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Abstract: This paper work compares the performance of different statistical measures on different face
databases. The important 11 face databases are tested with statistical measures. The one dimensional (1D)
statistical measures used in this paper are: mean, mode, median, sample standard deviation, variance, skewness
and kurtosis. The two dimensional (2D) statistical measures used in this paper are: Mean Square Error (MSE)
and Peak Signal-to-Noise Ratio (PSNR). The 1D statistical parameters are derived from the recognition rate of
test set facial images and the 2D statistical parameters are evaluated from the reconstructed test facial images
from the feature vectors. The experiment results give the following information about the facial image database
such as mean recognition rate, the recognition rate frequently repeated, the range between the high recognition
rate and low recognition rate, the skewness gives the symmetry information and kurtosis gives the information
about whether the recognition rate samples are normally distributed or uniformly distributed. The 2D measure
MSE gives the information about the exact reconstruction of test face images and the level of PSNR gives the
amount of error between original test faces and test faces reconstructed from the feature vectors.

Key words: Facial image database  Kurtosis  Mean  Mean square error  Median  Mode  Peak signal
to noise ratio  Recognition accuracy skewness  Standard deviation  Variance

INTRODUCTION discusses the rearrangement face images based on low

The face recognition accuracy mainly depends on the faces. This correlation statistical analysis work done only
facial images present in the face databases. Because the for Yale face database not for others.
facial image expressions, poses, orientations, illuminations Our work is to test standard 11 face databases using
and occlusions may have significant influence on the 1D and 2D statistical measures. In future, this paper work
recognition rate. The different face databases [1-15] are leads to develop a new face database which is going to be
developed by individuals, universities and research tested on almost all appearance based face recognition
laboratories for different applications. The protocols for and facial expression algorithms. Further this work,
developing these face databases are different. compares the performance of three different distance

The previous work [16], [17] involves testing the metrics: (1) L1 norm, (2) L2 norm and (3) Mahalanobis
2dPCA (Two Dimensional Principle Component Analysis), measured for all 11 face databases.
on only two standard databases ORL and Yale. Further This paperwork is arranged as follows: section II
2dPCA discussed in these papers, uses L2 norm metric discusses materials and methods (i.e.) the mathematical
only. In Delac [18], statistical analysis on face databases, formulae involved in 1D and 2D statistical measures.
FERET database occupied major part. The 2D statistical Section III explains the experimental results obtained for
measures MSE and PSNR didn’t discussed in this paper. various statistical measures. Section IV draws conclusion
The recently proposed new approach [19] Duplicating and future work. Section V gives the acknowledgements
Facial Images Based on Correlation Study (DFBCS), and section VI lists the references cited in this paper.

correlation coefficient with mean intra class and inter class
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MATERIALS AND METHODS

Feature Extraction Method: The statistical measures are
derived from the recognition rate obtained for different
databases. Since the recognition rate is based on the
minimum distance between train projected vectors and
test projected vectors, first the feature vectors are
extracted from the face databases using 2dPCA method.
In 2dPCA method first a covariance matrix as in (1) is
formed and from this matrix 2D principle components are
derived from the train set face images. 

First few principle components have significant
influence on face recognition, the test set face images are
projected on these principle components. The test faces
are classified based on the minimum distance between
train projected vectors and test projected vectors as in (2).
After classification of all test face images, the recognition
rate is calculated using (3).

(1)

(2)

(3)

In (1), the ‘X’ denotes the train set of faces {x , x ..x }1 2 M

and  denotes the mean of train set. The ‘M’ in (1), (2)
denotes number of faces present in train set and ‘N’ in (2),
(3) denotes number of faces in test set. The (3) gives the
formulae for all the three distance metrics: L1 norm, L2
norm and Mahalanobis. The ‘n’ in (3) denotes number of
test set faces correctly recognized and classified. The
‘Cov  is the cross covariance inverse matrix. The meanxy

-1’

of train and test projected vectors are denoted by ‘ ’ and
‘ ’ respectively in (2).

Mean, Median and Mode: The mean is the average
recognition rate for different feature dimension for the
same face database. Median is the center value of all the
recognition rates measured for a given database and mode
is the most frequent (repeated value) value of recognition
rate. The mean, median and mode are given in (4).

(4)

Where ‘K’ is the different feature dimensions used to
extract feature vectors from test set face images.

Sample Standard Deviation and Variance: Since the
recognition rate samples are normally distributed, the
sample standard deviation ‘S’ is the average of standard
deviation ‘ó’ of recognition rate samples. The squared
value of sample standard deviation gives the sample
variance ‘Var’ as given in (5),

(5)

Skewness  and  Kurtosis:   The   mean   of  recognition
rate ‘R’ is the first order measure of  the  center
distribution  of  ‘R’  and  the  variance  is  the  second
order or second moment of ‘R’ about the mean. It
measures  the  spread of distribution of ‘R’ about the
mean.  The  third  and fourth moment of ‘R’ about the
mean also measure the interesting features of the
distribution. The third moment as in (6) measures
skewness, the lack of symmetry, while the fourth moment
as in (7) measures kurtosis, the degree to which the
distribution is peaked.

(6)

(7)

The distribution of ‘R’ is said to be positively
skewed, negatively skewed or unskewed depending on
skew(R) is positive, negative, or 0. For the unimodal case,
if the distribution is positively skewed then the
probability density function has a long tail to the right
and if the distribution is negatively skewed then the
probability  density  function  has  long  tail  to  the  left.
A symmetric distribution is unskewed. Kurtosis is always
nonnegative. In the unimodal case, the probability density
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function of a distribution with large kurtosis has flatter
tails, compared with the probability density function of a
distribution with smaller kurtosis. The kurtosis of the (9)
standard normal distribution is ‘3’. The excess kurtosis of
‘R’ is defined to be kurt(R)-3.

Mean Squared Error and Peak Signal-to-Noise Ratio: ‘ ’ denotes the reconstructed test face image.
The  Mean  Square  Error  (MSE)  is calculated between
the  reconstructed  test  face  and  original test face RESULTS AND DISCUSSIONS
images.  The  Peak Signal-to-Noise Ratio (PSNR) is the
ratio  between  the peak signal value and MSE. Since all The  results  obtained  in  the  experiments  are  listed
the test faces are 8-bit grayscale images, the peak value is in table 1. The Cohn-Kanade face database gives highest
255 gray value. The MSE is given by (8) and PSNR is mean, median and mode values of 100. The FERET face
given by (9). database shows lowest around 40, mean, median and

consist of 90 degree left rotated and right rotated faces.

(8) This is due to the fact that ORL database consists of

The ‘ ’ in (8) denotes the test face image and

mode values. This is due to the test set of this database

The ORL face database, gives highest sample standard
deviation  of  7.35  and  corresponding  variance  of  54.

frontal faces. The minimum standard deviation and

Table 1: 1d and 2d Statistical Measures on Facial Image Datbases and Performance Comparison of Different Metrics
1D Statistical Measures 2D Statistical Measures

Comparison --------------------------------------------------------------------------------------------------------- -------------------------
Face Databases of Metrics Mean Mode Median Std Var Skewness Kurtosis Range MSE PSNR
ORL L1 Metric 93.8 96 96 1.47 2.17 -1.2190 2.7905 08.50 31.89 16.23

L2 Metric 93 95.5 95.5 1.85 3.42 -1.2834 2.9104 11.00
Mahalanobis 40.5 13.5 42 7.35 54.0 -0.4610 1.9545 46.50

Yale L1 Metric 81.33 70.67 84 2.58 6.68 -1.0162 2.5185 15.99 36.72 11.40
L2 Metric 82.40 72 84 2.46 6.03 -1.1105 2.8069 16.00
Mahalanobis 58.53 34.66 65.33 5.91 34.9 -0.9306 2.3393 36.01

YaleB L1 Metric 85.2 85 85 2.48 6.13 -0.3229 1.3346 14.00 33.40 14.72
L2 Metric 28.4 86 86 1.21 1.47 -1.1731 2.9310 08.00
Mahalanobis 47.83 17 28 4.44 19.7 0.3389 1.7452 27.00

Yale ExtendedB L1 Metric 47.83 30.83 45 5.42 29.4 0.1351 1.8080 35.00 33.84 14.28
L2 Metric 54.67 40.42 51.25 4.65 21.6 0.1740 1.7295 29.58
Mahalanobis 5.91 2.08 5 1.44 2.08 0.7588 2.4193 09.58

FERET L1 Metric 39.49 38.38 38.38 1.49 2.21 0.7511 2.5497 10.10 37.25 10.87
L2 Metric 39.49 38.38 38.38 1.42 2.02 1.2563 2.9603 09.09
Mahalanobis 17.98 19.19 19.19 1.38 1.91 -0.2715 1.9556 09.09

Cohn  Kanade CK+ L1 Metric 100 100 100 0 0 NaN NaN 0 36.19 11.93-

L2 Metric 100 100 100 0 0 NaN NaN 0
Mahalanobis 96.66 100 100 2.98 8.89 -1.5000 3.2500 16.67

Indian Face L1 Metric 84.66 81.66 85 1.19 1.42 0.0343 1.4191 06.67 30.75 17.37
L2 Metric 81.33 85 81.66 1.67 2.76 -0.6160 2.0787 10.00
Mahalanobis 81.33 85 81.66 1.67 2.76 -0.6160 2.0787 10.00

Surveillance Infrared L1 Metric 68 68 68 0.57 0.32 0 2.5000 04.00 34.36 13.70
L2 Metric 68 68 68 0.57 0.32 0 2.5000 04.00
Mahalanobis 62.8 62 62 0.44 0.19 0.4082 1.1667 02.00

Georgia Tech L1 Metric 76.54 75.4 76.3 0.47 0.22 1.0210 2.7411 03.10 30.90 17.20
L2 Metric 74.40 72.3 74.3 0.72 0.52 0.2155 1.7439 04.55
Mahalanobis 27.99 11.4 26 4.70 22.0 -0.2611 1.8839 30.02

Morphological database L1 Metric 49.33 36.67 50 3.45 11.9 -0.3356 2.1982 23.33 33.87 14.25
L2 Metric 47.33 40 46.67 1.98 3.91 -0.3702 2.2166 13.3.3
Mahalanobis 16.66 16.67 16.67 2.50 6.23 0.7686 2.4971 16.67

Makeup database L1 Metric 54.49 42.15 56.8 3.31 10.9 -0.5154 2.0672 21.57 30.05 18.07
L2 Metric 54.68 43.13 55.88 3.16 9.98 -0.4844 1.8876 19.59
Mahalanobis 17.63 2.94 15.68 5.34 28.5 0.0946 1.3066 29.41



Middle-East J. Sci. Res., 24 (12): 3826-3832, 2016

3829

Fig. 1: A sample face image from each 11 different standard face databases

Fig. 2: (a) Top shows the comparison of sample standard deviation for different face databases, (b) Bottom shows the
comparison of sample variance for different face databases 
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Fig. 3: Range of recognition rate for 11 different face databases for three different distance metrics 

Fig. 4: Comparison of Mean Squared Error in dB for 11 different face databases

Fig. 5: Comparison of Peak Signal-to-Noise Ratio in dB for 11 different face databases
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