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r"fHE RECO(�NITION ()F FA(�ES 

One of the subtler tasks of perception can be investigated 

experimentally by asking how In uch information is required 

for recognition and \vhat information is the most important 

F
aces, like fingerprints and snow­
flakes, come in virtually infinite va­
riety. There is little chance of en­

countering two so similar they cannot be 
distinguished, even on casual inspection. 
Unlike fingerprints and snowflakes, how­
ever, faces can be recognized as well as 
discriminated. It is possible not only to 
tell one from another but also to pick one 
from a large population and absolutely 
identify it, to perceive it as something 
previously known, just as in reading one 
not only can tell that an A is different 
from a B but also can identify and name 
each letter. 

Why are faces so readily recognized? 
In seeking the answer to this question 
my colleagues and I posed several re­
lated but more modest questions that we 
believed would be more amenable to ex­
perimental investigation: How can a face 
be formally described? Given a verbal 
description, how well can a particular 
face be identified? To what extent is 
recognition impaired when the image of 
a face is blurred or otherwise degraded? 
What kinds of image degradation most 
seriously affect recognition? Can faces 
be classified and sorted as numerical 
data? 

This inquiry was inspired by yet an­
other question: How can a computer be 
made to recognize a human face? This 
question remains unanswered, because 
pattern recognition by computer is still 
too crude to achieve automatic identi­
fication of objects as complex as faces. 
Machines can recognize print and script, 
craters and clouds, fingerprints and 

by Leon D. Hannon 

pieces of jigsaw puzzles; the recognition 
of human faces, however, is a much 
subtler task. 

Even though machine recognition of 
faces has not been attained, the investi­
gation of how it might be done has led to 
a number of related issues that in them­
selves are worthwhile (and tractable) 
areas of research. Several new approach­
es to problems in the manipulation of 
vjsual data have emerged. I shall recount 
here four series of experiments that were 
directed to an understanding of recogni­
tion. The first is concerned with how 
artists reconstruct faces from descrip­
tions and how closely the resulting por­
traits resemble the person described. 
Next I shall comment on a set of experi­
ments in which faces were identified 
from pictures that had limited informa­
tion content. The third approach ex­
amines the recognition of faces from for­
mal numerical descriptions. Finally, I 
shall describe a system in which man 
and computer interact to identify faces 
more efficiently than either could alone. 

I 
f one could devise an objective formu-

lation of the criteria used by an artist 
in draWing a portrait, a set of proper­
ties useful for automatic recognition 
might emerge. One kind of art that we 
thought might provide useful informa­
tion is the sketches drawn by police 
artists (called face-reconstruction artists) 
from descriptions provided by witnesses. 
(Another promising possibility is the car­
icature, but we have not yet studied it.) 

Verbal descriptions are rarely used in 

LEONARDO'S "MONA LISA," rendered as a "block portrait," consists of 560 squares, each 

of which is uniform in color and brightness. The transformation of the familiar painting 

was accomplished in the same way as that of the portrait of George Washington on the 

COver of this issue of SCIENTIFIC AMERICAN. Recognition can be enhanced by rapidly mov· 

ing the page, by squinting at the image or by viewing it from a distance of 10 feet or more. 

the drawing of police sketches. Few ob­
servers, unless they are specially trained, 
can give satisfactory clues to appearance 
in words. Most can point to features sim­
ilar to those they remember, however, 
and that is how the reconstruction artist 
usually begins. Our initial experiments 
were intended to test the effectiveness of 
this procedure and to gain some prelimi­
nary notions of what features are con­
sidered important in describing or rec­
ognizing a face. 

Frontal-view photographs were shown 
to an experienced artist, who compiled 
a written description of each face; the 
description included references to facial 
features in a catalogue of faces made up 
of photographs of various head shapes, 
eye spacings, lip thicknesses and so on, 
organized by feature type. Thus a large 
part of the description consisted of 
"pointing to" similar features on other 
portraits. The completed description was 
given to another artist, whose task was 
to reconstruct the face from the writ­
ten description [see illustration o"n next 
page]. 

The first attempt, although obviously 
resembling the original photograph, dif­
fered from it in the depiction of impor­
tant features and proportions. When 
limited feedback was allowed, however, 
there was rapid improvement. The de­
scribing artist, with the initial sketch 
in hand, provided simple verbal correc­
tions, such as "The hair should be bush­
ier at the temples"; with this informa­
tion the reconstructing artist was able 
to draw a much more accurate likeness. 
Finally, to find the limit of improvement, 
that is, to discover just how faithful a 
portrait could be drawn, the reconstruct­
ing artist was given the photograph to 
work from. Under those conditions he 
was able to produce a strikingly realistic 
representation. Some sketches, in fact, 
were judged to look more like the per-
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son than the photograph did. Presum­
ably the artist enhanced recognition by 
in some way emphasizing significant de­
tail. 

All the sketches were shown to test 
subjects who, as fellow employees, had 
seen the "suspect" often. Almost half of 
the sketches drawn from descriptions 
were correctly identified and about 93 
percent of the drawings made directly 
from photographs were recognized. 

Our work with face-reconstruction art­
ists was a pilot experiment we hoped 
would lead, through informal observa­
tion, to a better understanding of the 
problems confronted in the recognition 
of faces and to the formulation of fur­
ther experiments. Some of the incidental 
information derived from the study was 
indeed interesting. For example, we 
found that several of the faces were 
outstandingly easy to recognize in the 

sketches. Presumably those subjects 
were more easily described than the oth­
ers, or perhaps they possessed certain 
features that are conspicuous or rare. 
Several subjects remarked that the nose 
and eyes in one sketch were important 
to identification, yet for the same face 
other subjects observed that although 
the nose, mouth and hair were well 
drawn, the eyes were not and did not aid 
recognition. 

Another way to study recognition is to 
ask how little informatiqn, in the in­

formal sense of "bits," or binary digits, 
is required to pictorially represent a 
face so that it can be recognized out of 
a finite ensemble of faces. We explored 
this "threshold" of recognition with por­
traits that had been precisely blurred. 

The type of blurring commonly en­
countered in photographs is caused by 

SKETCHES FROM DESCRIPTIONS were made by a "face-reconstruction artist" skilled in 

drawing portraits from information provided by witnesses. At top left is the photograph 

from which the three sketches are derived. For the first drawing (top right) a written de­

scription of the face, including references to illustrations in a catalogue of facial features, 

was presented to the artist. A better likeness was produced (bottom left) when simple 

verbal corrections were provided. For the final version (bottom right) the artist was given 

the photograph; the resulting portrait represents the limit of accuracy of the process. 
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an improperly focused optical system; it 
reduces the information content of the 
picture, but it proved unsuitable as a 
technique in our investigations because 
the degree of blurring cannot be pre­
cisely specified or controlled. A more 
measurable method degrades the image 
in quantifiable steps through a relative­
ly simple computer process. 

In our experiments a 35-millimeter 
transparency of a conventional portrait 
photograph is scanned by a beam. of 
light moving in a raster pattern of 1,024 
lines. The variations in the intensity of 
the beam caused by the varying trans­
parency of the film are detected by a 
photomultiplier tube. The analogue sig­
nals produced by the photomultiplier 
are converted into digital form by sam­
pling each line in the raster at 1,024 
points and assigning a brightness value 
to each point, so that the completed im­
age consists of 1,0242 (or 220) discrete 
points, about four times the resolution 
of the commercial television image. Each 
of the points may have 1,024 brightness 
values, or tones of gray. The dissected 
image is stored in the magnetic-tape 
memory of a digital computer. 

To create the degraded image the 
·computer divides the picture into n X n 
squares of uniform size and averages the 
brightness values of all the points with­
in each square. For example, if a pho­
tograph is to be made into an array 
of 16 X 16 squares, each square will 
contain 64 X 64, or 4,096, points; the 
brightness to be assigned to the entire 
square will be found by averaging the 
values of these points. In a final step the 
number of brightness values is reduced 
to eight or 16 by assigning to each square 
the gray tone closest to its original av­
eraged value. 

The computer stores the digital in­
formation comprising the picture on 
magnetic tape and the tape controls a 
cathode-ray-tube monitor, which then 
displays the completed portrait. A pho­
tograph of this display constitutes the 
finished product. Alternatively, the mag­
netic tape can be used to control a fac­
simile printer that produces a print of the 
processed image without the intermedi­
ary cathode ray tube [see bottom illus­
tration on opposite page J. 

Viewed from close up, these "block 
portraits" appear to be merely an assem­
blage of squares. Viewed remotely, from 
a distance of 30 to 40 picture diameters, 
faces are perceived and recognized. 

Preliminary experiments were made to 
select the coarsest image that might be 
expected to yield about 50 percent ac­
curacy of recognition. For some kinds of 
picture, resolution of only a few thou-
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REDUCED·INFORMATION·CONTENT PORTRAITS were gen· 

erated by a computer. The picture at left is a block portrait; it is 

an array of 16 X 16 squares, each one of which can assume any one 

FLYING-SPOT SCANNER 

SYNCHRONIZING 

SIGNAL 

SYSTEM FOR MAKING BLOCK PORTRAITS uses a flying·spot 

scanner, a device similar to a television camera. The image, usual. 

ly in the form of a 35·millimeter photographic transparency, is 

scanned in a raster pattern of 1,024 lines. In the analogue.to.digital 

converter each line is sampled at 1,024 points and the brightness of 

each point is assigned one of 1,024 values. Using this information 

stored on magnetic tape, the central processing unit divides the 

of 16 levels of gray. Not all the 256 squares are required to rep· 

resent the face. The contoured representation at right was pro· 

duced by filtering the block portrait to remove high frequencies. 

COMPUTER 

TAPE 

STORAGE 

VIDEO TERMINAL 

COMPUTER-GENERATED 

IMAGE 

image into n X n squares and averages the brightness values of all 

the points within each square. The number of permissible bright. 

ness values is then reduced to eight or 16. The resulting image is 

displayed on a video terminal (a television screen) and photo. 

graphed. The computer can also be made to operate a facsimile 

printer, which produces a finished picture directly. Most of the por· 

traits used in these experiments were made by the latter process. 
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sand elements provides acceptable qual­
ity; the limits of recognition for photo­
graphs of faces, however, have not been 
reported. Our informal investigation 
revealed that a spatial resolution of 
16 X 16 squares was very close to the 
minimum resolution that allows identi­
fication. 

Tests were also made to determine the 
useful limits of gray-scale representation. 
The relation between gray-scale and 
spatial resolution is an interesting one: 
either factor can serve as a limit to rec­
ognition. It was not the object of bur 
experiments to document this relation, 
however, and so only a few gray-scale 
tests were made once the 16 X 16 spa­
tial pattern was decided on. For 16 X 16 

portraits gray scales of either eight or 16 
levels yielded eminently recognizable 
portraits; consequently our experiments 
used those levels exclusively. (The al­
lowed gray levels can be expressed in 
terms of bits. A gray scale of eight lev­
els requires three bits of information; a 
scale of 16 levels calls for four bits.) 

Fourteen of the block portraits were 
shown to 28 subjects. Each subject was 
given a list of 28 names, including the 
names of the 14 persons depicted. The_ 
experiment was intended to investigate 
the effects of changing the gray scale 
from a three-bit to a four-bit one, as well 
as to test identification performance. 

Overall recognition accuracy was, 
found to be 48 percent. (Random guess- -

EFFECTS OF GRID PLACEMENT on recognition are illustrated by four block portraits 

of the same face. The original is at top left. Alternative versions were made by shifting the 

grid placement one half·block to the right (top right), one half·block down (bottom left) 
and one half·block right and down (bottom right). When portraits made with optimum

' 

placement replaced those made with random placement, recognition accuracy doubled. 
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ing would produce such a result only 
four times in a million trials.) The result 
was essentially indifferent to the resolu­
tion of the gray scale. Thus the number 
of bits required for approximately 50 
percent accuracy of recognition was no 
more than 16 X 16 squares times three 
bits, or 768 bits. None of the portraits, 
however, filled all the squares in the 
16 X 16 grid; therefore fewer than 256 
squares made up each face. An average 
of 108 squares was needed. 

Recognition of particular faces ranged 
from 10 percent to 96 percent. In these 
experiments too some faces were always 
easy to identify, although, as will be 
seen, the reasons are peculiar to the con­
ditions of the. experiment. Two portraits 
received" outstanding recognition and 
four were rarely identified correctly. 

Two possible explanations of these 
disparities were suggested. First, some 
faces, because of the peculiar arrange­
ment of their features, respond notably 
well or particularly poorly to coarse spa­
tial presentation. Second, the grid, arbi­
trarily positioned, over a given face by 
the scanning process, may land luckily 
or unluckily for adequate representation. 
For example, a square might just bracket 
an eye, or it might land half on and half 
off. The latter possibility was judged to 

- be the more likely. I hypothesized that 
those pictures that were recognized well 
probably had aJortuitously placed grid. 

To test the hypothesis each portrait 
was reprocessed by shifting the 16 X 16 
matrix with respect to the original block 
portrait. Three new pictures were made: 
one shifted a half-square to the right, 
one a half-square down and a third a 
half-square to the right and down [see 
illustration at left]. 

Recognition of the sets of four shifted 
pictures was tested. The subjects were 
given the identity of each photograph; 
their task was to rank the four portraits 
in each set in order of pictorial accuracy. 
My hypothesis predicted that in these 
tests those pictures that were readily 
identified in the earlier experiment 
would be ranked first in their set and 
that those scoring worst initially would 
be ,ranked near the bottom. So it turned 
out; both correlations were confirmed. 

This result led us to believe that if the 
best grid positions had been found and 
used in the earlier experiments, the aver­
age accuracy of recognition might have 
been closer to 100 percent than to 50 
percent. A new experiment confirmed 
this: performance rose to 95 percent. 

An interesting and provocative charac­
teristic of block portraits is that once 

recognition is achieved more apparent 
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SELECTIVE FREQUENCY FILTERING influences the ease with 

which block portraits are recognized. The original block portrait 

of Abraham Lincoln is at top left. It consists of the photographic 

"signal," whose highest spatial frequency is 10 cycles per picture 

height, and noise frequencies extending above 10 cycles. As was 

anticipated, filtering out all spatial frequencies above 10 cycles 

(top right) greatly enhances recognition. Selective removal of only 

part of the noise spectrum, however, reveals which frequencies 

most effectively mask the image. At bottom left all frequencies 

above 40 cycles have been removed; even though the sharp edges 

of the squares are eliminated, perception is improved only slight· 

ly. When the two·octave band from 10 to 40 cycles is removed (bot· 
tom right), the face is more readily recognized. The phenome· 

non apparently responsible for this effect is critical.band masking. 
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FREQUENCY (CYCLES PER PICTURE HEIGHT)� 

BLOCK-PORTRAIT SPECTRUM consists of a signal that extends to some finite spatial 

frequency w, corresponding to the block-sampling frequency and noise of frequencies 

above w_ The amplitude of the noise typically decreases with increasing spatial frequency_ 

detail is noticed. It is as though the 
mind's eye superposes additional detail 
on the coarse optical image. Moreover, 
once a face is perceived it becomes dif­
ficult not to see it, as if some kind of 
perceptual hysteresis prevented the im­
age from once again dissolving into an 
abstract pattern of squares. The obser­
vation that is most intriguing, however, 
is that recognition can be enhanced by 
viewing the picture from a distance, by 
squinting at it, by jiggling it or by mov­
ing the head while looking at it. The ef­
fect of all these actions is to blur the al­
ready degraded image. 

Why should recognition be improved 
by blurring? The explanation almost cer­
tainly lies in the "noise" that tends to 
obscure the image. 

A picture, like a sound, can be de­
scribed as the sum of simple component 
frequencies. In acoustical signals pres­
sure varies with time; in the optical sig­
nals discussed here the frequencies are 
spatial and consist of variations of "den­
sity" {or darkness} with distance. Just as 
a musical note consists of a fundamental 
frequency and its harmonics, so an opti­
cal image consists of combinations of 
single frequencies, which make up its 
spatial spectrum. The spectral represen­
tation exists in two dimensions. This 
spectrum refers only to spatial frequen-

cies; the color spectrum describes anoth­
er aspect of the image. 

vVhen pictures are considered combi­
nations of spatial frequencies, they can 
be manipulated in the same ways as 
other frequency-dependent signals are. 
For example, Fourier analysis can be 
used to determine the component fre­
quencies of an image, or low-pass filter­
ing can be used to remove the high fre­
quencies that represent fine detail. Sig­
nal-frequency bands, the signal and 
noise spectrum and other terms usually 
associated with discussions of acoustical 
phenomena can be applied to the proc­
essing of visual images. 

The description of a two-dimensional 
image as a signal of various spatial fre­
quencies leads to a possible explanation 
of the enhancement of block portraits 
with blurring. Whenever a signal with a 
spectrum running from zero to some fre­
quency designated OJ is reduced by sam­
pling to discrete frequency components, 
noise artifacts whose spectrum extends 
above ware introduced. The noise is a 
product of the sampling procedure. In 
two-dimensional signals it appears as 
patterns not present in the original 
image. 

Because the noise in these pictures is 
ordinarily of higher frequency than the 
signal it can be readily eliminated by a 
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CRITICAL-BAND MASKING is known to occur in presentations of simple visual or audio 

signals, such as single sinusoidal waves. The test signal OJ, at the threshold of perception, 

would be masked by signal B, within the band, but not by signal A. The critical band 

(colored area) extends for about two octaves above and below the test frequency. The au­

thor's investigations indicate that critical-band masking also affects two-dimensional signals. 
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low-pass filter, that is, a filter that pre­
serves only the low frequencies, elim­
inating the high frequencies that repre­
sent fine detail. This operation too is 
performed by the computer; all spectral 
components above OJ are removed while 
the desired signal is retained [see top 
illustration on this page]. 

I 
n block portraits the most obvious noise 

is that introduced by the sharp edges 
of the squares. Although Fourier analysis 
shows that the energy content of these 
high frequencies is relatively small, one 
might speculate that because the eye is 
particularly sensitive to straight lines 
and regular geometric shapes such 
square-patterned noise masks particular­
ly well. That is, such image-correlated 
noise might mask more effectively than 
randomly distributed noise of equal en­
ergy. If so, low-pass filtering should 
enhance perception. This explanation 
would seem to be confirmed by the fact 
that recognition is improved by progres­
sive defocusing or distant viewing, since 
the effect of both of these actions is to 
filter out high frequencies. 

This hypothesis, however, is not the 
only candidate; another possibility is 
called critical-band masking. In both 
hearing and vision the spectral proxim­
ity of noise to a signal drastically influ­
ences the detection threshold of the 
signal. For example, the threshold for 
detecting a single sinusoidal wave any­
where in the spectrum is elevated when 
a noise signal is introduced if the noise 
lies within about two octaves of the sig­
nal. If the noise lies outside this" critical 
band," masking does not occur [see bot­
tom illustration on this page]. 

This phenomenon has been tested and 
confirmed by others for relatively simple 
visual presentations such as sine-wave 
and square-wave gratings in a single di­
mension. My colleague Bela Julesz and 
I reasoned that similar masking might 
occur in more complicated two-dimen­
sional patterns. 

If critical-band masking is the mech­
anism that hinders the recognition of 
block portraits, then those components 
of the noise that fall within about two 
octaves of the sampling frequency w 

would be primarily responsible. The rest 
of the noise spectrum, including the 
high-frequency signals contributing to 
the sharp edges of the blocks, should 
cause little or no masking. 

To resolve this question we prepared 
a series of block portraits that were spec­
trally manipulated by the computer. The 
original image was transformed to ob­
tain its Fourier spectrum, filtered to 
specification, then transformed back and 
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printed out. This technique provides 
precise control of spatial frequencies. 
We were able to remove all signals above 
a specified frequency, or to remove only 
a band of frequencies adjacent to w. 

In our first attempt to evaluate the rel­
ative importance of high-frequency and 
critical-band noise masking we prepared 
a series of filtered block portraits [see il­
lustration on page 75]. The result looked 
promising: removal of the very high fre­
queilcies did little to change the block 
aspect, and some effort was still required 
to perceive the face. Removal of only the 
frequencies adjacent to the signal pro­
duced pictures that were much closer in 
appearance to the original photographs. 
That is, the very high frequencies did 
not seem to be the most important in 
masking. 

Although the results of this experi­
ment suggest that noise spectrally ad­
jacent to the signal is most effective in 
masking recognition, the point is not 
proved. There are three reasons why the 
experiment is not conclusive. First, the 
noise generated by the block-sampling 
process is spatially periodic, at the block 
frequency and at higher harmonics. Sec­
ond, the noise amplitudes are correlated 
with picture information: the magnitude 
of the noise in any block depends on the 
density of the image in that block. Final­
ly, the energy of the noise spectrum is 
greatest at the block-sampling frequen­
cy, and it decreases with increasing fre­
quency. Hence the adjacent band noise 
may mask more effectively simply be­
cause its amplitude is higher, not be­
cause of the critical-band effect. 

T
here is a straightforward way to 
avoid these difficulties. We can sim­

ply add random noise of the proper fre­
quency to a picture that is smoothly 
blurred rather than block-sampled. We 
added random noise of constant spec­
tral energy to a portrait that had been 
low-pass filtered to the same bandwidth 
as that used in the first recognition 
studies. When such a picture containing 
adjacent-frequency noise is compared 
with one masked by remote-frequency 
noise, the result is unequivocal: critical­
band masking is responsible for the sup­
pression of recognition [see illustration 
on this page]. 

The discovery that critical-band mask­
ing affects complex pictures as well as 
simple sinusoidal presentations raises 
additional questions. How effective in 
masking are noises of equal energy 
and bandwidth but of various spectral 
shapes? When noise is added to a signal, 
is the shape of the noise signal or its lo­
cation in the spectrum more important? 

RANDOMLY DISTRIBUTED NOISE of uniform amplitude is added to smoothly blurred 

portraits of Lincoln. When the noise is in the band adjacent to the signal frequencies (left), 

it obscures the picture more effectively than when it is at least two octaves removed from 

the picture frequencies (right), confirming that critical·band masking is the most important 

mechanism limiting the recognition of degraded or blurred images such as block portraits. 

What are the rlliative effects of spa­
tial disposition and spectral disposition? 
That is, if equal amounts of noise energy 
are added to visual scenes, is the place­
ment with respect to position or with re­
spect to frequency more important for 
masking? These and related questions 
remain for future investigation. Their 
answers will provide new insights into 
the psychophysics of vision. 

A more conventional means of blur­
ring pictures is continuous smearing. In 
optical systems one can simply project 
the image out of focus; as I have noted, 
however, this operation cannot be pre­
cisely controlled. The analogous opera­
tion performed by a digital computer is 
intrinsically . discrete, but by using suffi­
ciently numerous sample points to rep­
resent an image, blurring can be made 
arbitrarily smooth and extremely pre­
cise. 

Pictures made up of 256 X 256 ele­
ments (about one-fourth the resolution 
of television) produce fairly sharp por­
traits. Such pictures can be blurred by 
selecting for each point a brightness 
value computed by averaging the bright­
ness of the points surrounding it. An 

"averaging window" of n X n points is 
used to compute a new value for each 
point in the 256 X 256 array; after a new 
point is written the window is moved 
over one element and a new average is 
made. 

Through this process the computer 
can rapidly and accurately blur a picture 
to a specified degree. The size and shape 

of the averaging window and the rela­
tive weight given to each element in the 
array can be selected at will. For exam­
ple, the average could be uniformly 
weighted or computed on a Gaussian, or 
bell-shaped, curve. In our experiments 
we used a square window of varying size 
with uniform weighting; each element 
contributed equally to the average value 
assigned the new point. 

W
e have used portraits made in this 
way to study the limits of face rec­

ognition. Fourteen portraits were shown 
to subjects who were given a list of 28 
names, including the names of the 14 

"target" individuals. All 28 persons were 
known to the test subjects. Several de­
grees of blurring were tested [see illus­
tration on next page]. Some subjects 
were shown the most blurred pictures 
first, some the least blurred, and so on, in 
order to simultaneously test for the ef­
fects of learning. The experiments were 
conducted by Ann B. Lesk, John Levin­
son and me. 

Contrary to what we had expected, 
recognition scores were quite good. For 
photographs blurred by a 27 X 27-point 
averaging window the recognition was 
84 percent. As the degree of blurring 
increased, the scores declined to about 
65 percent for those portraits made with 
a 43 X 43-point window, which repre­
sents severe blurring. (The expected 
score for random guessing is 3.5 per­
cent.) 

Even more surprising were the results 

77 

© 1973 SCIENTIFIC AMERICAN, INC

This content downloaded from 
������������132.174.249.166 on Tue, 14 Apr 2026 00:56:31 UTC������������ 

All use subject to https://about.jstor.org/terms



of trials with photographs blurred with 
a 51 X 5 1-point window. Here the width 
of the window is 20 percent of the pic­
ture's width, and blurring is so extreme 
that facial features are entirely washed 
out. Nevertheless, the accuracy was al­
most 60 percent. (This level of recogni­
tion cannot continue with much more 
extensive blurring. When the averag­
ing window includes all the picture ele­
ments, the field will be smeared to a uni­
form gray and pictures will differ only 
in the level of that gray.) 

Recognition of the most strongly 
blurred of these portraits cannot depend 
on the identification of features. The 
high-frequency information required to 
represent the eyes, the ears and the 
mouth is lost. Although some intermedi­
ate frequencies remain, their representa-

tion of the chin, the cheeks and the hair 
is not clear. The low-frequency informa­
tion that relates to head shape, neck­
and-shoulder geometry and gross hair­
line is all that remains unimpaired, yet 
this alone seems to be adequate for rath­
er good recognition among individuals 
in a restricted population. 

Again, some faces were consistently 
well recognized. This time the responsi­
ble cues were easy to see. One portrait, 
for example, was distinguished by a 
round, bald head, and the picture was 
consistently recognized, even when it 
was badly blurred. 

Some learning apparently took place 
in these experiments; it would appear 
that practice at struggling with the task 
improved performance. 

Determining exactly how one recog-

PRECISELY BLURRED PORTRAITS were constructed by a computer using an "aver· 

aging window." At top left is the original picture; it is not a continuous·tone photograph 

but an array of 256 X 256 dots. The averaging window determines a new value for each of 

the dots by averaging the values of those that surround it in some n X n field. When the 

window is set at 27 X 27 points (top right), basic facial features are still discernible. A 

43 X 43·point window (bottom left) produces severe blurring and a 51 X 5 1.point window 

(bottom right) eliminates almost all information except gross forms. Accuracy of identifica· 

tion declined as blurring increased but even with the worst pictures approached 60 percent. 
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nizes a face is probably an intractable 
problem for the present. It is possible, 
however, to determine how well and 
with what cues identification can be 
achieved. Similarly, although machine 
recognition is not yet pOSSible, search for 
and retrieval of faces by machine is a 

problem suitable for research. My col­
leagues and I approached these matters 
by investigating how effectively one can 
identify an individual face from a group 
of faces by using verbal descriptions. 

It should be noted that successful 
identification of faces by feature de­
scriptions does not suggest that the nor­
mal processes of recognition regularly 
detect and assess such features. All we 
can determine from experiments of this 
kind is how effectively people can per­
form a certain recognition task on the 
basis of certain assigned measures. 

The problems of the automatic analysis 
of faces have received little atten­

tion. The work begun by W. W. Bledsoe 
and his colleagues is one of the few at­
tempts I know of to automate the recog­
nition of faces; the method uses a hybrid 
man-machine system in which a com­
puter sorts and classifies faces on the 
basis of fiducial marks entered manually 
on photographs. The technique is called 
the Bertillon method, after Alphonse 
Bertillon, a French criminologist, and is 
better known' for its application to fin­
gerprint classification. A similar method 
has been developed by Makoto Nagao 
and his colleagues in Japan in an attempt 
to devise an automated system that 
would produce simple numerical de­
scriptions of faces. 

I was led to this line of inquiry by 
wondering if one could play a "20 ques­
tions" game with faces. (In games of 
this kind one player thinks of a person 
and the other asks him up to 20 ques­
tions, which must be answered yes or 
no, until the subject is guessed.) An in­
formal, preliminary experiment began 
with 22 portraits; they were shown to 
subjects who were asked to list features 
they thought striking or extreme in order 
of decreaSing extremeness. If a face dis­
played very wide-set eyes, for example, 
that statement was put at the top of the 
list. Or if the chin jutted extremely, that 
fact was listed first. A consensus list 
was compiled for each of the 22 faces, 
then new experimental subjects were 
selected. 

Each subject was given the pile of pic­
tures and a list of features, derived from 
the earlier work, describing one of the 
faces. He was asked to do a binary sort­
ing, one feature at a time, starting with 
the most extreme and working down the 
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list. The first sorting, therefore, produced 
a pile of pictures that the subject be­
lieved satisfied the first statement on the 
list and a pile of rejected pictures. The 

accept" pile was then sorted for the sec­
ond feature and for additional features 
until the pile was reduceu to one por­
trait. 

Two interesting questions arose: How 
often is the remaining portrait the cor­
rect one? How many sortings are re­
quired to reduce the population to a 
single member? 

In this preliminary study the remain­
ing portrait was always the correct one, 
and the average number of sortings re­
quired for the isolation was 4.5. vVe were 
led to wonder how the accuracy would 
decline as the population size increased 
and how rapidly the number of sortings 
required would grow. If the number of 
sortings increased linearly with popula­
tion size, the process would soon become 
too cumbersome to be eHective. (It is dif­
ficult to enumerate more than a few tens 
of features.) If the number of feature 
sortings grew, say, logarithmically, how­
ever, the process could remain useful for 
quite large populations. 

A theoretical model devised by A. Jay 
Goldstein, Ann Lesk and me indicated 
that the feature set could indeed be ex­
pected to grow logarithmically. Under 
the experimental conditions we planned 
to employ, the feature set would grow to 
5.4 for a population of 256 faces, to 
about 6.5 for 1,000 faces and to about a 
dozen features for a population of a mil­
lion faces. We decided to test this model 
in a series of experiments using a popu­
lation of 256 faces. 

T
o make these studies it was necessary 
to find a pool of features that could 

be judged quantitatively and reliably. It 
was also necessary that these features be 
independent of one another, so that each 
one carried useful information. 

Portraits were made of 256 faces. 
Each consisted of three views: frontal, 
three-quarter and profile. The popula­
tion was deliberately made homoge­
neous in order to make the subsequent 
tasks more difficult. All the subjects were 
white males between 20 and 50 years 

FACES WERE CLASSIFIED in the author's 

system by numerical judgments of 21 se· 

lected features. The population of 256 por· 

traits was examined by a panel of 10 ob· 

servers, who rated each face according to the 

21 criteria shown in the chart at right. The 

judgments of the panel became the "official" 

values used as standards in later experiments. 

HAIR 

COVERAGE 

LENGTH 

TEXTURE 

SHADE 

FOREHEAD 

EYEBROWS 

WEIGHT 

SEPARATION 

EYES 

OPENING 

SEPARATION 

SHADE 

EARS 

LENGTH 

PROTRUSION 

CHEEKS 

NOSE 

LENGTH 

TIP 

PROFILE 

MOUTH 

LIP THICKNESS 

(UPPER) 

LIP THICKNESS 

(LOWER) 

LIP OVERLAP 

WIDTH 

CHIN 

PROFILE 

2 

. FULL 

SHORT 

STRAIGHT 

DARK MEDIUM 

RECEDING 

THIN 

SEPARATED 

NARROW 

CLOSE 

LIGHT 

SHORT 

SLIGHT 

SUNKEN 

SHORT 

UPWARD 

CONCAVE 

THIN 

THIN 

UPPER NEITHER 

SMALL 

RECEDING 

2 

3 4 5 

RECEDING BALD 

AVERAGE LONG 

WAVY CURLY 

LIGHT GRAY WHITE 

VERTICAL BULGING 

MEDIUM 

MEETING 

MEDIUM WIDE 

MEDIUM WIDE 

MEDIUM DARK 

MEDIUM LONG 

MEDIUM LARGE 

AVERAGE FULL 

MEDIUM LONG 

HORIZONTAL DOWNWARD 

STRAIGHT HOOKED 

MEDIUM THICK 

MEDIUM THICK 

LOWER 

MEDIUM 

STRAIGHT JUTIING 

3 4 5 
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old, wearing no glasses, having no 
beards and displaying no unusual facial 
marks or scars. 

Starting with a tentative set of 35 fea­
tures, a panel of 10 trained observers 
filled out questionnaires describing the 
256 faces. Each feature was assigned a 
numerical measure, usually on a scale 
of from 1 to 5. After a week of tedious 
labor the resulting data were analyzed 
statistically for reliability and indepen­
dence. Twenty-one features were found 
to be the most useful and were preserved 
for all further experiments [see illustra­
tion on preceding page]. The "official" 
value of each feature was taken as the 
average of the values assigned by the 10 
observers. 

With these measures of features it is 
possible to program a computer to sort a 
population of faces. If the value of each 
feature is considered a coordinate in 21 
dimensional space, each face will repre­
sent a point in that space, the collection 

5 

of features providing its 21 coordinates. 
The distinction between any pair of faces 
can be calculated simply as the Eu­
clidean distance between the points [see 
illustration below] . 

With this technique one can produce 
listings of, say, the 100 most similar pairs 
of faces or the 100 least similar pairs. 
When the computer was instructed to 
name the face whose feature values were 
closest to the average values of those in 
the population, "Mr. Average" was iden­
tified through a procedure that required 
the nontrivial comparison of 32,640 
pairs of 21-dimensional itemS. 

While seeking the most similar faces, 
we discovered that the Euclidean dis­
tance separating one pair was extremely 
small, much smaller than the distance 
between the faces chosen as the authen­
tic closest pair. When we checked the 
photographs, we found that the same 
person was shown in both. One of our 
colleagues had visited the studio twice, 

.5 

THREE.DIMENSIONAL ANALOGUE of the 21·dimensional face·classification system 

makes each face a point inside or on the surface of a cube. For this simplified illustration 

three features are judged so that the assigned values become the coordinates of the point 

representing the face. Face A, for example, has a hair length of 4, eye separation of 3 and 

chin profile of 3. The distinction between any two faces can be measured simply as the 

Euclidean distance between the points. Thus the distinction between face A and face B in 

the drawing is (22 + 22 +12)1/2, or 3. In the 2 1·dimensional model each point is described 

by 21 coordinates and the equation for the distance between two points has 21 terms. 
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and none of the subjects examining the 
photographs had discovered the dupli­
cation until the computer analysis re­
vealed it. For all subsequent study the 
population was reduced to 255. 

Once the feature judgments were clas-
sified in the computer memory a 

number of simulation experiments were 
conducted in which the computer mod­
eled human performance in sorting the 
portraits. Given a description, the com­
puter sorted through the population, 
starting with the most extreme feature. 
It decided for each feature whether to 
accept or reject a given portrait on 
the basis of several different judgment 
thresholds. For the criteria and condi­
tions that seem most reasonably to repli­
cate human judgments the computer re­
quired about six sortings to isolate a 
photograph. 

When human subjects were given the 
same task, 7.3 sortings were needed; the 
remaining portrait was the correct one in 
53 percent of the trials. If one does not 
insist on absolute identification but asks 
only for a reduction of the population, 
the performance was fairly good. The 
population was reduced to no more than 
5 percent in three-fourths of the trials. 
That is, 75 percent of the time the "tar­
get" face was included in a reduced 
group of no more than 13 faces. 

One of the factors that limits the re­
liability and accuracy of this procedure 
is a characteristic of the binary sorting 
process itself: a mistake made in any de­
cision can lead to the irretrievable loss 
of the target photograph. Once a por­
trait has been rejected it can no longer 
even be considered in later decisions. 

A more forgiving process is rank or­
dering. If at each step the photograph 
is ranked according to how well it fits 
the description but is never discarded 
entirely, then any reasonably accurate 
description can be expected to place the 
correct portrait high in the resulting 
rank-ordered list. Again, even if the ac­
curacy of the individual judgments is not 
extremely high, and even if a few judg­
ments are clearly wrong, we can expect 
the procedure to focus attention on a 
small subset of the population that has 
a high probability of containing the tar­
get. (Population-reduction techniques of 
this kind are useful in many sorting 
tasks, such as handwriting recognition 
and document retrieval.) 

The rank-ordered sorting leads to the 
fourth study to be discussed here: a sys­
tem in which man and machine interact 
to identify faces by feature descriptions. 

A subject at a computer terminal was 
given frontal, three-quarter and profile 
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photographs of one member of the popu­
lation. He was instructed to describe 
this target face to the computer, using 
the numerical feature values. After each 
description is entered on the keyboard 
the computer assigns a goodness-of-fit 
measure, called a "weight," to each 
member of the population. The weight 
represents the similarity of the subject's 
description to the official description. 
The population is ranked by weight and 
the list is revised each time a new fea­
ture is described. No portraits are reject­
ed, but the target face is expected to 
climb through the ranks and eventually, 
if the process is effective, to be listed in 
first place. 

The questions of interest are the same 
as those in the manual studies: How 
many feature steps are required and 
after a specified number of steps how 
often is the top-ranking face the correct 
one? 

I n addition to rank ordering we intro-
duced another procedure to improve 

performance. In the earlier experiments 
the subject had chosen features to de­
scribe in descending order of extreme­
ness. This technique takes advantage of 
the human ability to detect and describe 
conspicuous features, a process beyond 
the capabilities of machines. Eventually, 
however, and usually after finding only 
three or four extreme features, the ob­
server is unable to identify more; few 
faces have more than four features that 
could be described as extreme. At this 
point the machine can contribute to 
identification in a way that would be 
difficult for a man. 

Rather than the subject's being asked 
to choose features at random after he has 
exhausted his judgments of extreme fea­
tures, he is instructed to invoke "auto­
matic feature selection." The subject 
possesses exhaustive knowledge of the 
face he is describing, yet he knows very 
little about the characteristics of the 
population stored in the machine. The 
computer, on the other hand, does not 
know who the target is but does have 
the official descriptions of all the faces 
and their goodness-of-fit to the descrip­
tion that has been given so far. Auto­
matic feature selection enables the com­
puter to ask for a description of the fea­
ture that will be most discriminating at 
any stage of the identification process. 

For example, if all members of the 
population have close-set ears, a descrip­
tion of that feature would not discrimi­
nate between faces. The most dis­
criminating feature is the one that has 
the most uniform distribution of judged 
values over the permitted range. The 

MOST SIMILAR PAIR of faces was found by comparing the 21 judged values of the fea· 

tures of the 32,640 possible combinations. The operation was performed by a computer. 

computer, having knowledge of these 
statistics, can select the sequence of fea­
tures that will most effiCiently separate 
the members of the population. 

After a few feature-description steps, 
directed by the human subject, the prob­
ability is high that the target face has 
risen in the rank-ordered list. The com­
puter can therefore confine its search for 
discriminating features to some subset 
of the population that the portrait thus 
far describes well. This has the effect of 

enhancing discrimination of the target. 
In our experiments subjects were told 

to describe conspicuous features until no 
more were apparent and then to invoke 
automatic feature selection. The pro­
cedure was terminated after 10 steps, 
since theory and previous experience 
predicted that this should be sufficient 
for good accuracy. 

Performance was excellent. The sub­
jects' votes and the official values were 
in good agreement. In spite of the vaga-

LEAST SIMILAR PAIR of faces was determined by the same procedure. The population 

was deliberately made homogeneous : all members were white males from 20 to 50 years old. 
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ries of subjective judgment the differ­
ence between the experimental and the 
official values, in a scale typically rang­
ing from 1 to 5, was less than one in 
more than 95 percent of the trials. Ac­
curacy of identification was also impres­
sive. The population was reduced to less 
than 4 percent 99 percent of the time, 
that is, the correct face was in 10th place 
or better in 99 of every 100 trials. By the 
10th sorting the target was in first place 
in 70 percent of all trials. 

In control experiments features were 
selected by the human operator only and 

DESCR I BE NEXT P I CTURE . 

FEATURE 
EYEBR0W WT • . 

TH I N  MED I UM BUS HY 
I ? 3 4 5 

= 1  
93 2 4 4  1 8 3 2 2 3  1 5 9 

1 . 0 0  1 . 00 1 . 00 1 . 00 0 . 82 

FEATURE 
EAR LENG TH 

SH0RT ME D IUM L0f.JG 
1 2 3 4 5 

= 1  
7 2  2 4 4  1 7 5  9 3  4 3  

1 . 00 1 . 00 0 . 8 2  0 . 67 0 . 66 

FEATURE 

L I P  I2IVERLAP 

UPPER NE I THER L010iER 

I 2 3 
= 1  

7 2  2 2 6  1 1 4 1 2 2 7 6  

1 . 00 0 . 7 3  0 . 6 5 0 . 6 1  0 . 60 

FEATURE 

HA I R  TEXTURE 
STRA I G HT WAVY 

2 3 4 

CURLY 

5 
"4 

76 1 22 32 2 4 4  5 2  

1 . 00 0 . 7 4 0 . 5 6 0 . 5 5 0 . 5 0 

FEATURE 

AUT0MAT I C  FEATURE SELEC T I 0N 

* * * * * *EYE SHADE 
L I GiU MEDIUM DARK 

1 2 3 4 5 
=3 

76 52 12 22 1 1 9 1 
1 . 00 0 . 56 0 . 45 0 . 3 8 0 . 3 6 

* * * * * *EYEBRI2IW SEP . 
SEPARATE I1ED I UM 

=2 
I 2 

:1EET I NG 
3 

76 1 47 52 84 72 
1 . 00 0 . 50 0 . 4 2  0 . 3 7 0 . 3 4 

by the computer only; in both cases per­
formance was poorer than when both 
man and machine participated. 

This last exercise has more general ap­
plications than the identification of faces. 
It is a technique for the retrieval of any 
multidimensional vectors by information 
obtained from imprecise descriptions. 
Such probabilistic file searches are im­
pOltant in answering telephone-directory 
assistance inquiries, in medical diagno­
sis and in law-enforcement information 
retrieval. 

Our studies have touched on a host 

of questions about human perception, 
automatic pattern recognition and pro­
cedures for information retrieval. Al­
though the ultimate question of how a 

face is recognized remains unanswered, 
a few promising lines of inquiry have 
emerged. It has once again been clearly 
shown that the human viewer is a fan­
tastically competent information proc­
essor. In some recognition tasks a syn­
ergy of man and machine is effective, 
but in further explorations of the identifi­
cation of complex images both by men 
and by machines there is much to learn. 

** * * * * EYE 0PEN I NG 
NARR0W MED I UM W I DE 

I 2 3 4  5 
=2 

7 6  72 2 2 6  26 1 9 1 

1 . 00 0 . 5 1  0 . 40 0 . 3 8 0 . 3 6 

* * * * * *UPPER L I P  
TH I N  MED I UM TH I C K  

-3 
I 2 3 4 

7 6  1 9 1 72 2 2 1 5 2  

1 . 0 0  0 . 3 3  0 . 28 0 . 2 3  0 . 2 1  

* * * * * *H A  I R SHADE 

5 

fll'RK MED . LT . GRAY WHT . 
I 2 3 4 5 

= 2  

7 6  2 2 1  7 2  2 2 6 1 9 1 
1 . 00 0 . 3 4  0 . 3 4  0 . 3 3  0 . 2 5  

* * * * * *L0IJER L I P  
TH I N  MEDI!JM TH I C K  

I 2 3
' 

4 5 

= 1  

7 6  7 2 22 1 84 1 9 1 
1 . 00 0 . 1 9 0 . 1 3  0 . 1 2  0 . 1 1  

PL EA SE TYPE TARGET NUMBER . 
=76 . 

I2IHDER FEATURE DESC R I PT J 0N 

Y0U AVG . 
1 EYEBR0W WT .  2 . 2 
2 EAR LENGTH 2 . 3 
3 LIP 0VERLAP 1 . 2 
4 HA I R  TEXTURE 4 3 ."0 

� EYE SHADE 3 2 . 7  
6 EYEBR0W SEP . 2 1 . 3 
7 EYE 0PEN ING 2 2 . 6  

8 UPPER LI P  :1 2 . 9  
9 HA I R  SHADE 2 1 .$ 

1 0  L0WER LI P 1 2 . 3  

RANK 
N0 . % 

2 7  1 0 . 2  
8 2 . 7  
5 1 . 6 

o .  

o .  
o .  
o .  
o .  
o .  
o .  

DIALOGUE WITH A COMPUTER records a search for a "target" 
face. The computer "speaks" first and requests a description ; the 
subject replies by announcing that he will describe eyebrow wei ght. 
The computer then prints the range of allowable values. The sub­
ject selects "I" for "thin" and the computer ranks each member of 
the population according to how well it fits thi s  value. The five 
members that best fit the description are printed in the next line, 
followed by their relative "weights." The first four faces here are 
tied with wei ghts of 1.00. The target face in this trial was No. 76 ; 
by the third step it was in fifth place and by the fourth step in first 

place. After the fourth feature description the subject called for 
"automatic feature selection," which enables the computer to re­
quest descri ptions of those features that would be most di scrimi. 
nating. After the 10th step No. 76 had a weight of 1 .00 and its near· 
est nei ghbor a wei ght of .19. The correct face was clearly identified 
even though the first two descriptions were in error. Following the 
dialogue is a summary comparing the subject's judgments with the 
"official" values (AVG. ) and showin g the rank of the target at 
each step and the percent of the population with a hi gher rank. 
The procedure was stopped after 10 steps ; 21 steps were possible. 
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Smimoff Silver 
Ninety point four proof. Smimoff leaves you breathless$ 

The Silver Martini. 
For people who want a silver lining 

without the cloud. 
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