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Abstract
The eminence of image under test is identified with different methods of Face Recognition (FR) which results in failure
due to rapid change in pixel intensity. The identification of similar face with inter class similarity is very difficult in
imaging. The imaging technology faces difficult in the mounting of intra class variability because of accommodate, intra-
class variability because of head pose, illumination conditions, expressions, facial accessories, aging effects and cartoon
faces. In the earliest approach, gradient with Zernike momemts were used to regonize the faces, the performance is low to
overcome this a new approach is introduced. Many features of FR are affected by the outcome and low occurrence of
performance is observed which is applicable only for data sets that are smaller. The introduction of a new approach can
overcome the above stated limitations. This paper describes a novel approach for LS enhancement technique using GSNO
and CWSNO, and extracts the PCA features with three ways such as mean, median and mode which are then classified
with MD classifier using LOOCV of R-SM to recognize the faces. The performance metrics is also computed and
compared. Performance metrics of the proposed approach and the current approach are computed and compared. Thus,
the suggested method is useful for increasing the visibility of facial recognition, and overcoming a pose, similarity and
illumination problem, which provides a more accurate investigation of the required recognition procedures.
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Introduction

The human body plays a vital role in image processing.
The lobes of human brain and its perceptive abilities,
cognition and consciousness, face recognition analysis in
human being is the most trends among researchers were
discussed in recent years [1] and it is difficult to under-
stand the exact nature of all organs. The brain’s temporal

lobe has partial responsibility in understanding the known
ability. The temporal lobe of human brain damage conse-
quences the ability to recognize face of respective person.
Due to little damage in temporal lobe region leads to loss
in face recogni t ion ab i l i ty and i t i s ca l l ed as
prosopagnosia. Such persons found it difficult to recog-
nize a person by sight but were able to recognize a person
by voice [2].

Theoretical approach

The idea of Eigen images consideration for face recognition is
formulated for 2-D recognition problem which is done by
assumption [9]. This is because the faces will be mostly up-
right and frontal, [16] and the detailed 3-D information about
the face is not required which reduces complexity in facial
recognition. Eigen images were introduced before the facial
recognition method [17] and it is observed from literature- that
the recognition deals with local and intuitive features, such as
the distance between eyes, ears and similar other features [18].
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Literature survey

The most inspired method which is based on information
theory approach that can be applied to use intuitive fea-
ture is Eigen image method which is evident from the
prior survey of research works [1]. The literature study
also revealed that the Eigen image method is the best face
recognition technique to identify and distinguish facial
features through encoding of relevant information. The
essential principle component includes the set of basic
face images for the face image transformation process

[19]. The representation of every image contained in the
training sets can be done as the weighted linear combina-
tion for all basic faces [3]. The recognition of face is done
by applied Zernike moment and its application is restrict-
ed for datasets that are smaller [5]. The number of Eigen
images obtained is equal to the number of images avail-
able in the training sets. Principal Component Analysis
(PCA) proves to be more efficient than several algorithm
available [13, 15]. Garbor filters dimensionally increases
with changes in the scale [12].

Methodology

The proposed system involves following processes: (a)
Classification Phase (b) Comparison Phase. These tech-
niques are explained in the following sections.The flow
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diagram of the proposed system of classification phase as
shown in the Fig. 1. The flow diagram of the proposed
system of comparison phase as shown in the Fig. 2.

The classification phase consists of pre-processing using
LS-GSNO and CWSNO, PCA feature extraction are obtained.
The estimation of image quality base and intensity histogram
is done using GSNO and CWSNO algorithm from which the
best transform is selected. The performance is considered to
be much better when compared to the gradient method and
classical HE. Then classified usingMD classifier, R-SM using
LOOCV to recognize the faces, and performance metrics like
Accuracy (Acc), Precision (Prec) and Recall (Recl). They are
explained in detail. The comparison phase consists of same
blocks of the classification phase but the only difference is the
PCA feature extraction using three ways such as mean, medi-
an and mode. Then performance metrics like recognition ac-
curacy (Acc) percentage and recognition time are compared.

Pre-processing using enhancement techniques

Image enhancement by intensity transformation with the
histogram equalization (HE) will reduce this problem. In
faces the HE is applied [4] in light background; which
will leads to dark face regions face detection failure. In
this proposed method, LS using GSNO and CWSNO al-
gorithm estimate the image quality base and intensity

histogram and select best transform. It performs much
better than classical histogram equalization (HE) and gra-
dient method. Transform represents the pixel values in
some other equivalent form through point/neighbourhood
processing [24]. The Fig. 3 shows that the neighbourhood
processing operation. Any size rectangle and any shape filter
are possible. Some of image processing operations involved in
processing an image in sections called blocks or
neighbourhoods, instead of processing the whole image at
once. This approach is utilized by several functions in the tool
box, such as linear filtering and morphological functions. It
has two ways such as CWSNO and GSNO. Column-Wise
Sliding Neighbourhood Operations (CWSNO) which pro-
vides a way of speeding up neighbourhood or block opera-
tions by rearranging blocks into matrix columns, performing
this that the execution time of the image processing will be
much reduced by column-wise distinct block operations and
sliding neighbourhood. Single call to the mean function per-
forms the computation faster than the individual usage of call-
ing mean for each block. CWSNO function should be used for
column processing. The function can be defined as follows:

1. Each distinct block or sliding of an image matrix is
redesigned into a temporary matrix along column-wise.

2. Temporary matrix is passed to a function specified.
3. Resulting matrix is rearranged to the original shape.

Fig. 3 Neighbourhood processing operation

Fig. 4 CWSNO creates a
temporary matrix for sliding
neighbourhood
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In the sliding neighbourhood operation, the temporary
matrix is created in column for each pixel with CWSNO
and the corresponding pixel neighbourhood has the value
of given pixel [25] and it is illustrated in Fig. 4. Zero
padding of the input image is done by CWSNO which
is essential for the neighbourhood of the upper left pixel.
Two zero-valued neighbours are observed in the figure
due to zero padding.

The temporary matrix is passed to a function, which must
return a single value for each column with General Sliding
Neighborhood Operation sets each output pixel to the maxi-
mum value in the input [26] pixel’s neighborhood, to produce
same result as the GSNO. To operate sliding neighborhood
operation uses disting block processing function in an image a
block at a time rather than a pixel at a time and it is shown in
Fig. 5 for some of the elements in a 6-by-5 matrix with 2-by-3
GSNO sliding blocks [10, 11, 28]. The center pixel for each
neighborhood is marked with a dot.

For example, in a 2-by-2 neighbourhood the center pixel is
the upper left one. For any m-by-n neighbourhood, the center
pixel is floor (([m n] + 1)/2). In the 2-by-3 block shown in the

preceding figure, the center pixel is (1, 2) or the pixel in the
second column of the top row of the neighbourhood. The sum
values of the neighbourhood pixel are averaged [29] and di-
vides by number of pixels in the neighbourhood to generate
the resulting value.

Features extraction

Dimensionality has input space and data. Coordinates sys-
tem suited to a set of dimensionality reduction has reduc-
tion error [20]. Principal Components Analysis (PCA) is a
statistical method. Input data set has vectors/points. Input
space is a space orthonormal basis. Each vector from the
input space can be expressed as a linear combination of
basis vector defines a dimension. Dimensions are sorted
in each basis vector assigned with a weight [8]. Main
directions of variance in the input set [27]. The basic
principle for PCA transforms, a set of [13] correlated var-
iables into a smaller set of uncorrelated variables called
principal components. The Objective is discovering the
Btrue dimension^ of the data. It may be that p dimensional
data can be represented in q < p dimensions without losing
much information. PCA find a lower dimensional space as
shown in the Fig. 6 that best represents the data in a least-
squares sense. PCA is used for reducing the dimension
vector to the improvement in recognizing image [21]
and found application in fields such as face recognition
and image compression [22].

The following explains the PCA algorithm [14, 15] used in
the classification phase:

1. Normalization of the mean: Mean dimensional values is
subtracted from each value in the data by which the aver-
age of each dimension is zero.

2. Covariance matrix is calculated.
3. Eigen values and Eigen vectors are calculated.

Fig. 5 Neighborhood GSNO blocks in a 6-by-5 matrix

Fig. 6 PCA in lower dimensional
space
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4. Eigen vector is nothing but each new axis of the data and
Eigen value is the standard deviation of the data variance
of each new axis for that Eigen vector.

5. Ranking and normalization of Eigen vectors by Eigen
values is to be done.

6. Featurevector is tobeformedbystacking topkEigenvectors.
7. Data transformation to PCs:

New data = feature vectors (transposed) * Original data
as shown in the Eq. (1).

Several industries, forensic disciplines and medical orient-
ed applications rely on this idea.
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In the comparison phase of the PCA algorithm, the same
steps is followed for classification phase, the only difference is
the calculation for normalization of median and mode values
which is done additionally.

Set classifiers

In the test set is examples used only to assess the performance of
fully-trained classifier. After assessing themodel with the test set,
YOU MUST NOT further tunes your model (that’s the theory
anyway in order to prevent ‘learning the test set’ and
‘overfitting’). In our proposed method, we used [9, 15]
Minimum Distance (MD) Classifier. Euclidean Distance is most
commonly used to measure distance. The Euclidean Distance is
probably themost widely used distancemetric. It is a special case
of a general class of norms and is given as in the Eq. (2).

Fig. 7 Divide data sets

Fig. 8 CV step

Fig. 9 Predict step

Fig. 10 4-fold CVexample.
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dE x; yð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x1−y1ð Þ2 þ x2−y2ð Þ2 þ…þ xn−ynð Þ2

q

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
n

i¼1
xi−yið Þ2

s
ð2Þ

The Euclidean Distance takes into account both the direc-
tion and the magnitude of the vectors. The Euclidean Distance
between two n-dimensional vectors x = (x1,x2,…,xn) and
y = (y1,y2,…,yn). Each axis represents [18] an experimental
sample. The co-ordinate on each axis is the measure of expres-
sion level of a gene in this sample.

Re-sampling method

The Re-Sampling Method (R-SM) involves repeatedly draw-
ing samples from a training set and refitting a model of interest

on each to estimate the variability of a linear regression. It is
done by repeatedly drawing different samples from the train-
ing data, fitting a [19] regression to each new sample and then
examining the extent to which the resulting fits differ. In the
model assessment, a final model is chosen, estimating its pre-
diction error on new data.

But these days, we have advanced equipments. Two types
of R-SM are cross validation and boot strapping. Cross-
Validation (CV) used to estimate test set prediction error rates
associated with a given machine learning method to evaluate
its performance or to select the appropriate level of model
flexibility. Boot strap is used most commonly to provide a
measure of accuracy of a parameter estimate or of a given
machine learning method, which is proposed in this paper.
This process is sometimes referred to as Bvalidating^ the re-
gression equation. One way to address this issue is to obtain a
new sample of observations. In cross-validation the original
sample is split into two parts. One part is called the training (or

Fig. 11 LOOCVoperation

Fig. 12 LOOCVoperation
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derivation) sample, and the other part is called the validation
(or validation + testing) sample. If sample size is very large, it
is often best to split the sample in half. For smaller samples, it
is more conventional to split the sample such that 2/3 of the
observations are in the derivation sample and 1/3 is in the
validation sample. The most common approach is to divide
the sample randomly, thus theoretically eliminating any

systematic differences. Another approach is to define matched
pairs of subjects in the original sample and to assign one
member of each pair to the derivation sample and the other
to the validation sample.

The data was divided into three sets:- training, validation
and test sets, which are shown in the Fig. 7. The optimal
model on the training set, and use the test set to check CV

Fig. 13 Confusion matrix

Fig. 14 Sample database images
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its predictive capability as shown in the Fig. 8. The model can
predict the test set as shown in the Fig. 9. The validation error
gives an unbiased estimate of the predictive power of a model.

In CV model, this proposed method used LOOCV (Leave
One Out Cross Validation). It is used when a hold-out plan is
difficult to design or was not designed at the beginning the data
set is small and all the data should be used for good model
training. Create a K-fold partition of the dataset. For each of
the K experiments use K-1 folds for training and the remaining
one for testing. The Fig. 10 shows that the 4-fold CVexample.

In LOOCV, it is an average usually average of performance
between experiments as in the Eq. (3).

E ¼ 1=K∑k
i¼1Ei ð3Þ

Instead of creating two subsets of comparable size, a single
observation is used for the validation set and the remaining
observations (n – 1) make up the training set. LOOCVopera-
tion is the degenerate case of K-Fold cross validation, where
K = n is chosen as the total number of examples as shown in
the Fig. 11.

LOOCValgorithm is as follows:

i. Split the entire data set of size n into:

1. Training data set.
2. Validation data set.

ii. Fit the model using the training data set.
iii. Evaluate the model using validation set and compute the

corresponding MSE.
iv. Repeat this process n times, producing n squared errors.

The average of these n squared errors estimates the test
MSE (Mean Square Error) as in the Eq. (4).

CV nð Þ ¼ 1

n
∑n

i¼1MSEi ð4Þ

For example, k = 1 to R. Let (xk,yk) be the kth record.
Temporarily remove (xk,yk) from the dataset. Train on the
remaining R-1 datapoints. Note your error (xk,yk). After
you’ve done all points, report the mean error. The Fig. 12
shows that the LOOCVoperation.

LOOCV has far less bias and therefore, tends not to [21]
overestimate the test error rate. Performing LOOCV multiple
times always yields the same results because there is no ran-
domness in the training/validation set splits. LOOCV is com-
putationally intensive because the model has to be fit n times.
However, there is a shortcut with linear or polynomial regres-
sion (where hi is the leverage) as in the Eq. (5).

Fig. 15 Pre-processing output

Fig. 16 PCA features data matrix result
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CV nð Þ ¼
1

n
∑n

i¼1

Yi−Ŷ̂i

1−hi

� �2

ð5Þ

The validation approach produces different MSE when ap-
plied repeatedly due to randomness in the splitting process,
while performing LOOCV multiple [22] times will always
yield the same results, because we split based on 1 obs. each
time. LOOCV is computationally intensive. Let’s, fit the each
model n times.

Performance metrics

By classifying the patients with respect to the test results and
the true disease status, the following confusion matrix is ob-
tained as is shown in Fig. 13. Many performance terms are
precision, recall, sensitivity, specificity, true negative rate, true
positive rate, PPV, NPV, type 1 error and type 2 error as is
shown in Fig. 13.

Accuracy (Acc), Positive Predictive Value (PPV) or
Precision (Prec) and Negative Predictive Value (NPV) or
Recall (Recl) is obtained. Three performance assessments
are plotted graph in classification phase. The ideal value of
the PPV, NPV with a perfect test is 1 and the worst possible
value would be zero. The recognition Accuracy (Acc) percent-
age and time are calculated and compared with three PCA
algorithm techniques like mean, median and mode of compar-
ison phase [7]. The performance assessment of proposed
methodology is analyzed with the following parameters using
this formula from Eqs. (6) to (8).

Precision
Positive Predictive Value PPVð Þ ¼

TP
TP þ FP

¼ TP
nP

ð6Þ

Recall
Negative Predictive Value NPVð Þ ¼

TN
TN þ FN

¼ TN
nN

ð7Þ

Accuracy Accð Þ ¼ TP þ TNð Þ
TP þ FN þ TN þ FPð Þ ð8Þ

Results and discussion

The algorithm has been implemented in MATLAB code, in
version R2014. The Fig. 14 shows the sample database im-
ages. These images are collected fromweb resource. Origin of
ORL (Olivetti Research Laboratory), was found in

1992~1994. The statistics ORL database has 40 subjects, each
with 10 images. Characteristics are same-size photos and cen-
tered faces of different pose which suits well for evaluation.

Pre-processing output

The input image is taken in the Portable GreyMap (PGM) file
format [23]. For pre-processing, first it is applied for LS-
CWSNO and GSNO enhancement techniques. The Fig. 15
shows that the pre-processing output.
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Fig. 17 Accuracy (Acc) performance on MD classifier with LOOCVof
classification phase using LS-GSNO
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Features extraction result

In this section, PCA features data matrix result of pre-
processed images is extracted. The Fig. 16 shows that the
PCA features data matrix result in the MATLAB [6] variable
and workspace window.

Classification phase and its performance outputs

In this section, the PCA performance assessments like Accuracy
(Acc)/ recognition percentage, Positive Predictive Value (PPV)/

Precision (Prec) and Negative Predictive Value (NPV)/ Recall
(Recl) using MD classifier with LOOCV are calculated. The
Fig. 17 shows the Accuracy (Acc) performance onMD classifier
with LOOCV of classification phase using LS-GSNO. The
Fig. 18 shows the Precision (Prec) andRecall (Recl) performance
on MD classifier with LOOCVof classification phase using LS-
GSNO. The Fig. 19 shows the Accuracy (Acc) performance on
MD classifier with LOOCV of classification phase using LS-
CWSNO. The Fig. 20 shows the Precision (Prec) and Recall
(Recl) performance on MD classifier with LOOCVof classifica-
tion phase using LS-CWSNO.
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classifier with LOOCVof classi-
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Fig. 19 Accuracy (Acc) perfor-
mance on MD classifier with
LOOCVof classification phase
using LS-CWSNO
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Comparison phase and its performance outputs

In this section, calculate the PCA performance assess-
ments like Accuracy (Acc)/ recognition percentage and
recognition timeversus number of PCA dimensions
using MD classifier with LOOCV.

The Fig. 21 shows that the recognition percentage per-
formance using mean (96.75%), median (97%) and mode

(96%) PCA features on MD classifier with LOOCV of
comparison phase using LS-GSNO indicates better perfor-
mance. The Fig. 22 shows the recognition time perfor-
mance using mean, median and mode PCA features on
MD classifier with LOOCV of comparison phase using
LS-GSNO. The Fig. 23 shows the recognition percentage
performance using mean, median and mode PCA features
on MD classifier with LOOCV of comparison phase using
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LS-CWSNO. The Fig.newnbsp;24 shows the recognition
time performance using mean, median and mode PCA
features on MD classifier with LOOCV of comparison
phase using LS-CWSNO. The mean PCA recognition
time is 4.7184 millisec, median PCA recognition time is
2.0011 millisec and mode PCA recognition time is 1.1181
millisec. The mean PCA recognition time duration is high
compared to mode PCA recognition time.

Conclusion

In this proposed method, a face recognition system has two
phases like classification and comparison with LS enhance-
ment technique using GSNO and CWSNO- Then, the PCA
features are extracted with three ways such as mean, median
and mode, and are then classified with MD classifier using
LOOCVof R-SM to recognize the faces. The Accuracy (Acc),
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Precision (Prec) and Recall (Recl) performance of MD classi-
fier has been analysed and compared with two different en-
hancement processes like LS-GSNO and LS-CWSNO of
PCA features. From that result, the classifier gives better clas-
sification rate when compared with two enhancement process-
es (LS-GSNO: 99% and LS-CWSNO: 98% respectively).
Finally, performance assessments of Precision (Prec) and
Recall (Recl) are plotted by two ways of enhancement ap-
proaches. In addition, PCA features of mean, median and
mode for two enhancement processes are obtained.
Evaluation results of recognition percentage and time by using
MD with LOOCVof R-SM approach based on two enhance-
ment processes (Recognition Percentage/ Accuracy (Acc) for
mean, median and mode PCA features are 96.75, 97 and 96%
respectively) indicates better performance. The recognition
time for mean, median and mode PCA features for LS-
GSNO are 1.342 millisec, 1.378 millisec and 1.1549 millisec
respectively. The recognition time for mean, median and
mode PCA features for LS-CWSNO are 4.7184 millisec,
2.0011 millisec and 1.1181 millisec respectively. The imple-
mentation result is taken on the ORL face database. This idea
is mainly applied in several medical oriented applications,
industries and forensic disciplines.
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