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Abstract 
 
One of the methods used for face recognition is 
based on the eigenspace approach. In this paper, this 
method is expanded into an eigenface, eigenmouth, 
eigeneye, and eigennose algorithm. Results are 
numerically compared with results from Oerder and 
Quintiliano et al. The results presented in this paper 
are shown to be more realistic because of the more 
efficient application of the eigenfeature algorithm. 
 

1. Introduction 
 
The importance of machine recognition of faces is 
fueled by an ever increasing need for new security 
systems. A lot of effort has been done on methods 
based on the eigenspace approach. In this paper, the 
FACE database developed by Oerder [2] will be 
used to numerically evaluate the eigenfeature 
method. Comparisons are made with the results of 
Oerder [2] and Quintiliano et al. [3]. 
 

2. Proposed approach 
 
The proposed approach allows automated face 
recognition with fragments of face images. The 
eigenface concepts are expanded to eigenmouth, 
eigennose and eigeneye algorithms. It is expected 
that this could increase the recognition rate of faces, 
by splitting the face into regions and using high 
recognition results in one area to guide the 
recognition of the remaining areas, even if one or 
more of these areas are occluded. 
 

3. Face database 
 
The database used is the FACE database developed 
by Oerder at the Rand Afrikaans University [2]. This 
database consists of 42 classes with images of 
256x256 pixels. For evaluation and tests, 32x32 
pixels fragments were extracted from the face 

images, in three situations: (1) with the left eye, (2) 
with the nose and (3) with the mouth. The regions 
are predefined and not manipulated in any way to 
create either artificially good or bad results. No other 
pre-processing, such as normalization or 
equalization, was performed on the images.   
 
A total of 1491 test images were used, containing 
frontal and profile images, partially occluded 
images, images with different head orientations and 
camera angles, different facial details and 
expressions and different lighting. A few examples 
of FACE images are given in figure 1. 
 

 

 

 
Figure 1: 5 examples from the FACE database 
 
 
 
 
 



4. Methodology 
 

4.1.  Training the model 
A set of M = 42 images was used for training. This 
set consists of one image of each person, all taken 
under the same conditions of lighting, head 
orientation and facial details. Every image is 
identified as Γi (i = 1, …, M) and the extracted 
fragments of images are NxN square matrices with N 
= 256 for the eigenface algorithm and N = 32 for the 
eigenmouth, eigeneye and eigennose algorithms. 
The software Khoros Pro [1] was used to perform 
the extractions and following calculations. Figure 2 
shows an example of a workspace in Khoros Pro. 
 
First, all M images are transformed into column 
vectors, with dimension N2x1. So, the image vectors 
for the eigenface algorithm have dimension 
65536x1, the image vectors for the eigenmouth, 
eigeneye and eigennose algorithms have dimension 
1024x1. Then, we calculate the average features of 
the image set, adding all the images and dividing the 
result by the amount of images 
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Once the average features Ψ are calculated, a new 
group of images Φi is set up, obtained from the 
difference between each image of the training set 
and the average features: 
 

( 1,..., )i i i MF = G - Y = . 
 
From the new set of M images, the matrix A, of 
dimension N2xM, is set up by placing the vectors Φi 
in the columns of the matrix A 
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From the matrix A, the covariance matrix C, with 
dimension N2xN2, is set up in the following way 

TC AA= . 
 
As the dimension of the covariance matrix is very 
big, a matrix L, with dimension MxM, is formed by 

TL A= . 
 

The eigenvectors of C are calculated from the 
eigenvectors of L, by a linear combination of the 

original image space with the eigenvectors of L, in 
the following way 

U AV=  
 

with V the matrix of dimension MxM, having the M 
eigenvectors of L as its columns; similarly, U is the 
matrix of dimension N2xM having the M 
eigenvectors of C as its columns. Figure 3 shows a 
few examples of eigenfaces, eigenmouths, eigeneyes 
and eigennoses corresponding with the 2 largest 
eigenvalues of U. For each algorithm, 5 different 
matrices Uk (k = 1, …, 5) are formed, respectively 
containing the eigenvectors corresponding to the  M’ 
= 3, 7, 10, 20 and 42 maximum eigenvalues of C. 
The following training and test steps are performed 
five times, once for each of these matrices Uk. 
 

 
Figure 2: Example of a Khoros Pro workspace 
 
After the eigenfeatures are extracted from the 
covariance matrix of the image set, training stage 
takes place. Therefore each training image is 
transformed into its eigenfeature components by the 
operation 

, 1, ..., ; 1, ...5)( ) (T
i k k i i M kU = =W = G - Y . 

 
4.2. Face recognition from eigenfeatures 
The eigenfeatures are used to represent each face, 
mouth, eye or nose we try to recognize. Similar to 
the training stage, each test image Γ is transformed 
into its eigenfeature components by the operation 

1, ..., 5)( ) (T
k k kUw == G- Y . 

 



For each vector Ωi (i = 1, …, M), the Euclidean 
distance between ω and Ωi is calculated as follows 
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An image is classified as belonging to class i when 
the minimum εi,k is below some chosen threshold θ.  

  

 
 

 

 
 

 

 
 

 
Figure 3: 2 examples of eigenfaces, eigenmouths, 
eigeneyes and eigennoses corresponding with the 2 
largest eigenvalues of U 

 
4.3. Calculating thresholds 
There is a maximum distance within which the new 
vector must lie to be compared to the training 
vectors to ensure recognition. In this study, a 
different threshold is used for each class. The 
thresholds θi (i = 1, …, M) define the maximum 
distance allowed between the new face submitted for 
recognition and each class. The M thresholds are 
calculated in the following way 

{ } ( , 1, ..., )max || ||i i j i j Mq == W - W . 

 
5. Results 

 
All presented results were obtained using the same 
42 training images and 1491 (test set 1) or 1449 (test 
set 2) test images. Tables 1, 2, 3 and 4 present the 
results obtained with the eigenface, eigenmouth, 
eigeneye and eigennose algorithm, respectively. The 
image is considered recognized when the Euclidean 
distance is ranked up to the third place and is inside 
the defined threshold.  
 
 
 

Nr. of 
eigenvectors

M’ 

Test set 1 
(training samples 

included) 

Test set 2 
(training 
samples 

 excluded) 
 success rate success rate 

3 48.8 % 47.3 % 
7 55.0 % 53.7 % 

10 55.5 % 54.2 % 
20 55.7 % 54.5 % 
42 55.6 % 54.3 % 

Table 1: Results obtained with eigenface algorithm 
 

Nr. of 
eigenvectors

M’ 

Test set 1 
(training samples 

included) 

Test set 2 
(training 
samples 

 excluded) 
 success rate success rate 

3 27.1 % 25.0 % 
7 27.4 % 25.3 % 

10 27.4 % 25.3 % 
20 27.6 % 25.5 % 
42 27.5 % 25.4 % 

Table 2: Results obtained with eigenmouth 
algorithm 
 

Nr. of 
eigenvectors 

M’ 

Test set 1 
(training 
samples 

included) 

Test set 2 
(training 
samples 

excluded) 
 success rate success rate 

3 25.2 % 23.8 % 
7 25.9 % 24.1 % 

10 25.9 % 24.3 % 
20 26.0 % 24.3 % 
42 26.0 % 24.3 % 

Table 3: Results obtained with eigeneye algorithm 
 

Nr. of 
eigenvectors 

M’ 

Test set 1 
(training 
samples 

included) 

Test set 2 
(training 
samples 

excluded) 
 success rate success rate 

3 29.0 % 26.9 % 
7 29.2 % 27.1 % 

10 29.2 % 27.1 % 
20 29.2 % 27.1 % 
42 29.2 % 27.1 % 

Table 4: Results obtained with eigennose 
algorithm 

 



Nr. of 
eigenvectors  

M’ 

Test set 3 
(test set as defined  

in Oerder [2]) 
 success rate (only 1st rank) 
1 (Oerder [2]) 2.21 % 

3 21.3 % 
7 27.8 % 

10 29.1 % 
20 30.4 % 
42 30.4 % 

Table 5: Comparison with results of Oerder [2] 
 

eigenface eigenmouth Test set 1 
(training 
samples 

included) 
Denys 
& Nel 

Quintili-
ano 

 et al. 
[3 ] 

Denys 
& Nel 

Quintili-
ano 

 et al.  
[3 ]  

Nr. of 
eigen- 

vectors 

success rate  
(up to 3rd rank) 

success rate 
(up to 3rd rank) 

~ 8 % 48.8 % 88.3 % 27.1 % 
17 % 55.0 % 93.3 % 27.4 % 

86.7 % 
85.8 % 

25 % 55.5 % 96.7 % 27.4 % 86.7 % 
~ 42 % 55.7 % 98.3 % 27.6 % 85.0 % 
100 % 55.6 % - 27.5 % - 

eigeneye eigennose Test set 1 
(training 
samples 

included) 
Denys 
& Nel 

Quintili-
ano 

 et al.  
[3 ] 

Denys  
& Nel 

Quintili-
ano 

 et al.  
[3 ]  

Nr. of 
eigen-

vectors 

success rate 
(up to 3rd rank) 

success rate 
(up to 3rd rank) 

~ 8 % 25.2 % 84.2 % 29.0 % 74.2 % 
17 % 25.9 % 83.3 % 29.2 % 78.3 % 
25 % 25.9 % 84.2 % 29.2 % 79.2 % 

~ 42 % 26.0 % 87.5 % 29.2 % 80.8 % 
100 % 26.0 % - 29.2 % - 

Table 6: Comparison width results of Quintiliano et 
al. [3] 
 
Table 5 and 6 give a comparison between the results 
obtained in this study and the results from Oerder [2] 
and Quintiliano et al. [3], respectively. The results in 
table 5 were obtained with the same test set as 
defined by Oerder, the number of test images was 
reduced to 1312 images from the FACE database. 
The results in table 6 were based on the complete 
test set of 1491 FACE images in our study, 

Quintiliano et al. used 120 images from the Yale 
Face Database. 
 

6. Discussion 
 
In our study, the pure statistical recognition rate, i.e. 
the recognition rate that would be obtained based on 
chance alone, is 7.2 %, in the study of Quintiliano et 
al. [3], the pure statistical recognition rate is 20 %. 
 
The recognition rates obtained in this study are 
higher than those obtained by Oerder [2], although 
the same training and test set of images was used. 
One reason for this is the number of eigenvectors 
used. Oerder classified the images based on the one 
eigenvector corresponding with the maximum 
eigenvalue. In this study, a minimum of 3 
eigenvectors was used. As expected, the recognition 
rates increase as the number of eigenvectors 
increases.  However, as explained in Turk & 
Pentland [4], it is not necessary to use all the 
available eigenvectors, the performance of the 
algorithms does not improve significantly when 
more than 10 eigenvectors are used. 
 
The results obtained in this study differ significantly 
from those obtained by Quintiliano et al. [3]. The 
main reason for this is that the theory of eigenfaces 
[4] was applied differently by these authors.  They 
used the complete test set of 120 images to build the 
covariance matrix and extract the eigenfeatures, 
while we use a specific training set of 42 images. In 
our study, the majority of the test images were not 
used during training. In tables 1 to 4, it can be seen 
that if the training images are included in the test set, 
the overall recognition rates increase. These rates 
will increase tremendously if all test images were 
encountered before in the training set. 
 
Quintiliano et al. [3] used images of size 243x320 
pixels for the eigenface algorithm and 64x64 pixels 
for the eigenmouth, -eye, and -nose algorithms. 
Thus, they retain about 5 % of the pixel values. In 
this study, only 1.6 % of the pixel values was 
retained in the eigenmouth, -eye, and -nose 
algorithms. Poorer results would be expected as the 
amount of pixels decreases, which explains the 
bigger drop in performance in our study, when the 
eigenface algorithm is compared with the other 
eigenfeature algorithms. 
 



7. Conclusion 
 
Our results are more realistic than those from 
Quintiliano et al. [3] because different sets of images 
are used for training and testing. In contrast with 
Quintiliano et al. [3], the performance drops 
substantially when the eigeneye, -mouth or -nose 
algorithm is used, compared with the eigenface 
algorithm. 
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