








ORL PCA PPFe t e tk=20 3.5 32.74 3 2.52k=40 2.75 30.68 2.75 2.49k=60 3.25 30.93 3.25 2.48k=80 3.25 32.96 3 2.52k=100 3 32.03 3 2.49YALE PCA PPFe t e tk=20 29.70 5.93 25.45 1.15k=40 27.88 6.02 26.06 1.16k=60 27.27 6.10 25.45 1.14k=80 27.27 6.22 25.45 1.16k=100 26.06 6.33 25.45 1.15AR PCA PPFe t e tk=20 8.34 82.02 6.35 5.71k=40 6.75 82.02 7.34 5.71k=60 6.15 83.12 7.14 5.71k=80 6.15 83.67 6.75 5.70k=100 5.75 83.64 6.35 5.71Table 2: Error rates e (%) and timings t (in se
) ofboth methods for various values of k, on all the fa
edatabases.

ompetes with PCA in terms of error rate. Further-more, the PPF method is mu
h more eÆ
ient a
hievingsigni�
ant speedups over its PCA 
ounterpart. On theYALE dataset, the results are quite similar with PPFoutperforming PCA not only in timings but in error rateas well. Finally, on the AR dataset, the results are sim-ilar to ORL, with the PPF methods being quite 
loseto PCA in terms of error rate and being mu
h moreeÆ
ient in terms of 
omputational 
ost.6 Con
lusionWe have des
ribed an alternative framework for imple-menting PCA without eigenvalue 
al
ulations. The pro-posed framework relies on polynomial �ltering, in or-der to render the same e�e
t as PCA, for dimension-ality redu
tion. We illustrated the appli
ability of theproposed te
hnique in the eigenfa
es method for fa
ere
ognition. The numeri
al experiments indi
ated thatthe new s
heme has very 
lose performan
e to the PCAmethod, while being mu
h more eÆ
ient in terms of
omputational 
ost and storage.
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