neural network based
models.

Figure 16 below shows the code used to classify the data.
Figure 16: Naïve Bayes Classification
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Program 1: Counting the elements that
indicate confusion
Figure 17 above shows the process of counting
the elements that indicate confusion within
the confusion matrix. The number of these
elements was then compared with the total
number of elements within the confusion
matrix in order to deduce the systems
performance; Figure 18 below shows the
process.

Program 2: Deducing the performance of NBC
With a percentage wise confusion of 23.2687,
the system is left with a total performance of
76.7313%. This amounts to a performance of

0.7673 when compared with the neural
network model.
This is below the mean performance of 0.85
recorded with multi class neural networks.

Using Decision Trees
According to Egmont-Petersen et al. (2002),
Classification methods like decision trees have
been proven marginally effective before the
popularity of Artificial Neural Networks.
Use the in built matlab function fitctree,
Decision trees were used to classify the same
Yale B dataset that were used on the
Multiclass and Pairwise neural networks.
A classification vector was generated and
made to serve as the classification Vector for
the tree generation. The figure below shows
the code for vector generation.

Program 3: Generating the Classification Vector.

Aminu

Dutse Journal of Pure and Applied Sciences 1(2) December 2015 pp 1 - 10



43

The generic matlab function fitctree was used
generate the tree as shown in the figure below

Program 4: Generating the Decision Tree.
The Classifier was defined as a vector form of
the array Xz generated in Figure 16. And a
predictor invoked using the generic matlab
function predict was used to test the
performance of the Decision tree. While the

function predict generates a vector that
indicates the various classes to which the
columns of the matrix data belong, the values
of a matrix that has the correct class values
were used to compare the output of predict
with these correct values and generate a
count of errors. These errors were then
converted into a percentage of the total
number of class comparisons in order to
generate a percentage wise performance for
the tree. Figure 19 below illustrates the
process

Program 5: Generating a percentage wise performance for the tree.

The process indicates that the Decision tree
was able to classify the images in the Yale B
database with an accuracy of 92.146% as
indicated by Figure 20 below.

Program 6: Performance of the decision tree
Although the performance of the trees is less
than the mean performance of 0.969 recorded
with pairwise networks, it is much higher than
the 0.85 recorded with multiclass networks.

Using Feedforward Networks with other
Dimensionality Reduction methods

Softmax
Softmax is a dimensionality reduction
function that represents its constituent
elements as a probability distribution Hinton
& Salakhutdinov (2009). It can then be
deduced that if such a function is then

adopted as the activation function a neural
network, such a network will be probabilistic
in behaviour.
Figure 19 below shows the performance of the
system using a feedforwardnetwork with 50
hidden neurons.

Program 7: Performance of Softmax
COMPARISON

A comparison of the various methodologies
used in testing the Yale B database indicates
the efficacy of Pairwise Neural Networks.
With a performance of 0.973, the networks
outperform all the neural network and
classification methods tested in this paper.
Table 21 below shows some of the methods
tested.
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Table 21: A comparison between various methods tested.
Comparison between the various methodologies

METHOD MEAN PERFORMANCE

Multi Class Neural Networks (Principal Component Analysis) 0.883

Multi Class Neural Networks (Independent Component
Analysis)

0.352

Feedforward Networks (Principal Component Analysis) 0.033

Feedforward Networks (Softmax) 0.705

FitNet (Principal Component Analysis) 0.123

Cascade Forward Networks (Principal Component Analysis) 0.899

Pairwise Neural Networks (Independent Component Analysis) 0.899

Pairwise Neural Networks (Principal Component Analysis) 0.973

Naïve Bayesian Classification 0.7673

Decision Trees 0.9215

DISCUSSION; REFLECTIONS AND FUTURE CHALLENGES
Researches have shown the efficacy of
Artificial Neural Networks for feature
extraction (Egmont-Petersen et al. 2002),
using such methods as an alternative to
Principal Component Analysis or Independent
Component Analysis, feeding the outputs of
these networks into other neural networks
that will then use these outputs for
recognition, better results might be obtained.
The efficiency of deep learning neural
networks as demonstrated by Hinton (2007)
could also possibly be utilised to improve on
the outcome of the pairwise classification
method proposed by Uglov et al. (2008).
The use of fractals and fractal structures and

other nature inspired structures has proven
effective in other computational tasks.
Employing neural networks with such
structures and others like Fibonacci structures
might also prove productive.
While the system tested in this paper focuses
strictly on the Yale B database, certain
elements and problems of image recognition
have been overlooked. The problem of
Dimensionality Hopping resulting from change
of postures and shifting of views remains a
potent problem in the field of facial
recognition and might prove valuable to
explore.

Other potential endeavours might be to
examine facial recognition in extreme
circumstances such as when disguises are
employed by subjects and through angles that
conceal significant portions of the subject’s
face.
CONCLUSION
Using the system proposed by Uglov et al.
(2008), This presents experiments that
demonstrate a best performance schedule for
the systems parameters. Additionally,
comparison with various other schemes such as
Naïve Bayesian Classification (NBC), Cascade
Correlation Networks and other methods of
factor analysis such as Independent
Component analysis (ICA) has indicated the
exceptional performance of the pairwise
neural network system proposed by Uglov et al.
(2008). Using 80 Principal Components and
Principal Component Analysis for factor
extraction, this system had yielded the best
result with a mean performance of 0.973
(using mean square error, mse).

Experiments conducted have also indicated
that cascade correlation and decision trees
outperform Multiclass neural networks while
artificial neural network based models were
found to have outperformed both Bayesian and
decision tree models of data classification.
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