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Abstract. The Fisherface method is a most representative method of the linear 
discrimination analysis (LDA) technique. However, there persist in the Fisher-
face method at least two areas of weakness. The first weakness is that it cannot 
make the achieved discrimination vectors completely satisfy the statistical un-
correlation while costing a minimum of computing time. The second weakness 
is that not all the discrimination vectors are useful in pattern classification. In 
this paper, we propose an uncorrelated Fisherface approach (UFA) to improve 
the Fisherface method in these two areas. Experimental results on different im-
age databases demonstrate that UFA outperforms the Fisherface method and the 
uncorrelated optimal discrimination vectors (UODV) method. 

1   Introduction 

The linear discrimination analysis (LDA) technique is an important and well-
developed area of image recognition and to date many linear discrimination methods 
have been put forward. The Fisherface method is a most representative method of 
LDA [1]. However, there persist in the Fisherface method at least two areas of weak-
ness. The first weakness is that it cannot make the achieved discrimination vectors 
completely satisfy the statistical uncorrelation while costing a minimum of computing 
time. Statistical uncorrelation is a favorable property useful in pattern classification 
[2-3]. The uncorrelated optimal discrimination vectors (UODV) method requires that 
the achieved discrimination vector satisfy both the Fisher criterion and the statistical 
uncorrelation [2]. However, it uses considerable computing time to calculate every 
discrimination vector satisfying the constraint of uncorrelation, when the number of 
vectors is large. The second weakness is that not all the discrimination vectors are 
useful in pattern classification. In other words, vectors with the larger Fisher dis-
crimination values should be chosen, since they possess more between-class than 
within-class scatter information. In this paper, we propose an uncorrelated Fisherface 
approach (UFA) that improves the Fisherface method in the foregoing two areas. The 
rest of this paper is organized as follows. In Section 2, we describe the UFA. In Sec-
tion 3 we provide the sufficient experimental results on different image databases and 
offer our conclusions. 
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2   Description of UFA 

In this section, we first present two improvements in the Fisherface method, and then 
propose the UFA which synthesizes the suggested improvements.  

(i) Improvement of the statistical uncorrelation of discrimination vectors: 
Lemma 1 [2]. Suppose that the between-class scatter matrix and the total scatter 

matrix are bS and tS , the discrimination vectors obtained from UODV are 

( )rϕϕϕ ,,, 21 L , where r  is the rank of bt SS 1− . The nonzero eigenvalues of 

bt SS 1−  are represented in descending order as 021 >≥≥≥ rλλλ L , and the thk  

eigenvector kφ  of bt SS 1−  corresponds to kλ  ( )rk ≤≤1 . If  ( )rλλλ ,,, 21 L  are 

mutually unequal, that is 021 >>>> rλλλ L , then kϕ  can be represented  

by kφ .  

Lemma 1 shows that when the non-zero Fisher discrimination values are mutually 
unequal, the discrimination vectors generated from the Fisherface method can satisfy 
the statistical uncorrelation. That is, in this situation, the Fisherface method and 
UODV obtain identical discrimination vectors with non-zero discrimination values. 
Therefore, Lemma 1 reveals the essential relationship between these two methods. 
Although UODV satisfies the statistical uncorrelation completely, it requires more 
computational time than the Fisherface method. Furthermore, it is not necessary to 
use UODV if the non-zero Fisher discrimination values are mutually unequal, because 
the Fisherface method can take the place of UODV. In the application of the Fisher-
face method, we find that only a small number of the Fisher values are equal respec-
tively, and the others are unequal mutually. How, then, can computational time be 
reduced, while simultaneously guaranteeing the statistical uncorrelation for the dis-
crimination approach? Here, we propose an improvement on the Fisherface method. 
Use the assumption in Lemma 1, our measure is: (a) use the Fisherface method to 

obtain the discrimination vectors ( )rφφφ ,,, 21 L . If the corresponding Fisher values 

( )rλλλ ,,, 21 L  are unequal mutually, end; else go to the next step. (b) 

For rk ≤≤2 , if 1−≠ kk λλ , then keep kφ , else replace kφ  by kϕ  from UODV. 

Obviously, the proposal not only satisfies the statistical uncorrelation, it reduces the 
computing time. This will be further demonstrated by our experiments. 

(ii) Improvement of the selection of discrimination vectors: 
Suppose that the within-class scatter matrix is wS , the discrimination vectors are 

expressed by ( )rφφφ ,,, 21 L , where r  is the number of discrimination vectors. For 

( )rii ,,1 L=φ , we have iw
T
iib

T
iit

T
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i SS φφφφ > , then ( ) 5.0>iF φ . 

In this situation, according to the Fisher criterion, there is more between-class  
separable information than within-class scatter information. So, we choose those 
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discrimination vectors whose Fisher discrimination values are more than 0.5, and 
discard the others. This improvement allows efficient linear discrimination informa-
tion to be kept and non-useful information to be discarded. Such a selection of the 
effective discrimination vectors is important to the recognition effect, where the num-
ber of vectors is large. The experiment will demonstrate the importance of this.  
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Fig. 1. Recognition procedure of UFA 

The UFA can be described in the following three steps: 

Step 1.  From the discrimination vectors that are obtained, select those whose Fisher 
discrimination values are more than 0.5. 

Step 2.  Using the proposed measure to make the selected vectors satisfy statistical 

uncorrelation, obtain the discrimination vectors ( )rφφφ ,,, 21 L . The linear 

discrimination transform W  is then defined as: [ ]rW φφφ L21= , where 

iφ  is the thi  column of W . 

Step 3.  For each sample x  in X , extract the linear discriminative feature y  where 

Wxy = . This obtains a new sample set Y  with the linear transformed fea-

tures corresponding to X . Use the nearest neighbor classifier to classify Y . 

Here, the distance between two arbitrary samples, 1y  and 2y , is defined by 

22121 ),( yyyyd −= , where 
2

 denotes the Euclidean distance. 

Figure 1 shows a flowchart of UFA.  

3   Experimental Results and Conclusions 

In this section, we compare the experimental results of UFA, the Fisherface method 
[1] and UODV [2], using different image data. The experiments are implemented on a 
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Pentium 1.4G computer with 256MB RAM and programmed using the MATLAB 
language. In the following experiments, the first two samples of every class in each 
database are used as training samples and the remainder as test samples. Generally, it 
is more difficult to classify patterns when there are fewer training samples. The ex-
periments take up that challenge and seek to verify the effectiveness of the proposed 
approach using fewer training samples. 

(i) Experiment on ORL face database:  
The ORL database (http://www.cam-orl.co.uk) contains images varied in facial ex-

pressions, facial details, facial poses, and in scale. The database contains 400 facial 
images: 10 images of 40 individuals. The size of each image is 11292×  with 256 

gray levels per pixel. Each image is compressed to 5646× . We use 80 (=2*40) 
training samples and 320 (=8*40) test samples. Table 1 shows the Fisher discrimina-
tive values that are obtained from UFA on the ORL database, ranged from 0 to 1. We 
find that only 2 values equal to 1.0 in the total 39 discriminative values and 9 values 
are less than 0.5. It means that 2 discrimination vectors are statistically correlated and 
9 vectors with less discriminative values should be discarded in the UFA. Table 2 
shows a comparison of the classification performance of UFA and other methods on 
this database. The improvements in UFA’s recognition rates over Fisherface and 
UODV are 3.12% and 2.81%, respectively. UFA is much faster than UODV and its 
training time is slightly less than that of Fisherface. It is 50.29% faster than UODV 
and 1.47% faster than Fisherface. Compared with Fisherface and UODV (which use 
the same number of discriminative features), UFA reduces the feature dimension by 
23.08%.  

Table 1. An illustration of Fisher discriminative values ( )iF φ  obtained using UFA 

Data-
bases 

Fisher discriminative values 

Number of discrimination vectors: 39 

ORL 1.0000 1.0000 0.9997 0.9981 0.9973 0.9962 0.9950 0.9932 0.9917 0.9885 0.9855 0.9845 0.9806 0.9736 
0.9663 0.9616 0.9555 0.9411 0.9356 0.9151 0.9033 0.8884 0.8517 0.8249 0.8003 0.7353 0.7081 0.6930 
0.6493 0.5515 0.4088  0.3226  0.2821  0.2046 0.0493  0.0268  0.0238  0.0081   0.0027 
Number of discrimination vectors: 189 

Palm-
print

1.0000 1.0000 1.0000 1.0000 1.0000 0.9999 0.9999 0.9999 0.9998 0.9998 0.9998 0.9997 0.9997 0.9996 
0.9996 0.9995 0.9995 0.9994 0.9993 0.9993 0.9992 0.9991 0.9990 0.9989 0.9987 0.9986 0.9985 0.9983 
0.9983 0.9982 0.9982 0.9979 0.9976 0.9976 0.9974 0.9971 0.9970 0.9968 0.9967 0.9965 0.9962 0.9960 
0.9959 0.9952 0.9948 0.9947 0.9945 0.9943 0.9941 0.9937 0.9932 0.9930 0.9928 0.9922 0.9917 0.9912 
0.9910 0.9908 0.9903 0.9900 0.9897 0.9892 0.9888 0.9883 0.9878 0.9870 0.9869 0.9862 0.9858 0.9846 
0.9843 0.9836 0.9833 0.9825 0.9822 0.9816 0.9800 0.9795 0.9792 0.9787 0.9783 0.9767 0.9759 0.9752 
0.9743 0.9731 0.9723 0.9718 0.9703 0.9701 0.9686 0.9679 0.9656 0.9646 0.9635 0.9621 0.9613 0.9605 
0.9591 0.9557 0.9551 0.9535 0.9521 0.9507 0.9486 0.9481 0.9439 0.9436 0.9390 0.9384 0.9371 0.9331 
0.9318 0.9313 0.9273 0.9225 0.9194 0.9186 0.9147 0.9118 0.9112 0.9088 0.9069 0.9050 0.9036 0.8889 
0.8845 0.8821 0.8771 0.8747 0.8709 0.8659 0.8607 0.8507 0.8488 0.8424 0.8340 0.8280 0.8220 0.8157 
0.8070 0.8007 0.7959 0.7825 0.7751 0.7639 0.7626 0.7434 0.7378 0.7284 0.7060 0.6944 0.6613 0.6462 
0.6372 0.6193 0.6121 0.5663 0.5436 0.5061 0.4753 0.4668 0.4343 0.3730 0.3652 0.3024 0.2900 0.2273 
0.2014 0.1955 0.1758 0.1541 0.1270 0.1159 0.0858 0.0741 0.0683 0.0591 0.0485 0.0329 0.0243  0.0205  
0.0184  0.0107  0.0090  0.0049  0.0026  0.0004  0.0001 
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 (ii) Experiment on palmprint database: 
Palmprint recognition has become an important complement to personal identifica-

tion [4]. Our palmprint database (http://www4.comp.polyu.edu.hk/~biometrics/) con-
tains a total of 3,040 images from 190 different palms, each 16 images with size 

6464× . The major differences between them are the illumination, position and 
pose. We use 380 (=2*190) training samples and 2,660 (=14*190) test samples. Table 
1 also shows the Fisher discriminative values that are obtained from UFA on the 
palmprint database, ranged from 0 to 1. We find that 25 values have their respective 
equivalents in the total 189 discriminative values and 29 values are less than 0.5. It 
means that 25 discrimination vectors are statistically correlated and 29 vectors with 
less discriminative values should be discarded in the UFA. Table 2 also shows a com-
parison of the classification performance of UFA and other methods on this database. 
The improvements in UFA’s recognition rates over Fisherface and UODV are 10.12% 
and 3.09%, respectively. UFA is much faster than UODV and its training time is 
slightly more than that of Fisherface. It is 43.31% faster than UODV and 8.71% 
slower than Fisherface. Compared with Fisherface and UODV (which use the same 
number of discriminative features), UFA reduces the feature dimension by 15.34%. 

Table 2. Classification performance of all methods on the ORL and palmprint database 

Discrimination methods Classification 
performance

Different data-
bases UFA Fisherface UODV
ORL 84.06 80.94 81.25Recognition

rates (%) Palmprint 91.47 81.35 88.38
ORL 14.07 14.28 31.58Training time (sec-

ond) Palmprint 39.17 36.03 69.1
ORL 30 39 39Extracted feature 

dimension Palmprint 160 189 189  

This paper presents an uncorrelated Fisherface approach for image recognition. 
UFA makes the achieved discrimination vectors satisfy the statistical uncorrelation 
using less computing time and improves the selection of discrimination vectors. We 
verify UFA on different image databases. Compared to the Fisherface method and 
UODV, UFA improves the recognition rates up to 10.12% and 3.09%, respectively. 
The training time of UFA is similar to that of Fisherface and UFA is at least 43.31% 
faster than UODV. In addition, UFA reduces the feature dimension by up to 23.08% 
than Fisherface and UODV. Consequently, we conclude that UFA is an effective 
linear discrimination approach. 
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