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Abstract—This paper proposes an improved performance
algorithm of face recognition to identify two face mismatch
pairs in cases of incorrect decisions. The primary feature of
this method is to deploy the similarity score with respect to
Gaussian components between two previously unseen faces.
Unlike the conventional classical vector distance measurement,
our algorithms also consider the plot of summation of the
similarity index versus face feature vector distance. A mixture
of Gaussian models of labeled faces is also widely applicable to
different biometric system parameters. By comparative
evaluations, it has been shown that the efficiency of the
proposed algorithm is superior to that of the conventional
algorithm by an average accuracy of up to 1.15% and 16.87%
when compared with 3x3 Multi-Region Histogram (MRH)
direct-bag-of-features and Principal Component Analysis
(PCA)-based face recognition systems, respectively. The
experimental results show that similarity score consideration is
more discriminative for face recognition compared to feature
distance. Experimental results of Labeled Face in the Wild
(LFW) data set demonstrate that our algorithms are suitable
for real applications probe-to-gallery identification of face
recognition systems. Moreover, this proposed method can also
be applied to other recognition systems and therefore
additionally improves recognition scores.
Index Terms—gaussian mixture model,
maximization algorithm, similarity score,
histogram, face recognition.
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I. INTRODUCTION
Human face recognition has become one of the most
popular biological identification techniques among
signature, fingerprint analysis, retinal or iris scan, palm
veins, hand geometry or gait because of its friendly interface
and easy comprehension [1]. Different types of biometric
information are suitable for different kinds of various
practical identification applications due to their variations in
sensor availability, device availability, intrusiveness,
computational cost, accuracy, reliability, and power
consumption. Some of the face recognition applications are
information security, forensic applications, smart cards, law
enforcement, entertainment, and surveillance. Research on
still image face recognition began nearly half a century ago.
There are two main approaches that have been proposed for
illumination of the invariant problem, one is based on
appearance which uses holistic templates [2-3] and the other
is model-based feature geometry which employs shape and
1
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texture of geometrical local features [4-6]. A comparison of
the two approaches [7] indicates that the first recognition
method is more expensive with regard to computational cost
with a higher recognition rate, whereas the second one is
fast and has a low computational cost with a lower
recognition rate. A general statement of the problem of face
recognition scenarios can be classified into two categories,
namely face identification and face verification. First, in
identification scenarios the system performs a comparison (a
one-to-many matching process), the input to the system is an
unknown face (also called test face/probe or face/query
face), and the system completes identification by returning
who has the highest similarity with the test face from the
system database of known individuals. Within the
verification mode (realistic authentication/one-to-one
comparison), the system needs to compare a probe face
image against the specific templates stored in a biometric
system database in order to verify that the individual is the
person they claim to be. One problem in the real-world face
verification field that has not yet been solved is a matter of
perspective of the two different unseen faces of the same
person, but are determined to be a different person due to
the environment being uncontrolled. As a result, when poses
vary quite dramatically, face detection and alignment will
have great influence on the recognition performance [8].
Thus to address these problems, not only does the face
recognition system need to construct generic face models
using various feature extraction methods, but it also can
determine whether the faces are not well aligned frontally.
The main contribution of this work is that we propose to
address the varying pose problems by extending each pair of
statistical frontal face feature comparisons with the
similarity score between face feature consideration methods.
This paper describes a system for one-to-one face
recognition which uses an adapted form of the probabilistic
MRH [9]. In this paper, we propose a simple yet effective
clustering technique that produces classification maps by the
following: 1) considering the spatial-context information
and 2) preserving the small areas and details present in the
scene. This technique merges the advantages of
segmentation, hierarchical methods, similarity score and
expectation-maximization (EM) algorithm with a Bayesian
framework. Moreover, our proposed method can also be
deployed to other recognition systems in order to
additionally increase recognition accuracy.
The paper proceeds as follows: Section 2 summarizes
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face verification systems: face localization, feature
extraction, Gaussian mixture models, and model parameter
estimation. The proposed method is described in Section 3.
In Section 4, we describe the empirical evaluation results.
Finally, the main findings and conclusions are discussed in
Section 5.
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and only the biggest face is then considered. Finally, the
faces are cropped and resized to 64x64 pixels.
A

B

C

D

II. FACE VERIFICATION SYSTEM
A generic probabilistic based face verification system has
the components of face localization, feature extraction,
estimation of the model parameters, and face signature
comparison [1]. A typical face recognition system is
illustrated in Fig. 1 and details of the system components are
given below.
Training phase

Testing phase

Training face

Probe face

Face detection &
Resize to 64×64

Face detection &
Resize to 64×64

Illumination normalization
(Zero mean & Unit variance)

Illumination normalization
(Zero mean & Unit variance)

Facial feature extraction
(2D DCT)

Facial feature extraction
(2D DCT)

GMM Construction
(Hierarchical/K-means Clustering)

Figure 2. Pattern of Haar features. The edge features are shown in A and B.
C is a line feature. D is a special diagonal line feature.

B. Feature Extraction
One of the most frequently used transformations for the
image compression and feature extraction is the twodimensional discrete cosine transform (2D-DCT) [12].
Reducing the size of data, the magnitudes of the
frequency coefficients are extracted as important features of
the package. Descriptive features are extracted from each
block (or patch) via 2D-DCT decomposition. The face area
which is cropped and resized to 64x64 is described as a set
of feature vectors. The high dimensional feature vectors are
obtained by dividing the face into small overlapping blocks.
Each block consists of 8  8 (64 elements) subsquares with
7 pixels overlapping the neighboring blocks.
Let X  {x1 , x 2 ,..., x n } be a set of feature vectors
representing a face where

GMM Parameter optimisation
(Expectation-Maximization)
Feature extractor
Feature vector construction
(Probabilistic Histogram)

1-to-1 Face verification
Proposed algorithm
Face distance &
Similarity score consideration

Output decision

x n is associated with the 2D-

DCT coefficients of each block. These coefficients are
ordered according to a zigzag pattern which implies that the
amount of information is stored at a given frequency. In this
case, the preliminary experiments suggest that using the first
3 low frequency elements of 64 DCT coefficients is
sufficient [9]. A face feature vector h A is then constructed
to obtain a high dimensional probabilistic histogram
according to Gaussian components of a visual dictionary
model as described in the following subsection.
C. Gaussian mixture models
For each feature vector of the human face, the probability
density function of the Gaussian mixture distribution of kcomponents (model probability at x n ) can be written as a
linear combination of each Gaussian model as the following:
(1)
P  x n   Pk N (x n | k ,  k )


k

Figure 1. The block diagram of the proposed algorithm

A. Face Localization
In this section we discuss basic details to implement the
face localization technique. The face detection and
localization step presented here use the Haar feature-based
cascade classifier [10-11]. From Fig. 2, each classifier uses
rectangular areas known as Haar features to make a decision
about whether the region of the image looks like the
predefined Haar features or not. Eyes are located within
each face using the frontal face type Haar classifier cascade
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where

Pk denotes the k-th population fraction (or prior class

probabilities),

k

is the mean vector,

k

is the covariance

matrix which is assumed to be positive definite and
N (xn | k ,  k ) is the probability density function of the kth component feature vector, which can be expressed as the
M-dimensional Gaussian distribution [13]
1
T
 1

N (x |  ,  ) 
exp   x      1   x     (2)
1/2
M /2
 2

(2 ) 
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where x is an M-dimensional random vector of DCT
coefficients.
The feature extraction approach in this section is
motivated by the “visual words” method which is used in
image categorization [14] consisting of two important
processes. The first process is to build a generic model (a
Gaussian mixture model) from a training set of faces and not
specific to any person. The mean of each Gaussian
distribution in generic models represents a small patch in the
face words. The next step is that a given face with 64  64
pixels is divided in to 784 blocks of 8  8 pixels. To
compensate for varying illumination and contrast, each
block is normalized to have zero mean and unit variance.
Then a feature vector for a given face A is written as
N
N

hA    P1 N1 (x n | μ1 , Σ1 ),...,  Pk N k (x n | μk , Σ k ) 


1
1
n
n



T

(3)

Pk in hA is the weight or the k-th population
fraction for Gaussian model, and k -th element is the
posterior probability of vector x n (descriptive features are

log-likelihood. If we are not satisfied with the convergence
criterion, we return to E-step.
To avoid underflow in practice, the model probability at

x n ( P  xn  ) should proceed as the log-sum-exponential

method, which can be written as





ln   exp( zk )   z max  ln   exp( zk  zmax ) 
 k

 k

where z k  ln{Pk N ( x n |  k ,  k )} and

(9)

z max  max{ln{Pk N (x n |  k ,  k )}} .
k

For developing the face recognition model the k-means
algorithm must be employed in order to find appropriate
parameters, as the EM algorithm requires more iterations
and increases computational costs if compared with the kmeans algorithm.

where

D. The model parameters estimation using EM algorithm
The most powerful and widely used method for finding
the maximum likelihood of GMM is the EM algorithm.
Roughly speaking, the goal of EM is to maximize the
likelihood function of the model in respect to each Gaussian
parameter. The EM algorithm iterates between two steps
which are an expectation (E) step and a maximization (M)
step. The process will run until its estimation converges to a
local maximum of the likelihood. The EM algorithm is an
iterative procedure that consists of two alternation steps.
This algorithm obtains the optimized Gaussian parameters
by performing the following iterations.
In the Expectation step (E-step), the likelihood function or
responsibility of the sample observations is expressed by

N (x n | k ,  k ) Pk
pnk  P (k | n) 
P(x n )

(4)

where P ( k | n ) is denoted as the conditional probability.
Then, in the Maximization step (M-step,) the parameters
are restricted using the current expectation value to
maximize the log-likelihood function with respect to the set
of Gaussian parameters, so the updated equations of the
parameters are:
(5)
knew  pnk x n / pnk





n

n

Σ knew   pnk (x n  k )(x n   k )T /  pnk
n

(6)

how far two faces are given by

d (hA , hB )  hA  hB

k

[i]
[i]
1   hA  hB

(10)

i 1

where the superscript [i] means the i-th element of the
feature vector. Normally, the final value of the accumulated
absolute difference is used as the distance measurement
between two face signatures. Note that the distance (10) will
be called the face feature distance in the below sections.
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Figure 3. Difference in two face features from the same person

n
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1
N

p
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(7)

n

Then we evaluate the log-likelihood



 ln   P N (x
k

n

A decision on whether or not two given faces A and B are
the same person, i.e. the matched pair, or two different
people, i.e. the mismatched pair, can be obtained by
comparing a similarity measurement between two faces with
a threshold. For the training process, the threshold value can
be determined from the optimal selection to get a minimum
error rate of matching and mismatching pairs. The similarity
measurement which is typically used to compare two faces
is a metric or distance between two feature vectors. In most
research,  1 - norm based distance [15] is used to measure

Absolute difference face feature
A vs B

extracted from each block using DCT) according to the
Gaussian model of a visual dictionary [15-16]. The
dictionary model is a Gaussian Mixture Model (GMM) with
k components, in which each parameter is optimized by
using the EM algorithm [13].

III. FACE SIGNATURE COMPARISON USING SIMILARITY
SCORE

k

n


| μk , Σ k ) 


(8)

and check for convergence of either the parameters or the

Performing on a test set database, the test protocol is a
verification base which classifies whether a pair of
previously unseen faces are the same or different. The
decision is made by comparing the face feature distance
measurement with the threshold value. If the value is greater
than the threshold, then it is considered to be a different
person. On the other hand, if it is less, then it is considered
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TABLE I. THE SIMILARITY COEFFICIENT DEFINITION
Face feature A :
No. of Gaussian
components
present
absent
Face feature B :
a
present
b
No. of Gaussian
c
absent
d
components

1 if hA[i ] and hB[i ]  y0
0 ohterwise

(12)

where y0 is the similarity detection threshold as depicted as
by a green dotted line in Fig. 3, the test number l is an index
of a predefined face pair and i is the i-th Gaussian
component. This means that the similarity score is detected
[i ]

if the probability in i-th Gaussian component of faces hA
[i ]

and hB is both greater than y0 . Then, the similarity score
(matching coefficient)  l is defined by

 l   i 1  li
k

(13)

This implies that the similarity score must be within the
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For the similarities between the feature vectors, this
research is particularly interested in cases that occur
concomitantly only. This refers to the number a in Table I.
In practice, we can neglect the denominator in (11) due to
the fact that all of the simple matching coefficients are
divided by the same constant, it does not result in the
classification performance. Therefore, the operator
similarity index (coefficient)  li is defined by

 li  

40

Face feature distance

A. Similarity score
The simplest similarity measures deal only with presentabsent data. The basic concept for calculating similarity
coefficients is based on a 2  2 table (see Table I).
Let a be the number of Gaussian components present in
both face features A and B, b be the number of Gaussian
components present in face feature A but not in B, c be the
number of Gaussian components present in face feature B
but not in A and d be the number of Gaussian components
absent in both face features A and B. The simple matching
coefficient is defined by [17]
(11)
srt  (a  b) / (a  b  c  d )

range [0, k ]. Fig. 4(a) shows the two-dimensional plot
between the similarity score versus the Euclidian distance of
face features from two classes of 500 unseen matched and
500 unseen mismatched pairs in the test set denoted by blue
circles and red crosses, respectively. As can be seen, the
similarity score is helpful in discriminating the X axis (face
feature distance) from the Y axis (similarity score), with the
consistent advantage of using only face feature distance in
only the Y axis as depicted in Fig. 4(b). However, the class
separation accuracy also depends on a suitable threshold
which will be explained how to obtain in the next section.

Similarity score

to be the same person. The disadvantage of this method is
the inability to indicate a difference in each of the Gaussian
components. As a result, the wrong decision can occur in the
case of testing the same person’s face because the face
feature distance is greater than the threshold, although there
are similarities in each Gaussian component, as illustrated in
Fig. 3. As a result of these problems, we propose to analyze
the face feature distance in conjunction with patterns of
similarities. Two-dimensional spatial data are created in
order to be able to increase discrimination ability. Thus, a
two-dimensional representation of the data will actually be a
representation in the full space with no loss of information.
A coordinate in another dimension which is created from a
value of the similarity score is obtained from the summation
of the similarity coefficient as described in the next
subsection.

0.0
0

100

200
Test number

300

400

(b)
Figure 4. Illustration of the test result for a simple linearly separable data
set. We see that the decision boundary lies roughly midway between the
clusters of data points. Plot (a) shows the similarity score versus face
feature distance in a two–dimensional feature space. Plot (b) shows only
face feature distance corresponding to test number.

IV. EXPERIMENTAL RESULTS
In this section, we evaluate how well the proposed
similarity measurement method can identify whether or not
a pair of previously unseen faces is the same person in cases
of incorrect decision. The training phase is typically
accomplished by using supervised approaches that take
advantage of the information included in the training set
(labeled faces image). In our experiments we also propose to
use the Yale face database to construct a visual dictionary
due to the fact that it consists of images that have a
difference of lighting and facial expressions under a
controlled environment. The test protocol was set in a
verification base, in which we used a recent and difficult
LFW dataset [18] under unconstrained environments
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0.756
0.754

Area Under Chart : AUC

collected from the web by the Computer Science
Department at the University of Massachusetts in 1994. This
dataset is authentic and more suitable for the properties of
the proposed approach, which contains 13,233 images of
faces with variations in resolution, localization, illumination,
expression and pose. There were 1100 matched and 1100
mismatched pairs in each training set and 500 unseen
matched and 500 unseen mismatched pairs in the test set.
All the proposed algorithms were implemented in C++
platform with OpenCV library and executed on Intel(R)
Core(TM) i7-4790 CPU 3.60GHz with 4GB of RAM with
only the operating system running.
In the first experiment we studied the effect of increasing
the threshold value on the classification results. In statistics,
the receiver operating characteristic (ROC) curve is
a graphical plot that illustrates the performance of a binary
classifier system as its discrimination threshold is varied.
The curve is created by plotting the true positive rate (TPR)
against the false positive rate (FPR) at various threshold
settings. In general, accuracy is measured by the area under
the ROC curve. The best possible prediction method would
yield a point in the upper left corner or coordinate (0,1) of
the ROC space, representing 100% sensitivity (no false
negatives) and 100% specificity (no false positives). The
(0,1) point is also called the perfect classification. The
accuracy of the test depends on how well the test separates
the group into match and mismatch clusters. The threshold
was optimized to obtain the highest average accuracy which
was averaged over the classification accuracies for 500
matched and 500 mismatched pairs as shown in Fig. 5.

0.752
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0.748
0.746
0.744
0.742
0.74
0

0.00005
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0.00015
Threshold
Figure 6. AUC curve of varied threshold value

0.0002

0.00025

The output of a classification is a set of two values, i.e.
binary classification. The decision line that separates a two
dimensional-two class plot is the line that passes through the
points (x1, y1) and (x2, y2) as illustrated in Fig. 7. We start
(x1, y1) at (0,0) and (x2, y2) at (0,40). In each iteration step, x2
was varied from 0 to 2.5 with a step size 0.1 by holding y1
and y2 constant at 0 and 40, respectively. Then we increase
x1 with a step size 0.1 followed by repeating and varying x2
as the previous step (y1 and y2 are still kept fixed at 0 and
40, respectively).
(x 2 , y2 )
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Figure 7. A two-dimensional plot depicting how the decision line changes

False positive rate

Figure 5. ROC curve

65
80

0.00001 to 0.0002 with a step size 0.00001 as shown in Fig.
6. It is clear that for threshold 0.0001, we had achieved a
best classification accuracy of up to 0.7546 of AUC, while
on the other hand the method did not consider the similarity
score, the AUC was only 0.7223.
In the second experiment we fixed the value of the
threshold at 0.0001 and varied the decision boundary to find
the most accurate rate. We used the brute-force algorithm to
find the best separation hyperplane (the line L in Fig. 4(a)).
The purpose of the classification algorithm is to find the line
separating most accurately a set of data represented by
numerical vectors into two classes. The training data of this
experiment were formed by a set of labeled 2D-points that
belongs to one of two different classes.

60

Verification
Performance

For the maximization of the area under the curve (AUC)
with respect to a threshold y0 , the threshold was varied from
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20
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1

1.5

2

2.540

Starting Point x1

Figure 8. A three-dimensional plot of verification performance versus
position of decision boundary

The accuracy was calculated and plotted versus
coordinates of the decision boundary line for each iteration
step as depicted in Fig. 8. Finally, this process continues
until x1 and x2 are both at 2.5. The 3D-surface plot is clear
and it is easy to determine the shape and variation in height
across the x1 and x2 grid coordinates.
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The height for the display is specified by the accuracy
corresponding to coordinates of the decision boundary line
that passes through each iteration step. Fig. 8 indicates that
the starting point of the decision boundary line (x1, y1) at
(0.7, 0) and the end point (x2, y2) at (1.4, 40) improve
accuracy in most cases. Then, the proposed method was
evaluated in comparison with PCA with raw distance and
normalized distance [19]. The experiments were conducted
with the verification scenario. Following the suggestion in
[9], 16 eigenfaces were used and the first three eigenfaces
were disregarded. Results for the randomized binary trees
(RBT) were obtained from the method published in [19] and
the results for 3x3 MRH are obtained from [20]. In terms of
performance for face verification accuracy, the experiments
demonstrate that our proposed similarity based method
achieves an average accuracy of up to 1.15% when
compared with 3x3 MRH and outperforms those methods
using PCA (raw and normalized distance) and the RBT
method by 16.87% and 5.42%, respectively. The results
suggest that our approach treats the mismatch test problem
as an intrinsically two-dimensional (similarity and distance)
discrimination problem rather than a one-dimensional
(distance) discrimination problem by taking advantage of
the discriminative power of two-dimensional characteristic
views. As mentioned in [21] many applications of face
recognition do not require perfect identification but most
require a low false-positive rate. In searching a large
database of faces, for example, it may be preferable to
obtain a small set of likely matches to present to the user.
Our experiments show that the similarity score technique
can be made to detect just 1.15% or 11 faces from 1000
which would be overlooked if the similarity score was not
used.
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