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Fig. 8. Psychometric function for the face classification accuracy of all
observers (same as Fig. 6), but plotted separately for faces that were in and
out-of-population.

observers is reached at an SNR of 7.74. Thus, from Fig. 5, we can
conclude that 161 in-population and 196 out-of-population
eigenfaces are sufficient for recognition. These observations are
in agreement with earlier remarks and with Fig. 1.

Next, we consider the important issue of the relationship
between dimensionality and how well faces are stored in memory.
Unlike most machine face recognition training sets, the human
lifetime database of fadeslrawn from a virtually limitless reservoir of
images. We can expect that some familiar faces are better coded for
than others, especially since there is a more generaleigenface basis
counterpart to it. In addition, the number of exemplars can play a
role, e.g., the database of a person who watches the news frequently
may contain more exemplars of particular politicians, such as Bill
Clinton or George Bush. To address this issue, at the outset, we
asked observers to subjectively rate their familiarity with three
different baseline photographs. Once again, we emphasize that
these images were not used in the second part of the experiment. In
Fig. 7, it can be seen that not all observers were equally familiar with
the faces. Observers 2, 8, and 10 appeared to have a particularly
good representation of the familiar faces in memory, as evidenced
by their familiarity ratings in Fig. 7. The average psychometric
function of these three observers is plotted separately in Fig. 6 with
circles. These observers reached a 0.75 perceptual recognition
threshold at an SNR of 7.24, which, when converted by Fig. 5,
yields to an in-population dimensionality of 107 and an out-of-
population dimensionality of 124. The dimensionality measure
based on observers that have the highest baseline familiarity ratings
is significantly lower than the estimate based on the average
observer. This indicates that a person’s measure of dimensionality
might be dependant upon how well these familiar faces are coded in
memory, amongst other possibilities.

In Fig. 8, we plot the average psychometric function for faces that
were in and out-of-population separately. We can see that there is no
significant difference in classification accuracy as a function of
signal-to-noise ratipas displayed by the error bars and, therefore,
there is little reason to regard this as a confounding issue.

6 DISCUSSION

Factors that could affect our estimates of dimensionality are
differences in face image composition such as facial expression,
facial hair, lighting, race, sex, and presence or absence of glasses. The
FERET database is rather heterogeneous, containing images with an
assortment of these attributes and our measure of dimensionality
could be influenced by such attributes. In selecting the test faces to
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use for the psychophysics experiment, we endeavored to be
consistentin controlling for these factors. All test faces were centrally
lit, had neutral facial expression, did not have glasses or facial hair,
were equally split between the sexes, and were Caucasian.

We have determined that, on average, the dimension of face
spacss in the range of 100-200 eigenfeatures. This estimation was
made within a face spacas parameterized by eigenfaces. In past
works, the question of how much error the human face recognition
system can tolerate within this eigenface framework was touched
upon [20], [5], [6], but not really settled. By performing a human
psychophysics experiment, we have obtained a measure of this
error tolerance for the human visual system. However, the human
face recognition norm was arrived at within the eigenfunction
framework. There is no reason to assume that the human
perceptual system uses a Euclidean norm, nor that it uses
eigenfunctions. As mentioned earlier, the visual system may parse
a face into its parts. Thus, it is plausible that evolution has
improved on our man-made construction, in which case, ours is an
upper bound for face dimension.

We also found an indication that the error tolerance of
observers may be related to an observer’s prior familiarity with
the familiar faces, in which case, it might be supposed that such
observers had somehow incorporated more training samples of
these faces in theirlifetime database of faceshad a better basis sein
their memory. Observers who were better acquainted with the
familiar faces performed better. These observers would appear to
provide an indication that there exists a range of dimensions,
reflecting a range of talents. This may be a reflection of what is
anecdotally referred to as a “good memory for faces.” Thus, the
best thresholds, 124 for out-of-population faces and 107 for in-
population faces, might be diminished by better “eigenfunctions”
and by more “talented” observers.

It should also be emphasized that our estimates of dimension
given above, and also those that follow, should be interpreted in the
somewhat narrow framework of our experiment. These dimension
estimates should in no way be regarded as applying to the entire
entity of human faces. It is rather the case that we are presenting a
perspective and a guide for dealing with the issue of face space
dimension, viewed as an innate measure in contrast to a metrical
construct.

APPENDIX

A face which has been normalized as described in Section 2.2.1 can
be represented by image intensity values f x , where x is the pixel
location and V is the total number of pixels in the image. We
consider the ensemble of T pictures ff t;x g,y Wwith its SVD
representation [44] denoted by

ft;x Moant nonx; 1

where M .. min T;V is the rank of the ensemble. Following
conventional notation, we have the orthonormality conditions
m X ! 2

tan tan t n X,

aniam ¢ .-

nm - X

The weighting constants |, are referred to as the singular values
One can easily show that

fFExfty oony yooononX; 3

where .. 2is said to be the eigenvalue and

ftx;fsx ans nan t: 4

The reader should be cautious in comparing these deliberations
with their counterparts in [20] since an unconventional notation is
used in that reference.
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The picturesf g are the eigenfaces of the ensemble. For a given

dimensionality N, the image reconstruction and the image error
are given by

rec N
free .

n1@n n n and fJ" .. f

f rec: 5

Respectively, the signal to noise ratiqSNR) is defined as

SNR ... log; kf K?=kf&"k? ..log; M, a2= M ,a2: 6
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. For more information on this or any other computing topic, please visit our
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